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ABSTRACT 

This habilitation thesis is a commented collection of 19 peer-reviewed publications focused on 

the development and application of bioinformatics approaches for next-generation sequencing 

(NGS) data analysis in cancer diagnostics and research. The work spans from foundational 

contributions to immunogenetics and clonality assessment in hematological malignancies, 

through the development of bioinformatics tools and platforms, to comprehensive multi-omics 

integration for precision oncology. 

The first part describes the development of the ARResT platform for immunoglobulin and T-

cell receptor (IG/TR) repertoire analysis, which became a standard tool within the 

EuroClonality-NGS consortium for clonality assessment and minimal residual disease (MRD) 

marker identification. The second part focuses on complementary bioinformatics tools 

developed to address the growing need for high-sensitivity mutation detection and variant 

calling optimization, as well as whole transcriptome analysis pipelines for structural variant 

detection. The final part demonstrates the evolution toward comprehensive cancer genomics—

from fusion gene detection through somatic mutation analysis and epigenomics to multi-omics 

integration and the emerging field of radiogenomics. 

The presented body of work represents a progression from specialized immunogenetics 

applications to broadly applicable multi-omics frameworks, contributing to the translation of 

NGS technologies into clinical practice for cancer patient management and laying the 

foundation for European-scale infrastructure development in precision oncology. 
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ABBREVIATIONS 

ALCL Anaplastic Large Cell Lymphoma 

ALL Acute Lymphoblastic Leukemia 

BCR B-Cell Receptor 

CLL Chronic Lymphocytic Leukemia 

DNA Deoxyribonucleic Acid 

ERIC European Research Initiative on CLL 

GvL Graft-versus-Leukemia 

IG Immunoglobulin 

MPN Myeloproliferative Neoplasms 

MRD Minimal Residual Disease 

NGS Next-Generation Sequencing 

RNA Ribonucleic Acid 

SASP Senescence-Associated Secretory Phenotype 

TCR T-Cell Receptor 

T-PLL T-cell Prolymphocytic Leukemia 

TR T-cell Receptor 

WTS Whole Transcriptome Sequencing 
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1  INTRODUCTION 

The advent of next-generation sequencing (NGS) technologies has fundamentally transformed 

our understanding of cancer biology and revolutionized approaches to cancer diagnosis, 

prognosis, and treatment [1–4]. Since the completion of the Human Genome Project in 2003 

and the subsequent development of high-throughput sequencing platforms, the cost of genome 

sequencing has decreased by several orders of magnitude, making comprehensive genomic 

analysis accessible for both research and clinical applications. This technological revolution 

has created an unprecedented demand for sophisticated bioinformatics solutions capable of 

processing, analyzing, and interpreting the massive volumes of data generated by modern 

sequencing platforms. 

Cancer, as a fundamentally genomic disease, represents an ideal application for NGS 

technologies [5,6]. The genetic and epigenetic alterations that drive malignant transformation, 

progression, and treatment resistance can now be comprehensively characterized at 

unprecedented resolution. Furthermore, the unique ability of NGS to detect rare variants within 

heterogeneous cell populations has enabled applications such as minimal residual disease 

(MRD) monitoring, where the detection of one cancer cell among thousands of normal cells 

can guide treatment decisions and predict patient outcomes [11,13]. 

This thesis presents my contributions to the field of NGS bioinformatics for cancer 

applications, spanning from my doctoral work on immunogenetics and clonality assessment to 

more recent contributions in multi-omics integration for precision oncology. The work is 

organized thematically, reflecting the evolution of the field and my own scientific trajectory 

over the past decade. 

1.1  Structure of the Thesis 

This thesis presents a collection of 19 peer-reviewed publications related to NGS data analysis 

for cancer applications. The publications are organized into three thematic areas, reflecting 

both the chronological development of the work and the logical progression from specialized 

to comprehensive approaches: 

Part I: Immunogenetics Using NGS in Hematology-Oncology – Development of the 

ARResT platform for IG/TR repertoire analysis, its adoption as a standard within the 

EuroClonality-NGS consortium, and clinical applications in MRD detection 
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Part II: Bioinformatics Tools and Platforms – Complementary tools for variant calling 

optimization, standardized sequence assessment, and whole transcriptome analysis pipelines 

for structural variant detection 

Part III: Cancer Genomics and Multi-omics Integration – Applications spanning genomics 

(fusion genes, somatic mutations), epigenomics, multi-omics integration in solid tumors, and 

the emerging field of radiogenomics 

1.2  My Contribution to NGS Bioinformatics in Cancer 

Currently, I have co-authored over 38 peer-reviewed journal articles, with the majority 

focusing on NGS data analysis for hematological malignancies and solid tumors. I have 

selected 19 publications that best represent my contributions to the development of 

bioinformatics methods for cancer diagnostics. My contributions to these publications are 

summarized in the tables below, with attention to experimental bioinformatics work, 

supervision, manuscript preparation, and research direction. 

Part I: Immunogenetics Using NGS in Hematology-Oncology 

1) Bystry, V. et al. ARResT/AssignSubsets. Bioinformatics 2015, 31(23), 3844–3846. (IF=4.98) 

Experimental work (%) Supervision (%) Manuscript (%) Research direction (%) 

80 — 70 60 

 

2) Bystry, V. et al. ARResT/Interrogate. Bioinformatics 2017, 33(3), 435–437. (IF=5.61) 

Experimental work (%) Supervision (%) Manuscript (%) Research direction (%) 

70 30 60 50 

 

3) Roy, A.; Bystry, V. et al. High Resolution IgH Repertoire Analysis. Clinical Immunology 2017, 

183, 8–16. (IF=3.99) 

Experimental work (%) Supervision (%) Manuscript (%) Research direction (%) 

40 — 20 20 

 

4) Brüggemann, M.; … Bystry, V. et al. EuroClonality-NGS Validation Study. Leukemia 2019, 33(9), 

2241–2253. (IF=11.53) 

Experimental work (%) Supervision (%) Manuscript (%) Research direction (%) 

30 — 20 20 

 

5) Knecht, H.; … Bystry, V. et al. Quality Control and Quantification in IG/TR NGS. Leukemia 2019, 

33(9), 2254–2265. (IF=11.53) 

Experimental work (%) Supervision (%) Manuscript (%) Research direction (%) 

40 — 25 25 
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6) Sellner, L.; … Bystry, V. et al. GvL Effects in T-PLL. Bone Marrow Transplant 2017, 52(4), 544–

551. (IF=4.67) 

Experimental work (%) Supervision (%) Manuscript (%) Research direction (%) 

30 — 15 15 

 

Part II: Bioinformatics Tools and Platforms 

7) Pal, K.; Bystry, V. et al. GLASS. Bioinformatics 2017, 33(23), 3802–3804. (IF=5.61) 

Experimental work (%) Supervision (%) Manuscript (%) Research direction (%) 

40 30 30 40 

 

8) Tom, N.; … Bystry, V. et al. ToTem. BMC Bioinformatics 2018, 19(1), 243. (IF=2.21) 

Experimental work (%) Supervision (%) Manuscript (%) Research direction (%) 

30 40 20 30 

 

9) Hynst, J.; … Bystry, V. et al. WTS Pipelines for Structural Variants. PeerJ 2019, 7, e7071. 

(IF=2.38) 

Experimental work (%) Supervision (%) Manuscript (%) Research direction (%) 

20 50 30 40 

 

Part III: Cancer Genomics and Multi-omics Integration 

10) Grioni, A.; … Bystry, V. et al. RNA Capture NGS for Fusion Genes in B-ALL. HemaSphere 

2019, 3(3), e250. 

Experimental work (%) Supervision (%) Manuscript (%) Research direction (%) 

30 40 20 20 

 

11) Kubesova, B.; … Bystry, V. et al. TP53 Mutations in MPN. Leukemia 2018, 32(2), 450–461. 

(IF=11.53) 

Experimental work (%) Supervision (%) Manuscript (%) Research direction (%) 

25 — 15 15 

 

12) Lobello, C.; … Bystry, V. et al. STAT3/TP53 in ALCL. Leukemia 2021, 35(5), 1500–1505. 

(IF=12.53) 

Experimental work (%) Supervision (%) Manuscript (%) Research direction (%) 

30 — 15 15 

 

13) Poppova, L.; … Bystry, V. et al. WNT5A Methylation in CLL. Epigenetics 2022, 17(12), 1628–

1635. (IF=4.10) 

Experimental work (%) Supervision (%) Manuscript (%) Research direction (%) 

25 — 15 15 
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14) Limberger, T.; … Bystry, V. et al. KMT2C in Prostate Cancer Metastasis. Mol Cancer 2022, 

21(1), 89. (IF=37.30) 

Experimental work (%) Supervision (%) Manuscript (%) Research direction (%) 

25 — 10 10 

 

15) Redmer, T.; … Bystry, V. et al. JUN Mediates SASP in Prostate Cancer. Mol Cancer 2024, 23(1), 

114. (IF=37.30) 

Experimental work (%) Supervision (%) Manuscript (%) Research direction (%) 

20 — 10 10 

 

16) Sternberg, C.; … Bystry, V. et al. IL6ST in Prostate Cancer. Mol Cancer 2024, 23(1), 245. 

(IF=37.30) 

Experimental work (%) Supervision (%) Manuscript (%) Research direction (%) 

20 — 10 10 

 

17) Ning, J.; … Bystry, V. et al. Machine Learning Multiomics for Prostate Cancer. Theranostics 

2024, 14(12), 4570–4581. (IF=12.40) 

Experimental work (%) Supervision (%) Manuscript (%) Research direction (%) 

30 20 15 20 

 

18) Spielvogel, C.P.; … Bystry, V. et al. Radiogenomics in Head and Neck Cancer. Eur J Nucl Med 

Mol Imaging 2023, 50(2), 546–558. (IF=9.10) 

Experimental work (%) Supervision (%) Manuscript (%) Research direction (%) 

30 20 15 20 

 

19) Pokorna, P.; … Bystry, V. et al. Integrative Clinical Genomics in Pediatric Precision Oncology. 

Laboratory Investigation 2024, 104(12), 102161. (IF=5.10) 

Experimental work (%) Supervision (%) Manuscript (%) Research direction (%) 

40 30 25 30 
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2  IMMUNOGENETICS USING NGS IN HEMATOLOGY-

ONCOLOGY 

The adaptive immune system generates an enormous diversity of immunoglobulin (IG) and T-

cell receptor (TR) molecules through V(D)J recombination, creating unique “molecular 

fingerprints” for each lymphocyte clone [7]. In lymphoid malignancies, this clonal 

rearrangement serves as a powerful biomarker for disease detection, classification, and 

monitoring [8,12]. The application of NGS to IG/TR analysis has dramatically expanded both 

the depth and breadth of possible analyses, enabling simultaneous profiling of millions of 

rearrangements with unprecedented sensitivity [10]. 

Tool Development and Repertoire Analysis. My entry into this field began with the 

development of the ARResT (Antigen Receptor Rearrangement Software for T- and B-cell 

analysis) platform, which provides a comprehensive suite of tools for IG/TR sequence analysis. 

The first component, ARResT/AssignSubsets (Publication 1), addressed the challenge of 

chronic lymphocytic leukemia (CLL) subclassification based on B-cell receptor stereotypy. 

CLL is characterized by subsets of patients whose leukemic cells express quasi-identical 

(“stereotyped”) BCRs, with important clinical implications as these subsets are associated with 

distinct biological characteristics and outcomes [9]. 

Building on this foundation, we developed ARResT/Interrogate (Publication 2), an 

interactive web-based immunoprofiler for comprehensive IG/TR NGS data analysis. This 

platform enables researchers to explore clonal expansions, track repertoire dynamics, and 

identify disease-associated patterns across large patient cohorts. Together, these tools became 

the standard for NGS-based immune repertoire analysis within the European research 

community, particularly for clonality assessment and MRD detection purposes. The biological 

power of high-resolution repertoire analysis was demonstrated in collaboration with 

researchers at Imperial College London, where we showed that the fetal liver is likely the origin 

of life-long innate B lymphopoiesis in humans (Publication 3), challenging existing paradigms 

about B-cell repertoire establishment. 

Multicentric Standardization. The translation of NGS-based IG/TR analysis from research 

to clinical diagnostics requires rigorous standardization and validation [8]. The availability of 

the ARResT platform enabled the EuroClonality-NGS consortium to establish standardized 

protocols for clonality assessment and MRD marker identification across leading European 

laboratories. As a core member of the bioinformatics team, I contributed to both 
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methodological development and multi-center validation of these approaches. Publication 4 

describes the standardized approach for NGS-based MRD marker identification in acute 

lymphoblastic leukemia, demonstrating that NGS can reliably identify patient-specific IG/TR 

rearrangements with performance characteristics comparable to or exceeding traditional 

methods [11,13]. Publication 5 provides the complementary quality control and quantification 

framework essential for clinical implementation, establishing the bioinformatic protocols 

required for robust, reproducible results across different laboratories. 

Clinical Applications. The tools and analytical framework developed within the ARResT 

platform enabled specific clinical research applications. Publication 6 demonstrates the 

application of TCR repertoire analysis and MRD monitoring in T-cell prolymphocytic 

leukemia (T-PLL), a rare but aggressive T-cell neoplasm. This work revealed evidence for 

graft-versus-leukemia effects following allogeneic stem cell transplantation, with MRD 

kinetics providing insights into the dynamics of immunological tumor control. The ability to 

track both the malignant clone and the reconstituting immune repertoire represents a powerful 

application of NGS-based immunoprofiling in the transplant setting. 
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3  BIOINFORMATICS TOOLS AND PLATFORMS 

While developing the comprehensive ARResT platform for IG/TR repertoire analysis within 

the EuroClonality-NGS consortium, the need for complementary analytical tools became 

apparent. Beyond repertoire analysis, clinical and research laboratories required solutions for 

the detection and characterization of somatic mutations in cancer-associated genes such as 

TP53 and targeted gene panels, with a focus on achieving extremely high specificity and 

sensitivity [15,16]. 

Variant Detection and Pipeline Optimization. Despite the NGS revolution, Sanger 

sequencing remains important for variant confirmation in clinical settings. However, the 

interpretation of Sanger sequence traces involves subjective judgment, leading to variability 

between analysts and laboratories. GLASS (Gene Variation Assessment, Publication 7) was 

developed within the ERIC (European Research Initiative on CLL) TP53 Network to 

standardize the assessment of gene variations from Sanger sequence trace data. The tool 

provides assisted and reproducible variant calling, addressing the variability inherent in manual 

trace interpretation, and has been widely adopted within the CLL research community and 

beyond. 

ToTem (Tool for Variant Calling Pipeline Optimization, Publication 8) addresses a 

fundamental challenge in NGS data analysis: the selection and configuration of analysis 

pipelines [15]. NGS variant calling involves numerous algorithmic choices—aligners, variant 

callers, quality filters—each with multiple parameter options. The optimal combination 

depends on the specific application, sequencing technology, and sample characteristics. ToTem 

enables systematic evaluation of pipeline configurations against gold-standard datasets, 

identifying optimal combinations for specific applications and contributing to more rigorous 

and reproducible NGS analysis across diverse research and clinical applications. 

Whole Transcriptome Analysis for Structural Variants. As NGS implementation 

progressed and the scope of analysis expanded from targeted gene panels to genome-wide 

approaches, the need for comprehensive transcriptome analysis became evident [14,17]. 

Publication 9 describes bioinformatics pipelines for whole transcriptome sequencing (WTS) 

data analysis in leukemia patients with complex structural variants. The detection and 

characterization of chromosomal rearrangements, including fusion genes and complex 

genomic alterations, requires specialized analytical approaches that can identify novel junction 

sequences while discriminating true structural variants from artifacts. The developed pipelines 
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enable comprehensive characterization of gene expression, alternative splicing, and fusion 

transcripts, providing a multi-layered view of the transcriptional landscape in cancer. This work 

marked a transition in my research trajectory from focused immunogenetics toward broader 

cancer genomics, setting the stage for the multi-omics approaches described in the following 

chapter. 
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4  CANCER GENOMICS AND MULTI-OMICS 

INTEGRATION 

The comprehensive characterization of cancer requires integration of multiple data types, 

including DNA sequencing for mutation detection, RNA sequencing for expression and fusion 

gene analysis, epigenomic profiling for methylation patterns, and increasingly, imaging-

derived features [23,24]. This chapter describes the evolution of my work from specialized 

immunogenetics toward comprehensive cancer genomics approaches, progressing through 

genomics, epigenomics, multi-omics integration in solid tumors, and the emerging field of 

radiogenomics. 

Genomics: Fusion Genes and Somatic Mutations. Building on the expertise in 

rearrangement detection developed through IG/TR analysis, we applied targeted approaches to 

chromosomal rearrangements in hematological malignancies [14]. Publication 10 presents an 

RNA capture NGS strategy for fusion gene assessment in pediatric B-cell acute lymphoblastic 

leukemia, providing a cost-effective alternative to whole transcriptome sequencing for 

clinically relevant fusion detection. Beyond structural rearrangements, somatic mutation 

detection in cancer-associated genes has become central to cancer diagnosis, prognosis, and 

treatment selection [18,20]. Publication 11 describes the detection of low-burden TP53 

mutations in myeloproliferative neoplasms, demonstrating the prognostic significance of 

subclonal mutations detectable only by deep sequencing, while Publication 12 shows the 

association of STAT3 and TP53 mutations with poor prognosis in anaplastic large cell 

lymphoma. 

Epigenomics and Methylation Profiling. Moving beyond genomic sequence variants, 

epigenetic alterations—particularly DNA methylation changes—play crucial roles in cancer 

development and can provide insights into cellular origins and disease biology [21,22]. 

Publication 13 describes the association of specific WNT5A promoter methylation patterns 

with memory B-cell like CLL, demonstrating the integration of epigenomic analysis with 

established immunogenetic classification schemes. This work exemplifies the value of 

incorporating additional molecular layers beyond genomics for understanding disease biology 

and refining patient stratification. 

Multi-omics Integration in Solid Tumors. The application of comprehensive multi-omics 

approaches extends beyond hematological malignancies to solid tumors [27,28]. A series of 

collaborative studies with the Medical University of Vienna has contributed to understanding 
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prostate cancer biology through integrated genomic and transcriptomic analysis. Publication 

14 describes the role of KMT2C methyltransferase in regulating INK4A expression and 

suppressing prostate cancer metastasis. Publications 15 and 16 further elucidate molecular 

mechanisms of tumor progression, demonstrating how JUN mediates the senescence-

associated secretory phenotype to prevent disease progression, and revealing the tumor-

suppressive role of IL6ST activation through STAT3/ARF/p53-driven senescence. Publication 

17 represents a comprehensive multi-omics approach, combining machine learning with 

genomic, transcriptomic, and imaging data for improved Gleason grading assessment. The 

evolution from single-omics to multi-omics integration is also demonstrated in pediatric 

oncology—Publication 19 evaluates real-world performance of integrative clinical genomics 

for pediatric precision oncology, demonstrating the clinical utility of combined DNA and RNA 

sequencing approaches for diagnosis, risk stratification, and treatment selection [30]. 

Radiogenomics: Integrating Imaging and Molecular Data. An emerging frontier in 

precision oncology is the integration of imaging-derived features (radiomics) with molecular 

profiling (genomics) to create comprehensive patient characterization without requiring 

invasive tissue sampling [25,26]. Publication 18 demonstrates the potential of radiogenomic 

markers for risk stratification and inference of mutational pathway states in head and neck 

cancer. This work, together with the prostate cancer multiomics study (Publication 17) that 

incorporates imaging data alongside molecular features, represents my active involvement in 

establishing this new field. Radiogenomics holds particular promise for non-invasive 

monitoring of tumor evolution, treatment response assessment, and identification of patients 

who may benefit from targeted therapies based on predicted molecular profiles [19]. This is an 

area where I continue to be actively engaged, with ongoing collaborations aimed at further 

developing and validating radiogenomic approaches across multiple cancer types. 
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5  CONCLUSION AND OUTLOOK 

The work presented in this thesis traces my contributions to the development of NGS 

bioinformatics for cancer applications over the past decade. From the foundational work on 

immunogenetics and clonality assessment that formed my doctoral research, through the 

international standardization efforts of EuroClonality-NGS, to comprehensive multi-omics 

approaches for precision oncology in both hematological malignancies and solid tumors, this 

body of work reflects the rapid evolution of the field and my own scientific trajectory. 

Several key themes emerge from this collection. First, the importance of standardization and 

validation for clinical translation—the ARResT platform’s adoption as a standard within 

EuroClonality demonstrates how robust tools enable multi-center efforts that accelerate 

methodological development while ensuring reproducibility across laboratories. Second, the 

value of developing complementary tools alongside specialized applications—GLASS and 

ToTem address fundamental challenges that span diverse NGS applications, while WTS 

pipelines bridged the transition from targeted to genome-wide analysis. Third, the progression 

toward integration—comprehensive cancer characterization increasingly requires the 

combination of multiple data types, as exemplified by the multi-omics and radiogenomics 

applications that now form a significant part of my research portfolio. 

Looking forward, my current research focus has evolved to address what I see as the 

critical next challenge in the field: building infrastructure for high-quality analysis and 

data sharing across Europe. The transition from single-center studies to truly pan-European 

precision medicine initiatives requires not only analytical tools but also robust infrastructure 

for standardized multi-omics data analysis, quality assurance, and secure data sharing [27]. The 

experience gained through EuroClonality—developing standardized protocols, harmonizing 

analysis across laboratories, and ensuring reproducibility—has proven invaluable for this new 

direction. 

The need for European-scale infrastructure for genomics and multi-omics analysis in precision 

medicine has become increasingly apparent. Individual research groups and clinical centers 

generate valuable molecular data, but the full potential of this information can only be realized 

through integration across institutions and countries [28,30]. This requires standardized 

analytical pipelines, interoperable data formats, federated analysis approaches that respect data 

sovereignty, and quality metrics that ensure comparability of results. My career trajectory—

from developing specialized immunogenetics tools to participating in international 
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standardization efforts to implementing multi-omics integration frameworks—has provided the 

foundation for contributing to this infrastructure development. 

The emerging field of radiogenomics represents another area of active development, where 

non-invasive imaging can be combined with molecular profiling to provide comprehensive 

patient characterization [25,26]. The continued reduction in sequencing costs, advances in 

long-read technologies for structural variant detection, single-cell approaches for tumor 

heterogeneity analysis [29], and integration of artificial intelligence for complex data 

interpretation will all shape the future of the field. I believe that the bioinformatics frameworks, 

tools, and collaborative networks developed through this work provide a foundation for 

continued contributions to these emerging frontiers, with the ultimate goal of improving 

outcomes for patients with cancer through precision medicine approaches implemented at the 

European scale. 
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Abstract

Motivation: An ever-increasing body of evidence supports the importance of B cell receptor im-

munoglobulin (BcR IG) sequence restriction, alias stereotypy, in chronic lymphocytic leukemia

(CLL). This phenomenon accounts for �30% of studied cases, one in eight of which belong to major

subsets, and extends beyond restricted sequence patterns to shared biologic and clinical character-

istics and, generally, outcome. Thus, the robust assignment of new cases to major CLL subsets is a

critical, and yet unmet, requirement.

Results: We introduce a novel application, ARResT/AssignSubsets, which enables the robust as-

signment of BcR IG sequences from CLL patients to major stereotyped subsets. ARResT/

AssignSubsets uniquely combines expert immunogenetic sequence annotation from IMGT/V-

QUEST with curation to safeguard quality, statistical modeling of sequence features from more

than 7500 CLL patients, and results from multiple perspectives to allow for both objective and sub-

jective assessment. We validated our approach on the learning set, and evaluated its real-world ap-

plicability on a new representative dataset comprising 459 sequences from a single institution.

Availability and implementation: ARResT/AssignSubsets is freely available on the web at http://

bat.infspire.org/arrest/assignsubsets/

Contact: nikos.darzentas@gmail.com

Supplementary information: Supplementary data are available at Bioinformatics online.

1 Introduction

Research into the immune pathogenesis of lymphomas and leuke-

mias over the last three decades has highlighted the important role

of antigen recognition by lymphocyte receptors, by uncovering

restrictions in their immunogenetic makeup. Such research in large

cohorts of cases of chronic lymphocytic leukemia (CLL), the most

common leukemia in an ageing Western population, revealed that

subsets of patients with stereotyped, or quasi-identical, B cell
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receptor immunoglobulin (BcR IG, or antibody) collectively account

for �30% of cases (Agathangelidis et al., 2012; Darzentas et al.,

2010), and represent disease sub-entities with shared biologic and

clinical profiles, including outcome (Baliakas et al., 2014; Rossi

et al., 2009; Stamatopoulos et al., 2007). Intriguingly, in the latest

and largest such study of over 7500 patients, 19 major subsets, each

with at least 20 cases, accounted for 12% of the cohort and 41% of

all stereotyped cases (Agathangelidis et al., 2012). This is remark-

able given the negligible chance, in the range of 1:1012, of finding

two B cell clones with stereotyped BcR IG. Thus, major stereotyped

subsets have attracted great interest.

To date, assignment of new cases to these major subsets has been

based on the ad hoc application of published criteria (Darzentas and

Stamatopoulos, 2013), mostly by groups with advanced knowledge

in immunogenetics, and thus with limited applicability, and argu-

ably reliability, in routine practice. We therefore introduce a novel

application, ARResT/AssignSubsets, which enables the robust as-

signment of submitted BcR IG sequences from CLL patients to the

existing 19 major stereotyped subsets.

2 Methods

All sequence datasets used in this work are available through IMGT/

CLL-DB [imgt.org/CLLDBInterface/] in accordance with its bylaws.

Sequence annotation and curation: Immunogenetic annotations

are obtained from IMGT/V-QUEST (Giudicelli et al., 2011), the

widely accepted reference for antigen receptor sequence analysis

(Lefranc, 2014). These annotations are used to extract sequence fea-

tures (e.g. the variable heavy complementarity determining region 3,

or VH CDR3) for the learning and assignment phases below,

but also for the sequences to be validated by ARResT/SeqCure

[bat.infspire.org/arrest/seqcure/], developed to systematically report

compromising issues based on expert in-house rules applied on

the annotations. Such issues include non-ACGT characters or short

sequence length, both of which compromise sequence annotation;

out-of-frame VH CDR3 with or without stop codons, which implies

an unproductive chain; or absence of a gene rearrangement

altogether.

At the center of ARResT/AssignSubsets lies a set of rules cap-

tured in a probabilistic model, a Bayes classifier implemented in R

[r-project.org].

Learning phase: Learning of the model to be later used for as-

signment was based on a positive set of 929 major subset members,

and a negative set (‘pool’ cohort) of 6 667 sequences belonging to

minor subsets as well as non-subset, heterogeneous cases

(Agathangelidis et al., 2012).

The learning phase evaluates sequence features of these two sets

divided into two groups: core and secondary. Core features are based

on the latest accepted stringent criteria for subset discovery

(Agathangelidis et al., 2012), and if the value of a core feature of a

new sequence is not shared among the members of a subset, then the

sequence cannot be assigned to that subset. Currently, the three core

features are: (i) VH CDR3 length, a critical determinant of the struc-

ture of the antigen recognition loop (Barrios et al., 2004); (ii) immuno-

globulin heavy variable (IGHV) gene phylogenetic clan, implying

meaningful sequence similarity through common ancestry (Kirkham

et al., 1992) and (iii) mutational status of the rearrangement, with

‘mutated’ for <98% nucleotide identity to germline and ‘unmutated’

otherwise, an important prognostic indicator in patients with CLL

(Damle et al., 1999; Hamblin et al., 1999). Secondary features are less

strictly controlled for, i.e. unobserved values are accepted (but scored

negatively)—these are: (i) rearranged IGHV and immunoglobulin

heavy joining genes; and (ii) the VH CDR3 amino acid sequence

through amino acid frequencies at any given sequence position.

To keep the model robust and avoid overfitting, the Bayesian net-

work topology is kept as simple as possible, with only obvious depend-

encies captured: VH CDR3 amino acid frequencies at any position,

and relative frequencies of rearranged IGHV genes of the same phylo-

genetic clan. To avoid creating unrealistically stringent criteria, we in-

clude a ‘relaxation’ coefficient to the probability calculation of the

observed frequency of each feature in all available sequences. Finally,

to reduce the ‘noise’ created by relatively less frequent values, we apply

the power function on the probability distribution of each feature.

Assignment phase: Assignment is based on evaluating submitted

sequence features with the learned Bayesian model. Each sequence first

acquires an absolute score for each major subset of the positive set and

for the negative set or ‘pool’ cohort. The absolute score is the minus

logarithm of the exact probability of assigning to a set, with ‘�Inf’

(minus infinity) meaning that the sequence core features did not match

the subset core features. The difference between the absolute score of

each major subset and that of the ‘pool’ cohort is then calculated as a

relative score, with positive numbers for submitted sequences closer to

subsets than to the ‘pool’ cohort. Assignment to the best-scoring subset

uses a per-subset threshold, based on the range of scores achieved by

existing members of that subset. The difference between the relative

score and the subset threshold is ‘translated’ to confidence, ranging

from ‘borderline’ to ‘extreme’, to further assist the user.

Output: Real-time output consists of progress reports, links, in-

formation and help, results and tables. These include the detailed

ARResT/SeqCure report on the ‘health’ of the submitted sequences;

absolute and relative frequencies of assignment to each of the 19

major CLL subsets; and an assignment report for each submitted se-

quence, including its ‘health’, the confidence of the assignment, and,

when possible, heat maps of core and secondary features with their

significance with respect to the submitted sequence and the best-

scoring, but not necessarily assigned, subset. Additional information

can be found in the Supplementary data and on the home page of

ARResT/AssignSubsets.

3 Results

To validate ARResT/AssignSubsets we performed 100 learning and

assignment runs, each using randomly selected 80% of the 7 596 se-

quences of our full cohort for learning, and the remaining 20% as

‘new’ sequences for assigning. False-positives (i.e. of the ‘pool’ co-

hort but assigned to a subset, or falsely assigned) and false-negatives

(i.e. of a subset but assigned to the ‘pool’ cohort, or falsely un-

assigned) were closely inspected. We confirm high levels of average

specificity (99.7%), sensitivity (95.2%) and overall accuracy

(99.2%). Favoring specificity is by design, due to the potentially im-

portant clinical implications of the assignment results.

To evaluate the applicability and robustness of ARResT/

AssignSubsets to a real-world situation, we analyzed 459 new se-

quences from the University of Athens, Greece (now also in IMGT/

CLL-DB), a cohort representative of our larger cohort in terms of

IGHV gene repertoire and mutational status. Our results confirmed

the published incidence of major subsets (�12%), with 48/459

(10.5%) sequences assigned to 15/19 major subsets. Subsets 1 and 4

acquired almost half of the new assignments (13 and 10 cases, re-

spectively), as expected, while subset 2 was under-represented in

this Mediterranean population, confirming geographic biases (Ghia

et al., 2005).

ARResT/AssignSubsets 3845

D
ow

nloaded from
 https://academ

ic.oup.com
/bioinform

atics/article/31/23/3844/208864 by guest on 26 January 2026

,
,
,
,
,
7,500
,
A
C
,
-
P
,
,
st
,
,(
,
),
less than 
,
,
) &ndash; 
 (IGHJ)
P
'
'
`-
'
'
'
'
``
''
``
''
,
http://bioinformatics.oxfordjournals.org/lookup/suppl/doi:10.1093/bioinformatics/btv456/-/DC1
Documentation can be found on the home page of ARResT/AssignSubsets.
&percnt;),
.
#
#
#
,


4 Conclusions

CLL is clinically and biologically heterogeneous, and still incurable,

and could benefit from accurate prognostic markers and classifiers,

in an effort to implement rationally designed treatment(s). Indeed,

studies focusing on major CLL subsets, which, remarkably, describe

one in eight CLL patients, have revealed subset-biased biologic and

clinical behaviors (Baliakas et al., 2014; Rossi et al., 2009;

Stamatopoulos et al., 2007). ARResT/AssignSubsets is an important

step towards enabling scientists to tap into this expanding know-

ledge in a robust and standardized way.

Acknowledgements

We thank the IgCLL group [igcll.org], the IMGTVR [imgt.org], the IMGT/

CLL-DB initiative, and Prof. P. Panagiotidis, University of Athens.

Funding

V.Bystry, V. Bikos and N.D. by CEITEC MU, SuPReMMe, SYLICA,

ESHLO::EuroClonality, FP7 NGS-PTL/2012-2015/no.306242, Czech

Ministry of Education, Youth and Sports (2013–2015, no.7E13008); A.A. by

Associazione Italiana per la Ricerca sul Cancro AIRC (Triennial fellowship
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Abstract

Motivation: The study of immunoglobulins and T cell receptors using next-generation sequencing

has finally allowed exploring immune repertoires and responses in their immense variability and

complexity. Unsurprisingly, their analysis and interpretation is a highly convoluted task.

Results: We thus implemented ARResT/Interrogate, a web-based, interactive application. It can or-

ganize and filter large amounts of immunogenetic data by numerous criteria, calculate several rele-

vant statistics, and present results in the form of multiple interconnected visualizations.

Availability and Implementation: ARResT/Interrogate is implemented primarily in R, and is freely

available at http://bat.infspire.org/arrest/interrogate/

Contact: nikos.darzentas@gmail.com

Supplementary information: Supplementary data are available at Bioinformatics online.

1 Introduction

Immunoglobulins (IG) and T cell receptors (TR) are highly adaptive

molecular receptors responsible for antigen recognition in immunolo-

gical responses. Fundamental to their adaptiveness is their enormous in-

herent variability, achieved through stochastic processes during B and T

cell maturation. The advent of high-throughput profiling of IG and TR

repertoires (Benichou et al., 2012) has been instrumental for under-

standing normal and pathologic immune responses, which include a

wide range of diseases with an underlying immune cause. This unprece-

dented capability has also brought along novel and unique challenges.

The first task of immunoprofiling is sequence annotation, such as

which variable (V), diversity (D) and joining (J) genes have been rear-

ranged, or what is the sequence of the hypervariable complementarity-

determining region 3 (CDR3). IMGTVR (Lefranc et al., 2015) is the

global reference in the field of antigen receptor sequence analysis and

immunogenetic annotation.
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Mining these inherently complex immunogenetic annotations of

usually millions of reads and tens to hundreds of samples for bio-

logically relevant information is a non-trivial task. There is an

increasing number of published software applications to tackle this

challenge, all with their unique features and advantages, but also

limitations like limited interactivity (Alamyar et al., 2012; Shugay,

2015) or scope restricted to repertoire studies (Moorhouse et al.,

2014) or minimal residual disease (MRD) monitoring (Giraud et al.,

2014).

In this work, we put together in one application features and

functionalities we believe are needed for wide-ranging in silico

immunoprofiling. These insights are a result of collaborative efforts

within the EuroClonality-NGS consortium, which strives to develop,

standardize and validate in vitro assays and bioinformatics for IG/

TR NGS analysis.

2 Methods

ARResT/Interrogate is primarily based on R and Shiny, a frame-

work for user interactivity and web-based accessibility. The analyt-

ical core relies on the ‘data.table’ R package for efficient data

handling based on advanced indexing techniques. Therefore,

ARResT/Interrogate is able to maintain sufficient responsiveness

even with datasets of tens of thousands of clonotypes from millions

of reads and dozens of samples.

ARResT/Interrogate has four step-wise functions: input process-

ing, data selection and filtering, comparative calculations and

visualization.

2.1 Input processing
An integrated parser processes multiple IMGT/HighV-QUEST runs

and their major immunogenetic annotations. Of these, the V, D and J

genes and alleles are combined with the amino acid sequence of the

junction (which encompasses the CDR3) to construct IMGT-like clo-

notypes (Li et al., 2013). These annotations are referred to as ‘feature

types’ and their corresponding individual values as ‘features’; for ex-

ample, feature type ‘V gene’ contains feature ‘TRBV20-1’ (Fig. 1).

2.2 Data selection and filtering
Users can annotate samples with arbitrary metadata (e.g. patient

data, sampling dates) and use these to select and group sam-

ples of interest. The next necessary step is to select feature

types to focus on. This creates a table of abundance per feature

per sample, with abundance expressed as relative or absolute

count of reads or clonotypes. Individual features can be filtered

in or out using a combination of four filters: abundance, vari-

ation across samples, correlation of abundance profiles across

samples, and text regular expression (see Supplementary Section

S2.1).

2.3 Comparative calculations
ARResT/Interrogate can calculate and visualize differences between

samples and features. Samples are compared on the basis of the

abundance of a single feature (e.g. TRBV20-1), or an entire feature

type (e.g. V gene). Features are compared on the basis of their abun-

dance distributions across samples. Groups of samples can also be

statistically compared, for example, to assess immunogenetic differ-

ences before and after therapy (S2.3). ARResT/Interrogate can also

perform principal component analyses (PCA) of samples and

features.

2.4 Visualization
Interactive views include tables; line charts, suitable for time-series

analyses of clonal kinetics including MRD monitoring; bar charts,

popular in clonality testing for lymphoma diagnostics; bubble

charts; heatmaps, for sample-sample distance and sample-feature

distributions; PCA scatterplots; statistical plots; and multiple se-

quence alignments. Customizing the visualizations (Fig. 1a, #op-

tions) includes changing axis properties like values, labels, scales,

orientation; and using extra virtual features such as sums of abun-

dances. Interactivity includes zooming, feature highlighting or hid-

ing, and tooltips with detailed information on any data point.

Finally, visualizations are interconnected, with features selected in

one automatically highlighted in others.

Fig. 1. The controls panel (a) with the table view (b). (a) The controls panel is divided into 3 parts: select, filter and options. The former two are common for all the

visualizations, while options change depending on which visualization view is currently selected. The table (‘#clicked’) above the filters shows features and sam-

ples currently highlighted in the visualizations and it is updated on the fly as the user clicks in the visualizations. (b) In the table, for each feature in a row, abun-

dance values are shown in columns of samples. Cells with features are colored in groups (in this case by receptor and chain i.e. ‘TRB’), cells with abundance

values are colored in a heatmap-like fashion (Color version of this figure is available at Bioinformatics online.)
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3 Results

Results from the validation and the expert evaluation of ARResT/

Interrogate based on actual research data, as well as a running ex-

ample, are available in the Supplementary Material.

4 Conclusions

We presented ARResT/Interrogate, an interactive data manipulation

and visualization application for NGS-based immunoprofiling. It

offers a wide variety of options and aims to serve as a user-friendly

platform with flexible and powerful analytical capabilities.
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The ontogeny of the natural, public IgM repertoire remains incompletely explored. Here, high-resolution immu-
nogenetic analysis of B cells from (unrelated) fetal, child, and adult samples, shows that although fetal liver (FL)
and bone marrow (FBM) IgM repertoires are equally diversified, FL is the main source of IgM natural immunity
during the 2nd trimester. Strikingly, 0.25% of all prenatal clonotypes, comprising 18.7% of the expressed reper-
toire, are shared with the postnatal samples, consistent with persisting fetal IgM+ B cells being a source of nat-
ural IgM repertoire in adult life. Further, the origins of specific stereotypic IgM+ B cell receptors associated with
chronic lymphocytic leukemia, can be traced back to fetal B cell lymphopoiesis, suggesting that persisting fetal B
cells can be subject tomalignant transformation late in life. Overall, these novel data provide unique insights into
the ontogeny of physiological and malignant B lymphopoiesis that spans the human lifetime.
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1. Introduction

Mature B-cell development in humans starts in the fetal liver (FL) in
early fetal life, and becomes well established at this site by the start of
the second trimester [1,2]. Subsequently, during the second trimester,
bone marrow (BM) becomes the main site of B lymphopoiesis [3] and
remains so throughout post-natal life.

Development of mature B-cells depends upon, and proceeds com-
mensurately with expression of a functional B-cell receptor (BCR) and
of its constituent immunoglobulin (Ig) heavy(H) and light(L) chains.
The molecular hallmark of B-cell development, somatic recombination
of the genes that encode the IGH(V, D and J) and IGL(V and J) chains,
takes place in early B-cell progenitors in primary B lymphopoiesis
sites (i.e. FL, FBM and adult BM). This ensures the first wave of Ig
, Imperial College
ampus, Du Cane

iversity of Oxford,

,

en access article under
repertoire diversification, with antigen specificity primarily encoded
by the complementarity determining region 3 (CDR3). This process is
a pre-requisite for efficient humoral immunity, even early in fetal life
[4]. The firstmature B-cells that emerge fromFL and FBM are transition-
al B-cells that co-express IgM, IgD and CD10 [5,6]. Transitional B-cells
mature into CD10neg naïve B-cells that express less IgM. In postnatal
life, but not fetal life, naïve B-cells enter a germinal centre reaction in
secondary lymphoid organs, undergoing isotype class switch to IgG/
IgA and somatic hypermutation, a process that ensures the second
wave of Ig repertoire diversification and the production of high affinity
soluble antibodies. By contrast, the majority of the fetal life IgM reper-
toire comprises antibodies that are self- and poly-reactive [7]. This so
called ‘natural’ IgM antibody repertoire is public, i.e., shared by different
individuals at birth and is present in adult life as part of the normal, non-
pathogenic innate Ig repertoire, albeit at lower frequencies than in the
newborn [8,9]. Self-reactive and poly-reactive IgM antibodies, and in
particular those using the IGHV6-1 gene, are dominant in FL B-cells
[10]. In adult life, self-reactive IgM antibodies may play a role in protec-
tion from pathogens and autoimmunity [11]. In mice, the natural IgM
repertoire is largely linked to B-1a cells which once developed and se-
lected in FL, persist for the animal's lifespan through their ability for
self-renewal rather than iterative development and selection [12].
the CC BY license (http://creativecommons.org/licenses/by/4.0/).

http://crossmark.crossref.org/dialog/?doi=10.1016/j.clim.2017.06.005&domain=pdf
http://creativecommons.org/licenses/by/4.0/
http://dx.doi.org/10.1016/j.clim.2017.06.005
mailto:a.karadimitris@imperial.ac.uk
http://dx.doi.org/10.1016/j.clim.2017.06.005
http://creativecommons.org/licenses/by/4.0/
http://www.sciencedirect.com/science/journal/15216616
www.elsevier.com/locate/yclim


9A. Roy et al. / Clinical Immunology 183 (2017) 8–16
Recent evidence suggests that B-1a-like cells also exist in humans and
may contribute to the development of the natural IgM repertoire [13].

Profiling of the expressed IgH gene repertoire at mRNA level has
helped to understand the dynamics of humoral immunity develop-
ment. However, the relationship of the fetal B-cell IgM repertoire
to post-natal child and adult B-cells is incompletely understood
and has mostly been approached by low-throughput analyses [14,
15]. A recent high-throughput study of the IgH repertoire of circulat-
ing fetal blood B-cells provided some insights into Ig repertoire on-
togeny [16]. However, the spatiotemporal relationship between the
IgH repertoire in FL with that in FBM, and the impact of the fetal Ig
repertoire on the long-term repertoire present in post-natal life, as
well as the link between this and the development of disease, are
unknown.

Here, to address these issues and to gain insights into the ontogeny
of the human innate B-cell repertoire, we take advantage of a high-
resolution analysis of the IgH-Cmu repertoire of normal human FL,
FBM and post-natal B-cells from healthy infants, young children
and adults.

2. Materials and methods

2.1. Samples

Human FL and BM cells (Table S1) were provided by the Human
Developmental Biology Resource (www.hdbr.org). Surplus blood
from samples collected from healthy children was obtained under
national ethics committee approval (MREC12/LO/0425). For each
sample, CD34-CD19+ mature B-cells (Table S1) were FACS sorted
on BD FACSAriaII (Becton Dickinson, Oxford, UK) for BCR repertoire
analysis by 454 sequencing.

2.2. Bioinformatics

To reduce repertoire sampling biases, we included in the analysis
only samples with a comparable number of B-cells when possible
(Table S1). The raw NGS data were processed, annotated with
germline sequences from IMGT® and/or using IMGT/V-QUEST and
IMGT/HighV-QUEST (http://www.imgt.org), and analysed through
ARResT/Interrogate [17]. As part of ARResT/Interrogate, and with
the use of the R language for statistical computing [www.R-project.
org]: the Jensen-Shannon divergence was used to compute reper-
toire similarity between pairs of samples; the inverse Simpson con-
centration [18], which favors abundant clonotypes over rare ones,
was used on vectors of clonotype abundances to calculate clonotypic
diversity. Sequences were assigned to the 19major subsets of stereo-
typed B-cell receptors in chronic lymphocytic leukemia (CLL) using
ARResT/AssignSubsets [19].

Further methodological details are provided in Supplementary
methods.

3. Results

3.1. High-resolution analysis of fetal and postnatal IgHmu repertoires

For initial assessment of the IgM repertoire ontogeny in FL and FBM
B-cells, we analysed flow-sorted CD34-CD19+ B-cells. These express
cytoplasmic IgM(mu) and/or surface (s)IgM and comprise pre-B-cells,
immature, transitional and naïve B-cells [5,20]. Spectratyping of IGVH-
Cmu mRNA IGHV1-IGHV6 amplicons from a 2nd trimester FL sample
(gestational age [GA], 15+3 weeks), a 2nd trimester FBM sample of
the same GA(15+3 weeks) and B-cells from healthy children and adults
revealed a polyclonal repertoire in both FL and FBM that was compara-
ble to the postnatal samples (Fig. 1a)

To gain further insights into the ontogeny of IgH diversification, we
sequenced the IGVH-Cmu mRNA IGHV1-IGHV7 family amplicons from
FL, FBM and postnatal samples using next-generation sequencing
(NGS) and the 454 technology. In total, 20 libraries generated from
17 individual, flow-sorted CD34-CD19+ B-cell samples were se-
quenced: 5 FL (4 performed in independent duplicate libraries; GA
14–18 weeks), 3 FBM (GA 13–17 weeks; different fetuses from the
FL samples), 3 child peripheral blood (cPB) and 5 adult PB (aPB) B-
cell samples. We obtained 117,757 unique clonotypes of which
76%(90,238) were productive, with the remainder representing un-
productive rearrangements (Table S1).

Reproducibilitywas tested by comparing theduplicate libraries from
the 4 FL B-cell samples generated and sequenced in 2 independent ex-
periments. Principal component analysis of different combinations of
immunogenetic features demonstrated clear demarcation and tight
clustering of duplicate pairs (Fig. S1), showing the high degree of accu-
racy and reproducibility of the assay.

3.2. Diversification of the fetal IGHV, IGHD and IGHJ repertoires

Further dissection of the complexity of IgM repertoire development
showed that all 52 member genes of the IGHV1-IGHV7 families were
used at varying and often significantly different frequencies in all 4
developmental stages (Fig. 1b and Table S2). In line with previous
reports [14–16], the most notable difference in IGHD genes usage
frequency was the N10 fold higher IGHD7-27 frequency in fetal com-
pared to postnatal samples (Fig. 1c). The pattern of IGHJ repertoire
usage was nearly identical between FL and FBM, and between cPB
and aPB B-cells. IGHJ4 was the most frequently used J gene in all de-
velopmental stages (Fig. 1d) and, consistent with previous reports
[15,16], there was reciprocal presence of 4 IGHJ genes: IGHJ6 and
IGHJ2 were significantly over-represented in postnatal B-cells (p b

0.001), while IGHJ3 and IGHJ5 were significantly over-represented
in fetal B-cells (p b 0.001; Fig. 1d). Finally, as previously described
[15,16], average CDR3 length was significantly shorter in fetal than
postnatal B-cells, 14.8 amino acids (aa) vs. 17.3aa (p = 0.001; Fig. 1e)

These data show the molecular mechanisms responsible for VDJ re-
combination-dependent repertoire diversification are active and effi-
cient early in B-cell development in both FL and FBM and that on a
qualitative level, comparably diversified B-cell lymphopoiesis exists
contemporaneously in FL and FBM.

3.3. Evidence of antigen-driven clonotypic expansions in FL B-cells

Antibodies produced by the fetus are mostly IgM and are self-
and poly-reactive; however, the source of fetal IgM in FL or FBM
B-cells is not known. Hypothesising that B-cells producing IgM
would have undergone clonotypic expansion in response to self-an-
tigenic stimulus, we sought to identify such expansions by studying
the 100 most abundant clonotypes in each stage. Mean clonotype
abundance of the top 100 most abundant clonotypes in each of the
4 stages, was 10-fold lower in FBM B-cells (0.12%) than in FL B-
cells (1.2%, p b 0.0001), while corresponding abundances in postna-
tal PB B-cells were intermediate (cPB: 0.54%; aPB: 0.41%; Fig. 2a).
Reflecting the paucity of expanded clonotypes amongst FBM B-
cells, analysis of the 100 most abundant clonotypes from across all
4 stages (i.e., 100 of 90,238 clonotypes, Table S1) showed that
none were present in FBM, compared to 65 in FL, 23 in cPB, and 12
in aPB B-cells (Fig. 2b)

To assess clonotypic expansion and diversity in individual stages, we
estimated the inverse Simpson concentration of the clonotypic reper-
toires [18]. We found that FL clonotypes are the least diverse, followed
by cPB and aPB, while FBM showed significantly higher clonotypic di-
versity compared to the other groups (p b 0.001; Fig. 2c).

Together these results are consistent with robust IgM B-cell
clonotypic expansions being prominent in FL and nearly absent in
FBM of the same GA, and support the notion that the FL B-cells are the
main source of fetal IgM production during the 2nd trimester.

http://www.hdbr.org
http://www.imgt.org
http://www.R-project.org
http://www.R-project.org
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Fig. 1.Diversification features of fetal B cell repertoire. a. Spectratyping analysis of IGHV1-6 families in fetal liver (FL) GA15+3weeks, fetal bonemarrow (FBM)GA15+3weeks, cord blood
(CB) and adult peripheral blood (aPB) B-cells. b. IGHV gene (the top 25 out of 52 VHgenes are shown) c. IGHDgene (the top 15 out of total 25 JH genes are shown)d. IGHJ gene and e. CDR3
aa length repertoires counted in unique clonotypes in the 4 different fetal andpostnatal developmental stages (cPB: child peripheral blood). b–e:mean valueswith SDare shown, except in
d & e where error bars are omitted for simplicity. (***p b 0.001, ****p b 0.0001).
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3.4. Convergent recombination in fetal B-cells

We sought further evidence of antigen-driven responses amongst
fetal B-cells by studying their clonotypes in detail, focusing first on
clonotypes shared between the duplicate FL libraries to mitigate
against possible PCR/sequencing artefacts. All 4 duplicate FL librar-
ies showed evidence of distinct VDJ rearrangements encoding iden-
tical CDR3 peptide regions, involving 95–185 clonotypes (1.9–9.3%
of all unique clonotypes per library; Table S3). Notably, these
CDR3 regions were identical both at the aa and nucleotide level
using either different IGHV or IGHD genes, but always the same
IGHJ gene (Tables S4 & S5). This strikingly precise selection of
CDR3 regions, previously termed convergent recombination, has
been described for T-cell receptor repertoire [21,22] and recently
in murine B-1a cells [23]. We investigated this further by systemat-
ically searching for multiple IGHV genes recombined to an identical
CDR3 aa sequence in all samples. Across all stages we found
evidence of hundreds of CDR3 sequences recombined with 2–4 dif-
ferent IGHV genes, with up to 9 different IGHV genes identified
(Fig. 2d); in nearly all cases this involved genes of the same IGHV
family. Detailed sequence analysis (Table S5) highlights the unam-
biguous assignment of respective germline sequences with no
signs of PCR hybrids. Importantly, CDR3 sequences involved in con-
vergent recombinations were most abundant in FL and cPB (Fig. 2d)
in line with their increased incidence of prominent clonotypic ex-
pansions (Fig. 2a–c)



Fig. 2. Clonotypic abundance and diversity in fetal and post-natal B-cells. a. Frequency (abundance counted in reads) of the 100 most abundant clonotypes in each developmental stage
(horizontal lines indicate mean values, ****p b 0.0001). b. Distribution of the 100 most abundant clonotypes across the 4 developmental stages. c. Clonotypic diversity in each
developmental stage as assessed by the inverse Simpson concentration (see Methods). ***p b 0.001 for FBM as the most diverse. d. Frequency of CDR3 peptides generated by
convergent recombination of 2–9 different IGHV genes in each developmental stage. ** and *** for p b 0.01 and p b 0.001 respectively for FL and cPB vs. FBM and aPB. e. IGHV gene
repertoire counted in reads in fetal and postnatal B-cells. Mean values are shown (error bars omitted for simplicity). f. Correlation of the relative clonotype abundances of the 20 most
popular IGHV genes across developmental stages with their corresponding relative read counts. Lower slopes (as indicated by ‘y’ values in respective colors) of the regression lines for
FL and cPB indicate the predominance of high abundance clonotypes in these developmental stages. ‘5’ and ‘6’: outlying and highly expressed IGHV5-51 and IGHV6-1 respectively. g &
h. IGHV6-1 usage in the 100 most abundant clonotypes across developmental stages (g), and in the 100 most abundant clonotypes in each developmental stage (h); these “Top100”
frequencies are compared to those of IGHV6-1 usage in all clonotypes (“ALL”).
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Therefore, convergent recombination, a process that ensures gener-
ation of a high abundance public immune repertoire in T-cells [21,24],
also appears to shape the early fetal B-cell repertoire.

3.5. Abundant IGHV6-1 repertoire across developmental stages

To investigate whether repertoire complexity is influenced by biases
in specific IGHV family member usage, we compared the rankings of
IGHV genes by their frequency of unique clonotypes (i.e. counting in
unique clonotypes; Fig. 1b) and abundance (i.e. counting in sequence
reads; Fig. 2e). IGHV6-1 and IGHV5-51 were the 1st and 2nd most
expressed genes across all 4 developmental stages; however, both
genes ranked lower when counted in unique clonotypes, especially in
postnatal samples. Fig. 2f correlates relative clonotype abundances of
the 20 most popular IGHV genes across developmental stages with
their corresponding relative read counts. Expecting these twomeasures
to be linearly correlated, outliers should highlight IGHV genes with
highly/lowly-expressed clonotypes. We found that in all 4 develop-
ments stages, IGHV6-1 and IGHV5-51 are placed the furthest from
their projected linear distribution and strongly biased towards high ex-
pression. Therefore, although IGHV6-1 and IGHV5-51 genes did not
have the most associated clonotypes, they are the most likely to partic-
ipate in high abundance, expanded clonotypes. At a global level, the
lower slopes of the regression lines for FL and cPB are also consistent
with the higher frequency of high abundance clonotypes in those
samples

We then focused on IGHV6-1 as this has previously been shown to
be over-represented in fetal B-cells beyond its expected frequency of
~1.9% (i.e., 1/52) [25–27]. Fetal IGHV6-1 IgM BCRs have been reported
to react against ssDNA and cardiolipin autoantigens, and are thus im-
portant sources of natural IgM [10].We confirmed that although the rel-
ative frequency of IGHV6-1 in unique clonotypes was not higher than
the expected 1.9% in FL and FBM (Fig. 1b), its abundance was indeed
significantly higher (18% and 14% respectively; p = 0.002; Fig. 2e)
with similar trends in cPB and aPB. Supporting this, IGHV6-1 was
identified in 17/65(26.2%) FL, 11/23(50%) cPB and 6/12(50%) aPB of
the 100 most expanded clonotypes across all 4 stages (Fig. 2g). Sim-
ilarly, within each developmental stage, IGHV6-1 comprised 17, 33,
39 and 29 of the 100 most abundant clonotypes respectively (Fig. 2h),
significantly higher frequencies (p b 0.01) than their respective average
unique clonotype frequencies (6.4, 8.7, 2.5 and 4.4%). Thus, IGHV6-1
clonotypic expansions are dominant in all developmental stages,
highlighting an important role of IGHV6-1 IgM in innate humoral im-
munity throughout life.

3.6. Presence of antigen response-competent mature B-cells in FL but not
FBM

The high frequency of expanded clonotypes in FL but not FBM sug-
gests that in fetal life it is the FL rather than FBM B-cells that mount
(auto-)antigen-driven responses, despite being equally diversified by
VDJ recombination. To investigate this further, we compared the fre-
quencies of B-cell sub-populations within the CD34-CD19+ compart-
ment in FL and FBM using previously described markers especially
those defining fetal B cell subsets where available [5,6,20,28,29] (see
Supplementarymethods).While pre-B-cells lack (s)IgMexpression, im-
mature B-cells, transitional and naïve B-cells express (s)IgM (Fig. 3a, b).
Compared to FL, the FBM CD34-CD19+ compartment had a higher fre-
quency of pre-B-cells (FL: 52.7 ± 5.4% vs. FBM: 69.2 ± 1.5%, p b 0.01)
but a similar frequency of immature B-cells (30.7 ± 4.6% vs. 21.0 ±
1.6%), while transitional and naïve B-cells were significantly decreased
in FBM (FL: 4.2 ± 0.8% vs. FBM: 1.5 ± 0.4%, p b 0.01; and FL: 2.8 ±
0.9% vs. FBM: 0.7±0.2%, p b 0.05; Fig. 3c). This lack of developedmature
B-cells explains, at least in part, the paucity of clonotypic expansions in
2nd trimester FBM. Of the three sIgM+ B-cell populations (immature,
transitional and naïve) we used for IgHmu repertoire profiling, only
the transitional B-cell subset was previously shown to expand in re-
sponse to antigen in a T-cell-independent fashion. Indeed, transitional
B-cells are enriched in autoreactive B-cells in normal individuals and
more so in patients with systemic lupus erythematosus [30]. Thus, we
speculate that transitional B-cells are likely to be the main source of
the FL IgM clonotypic expansions and, in contrast to previous reports
[4,31], we found a very low frequency of CD34-CD19+CD27+ B-cells
in 2nd trimester FL and FBM (range 0–1.9% of total CD34-CD19+ B-
cells, median 0.06%). (Fig. 3b & c).

3.7. High abundance FL clonotypes shared across developmental stages

To explore continuity in IgM B-cell immunity between fetal and
adult life, we searched for clonotypes sharedwithin and between de-
velopmental stages. Overall 0.13% (122/90,238) of productive
clonotypes were shared, with none shared by N2 developmental
stages (Fig. 4a); 15 were shared between FL and FBM (expressed as
0.37% and 0.22% of reads respectively) (Fig. 4b and Table S6), sug-
gesting selection of B-cells by the same antigen can occur indepen-
dently in FL or FBM, or possibly migration of B-cells between sites; 2
clonotypes were shared between cPB and aPB B-cells (not shown); 22
of the total FL IgH expressed repertoire (Table S7)were shared between
FL (16.3% of reads) and postnatal B-cells (0.92% of reads; Fig. 4c); and 83
were shared between FBM (2.3% of reads) and either cPB (59; 0.85% of
reads) or aPB (24; 1.13% of reads; Fig. 4d, Table S8).

Reflecting the high abundance clonotypes in FL, the mean abun-
dance of clonotypes shared between FL and postnatal B-cells was
38-fold higher than FBM (0.77% vs. 0.02%, p = 0.001; Fig. 4e),
highlighting sharing of only high abundance clonotypes between FL
and postnatal B-cells (Fig. 4e). Indeed, 10/22 clonotypes shared be-
tween FL and postnatal B-cells were also amongst the 100 most
abundant clonotypes across all developmental stages (Fig. 2b, Table
S7) and 16/22 shared clonotypes were 41-fold more abundant in FL
B-cells than in postnatal B-cells (median 0.36% vs. 0.005%, p b

0.0001; Fig. 4f). Notably, 5/22 FL-postnatal shared clonotypes, corre-
sponding to 2 individual CDR3 sequences, had evidence of convergent
recombination (Table S7), supporting the notion that clonotypic expan-
sions shared between fetal and post-natal IgM B-cell repertoires are an-
tigen-driven.

Together, these observations are consistentwith a fully functional FL
IgM repertoire in which B-cell clonotypic expansions are robust and
likely to be antigen-driven. The presence of identical clonotypes in
fetal and postnatal B-cells might be the result of independent selection
at different developmental stages in different individuals or,more likely,
selection during fetal life and subsequent persistence in postnatal life.
Further, the higher abundance of some shared clonotypes in postnatal
compared to FL B-cells indicates that IgM-producing B-cells of FL origin
remain functional in postnatal life and retain their ability to expand in
response to recurrent antigenic stimulation. Finally, the unexpected
degree of clonotype sharing (0.25% of the entire fetal IgM repertoire)
between fetal and postnatal B-cells derived from samples that are
HLA-disparate suggests that the selection of these shared (public)
clonotypes occurs in an HLA- and thus T-cell-independent manner con-
sistent with IgM innate humoral immune responses.

3.8. Fetal BCR repertoire and malignancy-associated stereotypic receptors

Our results so far suggest that fetal IgM-producing B-cells may per-
sist into adult life and remain under antigenic stimulation throughout
life, potentially increasing their risk of neoplastic transformation.
Stereotypic (or quasi-identical) IgM BCR are known to be part of the
normal adult B-cell repertoire (enriched in IgM+CD5+ B-cells in par-
ticular [32]) and, importantly, they have also been demonstrated in
~30% of patients with chronic lymphocytic leukemia (CLL), one of the
most common IgM+ mature B cell malignancies in humans [33–36].
Nevertheless, their developmental origins and ontogeny have not



Fig. 3. B cell development in FL and FBM. a. Schematic representation of proposed fetal B cell maturation according to immunophenotypicmarkers and stages of VDJ recombination (using
human fetal B cell development data where available) [5,6,29] that was studied in 2nd trimester FL and FBM. b. Representative flow-cytometric analysis of FL and FBM of the same fetus
(GA 17weeks) showing the gating strategy used to identify the various stages of B cellmaturation as described in (a). Data are from viable CD34 negative cells for the FL sample and viable
mononuclear cells for the FBM sample. c. Frequencies of the B cell stages, expressed as % of CD34-CD19+ cells, are shown in the bar graph with data represented as mean ± SEM
from FL (n = 13) and FBM (n = 12) samples. (Imm: immature, Trans: transitional, Mem: memory B-cells; *p b 0.05, **p b 0.01).
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been defined.We therefore searched for evidence in our fetal and post-
natal IgM-producing B-cell samples, for the 19 major stereotypic CLL
IgH receptors, or major CLL subsets, previously reported in a large
study of N7500 CLL patients [33]. Overall, we found evidence of stereo-
typic IgH receptors corresponding to one or more of the 16major CLL
subsets in 3/5 FL B-cell samples and in all FBM and postnatal samples
(Fig. 4g and not shown): 14/16 subsets were found in postnatal sam-
ples, with CLL#1, CLL#5, and CLL#28A the most prevalent but strik-
ingly, 11/16 stereotypical subsets were also present in fetal B-cells,
with 2 subsets in fetal B-cells only (Fig. 4g, Table S9). CLL#1, CLL#5
and CLL#28A subsets were again the most prevalent in FL and FBM
B-cells (Fig. 4g). Importantly CLL#1, CLL#5 and CLL#28A are
amongst the 10 most common CLL subsets, and CLL#1 and #5 are as-
sociated with aggressive disease [36]. These findings may provide
clues into the ontogenesis of CLL and indicate that for a substantial
proportion of stereotypy-associated CLL, the IgM+ B-cell that un-
dergoes malignant transformation in adult life may originally be se-
lected during fetal life and persist throughout adulthood.
4. Discussion

Here we present a comparative, high-resolution dissection of the
human IgHmu repertoire from early fetal to adult life. This is the first
such analysis to include FBM and FL, the primary sites of fetal B-cell
development thus allowing ontogenic and anatomical mapping of
the human natural IgM repertoire.
The IgHmu repertoire in prenatal life is responsible for development
of the so-called natural antibody immunity. Work in mice has shown
that development of B-cells secreting natural IgM is instructed by
non-protein, lipid, phospholipid and glycan antigens often from cells
undergoing apoptosis [37–39]. In this respect natural IgM are low affin-
ity auto-reactive antibodies perhaps triggered by inadequately cleared
apoptotic cells during fetal development [40]. In postnatal life, the nat-
ural IgM repertoire is further enriched with specificities against com-
mensal flora or pathogen-derived non-protein antigens [40]. In mice,
the main cellular source of natural IgM are B-1a cells that develop in
FL but not FBM. After their selection and clonal expansion by auto-anti-
gens, they persist throughout life by self-renewal.

Our analysis of the ontogeny of the corresponding human IgHmu
repertoire, not previously characterised, reveals many features anal-
ogous to mice. We find that while comparably diversified B-cell
lymphopoiesis exists contemporaneously in FL and FBM, the robust
IgM-producing B-cell clonotypic expansions prominent in FL are vir-
tually absent in FBM of the same GA, thus identifying human FL as the
likely main source of the natural IgM repertoire in fetal life. The lack
of clonotypic expansions in FBM reflects the paucity of latemature B-
cells; these probably develop in late 3rd trimester to become the
main source of adaptive B-cells in postnatal life. Given that the cord
blood and early neonatal IgM repertoires are functionally autoreactive,
these clonotypic expansions are likely to be auto-antigen-driven.
Indeed, IGHV6-1 clonotypic expansions were dominant in FL, and
human IGHV6-1+ fetal B-cells have previously been shown to be
reactive against self-phospholipids such as cardiolipin [10]. The
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corresponding orthologous VH7183.1 is also dominant in murine FL
[41] revealing remarkable and refined evolutionary conservation.

As inmice, thehumannatural IgMrepertoire is also public, comprising
identical/near-identical clonotypes shared by different individuals. Our
data provide the first evidence of considerable sharing of IgM clonotypes
that originate in human FL amongst different fetuses. For some FL
clonotypes, we documented stringent (even at the nucleotide level) con-
vergent recombination underpinning public IgM repertoire generation.
While convergent recombination occurring at the aa level has been de-
scribed in the adult Ig repertoire [42–44], nucleotide-level convergent re-
combination was recently described in murine B1 cells [23], providing
further parallels between human and murine natural IgM ontogeny.
Another distinct contribution of our work to the delineation of the
ontogeny of the postnatal ‘public’ IgM repertoire is the finding that FL
expanded clonotypes, including those with IGHV6-1, are also found
clonally expanded in postnatal life. This most likely reflects auto-reac-
tive IgM-producing B-cells, clonotypically expanded in FL, persisting
throughout life perhaps bypassing FBM.Whether their postnatal persis-
tence and expansion is the result of continuous antigenic stimulation
(e.g., by apoptotic cells) or of their ability to self-new (analogous tomu-
rine B-1a cells) remains to be determined.

Recent IgH repertoire analysis of fetal B cell progenitors at a single
cell level, demonstrated that the distinct immunogenetic features of
fetal IgH repertoire are determined, at least in part, by a fetal-specific
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pattern of VDJ recombination process which may be driven by differ-
ences in Tdt expression in fetal life [29].

While analysis of the human fetal IgM repertoire has revealed
high concordance with the corresponding murine repertoire, our
analysis of the cellular correlate of the pre-immune repertoire, i.e.,
of B-1a cells, has not. The existence of human counterparts of mu-
rine B-1a cells has been contentious. Recent work identified a rare
IgM+CD20+CD27+CD43+ B-cell population in human cord
blood and PB with several functional features akin to murine B-1a
cells [13,31]. However, despite strict gating and use of two different
anti-CD27 mAb clones (data not shown), the frequency of
CD19+CD27+ cells in the FL and FBM samples we analysed was
consistently b1% with most samples having no CD19+CD27+ cells
(Fig. 3). Instead, we found FL but not FBM enriched in
immunophenotypically-defined transitional B-cells, a population that
in humans has also been linked with production of autoreactive IgM,
autoimmune disease and a CD27-CD5+ phenotype [30,45]. This raises
the possibility that in humans the B-cell subset responsible for FL IgM
clonotypic expansions has features that at least in part overlap with
transitional B-cells. In future work, functional characterization and
high resolution analysis of the IgHmu repertoire in purified FL and
FBM B-cell subsets (Fig. 3) would be required to address this question.

Another novel insight from our work is the demonstration that ste-
reotypic, autoreactive BCR with innate function that are associated
with CLL, a malignancy of older adults, may be selected during fetal
life. We find that the frequencies of these stereotypic receptors in both
FL and FBM are overall very low (b0.01%; Fig. 4g) and nowhere near
the frequencies of expanded clonotypes in FL (up to 8%; Fig. 2b) imply-
ing that auto-antigens driving their expansion in late adult life may not
present in fetal life.

Notwithstanding the very low frequency of CD27+ mature B-cells
we observed in FL and FBM, this would support the notion that CD5+
B-cell CLL with unmutated BCR might have its origin in FL B-1a-like B-
cells, which also express CD5 and although they are selected once dur-
ing fetal life they persist long-term in postnatal life [46,47]. Alternative-
ly, and more consistent with our immunophenotyping findings (Fig. 3),
unmutated CLL has been mooted to originate from autoreactive transi-
tional IgM+CD5+ B-cells [48]. Previous gene expression profiling of
PB human B-cells identified CD27-CD5+ cells as the likely physiologic
counterpart of the unmutated CLL B-cells [32]. We speculate that ongo-
ing and life-long antigenic stimulation of these innate B-cells with ste-
reotypic BCR originating in FL renders them susceptible to malignant
transformation resulting in CLL.

In conclusion, comparative analysis of IgM repertoire develop-
ment from fetal to adult IgM B-cells reveals that B-cell repertoire di-
versification during the 2nd trimester takes place in parallel in FL and
FBM. However, since we have shown that mature B-cells capable of
antigenic responses are present in FL but not in FBM, this suggests
that the liver is the dominant site of likely self-antigen-driven B-
cell clonotypic expansions during the 2nd trimester of fetal life.
Such FL-derived expanded IgM+ B-cells, including those of the
IGHV6-1 gene, may persist into adult life and contribute to the
auto- and poly-reactive public IgM repertoire and even become tar-
gets of malignant transformation.

Supplementary data to this article can be found online at http://dx.
doi.org/10.1016/j.clim.2017.06.005.
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Abstract
Amplicon-based next-generation sequencing (NGS) of immunoglobulin (IG) and T-cell receptor (TR) gene rearrangements
for clonality assessment, marker identification and quantification of minimal residual disease (MRD) in lymphoid neoplasms
has been the focus of intense research, development and application. However, standardization and validation in a
scientifically controlled multicentre setting is still lacking. Therefore, IG/TR assay development and design, including
bioinformatics, was performed within the EuroClonality-NGS working group and validated for MRD marker identification
in acute lymphoblastic leukaemia (ALL). Five EuroMRD ALL reference laboratories performed IG/TR NGS in 50
diagnostic ALL samples, and compared results with those generated through routine IG/TR Sanger sequencing. A central
polytarget quality control (cPT-QC) was used to monitor primer performance, and a central in-tube quality control (cIT-QC)
was spiked into each sample as a library-specific quality control and calibrator. NGS identified 259 (average 5.2/sample,
range 0–14) clonal sequences vs. Sanger-sequencing 248 (average 5.0/sample, range 0–14). NGS primers covered possible
IG/TR rearrangement types more completely compared with local multiplex PCR sets and enabled sequencing of bi-allelic
rearrangements and weak PCR products. The cPT-QC showed high reproducibility across all laboratories. These
validated and reproducible quality-controlled EuroClonality-NGS assays can be used for standardized NGS-based
identification of IG/TR markers in lymphoid malignancies.

Introduction

Specific antigen recognition by cells of the adaptive
immune system (B cells, T cells) is mediated through
receptors (immunoglobulin, IG, and T-cell receptor, TR)
that are uniquely formed during immune development in
bone marrow and thymus, respectively. Through recombi-
nation of IG/TR loci a diverse (polyclonal) repertoire of
unique IG/TR receptors is created. In certain autoimmune
diseases this repertoire is skewed (oligoclonal), whereas in
lymphoid malignancies receptors are largely identical
(monoclonal) [1–7]. IG/TR rearrangements thus form
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unique genetic biomarkers (molecular signatures) for
studying immune cells for clinical, diagnostic and research
applications [8–11]. Classically, methods for immunoge-
netic analysis mostly concern fragment analysis and Sanger-
based sequencing. The introduction of NGS makes deeper
analysis of IG/TR rearrangements possible, with impact on
the main immunogenetic applications: clonality assessment,
MRD detection, repertoire analysis [12–29].

The EuroClonality-NGS working group (euro-
clonalityngs.org; Supplementary Figure 1) has ample
expertise in development, standardization and validation of
IG/TR assays, to address the challenges in the translational
research towards clinical application.

Here we report on the development and standardization
(see also accompanying manuscript by Knecht et al. [30]) of
novel amplicon-based IG/TR NGS assays between Sep-
tember 2012 and October 2017, via a total of 14 interna-
tional coordination and evaluation meetings (Supplementary
Table 1). This study focuses on IG/TR marker identification
in lymphoid malignancies for subsequent MRD analysis,
and their multicentre validation in acute lymphoblastic leu-
kaemia (ALL). Assay optimizations and modifications for
other applications of IG/TR NGS are partly still ongoing and
will be reported in separate publications.

Materials and methods

General concept of assay design

With the objective of developing a universal amplicon-
based NGS approach for IG/TR sequence analysis at the
DNA level, applicable in all lymphoid malignancies, assays
for multiple IG/TR loci were designed: IG heavy (IGH), IG
kappa (IGK), TR beta (TRB), TR gamma (TRG) and TR
delta (TRD), including complete and incomplete rearran-
gements whenever applicable. IG lambda (IGL) was
excluded due to its limited complementarity to other IG loci
and its reduced diversity. TR alpha (TRA) was excluded
due to its high complexity, severely hampering a reasonable
multiplex PCR approach at the DNA level.

The IGH locus is rearranged in two steps. After initial
coupling of a single IGHD gene to an IGHJ gene, an IGHV
gene is joined to the incomplete IGHD–IGHJ rearrange-
ment, resulting in a complete IGHV–IGHJ rearrangement.
For amplification of complete IGH rearrangements, primers
located in the FR1, FR2 and FR3 regions were designed,
but here we only discuss the FR1 assay for marker identi-
fication in ALL (for application of IGH-VJ-FR3 assay in
clonality testing see accompanying manuscript by Scheijen
et al. [31]). IGHD–IGHJ rearrangements were amplified in a
separate multiplex PCR reaction. The IGK light chain locus
is composed of functional IGKV and IGKJ genes, as well as

the so-called kappa deleting element (Kde) that can rear-
range to IGKV genes, or to a recombination signal sequence
(RSS) in the IGKJ–IGKC intron, leading to functional
inactivation of the IGK allele. The IGKV forward primers
were designed to be used in combination with IGKJ and
Kde reverse primers in one multiplex reaction, whereas a
second PCR was developed for the forward intron RSS and
reverse Kde primers.

The TRB locus also features a two-step process with
initial formation of incomplete TRBD–TRBJ rearrange-
ments followed by complete TRBV–TRBJ rearrangements.
Incomplete and complete TRB rearrangements are detected
in two separate multiplex PCR reactions. As TRG locus
rearrangements are one-step VJ recombinations involving a
limited number of TRGV and TRGJ genes, a single mul-
tiplex assay could be developed. Finally, in the TRD locus,
complete VJ rearrangements are preceded by DD, VD and
DJ rearrangements. In addition, certain TRAV genes can
rearrange to both TRDJ and TRAJ, whereas TRDV–TRAJ
rearrangements, usually involving TRAJ29, can also occur.
All of these rearrangements were designed to be amplified
in one multiplex PCR assay.

Both the design and further testing were coordinated by
the respective ‘Target’ network leaders: IGH-VJ by C. Pott,
Kiel and R. Garcia Sanz, Salamanca; IGH-DJ by F. Davi,
Paris and K. Stamatopoulos, Thessaloniki; IGK-V/intron-
IGKJ/Kde by P.J.T.A. Groenen, Nijmegen and A.W. Lan-
gerak, Rotterdam; TRB by M. Brüggemann, Kiel and M.
Hummel, Berlin; TRG by G. Cazzaniga, Monza and J.J.M.
van Dongen, Leiden; and TRD by E. Macintyre, Paris.
Initial testing of each assay was performed by 2–3 experi-
enced laboratories per target and final assays were validated
for IG/TR marker identification in ALL in a multicentre
setting. In addition, central quality control procedures were
developed to monitor assay performance.

The bioinformatic platform ARResT/Interrogate [32],
developed from the ground-up within the EuroClonality-
NGS to assist with its multi-faceted activities, was further
adapted for this study as described below.

Primer design and technical validation of primer
performance

Primers were designed to be gene-specific, but in case of
allelic variants, degenerate primers were designed to avoid
differential annealing in individuals with different allelic
variants. For the same reason, single mismatches in the
middle or at the 5′-end of the primer were accepted.

Primer3 [33], Primer Digital (PrimerDigital Ltd,
Helsinki, Finland) MFEprimer-2.0 [34] and Oligo
(Molecular Biology Insights, Inc., Colorado, USA) were
used for checking primer specificity and multiplexing.
Common primer design criteria were followed for all loci:
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primer melting temperature 57–63 °C; comparable size of
final amplicon; primer length 20–24 nt; avoidance of primer
dimers; minimal distance of 3′ primer end to the junctional
region of, preferably, >10–15 bp to avoid false-negativity
for rearrangements with larger nucleotide deletions from the
germline sequence; avoidance of regions with known single
nucleotide polymorphisms to allow identical primer
annealing for all alleles of the respective V, D or J genes;
targeting of, preferably, all V, D and J genes known to be
rearranged plus the intronRSS and Kde regions for IGK.

Following in silico design, primers were first tested in
monoplex and multiplex reactions using primary patient
samples or cell lines with defined rearrangements. In
occasional cases where no such samples were available,
healthy tonsil or mononuclear DNA samples were
employed. Oligoclonal template pools were then created
from mixtures of rearranged cell lines and diagnostic sam-
ples with defined rearrangements covering many different
V, D and/or J genes. Alternatively, for some loci, plasmid
pools were produced, covering as many different rearran-
gements as possible. These multi-target pools allowed fine-
tuning of reaction conditions and/or primer concentrations
to assess comparable amplification efficiencies. This itera-
tive process of testing also led to a reduction of primers if
these appeared redundant. Further multicentre testing was
performed with a limited number of monoclonal and poly/
oligoclonal samples on different sequencing platforms,
which allowed assessment of robustness of the primer mixes
and protocols.

As assays were designed with the aim to be platform-
independent, a two-step PCR was employed, that enabled
switching of sequencing adaptors and to reduce the total
number of primers even if many barcodes are necessary.
Also, maximal amplicon lengths were defined with respect
to the possible maximal sequencing read lengths of current
sequencers. PCR conditions were optimized with the aim to
find optimal conditions common for all reactions, thus
allowing for parallel library preparation. Various numbers
of PCR cycles in 1st and 2nd PCR, different polymerases
and several library purification methods were tested and
compared.

Multicentre validation of assays for MRD marker
identification in ALL

Five experienced laboratories tested the robustness and
applicability of the optimized assays for NGS-based IG/TR
marker identification in ALL in comparison to standard
techniques. All laboratories (Bristol/London, Paris, Monza,
Prague and Kiel) are members of the EuroMRD consortium
and reference laboratories for ALL MRD analysis. Each of
them performed NGS-based IG/TR MRD marker identifi-
cation in 10 patients with B- or T-lineage ALL. A central

standard operating procedure was strictly followed. The
study was executed using the Illumina MiSeq (2 × 250 bp
v2 kit). NGS analyses were performed fully in parallel to
conventional PCR plus Sanger sequencing of clonal pro-
ducts following standard guidelines [11]. For a part of the
cases with unexplained discrepant results between the two
methods, allele-specific PCR assays (either for digital dro-
plet PCR or real-time quantitative PCR) were designed to
clarify if the respective clonal rearrangement represented
the leukaemic bulk. EuroMRD guidelines were used to
design and interpret allele-specific PCR assays [35, 36].

Results

Primer design and technical validation of primer
performance

Based on the results of the testing and validation phases
(Supplementary Table 2), the final IG/TR primer mixes
consisted of eight tubes with 92 forward and 30 reverse
primers, 15 of the latter being used in pairs of different
tubes (Supplementary Table 3). Primer positions and
sequences are presented in Fig. 1.

Implementation of quality control procedures

Quality control of robust amplification, library preparation
and sequencing are of utmost importance for these complex
assays. Different primers need to work under the same
reaction conditions, while additional variability can be
introduced by sample characteristics and sequencing. Pri-
mer performance must be monitored longitudinally, and for
the exact estimation of clonal abundance it is important to
correct for the number of sequencing reads per input
molecule.

To address these issues, we established and validated two
types of quality control procedures: (i) a ‘central in-tube
quality control’ (cIT-QC) spiked to each tube as library
control and calibrator, and (ii) a ‘central poly-target quality
control’ (cPT-QC), or run control, to monitor general primer
performance and sequencing.

To compose the cIT-QC, IG/TR rearrangements of many
human lymphoid cell lines were comprehensively char-
acterized by amplicon- and capture-based NGS and Sanger
sequencing. Nine cell lines were selected to form the cIT-
QC with at least three different clonal rearrangements for
each of the eight PCR tubes, totalling 24 rearrangements.
The current design requires an equal number of cell line
DNA copies to be spiked into each tube, as
described below.

For the cPT-QC a mixture of different lymphoid speci-
mens was considered to cover the whole IG/TR repertoire
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more comprehensively. To this end we produced material
consisting of equal ratios of DNA from peripheral blood
mononuclear cells (MNCs), thymus and tonsil. For more
details see accompanying manuscript by Knecht et al. [30].

Laboratory protocol

Primers were tailed with universal and T7-linker sequences,
and divided over eight tubes (IGH-VJ, IGH-DJ, IGK-VJ-
Kde, intron-Kde, TRB-VJ, TRB-DJ, TRG, TRD). The PCR

protocol is summarized in Table 1. Sequencing libraries
were prepared via a two-step PCR, each using a final
reaction volume of 50 µl with 100 ng diagnostic DNA and
10 ng of polyclonal DNA. For the cIT-QC, 40 cell
equivalents of the nine different cell lines were spiked into
all samples (see accompanying manuscript by Knecht et al.
[30]). MgCl2 was intended to be used at a final concentra-
tion of 1.5 mM, but needed optimization for some tubes.
Therefore, master-mixes for the 1st PCR were tube-specific,
but the temperature profile was uniform for all tubes.

Fig. 1 Schematic diagrams of rearrangements and primer sets. a
Schematic diagrams of IGHV-IGHJ and IGHD-IGHJ rearrangements.
The relative position of the VH family primers, DH family primers and
consensus JH primers is given according to their most 5′ nucleotide
upstream (−) or downstream (+) of the involved RSS. b Schematic
diagrams of IGKV-IGKJ rearrangement and the two types of Kde
rearrangements (V-Kde and intronRSS–Kde). The relative position of
the IGKV, IGKJ, Kde, and intronRSS (INTR) primers is given
according to their most 5′ nucleotide upstream (−) or downstream (+)
of the involved RSS. c Schematic diagrams of TRBV-TRBJ rearran-
gement and TRBD-TRBJ rearrangement. The relative position of the
TRBV family primers, TRBD primers and the TRBJ primers is given

according to their most 5′nucleotide upstream (−) or downstream (+)
of the involved RSS. d Schematic diagrams of TRGV–TRGJ rear-
rangement and the relative position of the TRGV and TRGJ primers.
The relative position of the TRGV primers and the TRGJ primers is
given according to their most 5′ nucleotide upstream (−) or down-
stream (+) of the involved RSS. e Schematic diagram of TRDV–
TRDJ,TRDD–TRDJ, TRDD–TRDD, and TRDV–TRDD, TRDV-
TRAJ29 rearrangements, showing the positioning of TRDV, TRDJ,
TRDD, and TRAJ29 primers, all combined in a single tube. The
relative position of the TRDV, TRDD, and TRDJ primers is indicated
according to their most 50 nucleotides upstream (−) or downstream
(+) of the involved RSS
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Concentrations of all primers are shown in Supplementary
Table 3. After 1st PCR, gel electrophoresis was performed
to check for successful amplification of all targets. For TRB,
gel extraction of the specific PCR products was performed
prior to the 2nd PCR.

All 1st round PCR products, except TRB PCR products,
were diluted 1:50 unless amplicons were very weak. TRB
PCR products and PCR products with weak amplicons were
used undiluted. Master-mixes for the 2nd PCR and the
temperature profiles were identical for all tubes (Table 1).
Primers for the 2nd PCR contained sequencing adaptors and
sequencing indexes (barcodes). Unique combination of
forward and reverse indexes was used for each library.
Three microlitres of undiluted TRB PCR products and 1 µl
of 1:50-diluted IGH, IGK, TRG and TRD PCR products
were amplified in the 2nd PCR.

Following 2nd PCR, products from all samples of a run
were pooled in equimolar ratios into eight tube-wise sub-
pools and purified by gel extraction (see Table 2 for the
amplicon lengths). Finally, the subpools were pooled
equimolarly into one final pool. Sequencing was performed
on Illumina MiSeq sequencers, using 2 × 250 bp v2 chem-
istry with a final concentration of 7 pM for the amplicon
library and 10% PhiX control added to avoid low-
complexity library issues. The detailed standard operating
procedure is provided as supplementary information.

Bioinformatic protocol

ARResT/Interrogate [32] was the main bioinformatics
platform used in this study. Both Vidjil [37] and IMGT [38]
resources are available through ARResT/Interrogate as
built-in tools and were employed for specific aspects of this
work, mainly analysis of rearrangements with unclear
annotation. Data are deposited at EMBL/EBI European
Nucleotide Archive (ENA), accession code PRJEB32668.

Demultiplexing was performed accepting no mis-
matches. Reads were annotated with EuroClonality-NGS
primer sequences (to trim non-amplicon sequences, and for

the cPT-QC-based quality control), paired-end joined,
dereplicated, immunogenetically annotated [39], and even-
tually classified into rearrangement types (complete and
incomplete, and other special types like intron-Kde rear-
rangements), or ‘junction classes’. Reads without rearran-
gement were excluded from the total read count used for
relative abundances.

cIT-QC sequences described above and elsewhere (see
accompanying manuscript by Knecht et al. [30]), were
identified in the data through their immunogenetic annota-
tion. Their counts served both as ‘in-tube’ control and for
normalization per primer set: total cIT-QC cells are divided
by cIT-QC total reads, the resulting factor used to convert
rearrangement reads to cells, and those cells then further
divided by total input cells (15,000 in this study). Identified
IG/TR sequences were defined as index sequences if their
abundance after cIT-QC normalisation exceeded 5%.

ARResT/Interrogate can track the DNJ 3′ stem of a
junction, the sequence remaining stable during IGH or TRB
clonal evolution in case of V replacement or ongoing V to
DJ rearrangements. The stem consists of the last ≤ 3nt of D
(or of the NDN if no D is identifiable), any and all of N2
nucleotides, and the J nucleotides of the junction. This stem
is available as a separate immunogenetic feature across all
samples and thus can be linked to other features, e.g.
clonotypes.

Multicentre validation of assays for MRD marker
identification in ALL

Next, 50 ALL diagnostic samples (29 BCP-ALL and 21 T-
ALL; Supplementary Table 4) were analysed for the mul-
ticentre validation study. Each of the five participating
laboratories received preconfigured 96-well plates contain-
ing the different multiplexed NGS primer combinations per
target (Fig. 2).

In total, 96 libraries were generated per lab (total of 480
libraries), and sequenced with a collective output of 47M
reads (⌀ 9.2 M/lab). Centralised analysis was performed
with ARResT/Interrogate [32] using IMGT germline
sequences [39]—further analyses and verifications were
performed with Vidjil [37] and IMGT/V-QUEST [38].

Overall, 311 clonal IG/TR rearrangements (clonotypes)
were identified, with a mean of 5.2 (0–14)/sample by NGS (a
5% threshold was applied for NGS after cIT-QC-based nor-
malization) vs. 5.0 (0–14)/sample by Sanger, while 217
(45%) libraries demonstrated no clonotypes above threshold
by either method. A total of 196/311 (63%) clonotypes were
fully concordant between NGS and Sanger (Fig. 3). NGS
exclusively identified 63/311 (20%) index sequences, whereas
52/311 (17%) IG/TR Sanger sequences were not assigned as
NGS index sequence by ARResT/Interrogate. 26/63 NGS
positive/Sanger negative cases showed a clonal PCR product

Table 2 Mean size of PCR products after the 2nd PCR (containing the
Illumina sequencing adaptors and barcodes)

Gene Amplicon length (bp)

TRB-VJ 309–407

TRB-DJ 300–408

TRG 256–360

TRD 309–450

IGH-VJ 484–681

IGH-DJ 266–358

IGK-VJ-Kde 296–384

intron-Kde 309–382
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also in the respective low-throughput approach but sub-
sequent Sanger sequencing failed due to polyclonal back-
ground, mixed sequences or weak PCR products. In an
additional 6/63 NGS positive/Sanger negative cases the
respective primer was missing in the low-throughput
approach. For the remaining 31/63 discrepancies no

technical explanation for Sanger failure could be found. In 16/
19 q/ddPCR evaluated cases the rearrangement was con-
firmed by ASO-PCR, in three of these on a subclonal level.

Conversely, 52/311 clonal IG/TR rearrangements were
detected by Sanger sequencing only, when applying the 5%
NGS threshold: for 5/52 sequences (1 TRG, 2 TRB-VJ and

Fig. 2 Schematic overview of the workflow for multicentre validation
of IG/TR NGS assays for MRD marker identification in ALL. The IG
and TR gene rearrangements are amplified in a two-step approach
using multiplex PCR assays. Each of the participating laboratories
performed NGS-based IG/TR MRD marker identification in 10

patients with ALL. A central polytarget control (cPT-QC) was used to
monitor primer performance, and central in-tube controls (cIT-QC)
were spiked to each sample as library-specific quality control and
calibrator. Pipetting was performed in a 96-well format. The data
analysis was performed using ARResT/Interrogate
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2 IGH-DJ) the relevant primer was not present in the NGS
primer set, in 12/52 cases no explanation was found for the
discrepancy. However, in most discordant cases (35/52) the
Sanger identified sequences (7 TRD, 8 TRB-VJ, 6 TRG, 4
TRB-DJ, 2 IGK-VJ-Kde, 5 IGH-VJ and 3 IGH-DJ) that
were also detectable by NGS, but with an abundance below
5%. In 36/39 q/ddPCR evaluated cases the rearrangement
was confirmed by ASO-PCR (including all low NGS
positive sequences), in 14 of these on a subclonal level. The
overall concordance between Sanger and NGS, including
negative libraries, was 78%.

Interestingly, in 12/29 B-lineage ALL samples the evo-
lution of the dominant clonal IGH sequence was identified
employing a special tool in ARResT/Interrogate. The
evolved clonotypes shared the DNJ stem with the dominant
one, but the VND part of the rearrangement differed
(example in Fig. 4).

Assay performance was also analysed by standardized
evaluation of QC samples (cIT-QC and cPT-QC, see

accompanying manuscript by Knecht et al. [30]) and
showed high intra- and inter-lab consistency without sta-
tistically significant differences between the five labs.

Modifications of the central SOP

During the process of multicentre validation, modifications
of the SOP were tested in particular laboratories as parallel
projects.

One-step versus two-step PCR

It was decided to use two-step PCR to enable switching of
sequencing adaptors and to limit the total number of required
primer batches even if a large number of barcodes is required.
As first round PCR products are not barcoded, identification
of contamination phenomena is hampered in this approach.
Therefore, a one-step PCR was tested in a single centre
(Paris). The one-step approach reduces the risk of

Fig. 3 Results of multicentre validation of assays for MRD marker
identification in ALL. Blue: Index sequences identified by Sanger
sequencing. Red: Index sequences identified by NGS. Darkest blue/red
are clonal sequences identified by both methods; lightest blue/red are

sequences identified only by the respective method. Median blue/red
are clonal sequences identified by both methods, but by NGS with an
abundance of <5% after normalization

Fig. 4 Clonal evolution in a BCP-ALL patient. The dominant
incomplete IGH rearrangement (IGHD6-13 - IGHJ4) was identified
with an abundance of 89.4% together with three additional complete

IGH rearrangements with lower abundance (1.21–1.55%) and the
same DNJ sequence. Only the CDR3 region is shown for each
sequence
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contamination and thus favours use of NGS not only for
marker identification, but also for MRD assessment. The
standard operating procedure is shown in Supplementary
information.

Use of Ion Torrent platform

Ion Torrent platform was tested in a single-centre setting
(Prague) and showed a very good concordance (R2= 0.89)
with the standard approach. The standard operating proce-
dure is shown in Supplementary information.

Removal of polyclonal DNA from reaction mix

Polyclonal DNA was added to each reaction in order to
prevent excessive primer dimer formation in samples lack-
ing particular rearrangements. The addition of polyclonal
DNA, however, alters the composition of polyclonal back-
ground of the samples and hampers the analysis of the
immune repertoire. We therefore performed testing on four
samples with B- and four samples with T-cell aplasia and
showed that addition of cIT-QC is sufficient to prevent the
excessive formation of unspecific PCR products (see Sup-
plementary information).

Bead extraction

During the single target evaluation and validation phase, gel
extraction of the specific TRB amplicons turned out to lead to
more specific libraries compared with bead extraction. How-
ever, gel extraction is not used in all laboratories, therefore, in
a later phase of the study bead purification of all libraries was
also tested. Optimization of the purification processes led to
comparable ratios of specific reads irrespective of the type of
library purification (Supplementary Table 5).

Discussion

Amplicon-based IG/TR NGS provides an elegant method to
detect clonality, identify MRD markers and monitor MRD
in lymphoid malignancies. However, comprehensive SOPs
for all relevant IG/TR targets, applicable QC procedures,
suitable bioinformatic tools, and validation of the technol-
ogy in a scientifically controlled, multicentre setting are still
lacking [19].

Here we describe an in vitro and in silico protocol for the
diagnostic identification of IG/TR MRD markers in ALL,
and demonstrate its robustness and applicability across five
European laboratories. EuroClonality-NGS primer sets were
successfully used with high reproducibility and good con-
cordance to Sanger sequencing, identifying on average 4%
more markers per patient than classical low-throughput

methods. NGS was particularly successful in correctly
identifying bi-allelic rearrangements, which are technically
challenging for Sanger sequencing because this requires
prior separation of the respective clonal PCR products. NGS
also performs better in the presence of a background of
polyclonal rearrangements. Besides, it allows a more com-
prehensive coverage of rearrangement types. The
EuroClonality-NGS TRD assay for example not only
detects all types of complete and incomplete TRD gene
rearrangements but also VD-JA29 recombinations [40],
present in about 20% of all B-cell precursor (BCP) ALLs. In
our current series, these TRDV2-JA29 rearrangements were
detected in 7/29 BCP-ALL patients (24%), providing an
attractive target for MRD monitoring. Notably, rearrange-
ment coverage is not complete. The IGH-DJ tube lacks an
IGHD7 primer because that would predominantly amplify
the germline-configured IGH-IGHD7-IGHJ1.

Low-throughput sequencing of clonal IG/TR gene rear-
rangements is often cumbersome. This particularly holds
true for TRB, where Sanger sequencing of clonal TRB
BIOMED-2 amplicons requires a multistep approach: first
with the complete set of primers to identify the rearranged
genes, and second, a repetition of the sequencing reaction
with gene-specific primers. In contrast, the EuroClonality-
NGS assays do not require specific workflows for particular
targets, thus enormously streamlining the process of MRD
marker identification. This becomes increasingly important
in times of MRD-based treatment requiring early patient
assignment to the respective MRD risk group.

Critically, our assays provide ways to evaluate primer
performance and overall quality of the whole NGS run
(primers in the cPT-QC) and of each tube (spike-ins in the
cIT-QC, see accompanying manuscript by Knecht et al.
[30]). Such functionalities are embedded in the ARResT/
Interrogate pipeline, further standardizing the whole work-
flow. A challenge for correct MRD marker identification in
NGS data is the phenomenon of accompanying lymphoid
clones that might be mixed up with the leukaemia-specific
ones. Therefore, information regarding blast infiltration of
the analysed sample must be related to the combined
abundance information of the clonal rearrangement, the
polyclonal background and the cIT-QC sequences. The
integration of all this information allows for a more specific
assignment compared with published approaches that define
an index sequence simply as sequence with an abundance of
>5% [16]. This is particularly necessary for tubes that
exclusively cover rearrangements being present only in a
minority of lymphoid cells (especially the TRD and intron-
Kde tubes). TRD genes are not rearranged in normal B cells
and are deleted in most TRγδ cells [41]. Therefore, oligo-
clonal TCRγδ T cells might give rise to dominant clono-
types in TRD NGS assay, in particular as the normal TCRγδ
T-cell repertoire is strikingly skewed during childhood.
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Here the cIT-QC-based abundance correction is of utmost
importance to avoid miss-assignment of (minor) clonal
TRD rearrangements from minor TCRγδ cell populations as
leukaemic rearrangements. Also, knowledge on rearrange-
ment patterns in ALL is important. BCP-ALL features
neither complete TRD, nor TRBJ1 gene rearrangements, T-
ALL in contrast generally does not harbour complete IGH
or IGK gene rearrangements [42]. Hence, identification of
such rearrangements would actually reflect more the pre-
sence of accompanying T- and B-cell clones, respectively.
This immunogenetic knowledge is of particular importance
if marker identification is performed, e.g. at relapse after
stem cell transplantation, when patients often harbour a
restricted B- and T-cell repertoire. The EuroClonality-NGS
approach allows for the bioinformatic identification and
correction of this phenomenon, whereas conventional low-
throughput approaches do not harbour correction mechan-
isms. Nevertheless, we urge caution in assignment of minor
clones to the ALL. Although smaller subclones might be
missed based on an abundance threshold (which largely
explains discrepancies between Sanger sequencing and
NGS in our study), decreasing the threshold would be at the
expense of specificity.

Oligoclonality is a well-known phenomenon in ALL that
hampers conventional IG/TR MRD [43] assessment, but
this can be better identified by NGS. Multiple IG/TR gene
rearrangements in ALL result from both continuing rear-
rangement processes (e.g. continuing IGHV to DJ joining)
and from secondary rearrangements (e.g. IGH-DJ replace-
ments, V replacement in a complete IGH rearrangement)
[23, 44–49]. In 12 of 29 (41.4%) patients with B-lineage
ALL, a dominant clonal IGH rearrangement was subjected
to clonal evolution, resulting in the presence of smaller
subclones with the same D-J stem, but different V-genes. D-
J replacements are also an evolutionary possibility but
cannot be unambiguously discriminated from unrelated
lymphoid clones even with sophisticated bioinformatic
tools.

Modifications to the here described EuroClonality-NGS
assays would be possible, and have actually been tested and
approved to be suitable within the working group. In par-
ticular, a one-step instead of the two-step PCR presented
here might be a reasonable alternative for sites that would
apply NGS not only for marker identification but also for
MRD assessment. Finally, the Ion Torrent platform was
successfully tested as a replacement for the Illumina MiSeq
used in this study, and has subsequently also been applied
more extensively for clonality assessment in formalin-fixed
paraffin-embedded tissue (see accompanying manuscript by
Scheijen et al. [31]).

In summary, the EuroClonality-NGS developed an IG/
TR marker identification protocol, which was validated
across many expert European laboratories. It covers in vitro

and in silico requirements and allows for quality-controlled,
streamlined, comprehensive detection of clonal IG/TR
rearrangements in ALL. Compared with low-throughput
methods, more MRD markers are identified, sensitivity is
increased, processing time is reduced and labour-intensive
conventional methods to resolve mixed sequences in case of
bi-allelic rearrangements or background are avoided. In
parallel, the ARResT/Interrogate bioinformatic platform has
been developed with specific functionalities addressing
potential pitfalls of IG/TR marker identification in ALL,
thus enabling a standardized workflow. In addition, the
presented approach forms the basis for future applications in
clonality assessment, repertoire analysis and MRD quanti-
fication in a quality-controlled and accreditable assay with
the potential to meet the upcoming European criteria (EU
Regulation 2017/746) for in vitro diagnostics.
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Abstract
Assessment of clonality, marker identification and measurement of minimal residual disease (MRD) of immunoglobulin (IG)
and T cell receptor (TR) gene rearrangements in lymphoid neoplasms using next-generation sequencing (NGS) is currently
under intensive development for use in clinical diagnostics. So far, however, there is a lack of suitable quality control (QC)
options with regard to standardisation and quality metrics to ensure robust clinical application of such approaches. The
EuroClonality-NGS Working Group has therefore established two types of QCs to accompany the NGS-based IG/TR assays.
First, a central polytarget QC (cPT-QC) is used to monitor the primer performance of each of the EuroClonality multiplex
NGS assays; second, a standardised human cell line-based DNA control is spiked into each patient DNA sample to work as a
central in-tube QC and calibrator for MRD quantification (cIT-QC). Having integrated those two reference standards in the
ARResT/Interrogate bioinformatic platform, EuroClonality-NGS provides a complete protocol for standardised IG/TR gene
rearrangement analysis by NGS with high reproducibility, accuracy and precision for valid marker identification and
quantification in diagnostics of lymphoid malignancies.

Introduction

Identification and assessment of clonal immunoglobulin
(IG) and T cell receptor (TR) gene rearrangements is a
widely used tool for the diagnosis of lymphoid malig-
nancies, and is also essential for monitoring minimal resi-
dual disease (MRD) [1–6].

Next-generation sequencing (NGS) of IG/TR gene rear-
rangements is gaining popularity in clinical laboratories, as
it avoids laborious design of patient-specific real-time

quantitative (RQ)-PCR assays and provides the capability to
sequence multiple rearrangements and rearrangement types
within a single sequencing run. It also allows detection of
MRD with a more specific readout than RQ-PCR [7].
Hence, several methods have already been described for
high-throughput profiling of IG/TR rearrangements at
diagnosis and follow-up in acute lymphoblastic leukaemia
(ALL), chronic lymphocytic leukaemia (CLL) and other
lymphoid malignancies [8–13].

NGS assays, especially those based on amplicons, pose
major challenges, as multiple primers need to anneal under
the same reaction conditions, while many technical vari-
ables may be introduced by library preparation, sequencing
and bioinformatics, potentially leading to inaccurate results
[14]. Particularly in a clinical context, strategies for stan-
dardisation of laboratory protocols and quality control (QC)
of each component of an NGS assay are highly desirable, if
not required.
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Reference standards are essential for the evaluation of
wet-lab and in silico NGS processes to ensure the analytical
validity of test results prior to implementation of an NGS
technology into clinical practice [15–17]. Reference DNA
materials should be stable sources of rearrangements that
can be sequenced and used for measuring qualitative and
quantitative properties. However, previously published
standards have a limited scope and utility, since they (1) do
not cover all relevant IG/TR loci, (2) do not report on the
quality of the sequencing run or the performance of samples
and primers and/or (3) are synthetic constructs that may not
reflect the complexity of native genomic DNA [9, 18, 19].

The EuroClonality-NGS Working Group was initiated to
develop, standardise and validate protocols for IG/TR NGS
applications, as introduced in Langerak et al. [20] and
described in the accompanying manuscripts by Brügge-
mann et al. [21] and Scheijen et al. [22]. Innovatively, the
EuroClonality-NGS assays include two types of QCs, both
based on basic assay components, and both fully integrated
in ARResT/Interrogate [23], the interactive bioinformatics
platform developed within the Working Group:

1. A central polytarget QC (cPT-QC) consisting of a
standardised mixture of lymphoid specimens, repre-
senting a full repertoire of IG/TR genes. It serves to
assess performance biases or unusual amplification
shifts in a sequencing run by tracking primer usage
and comparison with stored reference profiles.

2. A central in-tube quality/quantification control (cIT-
QC) consisting of human B and T cell lines with well-
defined IG/TR rearrangements. The cIT-QC is directly
added to a sample to undergo concurrent library
preparation and sequencing, acting as in-tube quali-
tative and quantitative standard that is subjected to the
same technical downstream variables.

Here we describe, evaluate and showcase these concepts
and functionalities. We tested the developed protocol on a
dataset of polyclonal samples, B-ALL and T-ALL diag-
nostic materials and follow-ups of patients with substantial
treatment-induced shifts in IG/TR repertoires. We show its
successful application and robustness for clinical labora-
tories that want to implement the EuroClonality-NGS
assays for marker identification and quantification.
Figure 1 provides an overview of the study.

Materials and methods

EuroClonality-NGS assay

The EuroClonality-NGS assay for marker identification
used herein is the two-step PCR protocol with eight primer

sets (IGH-VJ, IGH-DJ, IGK-VJ-Kde, intron-Kde, TRB-VJ,
TRB-DJ, TRG, TRD)—hereafter termed ‘tubes’—per
sample, as described in the accompanying manuscript by
Brüggemann et al. [21].

ARResT/Interrogate

ARResT/Interrogate uses a web browser-based interface to
(1) run an analytical pipeline to identify different types of
rearrangements—‘junction classes’—across all IG/TR loci
(Supplementary Table S1), (2) store, retrieve and report on
runs, (3) allow highly varied analyses and visualisations and
(4) enable purpose-built meta-analyses and applications.
Bioinformatic analyses were performed with ARResT/
Interrogate and purpose-built tools unless otherwise stated.
Further implementation details are provided below and as
Supplementary Information. The platform is currently freely
available at arrest.tools/interrogate, hosted at the Meta-
Centrum and CERIT-SC centres in the Czech Republic.

Implementation of the cPT-QC

Sources and methods

The cPT-QC consists of genomic DNA isolated from
healthy human thymus, tonsil and peripheral blood mono-
nuclear cells (MNCs) in a 1:1:1 ratio (see Supplementary
Information). The cPT-QC undergoes library preparation
alongside the investigated samples (Figs. 1 and 2).

Implementation

Primers are bioinformatically identified in the reads of each
of the eight cPT-QC tubes of the run and their abundances
compared to stored cPT-QC reference results using the test
of proportions.

Stored reference results are the output of ARResT/
Interrogate from the analysis of a cPT-QC sample. These
results should be confirmed through replicate runs over time
in each lab to accommodate for technical variability (see
Discussion). The results (and not the raw NGS data) are
stored to ensure that the bioinformatic analysis is not
compromised inadvertently by the user; this means that the
results are updated with every major release of ARResT/
Interrogate to ensure compatibility with new runs.

Issues with abundances of primers of a specific primer
set are used to tag the corresponding cPT-QC samples and
all user samples of the same primer set as ‘QC-failed’.

Replicates

As reproducibility is important for a QC of this type, we
performed replicate runs of cPT-QC and also of MNC (four
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libraries in total); MNCs are regularly used and could serve
as an alternative. Relative abundances of 5′ primers were
compared employing the test of proportions.

Primer perturbations

To investigate whether and how the cPT-QC can be used to
detect issues with primer performance, artificial perturba-
tions of primer concentrations were created to simulate
missing pipetting a primer or pipetting the wrong primer
concentration.

First, 5′ primer usage was analysed in a cPT-QC sample.
Two primers of differing abundances were selected from each
primer set, skipping intron-Kde that only has two primers:
IGH-VJ-FR1-M-1, IGHV-FR1-O-1; IGHD-B-1, IGHD-E-1;
IGK-V-G-1, IGK-V-I-1; TRB-V-AD-1, TRB-V-G-1; TRB-
D-A-1, TRB-D-B-1; TRG-V-F-1, TRG-V-E-1; TRD-D-A-1,
TRD-V-B-1. Second, these primers were perturbed by fully
excluding them from the primer pool (0%) and by changing
their concentration by reduction to 10% and by increase to
200%. Replicate runs of these three primer-perturbed cPT-QC
libraries (six in total) were performed; however, since the
replicates were consistent (data not shown), only the first

replicate of each is shown in Results. Finally, relative abun-
dances of 5′ primers were compared between normal repli-
cates and between normal replicates and the perturbed
libraries using the test of proportions.

Design and validation of the cIT-QC

Sources and methods

In total, 59 human B (n= 30) and T (n= 29) lymphoid cell
lines were obtained from the American Type Culture Col-
lection (ATCC, Manassas, VA, USA; www.lgcpromochem-a
tcc.com) and the German Collection of Microorganisms and
Cell Cultures GmbH (DSMZ, Braunschweig, Germany;
www.dsmz.de), or were derived from internal cell line banks.
Supplementary Table S2 gives an overview of the cell lines.
DNA from cultured cell lines was isolated using a
phenol–chloroform extraction protocol, followed by ethanol
precipitation and elution in Tris ethylenediaminetetra-acetic
acid buffer. Alternatively, DNA was isolated with the
GenElute Mammalian Genomic DNA Miniprep Kit
(Sigma-Aldrich, St. Louis, MO, USA) according to the
manufacturer’s protocol.

identification & verification
of cell line-specific clonal IG/TR gene rearrangements

central in-tube quality/quantification control –cIT-QC

selection of cell lines & of cIT-QC reference sequences

addition of cIT-QC to all 8 primer set tubes of all samples

cIT-QC identification & marker quantification

central polytarget quality control -cPT-QC

1:1:1  of  healthy human thymus : tonsil : MNC

perturbation of over/under-performing primers
test of primer proportions: replicates vs. perturbed
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Fig. 1 Study design:
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tube quality/quantification
control (cIT-QC), including a
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Identification of cell line-specific clonal IG/TR gene
rearrangements

Each of the 59 cell lines was screened for clonal IG/TR
gene rearrangements using the EuroClonality-NGS assay
with 100 ng of DNA (quantified with Qubit 3.0, Thermo
Fisher Scientific) from each cell line, without the addition
of MNC. Paired-end sequencing (2 × 250 bp) was per-
formed on Illumina MiSeq (Illumina, San Diego, CA,
USA) with a final concentration of 7 pM per library
aiming for at least 2000 reads per sample. To avoid low-
complexity issues, 10% PhiX control was added to each
sequencing run.

Verification of cell line-specific clonal IG/TR gene
rearrangements

Additional methods were used to verify the NGS amplicon-
identified cell line rearrangements:

1. A capture-based protocol, established within
EuroClonality-NGS Working Group and covering
the coding V, D and J genes of IG/TR loci [13]: in
short, cell line DNA was fragmented and processed
with the KAPA Hyperplus Kit with Library Ampli-
fication (Roche Sequencing Solutions, Pleasanton,
CA, USA); hybridisation of libraries was performed

12 * 8 primer sets = 96-well plate:
1   x  cPT-QC (w/o cIT-QC)
10 x  (patient) samples with cIT-QC
1   x  negative control

library preparation & NGS

bioinformatics | ARResT/Interrogate
arrest.tools/interrogate   contact@arrest.tools

primers

NGS data

− primer analysis (tagging, trimming)
− paired-end joining, if applicable
− junction & clonotype identification

− sample-equivalent real-time 
processing of cIT-QC sequences

− cIT-QC identification in samples
− quantification factor calculation
− sample clonotypes: conversion 

of read counts to cells

cIT-QC

cPT-QC − loading of reference cPT-QC results
− test of proportions: cPT-QC 

reference vs. run results

− application of QC thresholds & rules
− creation of run and sample reports

results, via interactive browser

3. analysis: samples only

2. analysis: cPT-QC only

4. QC & reporting: all tubes

1.

2.

3.

4.

1. analysis: all tubes

‘marker screening’ user mode for browser 
with locked presets & special functionalities

0. preparation: samplesheet − sample metadata, incl. input cells0.
stored data:

Fig. 2 EuroClonality-NGS (next-generation sequencing) protocol for
quality control and quantification in marker identification: 96-well
plate set-up, including central polytarget quality control (cPT-QC) and
central in-tube quality/quantification control (cIT-QC), library pre-
paration and NGS, bioinformatics with ARResT/Interrogate. The

bioinformatics are additionally organised per sample type to showcase
distinct steps and functionalities listed on the right: all tubes (1 and 4,
in black), cPT-QC (2, in grey), (patient) samples (3, in red)—these
colours are shared with the well plate. ref.= reference, QC= quality
control, w/o=without
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with customised SeqCap EZ Choice Probes (Roche
Sequencing Solutions, Pleasanton, CA, USA), devel-
oped based on Wren et al. [13] 2 × 150 bp paired-end
sequencing was performed on Illumina NextSeq.

2. Multiplex amplification and Sanger sequencing
according to the BIOMED-2 protocol: PCR products
were checked for fragment sizes and clonality in the
QIAXCEL Advanced System [24, 25]. Clonal PCR
products were subjected to heteroduplex analysis and
sequenced on either an ABI 3130 or ABI 3500
platform (Applied Biosystems, Foster City,
CA, USA).

IG/TR rearrangement profiles of all cell lines were
compared between the different methods.

For cases with discrepant results between the three
methods, IG/TR allele-specific PCR assays were designed
for digital droplet PCR (ddPCR) (QX200TM Droplet
DigitalTM PCR System, Bio-Rad) to verify the respective
rearrangement. Absolute quantification of IG/TR gene
rearrangements by ddPCR was performed using two dif-
ferent genomic DNA amounts (50 ng, 100 ng) (Supple-
mentary Information). Each experiment included a
polyclonal MNC control and a no-template control.

Cell line selection criteria

For establishment of the cIT-QC from the spectrum of IG/
TR gene rearrangements of the 59 cell lines, the following
selection criteria were defined:

1. The final set should consist of as few cell lines as
possible, while covering each primer set by at least
three different rearrangements, hence aiming for ALL
cell lines harbouring not only lineage characteristic
but also cross-lineage rearrangements.

2. The rearrangements should be unambiguously detect-
able with Sanger sequencing and amplicon-
based NGS.

3. The variable region of IGHV-(IGHD)-IGHJ gene
rearrangements should preferably be unmutated in
order to avoid issues with primer annealing.

Implementation

For cIT-QC mixture preparation see Supplementary
Information.

Bioinformatically, cIT-QC reads are identified using an
immunogenetic annotation-based approach that is extremely
fast while allowing for variations in sequence, avoiding
compute-intensive and potentially inaccurate alignment.

For QC, we expect identification of at least one read per
cIT-QC rearrangement and of at least as many total cIT-QC
reads as total cIT-QC cells, otherwise the tube is tagged as
‘QC-failed’ (see below for how this is used in ARResT/
Interrogate).

Quantification applies the quantification factor—calcu-
lated per primer set by dividing total cIT-QC cells by total
cIT-QC reads—to convert read counts of a clonotype to cell
counts, and then calculate its relative abundance against the
total sample input cells.

Creation of a test dataset

To evaluate and showcase the aforementioned concepts and
functionalities, we compiled a test dataset with:

1. Four diagnostic bone marrow B-/T-ALL samples with
high leukaemic infiltration (assessed by routine
cytomorphology to be 60–80%).

2. Four samples of patients with B/T cell aplasia after
antibody treatment. The two samples with B cell
aplasia were CLL samples after Rituximab (anti-
CD20) treatment and the two samples with T cell
aplasia were T cell prolymphocytic leukaemia sam-
ples after Alemtuzumab (anti-CD52) treatment. In all
these samples lineage-specific aplasia was confirmed
by flow cytometry.

3. cPT-QC for all primer sets, but with the TRB-VJ
primer set results swapped with perturbed results from
experiments outlined above. To showcase generic QC
functionalities, one diagnostic sample was sub-
sampled to <1000 random reads.

The diagnostic samples and the cPT-QC were run with
all primer sets as described in the accompanying manu-
script by Brüggemann et al. [21], while the aplastic
follow-up samples only with the corresponding primer
sets, that is, the IG sets for samples with B cell aplasia,
and the TR sets for samples with T cell aplasia. Figure 1
includes a schematic of the test dataset. Finally, the
follow-up samples were run without the addition of MNC
to test that the addition of cIT-QC is sufficient to stabilise
the samples for sequencing without compromising their
immunogenetic profile.

Results

The resulting protocol and functionalities for QC and
quantification in IG/TR NGS marker identification are
depicted in Fig. 2. We present and further discuss the
underlying results below.
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cPT-QC allows to assess primer performance

We compared normal cPT-QC and MNC replicate libraries
and primer-perturbed cPT-QC replicate libraries (10 librar-
ies in total) to investigate the use of cPT-QC in assessing
primer performance. We applied the test of proportions on
5′ primer relative abundances in those libraries, which
showed that there is a clear difference in p values between
un-perturbed (high p values indicating insignificant chan-
ges) and perturbed (low p values) primers. In other words, p
values of the differences in abundance of the perturbed
primers are noticeably lower, an observation we can use to
highlight such cases.

Table 1 presents a simplified view of the results, focusing
on perturbed primers plus at least one other un-perturbed
primer per primer set, either to show their normal behaviour
or discuss their abnormal behaviour. At a p value threshold
of 1e−200 none of the primers are flagged in the cPT-QC
(white cells), which highlights the reproducibility of the
assay, while all the perturbed primers are flagged in the
perturbed libraries (light/dark grey cells). Significant chan-
ges in abundance are also visible in other cells, with the
most likely explanation that those primers were indirectly

affected by perturbations of other primers. That is, a primer
‘taking over’ when an initially abundant primer was
excluded, such as IGHV-FR1-D-1 when IGH-VJ-FR1-M-1
is perturbed either way, especially since these primers
amplify partially overlapping lists of genes. Supplementary
Table S3 presents the full set of results, including the actual
p values and results from the replicate MNC libraries.

Composing the cIT-QC sample from human B and T
cell lines

Following the criteria outlined above, we selected six B cell
lines: ALL/MIK (ALL), Raji (Burkitt lymphoma), REH (B
cell precursor ALL), TMM (CML-BC/EBV+ B-LCL),
TOM-1 (ALL) and WSU-NHL (B cell lymphoma, histio-
cytic lymphoma); and three T cell lines: JB6 (ALCL),
Karpas299 (ALCL) and MOLT-13 (ALL). The nine cell
lines featured a total of 46 rearrangements, all of which are
used as part of the cIT-QC. All but two rearrangements that
were not detected by capture NGS were detected by all
three sequencing methods. Also, another two were of very
low abundance and/or trimmed in the capture NGS data, but
since the junction segmentation was clearly the same, they

Table 1 cPT-QC: replicates and primer perturbations. Relative abundances (%) of selected 5′ primers across all primer sets. Top group of primers
were perturbed as described in Materials and methods; bottom group is a selection of primers that were left un-perturbed: one per primer set
selected alphabetically, plus two examples where the primer behaviour is of interest to the discussion (see text). Results are shown from two cPT-
QC replicates (blue column) and from replicate 1 of the blue column (“rep1”) vs. cPT-QC libraries where primers were excluded (0%, orange
column), reduced to 10% (yellow column) and increased to 200% (green column). Changes in abundance compared to cPT-QC rep1 are shown
separately (column “% or rep1”, in italics) and coloured from red (0%) to white (100%, i.e. no change) to green (200%). Actual primer abundances
are coloured based on the p value from the test of proportions, with grey indicating a noticeable change according to our threshold of 1e−200 (p
value <1e−199 highlighted in dark grey, and <1e−99 in light grey, otherwise in white)

primer set primer name rep1 % of rep1 rep2 % of rep1 % of rep1 % of rep1
IGH-VJ-FR1 IGH-V-FR1-M-1 27.44 81.05 22.24 2.66 0.73 7.35 2.02 128.13 35.16
IGH-VJ-FR1 IGH-V-FR1-O-1 1.18 92.48 1.10 5.33 0.06 5.74 0.07 241.98 2.87
IGH-DJ IGH-D-B-1:#1:14C 7.32 101.64 7.44 0.00 0.00 0.65 0.05 197.73 14.47
IGH-DJ IGH-D-B-1:#2:14T 11.74 104.09 12.22 0.01 0.00 0.74 0.09 197.79 23.22
IGH-DJ IGH-D-E-1:#4:14G22G 1.86 94.69 1.77 0.29 0.01 0.59 0.01 89.27 1.66
IGK-VJ-Kde IGK-V-G-1 6.08 102.78 6.25 2.07 0.13 2.78 0.17 223.52 13.59
IGK-VJ-Kde IGK-V-I-1 8.85 100.64 8.91 0.66 0.06 3.99 0.35 234.06 20.71
TRB-VJ TRB-V-AD-1 31.76 105.92 33.64 1.11 0.35 15.44 4.91 112.37 35.69
TRB-VJ TRB-V-G-1 10.09 94.90 9.58 0.27 0.03 1.99 0.20 117.44 11.85
TRB-DJ TRB-D-A-1 63.20 101.50 64.15 0.02 0.01 22.64 14.31 110.33 69.73
TRB-DJ TRB-D-B-1 36.14 96.24 34.78 0.22 0.08 8.08 2.92 135.17 48.85
TRD TRD-V-B-1 12.55 118.57 14.88 0.49 0.06 3.27 0.41 344.94 43.29
TRD TRD-D-A-1 64.60 109.85 70.96 0.14 0.09 3.35 2.16 88.53 57.19
TRG TRG-V-E-1 3.52 96.79 3.40 0.09 0.00 1.70 0.06 257.81 9.06
TRG TRG-V-F-1 14.48 99.45 14.40 0.75 0.11 0.20 0.03 162.50 23.53
IGH-VJ-FR1 IGH-V-FR1-A-1 15.34 111.08 17.04 94.20 14.45 76.21 11.69 148.31 22.75
IGH-VJ-FR1 IGH-V-FR1-D-1 16.41 90.13 14.79 259.54 42.59 237.96 39.05 39.07 6.41
IGH-DJ IGH-D-A-1:#1:6C 8.29 118.24 9.80 121.46 10.07 115.17 9.55 93.87 7.78
IGK-VJ-Kde IGK-V-A-1 9.79 100.82 9.87 139.47 13.65 134.77 13.19 101.50 9.93
TRB-VJ TRB-V-AB-1 1.42 103.79 1.48 204.01 2.90 136.33 1.94 95.15 1.35
TRD TRD-V-A-1 14.37 50.49 7.26 165.69 23.81 156.51 22.49 68.63 9.86
TRG TRG-V-A-1 18.71 109.09 20.41 116.35 21.77 110.15 20.61 85.94 16.08

pe
rtu

rb
ed

all numbers are percentages (%)  ;  rep:replicate  ;  test of proportions vs cPT-QC rep1, dark grey:<1e-199,  light grey:<1e-99
CQ-TPcsremirp vs.  0% vs.  10% vs.  200%
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were still tagged as confirmed. Table 2 presents the full list
of the 46 rearrangements, with the NGS amplicon-based
reference nucleotide sequences in Supplementary Table S4.

QC aspects can be evaluated in ARResT/Interrogate

Information on the in silico QC based on both the cPT-QC
and cIT-QC is available in ARResT/Interrogate (Supple-
mentary Figure S1). Generic QC is also performed on
samples, specifically to check for low number of raw reads
and low percentage of reads with an identified junction.
Such samples are tagged as ‘QC-failed’ and excluded by
default to prevent the user from their unintended use.
However, the user is notified and has the option to include
them back in the analysis.

Marker identification and quantification

Abundances of lymphocyte subpopulations are frequently
not available for samples of patients with lymphoid
malignancies. Furthermore, as IG/TR NGS only reflects
relative representation of the rearrangements, it was
important to establish a calibrator that would allow us to
normalise sequencing reads to input DNA cells.

Analysis of our test dataset showed the utility of the cIT-
QC in marker identification and quantification. Excluding
cIT-QC reads, both diagnostic and aplastic samples seem to
harbour few highly abundant clones if simply based on the
number of reads (Fig. 3, Supplementary Table S5). How-
ever, the very high number of reads from only a very lim-
ited number of cIT-QC cells (120–440, dependent on the
number of cIT-QC rearrangements per primer set), in all
aplastic and a few of the diagnostic samples, are an indirect
yet clear indication of the restricted numbers of patient cells
harbouring rearrangements in those samples. From another
perspective, the total percentage of reads of cIT-QC is much
greater than that of patient rearrangements in those samples,
suggesting that also cIT-QC cells are more numerous than
patient cells with rearrangements. Consequently, after
quantification with the cIT-QC, marker abundances fall well
below the threshold indicating clonality. On the other hand,
and as expected, in most diagnostic samples cIT-QC reads
constitute a minority, indicating the true abundant presence
of patient cells with clonal rearrangements. Hence, using the
cIT-QC, a marker can be more accurately quantified and
identified.

ARResT/Interrogate user mode for marker
identification

A critical aspect of bioinformatic-based protocols is their
standardisation and usability, as evident from our experi-
ences within EuroClonality-NGS and EuroMRD. We have

thus designed ARResT/Interrogate to be flexible but also
‘lockable’. Flexibility comes from a deep parameterisation
of many aspects of the pipeline and the browser. At the
same time, we can lock down important parameters so that
users cannot inadvertently compromise the analysis. This
concept is called ‘user mode’ in ARResT/Interrogate, and as
a result of this study we have created a marker identification
user mode.

In this user mode, EuroClonality-NGS primer sets and
cIT-QC sequences are pre-selected and locked, as are other
pipeline options. A special samplesheet is available to
annotate samples with metadata, including providing num-
bers of sample input cells for quantification. The user
interface is simplified, with many non-essential functional-
ities (including many of the visualisations normally avail-
able) hidden from view, and with less user actions required
to load results. The minimum read-based percentage abun-
dance for a clonotype is pre-set to 5% for marker
identification.

Discussion

In this study, we introduce protocols developed within the
EuroClonality-NGS Working Group for QC and quantifi-
cation in NGS-based IG/TR marker identification. Both
laboratory and bioinformatic protocols are presented and
showcased on clinically relevant data.

The cPT-QC is used to monitor the primer performance
of each of the EuroClonality multiplex NGS assays; the
cIT-QC is spiked into each patient DNA sample for QC and
quantification. The use of ‘central’ highlights that these
controls should be as stable as possible and thus centrally
available at an applicable level (minimum at an intra-
laboratory level)—this is further discussed below in the
context of the cPT-QC.

Our experiments show that the cPT-QC is a valuable tool
to monitor reproducibility of results and to identify primer
perturbations and other deviations in the wet-lab protocol,
as they introduce detectable changes to the sequencing
profile. The addition of cPT-QC to each analysis allows to
check the primer and assay performance after sequencing.
Accidental deviations in the concentrations of single
primers within the multiplexed IG/TR primer sets can
be detected, performance failures of single primers can be
traced and consequences for the IG/TR analysis can
be estimated by analysis of cPT-QC data.

In our study, replicates of cPT-QC demonstrated high
reproducibility. Nevertheless, we are aware that reproduci-
bility across labs may be affected by a large number of other
variables, from consumables and equipment to users. Only
centralised access to consumables, for example, in the form
of a kit, and a comprehensive protocol, including the
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Table 2 cIT-QC: full list of gene rearrangements per primer set and human B/T cell line, with notes on their verification and clonotype annotation

Primer set Cell line Notes Clonotype (see Supplementary Information—Materials and
methods)

TRB-VJ JB6 VJ:Vb-(Db)-Jb V12–3=V12–4 6/14/4 J2–3
CASRLAGGPDTQYF pro

TRB-DJ JB6 DJ:Db-Jb D1 7/6/4 J2–2 VGTEITGELFF pop

TRG JB6 VJ:Vg-Jg V10 7/12/12 J1= J2 CAAWS*GW#KLF unp

TRG JB6 VJ:Vg-Jg V2 5/13/ J1= J2 CATWGSI*VNYYKKLF unp

TRB-VJ Karpas299 VJ:Vb-(Db)-Jb V20–1 1/22/6 J2–7
CSARAQIGSSPLEQYF pro

TRB-DJ Karpas299 DJ:Db-Jb D1 /2/6 J1–6 VGTGGLNSPLHF pop

TRG Karpas299 VJ:Vg-Jg V2 /13/4 JP2 CATWDGG*VP#SDWIKTF unp

TRG Karpas299 VJ:Vg-Jg V8 /2/5 J1= J2 CATWDR##YKKLF unp

IGH-VJ-FR1 ALL/MIK VJ:Vh-(Dh)-Jh V3–72 16/24/ J4 SPCPPRKN#YFDYW unp

IGH-VJ-FR1 ALL/MIK VJ:Vh-(Dh)-Jh V7–4–1 11/40/27 J4
TPYYYDSSGY*VP unp

IGK-VJ-Kde ALL/MIK Vk-Kde V2–24=V2D-24 26/6/20 Kde LGGR unk

IGK-VJ-Kde ALL/MIK VJ:Vk-Jk V1–39=V1D-39 6/7/5 J3 CQQSYSTGA#F unp

intron-Kde ALL/MIK Intron-Kde intron 4/2/ Kde
PCVCPIDAAVASFP##SPSGSPGR unk

Intron-Kde ALL/MIK Capture: low% Intron-Kde intron 4/6/1 Kde
PCVCPIDAAVASFPSL#SPSGSPGR unk

TRD ALL/MIK VJ:Vd-(Dd)-Ja V2 5/21/4 J29
CACAQGGPRS#SGNTPLVF unp

TRG ALL/MIK VJ:Vg-Jg V2 /5/8 JP1 CATWDGP#GWFKIF unp

TRG ALL/MIK VJ:Vg-Jg V5 2/3/ JP1 CATWDTYTTGWFKIF pro

TRB-VJ MOLT-13 VJ:Vb-(Db)-Jb V10–1 6/18/1 J1–1
CASRRVRRDRNTEAFF unp

TRB-DJ MOLT-13 DJ:Db-Jb D1 //6 J1–5 VGTGG#QPQHF pop

TRB-DJ MOLT-13 DJ:Db-Jb D2 /4/3 J2–3 VGTSGRA#TDTQYF pop

TRD MOLT-13 VJ:Vd-(Dd)-Jd V1 1/9/ J1 CALGEPGGYTDKLIF pro

TRG MOLT-13 VJ:Vg-Jg V3 /8/9 J1= J2 CATWDRPRLKKLF pro

TRG MOLT-13 VJ:Vg-Jg V8 3//3 JP1 CATWD#TGWFKIF unp

IGH-VJ-FR1 Raji Capture: low% VJ:Vh-(Dh)-Jh V3–11=V3–21=V3–48 2/40/3 J4
CARQRNDFSDNNSYYSNFDFW pro

IGH-DJ Raji DJ:Dh-Jh D6–13 8/12/6 J1 VGYSSIPPP#YFQHW pop

IGK-VJ-Kde Raji Vk-Kde V1–8 2/2/4 Kde CQQYYSYSVPSGSPGR unk

IGH-VJ-FR1 REH VJ:Vh-(Dh)-Jh V3–15 1/21/5 J6
CTTGMVRGVI#YYYYGMDVW unp

IGK-VJ-Kde REH VJ:Vk-Jk V2–29 5/4/ J4 *MQGIHLS#LTF unp

IGK-VJ-Kde REH Vk-Kde V3–20=V3D-20 4/1/ Kde
CQQYGSS##SPSGSPGR unk

Intron-Kde REH Intron-Kde intron 5// Kde
PCVCPINAAVASF##SPSGSPGR unk

TRB-VJ REH VJ:Vb-(Db)-Jb V20–1 1/2/26 J2–7 CSARG unp

TRD REH VD:Vd-Dd3 V2 7/3/ D3 CACLLGDTH unk

TRD REH VJ:Vd-(Dd)-Ja V2 3/22/5 J29
CACDPYGGGSP#SGNTPLVF unp

TRG REH VJ:Vg-Jg V9 1/2/3 J1= J2 CALWEV#YYKKLF unp

TRG REH VJ:Vg-Jg V4 10/14/3 J1= J2 CATLF*R#YYKKLF unp

IGH-VJ-FR1 TMM VJ:Vh-(Dh)-Jh V1–24 /28/8 J5
CATDQAISGVVKSFDPW pro
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equipment used, will further improve inter-laboratory
comparability of results. Besides, activities such as the
QC rounds organised bi-annually by ESLHO (eslho.org) are
an opportunity to gather data and experience, compare assay
performance and identify relevant factors introducing var-
iations. Until full inter-laboratory standardisation is

guaranteed, the implementation of the cPT-QC will require
that the reference samples are analysed in each laboratory
separately, and updated with every new batch of reagents,
while keeping track of equipment and users. These refer-
ence data can then be stored in ARResT/Interrogate, which
has the ability to store as many different such sets of

Table 2 (continued)

Primer set Cell line Notes Clonotype (see Supplementary Information—Materials and
methods)

IGH-DJ TMM DJ:Dh-Jh D2–2 3/13/ J3
VRIL**YQLLLNSANDAFDIW pop

IGK-VJ-Kde TMM Vk-Kde V2–30=V2D-30 /7/3 Kde
CMQGTHWRPGR#PSGSPGR unk

IGH-VJ-FR1 TOM-1 VJ:Vh-(Dh)-Jh V4–55 1/17/10 J6
CARWAGTTG#YYGMDVW unp

TRD TOM-1 VD:Vd-Dd3 V2 3/3/2 D3 CACDL#GDTH unk

TRD TOM-1 VD:Vd-Dd3 V2 8/4/ D3 CAFLLGDTH unk

TRG TOM-1 VJ:Vg-Jg V5 8//18 J1= J2 CAT#F unp

IGH-VJ-FR1 WSU-NHL VJ:Vh-(Dh)-Jh V6–1 1/22/19 J6
CARGTYAAKASMDVW pro

IGH-DJ WSU-NHL DJ:Dh-Jh D2–2 1/1/8 J4 VRIL**YQLLY#DYW pop

IGK-VJ-Kde WSU-NHL Not in capture VJ:Vk-Jk V1–17=V1D-17 1//4 J4 CLQHNSYP#TF unp

Intron-Kde WSU-NHL Not in capture Intron-Kde intron 2//3 Kde
PCVCPIDAAVASFP##PSGSPGR unk

See Supplementary Table S4 for NGS amplicon-based full nucleotide reference sequences. cIT-QC central in-tube quality/quantification control
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Fig. 3 Abundances of central in-tube quality/quantification control
(cIT-QC) and of markers before and after quantification, in the test
dataset. The line of marker abundances before quantification (in
orange) is shared in both plots for reference. The 5% threshold used for
marker identification is shown in both plots. a Abundance in percen-
tage of reads (“%reads”) of cIT-QC (in blue) and of markers before
quantification (in orange), in diagnostic (left half) and follow-up
aplastic (right half) samples. As expected because of the nature of the
samples, the cIT-QC is generally most abundant where patient cells
with clonal rearrangements are not, and vice versa. Note: For cIT-QC
(in blue), the denominator is all reads with junction; for markers (in

orange), it is what we term ‘usable’ reads with junction, which
excludes cIT-QC reads; this may lead to sums of those two numbers
that exceed 100% per sample. b Abundance of markers before (in
orange) and after (in green) cIT-QC-based quantification to percentage
of patient input cells (“%cells”). Quantification of markers in the
aplastic samples places their abundances below the 5% threshold
routinely used in marker identification and in the EuroClonality-NGS
protocols. Note: When cIT-QC read counts are very low, indicating
clonality, quantification factors may lead %cells to exceed 100%; three
such cases in the test dataset are indicated by an asterisk (“ * ”)
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reference data as needed, for example, linking a specific set
to a specific user if necessary.

In this study we also highlighted a number of unique and
advantageous properties of the cIT-QC. In contrast to
plasmids or synthetic reference templates, cIT-QC cell lines
are particularly well suited to be used as control because
they are sources of large quantities of genomic DNA.
Second, the nine cell lines with a total of 46 rearrangements
represent as few cell lines as possible while covering each
primer set by at least three different rearrangements, taking
advantage of ALL cell lines harbouring not only lineage-
associated but also cross-lineage rearrangements. Third, the
rearrangements are unambiguously detectable with
amplicon-based NGS. Fourth, the variable region of IGHV-
(IGHD)-IGHJ gene rearrangements are not/lowly mutated
and therefore minimise issues with primer annealing. Fifth,
cIT-QC rearrangements represent 2/3 of the amplifiable
junction classes (in italics in Supplementary Table S1) over
all eight primer sets, and thus offer an opportunity to
highlight a number of issues, most obviously over-/under-
amplification, but also bioinformatic misidentification.
Additionally, cIT-QC rearrangements can replace MNC for
PCR stability without influencing the patient immune
repertoire (since cIT-QC rearrangements are identified and
by default excluded from the results).

Our cIT-QC enables the conversion from reads to cells,
which is of utmost importance for clinical use. Diagnostic
material being analysed for MRD marker identification can
show abundances of particular clonotypes that do not reflect
the clonal composition of the sample. For example, if the
diagnostic sample is highly infiltrated by a lymphoid
malignancy that does not harbour a targetable rearrange-
ment, the (few) residual lymphoid cells would generate the
whole spectrum of detectable rearrangements; in such
situations minor accompanying physiological B or T cell
clones could be misassigned as clones with leukaemic
markers. In the accompanying study by Brüggemann et al.
[21], where 134 clonal signals with abundance >5% were
detected by NGS but not by Sanger sequencing, cIT-QC
quantification reduced the abundances of 71 (53%) of them
below the 5% threshold.

In addition to its use in marker identification, and as
exemplarily shown for B and T cell depletion in aplastic
follow-up samples, the cIT-QC is of utmost relevance for
MRD quantification in samples on or after treatment, in
particular if B or T cell-directed therapy was applied, which
minimises the background of polyclonal gene rearrange-
ments. If the relative tumour burden is calculated by the
ratio of leukaemia-specific reads to all annotated reads
without any quantification, the quotient reflects the marker
frequency only among cells carrying a particular type of
rearrangement (e.g. IG rearrangements in B cells) and might
thus heavily overestimate the tumour load [26].

Quantification values over 100% (examples in Fig. 3b
and Supplementary Table S5) show that using the cIT-QC is
still a semi-quantitative approach, potentially affected by
amplification biases. However, there is to date no other
scientific or commercial solution available that exceeds our
methodology in its broad applicability (universal IG/TR
approach) and/or allows precise absolute quantification
[12, 27–29].

Finally, the QC protocols are embedded in ARResT/
Interrogate, which informs users with reports and messages
and allows them, for example, to include the QC-failed
samples back into the analysis. The logic behind this is that
the ‘fail’ flag simply indicates that our pre-defined QC
criteria were not met, and not that the data are corrupt
beyond use. Nevertheless, flagged data should always be
used with caution, and dependent on the application or
question.

In summary, our study showcases the applicability of
two reference standards, developed by the EuroClonality-
NGS Working Group, which allow standardised analysis of
IG/TR NGS data (using the EuroClonality-NGS primer
sets) with high reproducibility, accuracy and precision
in marker identification. With ARResT/Interrogate, a com-
plete in silico solution accompanying the in vitro assays
was built, enabling an analysis of IG/TR sequences
including all quality criteria and quantification concepts
necessary for valid marker identification in lymphoid
malignancies.
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ORIGINAL ARTICLE

GvL effects in T-prolymphocytic leukemia: evidence from
MRD kinetics and TCR repertoire analyses
This article has been corrected since Advance Online Publication and a corrigendum is also printed in this issue.

L Sellner1, M Brüggemann2, M Schlitt2, H Knecht2, D Herrmann2, T Reigl3, A Krejci3, V Bystry3, N Darzentas3, M Rieger1,4, S Dietrich1,5,
T Luft1, AD Ho1, M Kneba2 and P Dreger1

Allogeneic stem cell transplantation (alloSCT) is used for treating patients with T-prolymphocytic leukemia (T-PLL). However, direct
evidence of GvL activity in T-PLL is lacking. We correlated minimal residual disease (MRD) kinetics with immune interventions and
T-cell receptor (TCR) repertoire diversity alterations in patients after alloSCT for T-PLL. Longitudinal quantitative MRD monitoring
was performed by clone-specific real-time PCR of TCR rearrangements (n= 7), and TCR repertoire diversity assessment by next-
generation sequencing (NGS; n= 3) Although post-transplant immunomodulation (immunosuppression tapering or donor
lymphocyte infusions) resulted in significant reduction (41 log) of MRD levels in 7 of 10 occasions, durable MRD clearance was
observed in only two patients. In all three patients analyzed by TCR-NGS, MRD responses were reproducibly associated with a shift
from a clonal, T-PLL-driven profile to a polyclonal signature. Novel clonotypes that could explain a clonal GvL effect did not emerge.
In conclusion, TCR-based MRD quantification appears to be a suitable tool for monitoring and guiding treatment interventions in
T-PLL. The MRD responses to immune modulation observed here provide first molecular evidence for GvL activity in T-PLL which,
however, may be often only transient and reliant on a poly-/oligoclonal rather than a monoclonal T-cell response.

Bone Marrow Transplantation (2017) 52, 544–551; doi:10.1038/bmt.2016.305; published online 12 December 2016

INTRODUCTION
T-prolymphocytic leukemia (T-PLL) is a rare T-cell malignancy. It has
an aggressive clinical course resistant to chemotherapy. Preliminary
clinical data suggest that cellular immunotherapy conferred with
allogeneic stem cell transplantation (alloSCT) may provide long-term
disease control in a proportion of patients.1–5 However, direct
evidence that GvL activity is indeed effective in T-PLL is lacking.6

While circumstantial evidence for GvL in hematological
malignancies could be derived from the correlation with
immune-modulating events such as chronic GvHD (cGvHD), donor
lymphocyte infusion, immunosuppression withdrawal, and higher
relapse rates with T-cell-depleted alloSCT, the most compelling
evidence for GvL may be provided by investigating the effects of
immune modulation on minimal residual disease (MRD) kinetics as
demonstrated in CLL.7–11

Clone-specific rearrangements of the T-cell receptor (TCR) genes
are present in virtually all T-PLL cases. Therefore, identification and
quantification of clonal T cells by PCR can be a valuable tool to
monitor MRD in T-PLL and other T-cell malignancies after alloSCT.12

In addition to measuring MRD kinetics, comprehensive longitudinal
TCR repertoire analysis by next-generation sequencing (NGS) may
help to dissect the anatomy of GvL activity in T-PLL by delineating
TCR diversity in relation to GvL responses.13–15

In this study we sought to investigate MRD kinetics and TCR
repertoire diversity alterations after alloSCT as tools for proving and

modulating GvL activity in T-PLL. The results suggest that TCR-based
MRD quantification is possible. GvL is effective in T-PLL but often
only limited or transient, and is driven by poly- or oligoclonal T-cell
responses rather than single dominant T-cell clones.

METHODS
Patients
The study sample consisted of consecutive 10 patients diagnosed with T-PLL
who received alloSCT at the University of Heidelberg between August 2007
and March 2015. The median age at alloSCT was 59 years (range 43–72) with
the majority of patients (80%) being male. Eight patients proceeded to
transplant in first CR (7) or PR (1) after first-line alemtuzumab monotherapy,
one patient was in CR subsequent to salvage chemotherapy upon
alemtuzumab failure, and one patient was in PR subsequent to salvage
alemtuzumab after chemotherapy failure. A minimum wash-out time of
6 weeks (median 12 weeks, range 6–22 weeks) between the last
alemtuzumab dose and alloSCT had been observed in all patients. Five
patients were transplanted with an unrelated donor, four patients with a
related donor and one patient received haploidentical alloSCT. Conditioning
was fludarabine with cyclophosphamide and/or TBI-based, with all regimens
to be considered as reduced-intensity (4) or non-myeloablative (6). Patient
and transplant characteristics are detailed in Table 1. Informed consent for
transplantation, data collection and scientific evaluation of blood andmarrow
samples was obtained from every patient in accordance with the Declaration
of Helsinki. The research was approved by the Ethics Committee of the
University of Heidelberg (S-120/2002).
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Quantitative MRD monitoring
Quantitative MRD monitoring was performed using clone-specific real-time
quantitative PCR (RQ-PCR) of clonal TCR beta (TRB) and/or gamma gene
rearrangements.12,16,17 Data interpretation followed EuroMRD guidelines.18

Next-generation sequencing of the TCR repertoire
TCR repertoire diversity was analyzed longitudinally by NGS. TRBV-TRBD-
TRBJ gene rearrangements were amplified according to BIOMED2 protocol
on genomic DNA.19 Paired-end libraries with individual barcoded samples
were prepared and sequenced on Illumina’s MiSeq platform. Raw NGS data
were processed, annotated with germline sequences from IMGT20 and
analyzed through an R-based (www.R-project.org) purpose-built bioinfor-
matics immunoprofiling platform (ARResT/Interrogate, bat.infspire.org;
manuscript in preparation). First, pairs of raw paired-end reads were
joined into one longer sequence using a sensitive iterative approach:
overlapping regions of at least 10 nucleotides with up to 2 and then
4 mismatches were allowed. Consequently, short (o60 nucleotides) and
low quality (45 expected errors, based on Phred quality scores) sequences
were filtered out. Next, TRBV and TRBJ genes were identified and the
position of the junctional region was determined. An iterative sequence
curation approach was employed to correct low-frequency base calls in
strict junction-aware clusters of sequences. Finally, sequences without the
junctional region identified were filtered out. The quality of sequences
in all the analyzed samples was high, with the average number of reads
passing all the filters over 90% (Supplementary Table 1). Unique
clonotypes were defined as clusters of sequences having at least 96%
similarity of the junctional nucleotide sequence and identical TRBV and
TRBJ genes. For repertoire analyses, the abundances of features (for
example, TRBV) were counted in clonotypes rather than in reads in order to
alleviate the effects of technical and biological biases.

Statistical analysis
Kaplan–Meier product-limit estimates were used for calculating survival.
Events for overall survival were defined as death from any cause. Events for
PFS were defined as relapse, progression or death from any cause,
whatever came first. Survival time calculations were performed using
GraphPad Prism software (release 5.0; San Diego, CA, USA). Data were
analyzed as of 31 July 2016.
In ARResT/Interrogate, Jensen–Shannon divergence was used to

compute repertoire similarity between pairs of samples visualized within
heatmaps; principal component analysis was conducted to evaluate the
effect of repertoire components on sample relationships; Shannon entropy
was used to estimate the alpha diversity of rearrangements of individual
samples.

RESULTS
Correlation of MRD kinetics with immune events and the clinical
course
All patients were in clinical CR immediately after hematological
reconstitution from alloSCT. Patients #3 and #9 died early (day +93
and +211 post transplant) because of severe acute GvHD, and for
patient #5 no MRD marker could be established, leaving seven
patients for whom at least one clone-specific MRD marker was
available; these MRD markers and their sensitivity levels are shown
in Table 2. Of the seven patients with MRD markers, two (patients
#7 and #10) were MRD negative immediately (o50 days) after
alloSCT. Whereas patient #10 died early (day +241 post transplant)
from severe acute GvHD without measurable MRD, patient #7
subsequently showed increasing MRD levels, which responded to
immunosuppressant tapering but—in the absence of cGvHD—re-
appeared from month +16 onwards, followed by fatal clinical
relapse. Five patients (#1, #2, #4, #6, #8) were MRD positive early
(o100 days) after alloSCT. In all of these five patients,
immunosuppressant tapering (four out of five) and/or DLI (three
out of four) resulted in significant reduction of MRD levels
(41 log) and was accompanied by cGvHD in three patients.
However, durable MRD negativity was obtained in only two
patients (#4, #8; alive and free of disease 92+ and 24+ months
after alloSCT). MRD re-increased in the remaining three patientsTa
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after 5–28 months despite ongoing cGvHD in one of them. Table 3
shows MRD kinetics of all patients by certain clinical landmarks. In
addition, Figure 1a-c delineates the MRD kinetics of three patients
with the longest follow-up in correlation to immune interventions
and the clinical course.
With a 3-year PFS and overall survival of 41% and 50%,

the clinical outcome was in the range of published data2–5

(Supplementary Figure 1).

Correlation of TCR repertoire diversity with immune interventions
and clinical course
The TRB repertoire of the three patients with the longest follow-up
was interrogated longitudinally before and after alloSCT using
NGS. In total, 104 samples (patient blood (n= 91) and bone
marrow (n= 10) plus donor blood samples (n= 3)) were analyzed
(Figure 2a). Overall, 10 697 556 reads were obtained (median
78 659; range 1114–236 806 reads/sample). Sequence numbers
were remarkably low in samples after alemtuzumab treatment
(pre-alloSCT; Supplementary Table 1). The diagnostic sample in all
three analyzed patients predominantly showed one or two major
clonotypes (Figure 2b). Kinetics of these leukemic clonotypes
closely followed kinetics of RQ-PCR-quantified MRD (Figure 1a-c
and Table 2b). In all three patients, MRD decline was reproducibly
associated with a shift from a clonal, T-PLL-driven profile to a
polyclonal signature that largely corresponded to the donor TCR
repertoire and receded with increasing MRD levels. Immediately
after alemtuzumab treatment and alloSCT, the TRB repertoire was
heavily skewed in all three patients but recovered over time
(Figures 2c and 3). In each of the samples after alloSCT, several
expanded non-leukemic clonotypes were observed at a maximum
frequency of 3% to 54% of total TRB sequences. Notably, there
was no obvious correlation of GvL-induced MRD decline with
emergence of particular dominant T-cell clonotypes that could
explain a clonal GvL effect. Expanded clonotypes were most
dominant in one patient who received a transplant of his brother,
who in turn already exhibited the same clonotypes with a
frequency of up to 15%. There were no CMV reactivations in the
analyzed patients. Therefore, it was not possible to correlate
known viral reactivations with clonal expansions following
diminution of the viral load. There was no obvious correlation of
GvL-induced MRD decline or GvHD with emergence of dominant
T-cell clonotypes. Clonal expansions were observed only in the
context of T-PLL relapse, reflecting the malignant clone.

DISCUSSION
T-PLL is an aggressive disease with poor outcome. In the absence
of effective chemotherapeutic or targeted treatment options,
alloSCT may be a potent therapeutic tool. However, it is still
uncertain to what extent GvL is indeed active in this lymphopro-
liferative disorder. To this end, delineation of MRD kinetics in
relation to immune events might help to characterize potential

GvL activity in T-PLL, and how it might be exploited to optimize
treatment of the disease.
TCR-based RQ-PCR is an established tool for monitoring MRD

kinetics in certain lymphoid malignancies. For example, in ALL,
MRD levels at different time points not only predict outcome but
also indicate the need for salvage therapy as well as direct the
type of optimal treatment such as alloSCT.21–25 So far, MRD
monitoring is not established in T-PLL. This study shows for the
first time that in T-PLL immunomodulation can decrease the MRD
load up to complete MRD clearance. This finding is the clearest
evidence to date that GvL is indeed effective in this entity.
However, unlike similar observations in CLL7–11 the GvL effect in
T-PLL appears to be often only limited or transient, failing to
provide long-term disease control (although only a single patient
had severe cGvHD, indicating a strong anti-host immune effect).
Nevertheless, MRD assessment by clone-specific TCR-based
RQ-PCR is a useful tool for monitoring MRD kinetics in T-PLL after
alloSCT. Therefore, regular monitoring of MRD in T-PLL after
alloSCT to identify early the need for immune interventions seems
to be recommendable. Although basically mixed chimerism would
also have been a trigger for immunomodulation as per institu-
tional routine, we never observed mixed chimerism in the absence
of detectable MRD in any of these seven patients.
Determination of MRD levels by NGS has been successfully used

to efficiently predict the risk of relapse in different hematological
malignancies such as adult and childhood ALL,26,27 CLL28,29 as well
as cutaneous T-cell lymphoma.15 Multiplexed PCR followed by
NGS has the benefit of being applicable to all patients without
prior allele-specific customization necessary in RQ-PCR-based
techniques, whereas having the potential to offer higher sensi-
tivity. In our study, NGS-based MRD assessment in T-PLL was
feasible and reflected MRD kinetics determined by RQ-PCR,
despite not being designed specifically for MRD sensitivity (input
DNA amount only 100 ng, limited number of readings obtained
per sample, conservative definition of MRD positivity). Another
point is that TRB-based NGS analysis quantifies MRD in relation to
all T cells because these are the only cells harboring TRB
rearrangements. In contrast, RQ-PCR quantifies MRD in relation
to total DNA. In general, results from the two techniques are
highly correlated, but in case of T-cell lymphopenia NGS-based
MRD levels can be markedly overestimated, as seen in patient 2.
This however might be overcome by additional sequencing-based
calibrations. Our study clearly demonstrates the feasibility of NGS-
based MRD analysis in T-PLL. Standardization, quality control and
validation of this technology in a multicenter, scientifically
controlled and independent setting is warranted and currently
the focus of an European network, the EuroClonality-NGS
Consortium (coordinated by AW Langerak).
Besides MRD monitoring, TCR repertoire analysis by NGS

provides high-resolution information on immune reconstitution
and emergence of dominant clones after alloSCT, for example, in
response to infection, GvHD or GvL. It has been shown that the
physiological hierarchy of the TCR repertoire is heavily skewed

Table 2. MRD markers and sensitivity of related clone-specific RQ-PCR assays

Patient Marker 1 Sensitivity Marker 2 Sensitivity

1 TRBV27-TRBJ2.2 5E-04 TRBV6.6-TRBJ1.3 1E-05
2 TRBV5-4-TRBJ1.4 1E-05 TRBV11-2-TRBJ2.5 5E-05
4 TRGV8-TRBJ1/2 5E-04 TRBV19-TRBJ2.7 5E-05
6 TRBD1-TRBJ1.3 1E-04
7 TRBV27-TRBJ2.1 5E-04 TRBV5.1-TRBJ2.7 5E-04
8 TRBV20-1-TRBD1-TRBJ1.2 1E-05
10 TRGV2-TRGJ1 5E-04

Abbreviations: MRD=minimal residual disease; RQ-PCR= real-time quantitative PCR; TRB= T-cell receptor beta (β); TRG= T-cell receptor gamma (ɣ);
V= variable/D=diversity/J= joining genes.
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Figure 1. Minimal residual disease (MRD) course of the three T-PLL patients with the longest follow-up. Blue lines show the MRD course
determined by real-time quantitative PCR (RQ-PCR), red lines show MRD course determined by next-generation sequencing (NGS). In NGS-
MRD, sensitivity level was set to 1E-4 based on input DNA amount and sequencing depth (red dashed line). MRD level was calculated as
number of T-PLL associated sequences divided by total number of sequences. For definition of MRD positivity, the T-PLL associated clonotype
had to be identified at least 10 times. Sensitivity limit of RQ-based MRD according to EuroMRD guidelines was 1E-5 in patient 1 and 2, and
5E-05 in patient 4 (blue dashed line). MRD level at the sensitivity limit means MRD negativity. The follow-up by NGS is shorter than by RQ-PCR
in patients 1 and 4. Abbreviations: alloSCT= allogeneic stem cell transplantation, cGvHD= chronic graft versus host disease, CSA=
cyclosporine A, DLI=donor lymphocyte infusion.
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after alloSCT.30 In addition, limited TCR diversity after alloSCT has
been linked to higher susceptibility to leukemic relapse,31,32

infection31 and the development of GvHD.32 However, to the best
of our knowledge, there are currently no comprehensive long-
itudinal studies available investigating the composition of the
T-cell repertoire after immune interventions in the alloSCT context.
Here, we show for the first time that GvL activity in a
hematological malignancy is rather relying on a polyclonal T-cell
response than on the emergence of novel dominant T-cell clones
with antileukemic activity. Further studies are necessary to prove if
this pattern also accounts for other neoplastic alloSCT indications,
such as acute leukemia and lymphoma.
In this context it has to be considered that all patients

received alemtuzumab for induction therapy. Although a
minimum wash-out time of 6 weeks between the last
alemtuzumab dose and alloSCT had been observed, it cannot
be excluded that effective alemtuzumab serum levels were
present at the day of allograft infusion with implications for the
integrity of the transplanted cell product. However, it is unlikely
that this has interfered with donor lymphocyte infusion effects

during longer follow-up or with the overall TCR repertoire
pattern during GvHD/GvL episodes.
A limitation of this study is its small sample size. However, as the

purpose of this analysis is not to investigate the impact of alloSCT
on the clinical outcome of T-PLL, but to provide proof-of-principle
evidence both for GvL and for the suitability of MRD quantification
by RQ-PCR and NGS, the sample numbers investigated appear to
be clearly informative.
In conclusion, this study provides the clearest evidence

to date for GvL activity in T-PLL, even though it appears to be
often only limited or transient. Moreover, GvL in T-PLL does not
seem to be driven by the emergence of novel dominant
T-cell clones but is rather relying on poly- or oligoclonal
T-cell responses. Nonetheless, further evaluation of MRD
monitoring might help to optimize alloSCT-based immunother-
apeutic strategies in T-PLL. To this end, TRB-based NGS could not
only serve as an effective tool for dissecting post-transplant
immune reconstitution and GvL activity, but also emerge
as an interesting alternative for MRD quantification in T-cell
malignancies.
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Figure 2. Next-generation sequencing (NGS) of the T-cell receptor (TCR) repertoire. (a) Biplot of a Principal Component Analysis (PCA) showing
the V gene usage in samples of individual patients (color coded) with the main V genes contributing to the resulting separation. (b) Ratios
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Abstract

Motivation: Sanger sequencing is still being employed for sequence variant detection by many lab-

oratories, especially in a clinical setting. However, chromatogram interpretation often requires

manual inspection and in some cases, considerable expertise.

Results: We present GLASS, a web-based Sanger sequence trace viewer, editor, aligner and vari-

ant caller, built to assist with the assessment of variations in ‘curated’ or user-provided genes.

Critically, it produces a standardized variant output as recommended by the Human Genome

Variation Society.

Availability and implementation: GLASS is freely available at http://bat.infspire.org/genomepd/

glass/ with source code at https://github.com/infspiredBAT/GLASS.

Contact: nikos.darzentas@gmail.com or malcikova.jitka@fnbrno.cz

Supplementary information: Supplementary data are available at Bioinformatics online.

1 Introduction

Despite great advances in next-generation sequencing, Sanger

sequencing still represents a widely used tool for variant detection and

validation in both research and clinical applications. Moreover, for

the majority of diagnostic laboratories, it remains the most applicable

approach considering the cost and the number of samples analyzed.

The analysis of Sanger sequence trace data is also still a laborious

task and, most importantly, it can be compromised by a lack of ex-

pertise and experience. Several software tools exist to ease this ana-

lysis (Supplementary Table S1), and they can be helpful, but also

detrimental. Naı̈ve trace viewers for manual inspection can be cum-

bersome and ultimately error-prone, while commercial solutions can

be prohibitively expensive and their advanced features may prove

too complex and even discouraging. Often, different users use differ-

ent solutions, which lead to further complications with regard to the

consistency of the reported results.

The need to harmonize and improve TP53 gene mutational ana-

lysis in European hematological centers has led to the establishment

of the TP53 Network within the European Research Initiative on

Chronic Lymphocytic Leukemia (CLL)/ERIC. One of the priorities
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identified within this network was standardization of variant detec-

tion and description. In this context, we developed GLASS for both

novice and experienced practitioners to discover and assess gene

variations from Sanger sequence trace data for research, as well as

diagnostic purposes. GLASS partially automates the process of

comparing Sanger sequencing data to a reference sequence and iden-

tifying and reporting nucleotide differences. GLASS handles homo-

zygous and heterozygous variants in germline, as well as somatic

context, and is particularly useful in assessing low-frequency som-

atic variants present at the threshold of Sanger sequencing detection

limit. Apart from single nucleotide variants, it also facilitates the

correct description of heterozygous and somatic insertions/deletions

(indels) by aligning the secondary sequence to the reference.

Importantly, GLASS reports sequence variants in a standardized

way, as recommended by the Human Genome Variation Society

(HGVS, varnomen.hgvs.org), so that users can be valid and consist-

ent in their clinical and research activities and collaborations.

2 Methods

Implementation: GLASS is written in R and uses Shiny (Chang

et al., 2016, R package) for its interface. A custom D3-based

(Bostock et al., 2011) JavaScript library was developed for rendering

chromatograms.

Reference genes: To achieve standardization and consistency, we

primarily make available a ‘curated’ list of genes with reference se-

quences expertly verified to work with GLASS. Genes can be added to

this list on request and after verification. GLASS can also be used with

a user-provided GenBank reference, or as a trace viewer without one.

Input files: GLASS works on processed ABI files through the

‘samples’ panel (Supplementary Fig. S1). It can automatically detect

the reference gene and the orientation of the sequence, however,

users can override these.

Variant calling: Germline variants appear as a single peak

(homozygous) or as two peaks of lower but similar height (heterozy-

gous) and are easily identifiable. For the more challenging somatic

variants, GLASS estimates local background noise and calculates the

signal to noise ratio for the second highest peak. If this ratio and the

secondary peak (second highest peak) are above user-settable thresh-

olds, the variant is reported.

Homozygous indels are recognized as alignment gaps either in

the base calls (deletion) or the reference sequence (insertion).

Heterozygous and somatic indels manifest as series of minor (sec-

ondary) peaks after the indel site on the forward strand and before

the site on the reverse strand. GLASS can automatically detect such

secondary sequences, realign them and identify a candidate indel, in

which case it alerts the user to consider the suggested alignment cor-

rection (Supplementary Fig. S2).

GLASS can also identify alternative splicing, e.g. the TP53 beta-

variant (Flaman et al., 1996) (Supplementary Fig. S3), and aberrant

transcripts. This is relevant for cDNA data analysis and especially

important for the functional analysis of separated alleles in yeast

(FASAY; Flaman et al., 1995), where whole introns and exons may

‘drop in’ or ‘fall out’.

A diagram of the basic work flow and data structures used in GLASS

is available in the Supplementary Material (Supplementary Fig. S4).

3 Results

GLASS is thus a web-based Sanger sequence trace viewer, editor, aligner

and variant caller. We present core interface components that access

these functionalities and introduce our validation/evaluation results.

Controls: These include changing base calls and setting parameters,

e.g. the sensitivity at which somatic mutations are detected. The ‘general

infobox’ shows details on selected chromatogram positions. Information

on heterozygous indels is displayed in the ‘hetero indels infobox’.

Minimap: The ‘minimap’ presents an overview of aligned exons

and introns of the reference gene, which can also be highlighted in the

case of splice variants (Supplementary Fig. S3). Candidate sequence

variants appear with an intuitive structure and color code representing

the reference base and the primary and secondary peaks (Fig. 1).

Fig. 1. The ‘variants’ panel, with labels tagged with a hash (#), dashed arrows, zoomed-in inset manually added for presentation. The ‘minimap’ shows the align-

ment to the reference gene (in this case a TP53 gene region spanning introns 7–9) and the detected variant. The ‘navigation tool’ (blue rectangle, also as zoomed-

in inset) selects the region to display in the ‘chromatogram’. In the ‘chromatogram’, the detected variant is highlighted with a pink vertical bar and the exportable

information is printed in the ‘variants table’ below. Gray/red dashed arrows added to show the link between primary/secondary peaks, primary/secondary se-

quences and the minimap variant representation (Color version of this figure is available at Bioinformatics online.)
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Chromatogram: The ‘chromatogram’ plots the sequence traces,

with peak widths normalized for better forward and reverse

strand alignment. Each peak is annotated with the reference se-

quence, the primary and secondary sequences, cDNA and genomic

coordinates, call qualities and amino acid translations in the case of

exons.

Variants table: All candidate variants appear in detail in the

‘variants table’, with emphasis on proper nomenclature and presen-

tation according to HGVS. Upon inspection, the user can ‘lock’ the

variant, which will then appear in the ‘samples’ panel and become

available for export.

Validation and evaluation: GLASS is continuously validated

against a growing set of manually analyzed samples with con-

firmed mutations. Many samples come from the official certifica-

tion activities of ERIC (Supplementary Table S2), with others

originating from collaborating laboratories. As showcased in the

Supplementary Material, GLASS could identify correctly and name

properly all the mutations in the TP53 Analysis Certification set. It

is important to note that user interaction is necessary in some

cases, since GLASS is built to assist and not fully automate this

process.

4 Conclusions

GLASS is a bioinformatic implementation of best practices of labs

with published know-how in the analysis of TP53 and other clinic-

ally relevant genes. It was specifically developed in the context of

and for the educational and certification activities of the ERIC TP53

Network, but it can already be used with other ‘curated’ and user-

provided reference genes of diagnostic or research interest. We

therefore hope and believe that GLASS will be useful to researchers

and clinical practitioners as an intuitive tool for standardized Sanger

trace data analysis.

Future plans include the ability to resume and share analyses; the

concatenation of multiple files/amplicons from the same patient to

cover the complete reference sequence; the ability to load annota-

tions, e.g. known mutations or hotspots, for visualizations and vari-

ant calling.
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ToTem: a tool for variant calling pipeline
optimization
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Abstract

Background: High-throughput bioinformatics analyses of next generation sequencing (NGS) data often require
challenging pipeline optimization. The key problem is choosing appropriate tools and selecting the best parameters
for optimal precision and recall.

Results: Here we introduce ToTem, a tool for automated pipeline optimization. ToTem is a stand-alone web application
with a comprehensive graphical user interface (GUI). ToTem is written in Java and PHP with an underlying connection to
a MySQL database. Its primary role is to automatically generate, execute and benchmark different variant calling pipeline
settings. Our tool allows an analysis to be started from any level of the process and with the possibility of plugging
almost any tool or code. To prevent an over-fitting of pipeline parameters, ToTem ensures the reproducibility of these by
using cross validation techniques that penalize the final precision, recall and F-measure. The results are interpreted as
interactive graphs and tables allowing an optimal pipeline to be selected, based on the user’s priorities. Using ToTem, we
were able to optimize somatic variant calling from ultra-deep targeted gene sequencing (TGS) data and germline variant
detection in whole genome sequencing (WGS) data.

Conclusions: ToTem is a tool for automated pipeline optimization which is freely available as a web application at
https://totem.software.

Keywords: Variant calling, Benchmarking, Next generation sequencing, Parameter optimization

Background
NGS is becoming the method of choice for an
ever-growing number of applications in both research and
clinics [1]. However, obtaining unbiased and accurate
NGS analysis results usually requires a complex
multi-step processing pipeline, specifically tailored to the
data and experimental design. In the case of variant
detection from DNA sequencing data, the analytical pipe-
line includes pre-processing, read alignment and variant
calling. Multiple tools are available for each of these steps,
each using its own set of modifiable parameters, creating a
vast amount of possible distinct pipelines which vary
greatly in the resulting called variants [2]. Selecting an ad-
equate pipeline is a daunting task for a non-professional,

and even an experienced bioinformatician needs to test
many configurations in order to optimize the analysis.
To resolve this complexity, modern variant calling

approaches utilize machine learning algorithms to auto-
matically tune the analysis. However, the machine learning
approaches often require a large number of samples.
According to GATK Best practices, Variant Quality Score
Recalibration (VQSR) [3, 4], which is widely used for vari-
ant filtration, requires > 30 whole exomes and at least
basic parameter optimization. Variant calling on small
scale data, e.g. gene panels which are very often used in
diagnostics, still needs to be done with fixed thresholds,
reiterating the aforementioned problem of an optimal
workflow configuration.
The evaluation of current variant calling pipelines [5,

6] and the development of benchmarking toolkits [7, 8]
have helped to resolve this task, but to the best of our
knowledge, there is no tool enabling automated pipeline
parameter configuration using a ground truth data set.
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In this paper, we present ToTem, a method for pipeline
optimization which can automatically configure and
benchmark individual tools or entire workflows, based on a
set of validated ground truth variants. In this way, ToTem
helps to choose the optimal pipeline for specific needs. The
applicability of ToTem was demonstrated using two
common NGS variant calling tasks: (1) Optimal somatic
variant calling using ultra-deep TGS data and (2) optimal
germline variant calling using WGS data. In both scenarios,
we were able to significantly improve the variant calling
performance in comparison to the tools’ default settings.

Implementation
ToTem is a stand-alone web application with a compre-
hensive GUI which allows ToTem to be used even by
non-bioinformaticians, and for advanced users it features
a convenient pipeline editor which takes care of
parallelization and process control. The server backend
is implemented in Java and PHP with an underlying
connection to the MySQL database. All communication
with the server is encrypted.
ToTem is primarily intended for testing variant calling

pipelines with the ability to start an analysis from any
level of the process. This allows testing either whole
pipelines starting from raw sequencing data or focussing
only on the final variant filtering phases. The results are
visualized as interactive graphs and tables. ToTem also
provides several convenient auxiliary tools that facilitate
maintenance, backup and input data source handling.

Pipeline configuration and execution
The core principle of pipeline optimization in ToTem is to
automatically test pipeline performance for all the param-
eter combinations in a user defined range. Pipelines are
defined through consecutively linked “processes”, where
each process can execute one or more tools, functions or
code. ToTem is optimized to test the pipelines represented
as linear sequences of commands, but also supports
branching at the level of tested processes, e.g. to simultan-
eously optimize two variant callers in one pipeline. To fa-
cilitate pipeline definition, common steps shared by
multiple pipelines can be easily copied or moved using drag
and drop function.
Processes are constructed from template scripts that use

bash script code with special syntax to include placeholders
for automatic testing. From ToTem’s pipeline optimization
concept’s point of view, the most important placeholder,
called “params”, is dedicated to inserting the tested param-
eters to be optimized. Each parameter can be represented
simply by their presence or absence, one value, more
values, intervals or even mathematical functions. Parameter
ranges can be easily set through GUI without the necessity
to scan or modify a code. Therefore, with prepared tem-
plates, the scope and focus of the optimization can easily

be changed without informatics proficiency. ToTem pro-
vides predefined templates for the tools most commonly
used in variant-calling pipelines.
When a pipeline framework for testing is prepared,

input data can be uploaded to the attached storage via
GUI, where they are accessible through several place-
holders designed for particular data types. When the
analysis is started, ToTem creates all possible pipelines
within the preset parameter ranges and executes them on
the attached computational server. All the processes for
combined settings are executed in parallel, limited by a
defined maximal number of threads. The parallelization,
resource control and asynchronous communication with
the application server are managed by ToTem’s backend.
The results are imported into ToTem’s internal database
for final evaluation and benchmarking. The analysis time
depends on the available computational power, the level of
parallelization, performance of the particular tool, the
number of tested configurations and the size and nature
of the input data. For technical details and practical exam-
ples, see Additional file 1 and watch step-by-step tutorial
on totem.software web pages.

Pipeline benchmarking
The benchmarking of each pipeline is done using ground
truth data and is based on an evaluation of true positives,
false positives, false negative rates and performance quality
metrics derived from them. Ground truth data generally
consists of raw sequencing data or alignments and an
associated set of validated variants [9, 10].
ToTem provides two benchmarking approaches, with

each focusing on different applications and having different
advantages:

� The first approach is using ToTem’s filtering tool to
filter (stratified) performance reports generated by
external benchmarking tools, which are incorporated
as a final part of tested analytical pipelines. This allows
an evaluation of many parameter combinations and
simple setting selection that produce the best results
considering e.g. quality metrics, variant type and
region of interest (variables depend on the report).
This approach is particularly useful for optimizing the
pipeline for WGS or whole exome sequencing (WES)
and also TGS.

� Little Profet (LP) is ToTem’s genuine benchmarking
method, which compares variant calls generated by
tested pipelines to the gold standard variant call set.
LP calculates standard quality metrics (precision,
recall and F-measure) and most importantly – the
reproducibility of each quality metric, which is the
main advantage over the standard Genome in a
Bottle (GIAB) approach. ToTem thus allows the
best pipelines to be selected considering the selected
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quality metrics and its consistency over multiple
data subsets. The LP approach is designed primarily
for TGS data harbouring a limited number of se-
quence variants and suffering from high a risk of
pipeline over-fitting.

ToTem’s filtering tool for Genome in a Bottle benchmarking
approach
The GIAB benchmarking approach, which combines RTG
Tools [11, 12] and hap.py [13], is best suited to variant
calling pipelines designed for the data which might
harbour complex variants and require variant and region
stratification, e. g. WGS data. RTG Tools use complex
matching algorithms and standardized counting applied
for variant normalization and comparison to the ground
truth. Hap.py is applied for variant and region annotation/
stratification [14]. These tools serve as reference imple-
mentations of the benchmarking standards agreed upon
by the ga4gh data working group [15]. Regarding ToTem’s
pipeline optimization concept, RTG Tools and hap.py are
used to be a final part of the pipeline providing, as a result,
a regionally stratified performance (precision, recall,
F-measure, etc.) report for several variant types.
The reports from all pipeline configurations are

imported into the internal database and processed by To-
Tem’s filtering tool, allowing easy selection of an optimal
pipeline based on the user’s needs and priorities. This
could be extremely useful while ranking the pipelines for a
specific variant type, e.g. single nucleotide variant (SNV)
versus insertion or deletion (InDel), variant calling filters
and/or specific regions of the genome such as low-mapp-
ability regions, low-complexity regions, AT-rich regions,
homopolymers, etc. described as significantly influencing
variant calling performance [16–18]. The complete list of
filtered results describing the performance qualities for
the selected variant type and region for all the pipelines
can be exported into a csv table for deeper evaluation.
ToTem’s filtering tool utility is not only restricted to

the GIAB approach but can also be applied to other
table formats describing pipeline performance. The spe-
cific format, e.g. column names, column separator, needs
to be set through the ToTem GUI before importing
pipeline results into the database. ToTem’s fitering
workflow is described in Fig. 1, part A. For technical de-
tails and practical examples, see Additional file 1 and
watch step-by-step tutorial on totem.software web pages.

Benchmarking by Little Profet
The weakness of pipeline optimization using a ground
truth data set is that it may lead to an over-fit of the pa-
rameters causing inaccuracies when analyzing a different
dataset. This negative effect is even more pronounced
when using small scale data like TGS, usually harboring
a relatively small number of ground truth variants.

To address this task, ToTem proposes its genuine bench-
marking algorithm, LP, which prevents over-fitting and en-
sures the pipeline reproducibility. LP therefore represents
an alternative to the GIAB approach with the added value
of taking additional measures to guarantee robust results.
The LP benchmarking is based on the comparison of

the normalized variants detected by each pipeline to the
ground truth reference variants in the regions of interest
and the inferred precision, recall and F-measure.
The over-fitting correction utilizes cross validation ap-

proaches that penalize the precision, recall and F-measure
scores based on the result variation over different data
subsets. The assumption is that the pipelines showing the
least variability of results among data subsets will also
prove to be more robust when applied to unknown data.
The reproducibility is calculated from all the samples

(> 3) going into the analysis, while a repeated (number
of repeats = ½ of samples) random sub-sampling (num-
ber of samples in one sampling group = ½ of samples)
validation is performed to estimate the sub-sampling
standard deviation (SMSD) of the validation results for
individual performance quality metrics (precision, recall
and F-measure). The reproducibility may also be inferred
from the min/max values for a given performance qual-
ity measure calculated for each sub-sampling group. If
multiple distinct data sets are provided (at least 2),
standard deviation between the selected data set results
(DSD) can be used to assess reproducibility as well.
Additionally, to improve the precision and consistency

of variant detection [19], the intersection of the results
from each pair of 10 best performing pipelines (5 pipelines
with higher precision, 5 with higher recall) is done by
default. The detailed information about pipeline perform-
ance including over-fitting correction can be exported to
excel file for further evaluations. Little Profet workflow is
described in Fig. 1, part B. To better understand LP
method, pseudo code is provided in Additional file 2. For
other technical details and practical examples, see
Additional file 1 and watch step-by-step tutorial on
totem.software web pages.

Results
To showcase the advantages and versatility of ToTem,
we performed the optimization test of variant calling
pipelines for two very diverse experimental settings:

� somatic variant calling on ultra-deep TGS data
� germline variant calling onWGS data.

In the first setting, we used ultra-deep targeted gene
sequencing data from the TP53 gene (exons 2–11) from
220 patient samples divided into 3 data sets based on differ-
ences in diagnosis, verification status and mutation load. A
combination of three datasets was used in the context of
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the Little Profet over-fitting control capability, ensuring the
robustness of the particular pipeline settings applied to a
slightly different type of data. One thousand twelve manu-
ally curated variants with a variant allele frequency (VAF)
ranging from 0.1 to 100% were used as ground truth variant
calls for pipeline benchmarking [20, 21].

All DNA samples were sequenced with ultra-high
coverage (min. coverage depth > 5000×, average depth of
coverage approx. 35 000×) using Nextera XT DNA Sam-
ple Preparation Kit and MiSeq Reagent Kit v2 (300 cy-
cles) (Illumina, San Diego, CA, USA) on a MiSeq
instrument, as described previously [20]. Reads’ quality

Fig. 1 a Once the pipeline is set up for the optimization, all the configurations are run in parallel using raw input data. In this particular example,
the emphasis is placed on optimizing the variant calling filters, however, the pipeline design depends on the user’s needs. In the case of the
GIAB approach, the benchmarking step is part of the pipeline done by RTG Tools and hap.py. The pipeline results in the form of the stratified
performance reports (csv) provided by hap.py are imported into ToTem’s internal database and filtered using ToTem’s filtering tool. This allows
the best performing pipeline to be selected based on the chosen quality metrics, variant type and genomic region. b Similar to the previous
diagram, the optimization is focused on tuning the variant filtering. Contrary to the previous case, Little Profet requires the pipeline results to be
represented as tables of normalized variants with mandatory headers (CHROM, POS, REF, ALT). Such data are imported into ToTem’s internal
database for pipeline benchmarking by the Little Profet method. Benchmarking is done by comparing the results of each pipeline to the ground
truth reference variant calls in the given regions of interest and by estimating TP, FP, FN; and quality metrics derived from them - precision, recall
and F-measure. To prevent overfitting of the pipelines, Little Profet also calculates the reproducibility of each quality metric over different data
subsets. The results are provided in the form of interactive graphs and tables
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trimming, merging and mapping onto the reference gen-
ome (GRCh37) as well as variant calling, was done using
CLC Genomic Workbench. The Shearwater algorithm
from the R-package DeepSNV, computing a Bayes classi-
fier based on a beta-binomial model for variant calling
with multiple samples to precisely estimate model pa-
rameters - such as local error rates and dispersion, [22]
was used as the second variant calling approach. The
minimum variant read count was set to 10. Only vari-
ants detected either by both variant calling algorithms or
confirmed by a technical or biological replicate were
added to the list of candidate ground truth variants. To
remove remaining FP, filtering was applied according to
VAF present in an in-house database containing all the
samples processed in our laboratory. Because an
in-house database accumulates false-positive variants
specific for the used sequencing platform, sequencer and
analysis pipeline, it could be used to identify and remove
these FP. All computationally predicted variants were
manually checked by expert users and confirmed by bio-
logical findings [20, 21]. This approach allowed us to de-
tect variants down to 0.1% VAF.
Only SNV were considered during the analysis. Short

InDels were not included in the ground truth set due to
their insufficient quantity.
Dataset TGS 1 was represented by 355 SNVs detected in

103 samples from patients diagnosed with chronic lympho-
cytic leukemia (CLL). The dataset represented variants
detected in VAF ranging from 0.1–100%. Variant calling
was done by CLC Genomic Workbench and Shearwater
algorithm. Only variants confirmed by both algorithms or
by a biological/technical replicate were taken into account.
The dataset should not contain any false positive variants.
Dataset TGS 2 consisted of 248 SNVs present in 77 pa-

tient samples with myeloproliferative neoplasm (MPN).
With the exception of known germline polymorphisms,
variants representing low burden sub-clones up to 10%
VAF prevailed, as fully expanded (> 20%VAF) TP53 muta-
tions are rare in MPN [21]. Only variants detected by
CLC Genomic Workbench, confirmed by technical repli-
cates or by independent sampling were used. The dataset
should not contain any false positives variants.
Dataset TGS 3 was represented by 409 SNVs detected

in 40 patient samples with CLL with VAF 0.1–100%. Vari-
ant calling was done using CLC Genomic Workbench
only and false positive variants may rarely occur as some
of the low frequency variants were not confirmed by a
technical replicate, for more details see Additional file 3.
In the first experiment, three variant callers were opti-

mized: Mutect2 [3, 4], VarDict [23] and VarScan2 [24, 25],
using all 3 TGS datasets. Aligned reads generated outside
of ToTem with the BWA-MEM algorithm [26] were used
as input data for the pipeline optimization, which was fo-
cused on tuning the variant callers’ hard filters. As part of

the optimized pipeline, variants passing filters were nor-
malized by vcflib [27], imported into the internal database
and processed using Little Profet. The pipelines’ perform-
ance was sorted by F-measure corrected by SMSD. A de-
tailed description of the pipelines including their
configurations can be found in Additional file 3.
The best results were achieved using optimized VarS-

can2, specifically by intersecting the results generated by
two different settings, reaching a precision of 0.8833, re-
call of 0.8903 and an F-measure of 0.8868. This preci-
sion is high considering the tested datasets contained
624 variants with very low VAF (< 1%), which are gener-
ally problematic to identify because of sequencing errors.
The importance of ToTem is even more pronounced
when compared to the median scoring pipeline, which
had a precision of 0.5405, a recall of 0.7527 and an
F-measure of 0.6292, and compared to the baseline
VarScan2 pipeline using its default parameters, which
had a precision of 0.9916, recall of 0.2312 and an
F-measure of 0.3763. The best-scoring pipeline thus
identified 3.84-fold more true positive variants and
showed only an 11% lower precision than the VarScan2
pipeline using default parameters.
The input mpileup files were generated using very sen-

sitive settings allowing the optimization of 4 parameters
in 54 different combinations including their default
values, for details, see Additional file 3. Compared to the
default settings, the detection quality of the best scoring
pipeline was affected by tuning all 4 parameters. Higher
recall was caused by lowering the parameters for the
minimum variant allele frequency and p-value. High
precision was maintained by increasing the parameter
values for the minimum base quality and the minimum
number of variant supporting reads.
The second best performing variant caller in our test

was VarDict. VarDict parameter optimization was, in
principle, similar to VarScan2 – raw variant calling was
done using very sensitive settings allowing the testing of
hard filter parameters.
The optimized settings achieved a precision of 0.8903,

recall of 7468 and an F-measure of 0.8123. Compared to
the default settings (a precision of 0.9483, recall of
0.3083 and an F-measure of 0.4653), the quality of detec-
tion (F-measure) was improved by 42.7%.
In total, 7 parameters were optimized by assessing 192

of their combinations, including the default values, for
details, see Additional file 3. Compared to the default
settings, the optimized caller had a decreased parameter
for the minimum allele frequency, which led to its higher
recall. This setting was apparently balanced by increas-
ing the minimum high quality variant depth, which
works towards a higher precision. The parameters for
the maximal distance for proximity filter, the minimum
mean base quality and the maximum mean mismatches
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performed best with their default values. The other pa-
rameters had no impact on the analysis results in the
tested ranges.
Mutect2 variant calling optimization was done without

applying the “FilterMutectCalls” function, because testing
several of this function’s parameters, including the default
settings, led in our case to rapidly decreased recall and
thus to decreased overall performance. Some of the pa-
rameters from the “FilterMutectCalls” function are also
available as a part of the Mutect2 raw variant calling and
were the subject of testing. The best optimized settings
thus reached a precision of 0.8397, recall of 0.7567 and an
F-measure of 0.7960, whereas the default settings offered
a precision of 0.4826, recall of 0.7714 and an F-measure of
0.5937, which was the highest recall and F-measure of all
the default settings for all the tested variant callers.
The variant calling optimization tested 36 combina-

tions of 4 parameters including their default values. For
details, see Additional file 3. The best Mutect2 pipeline
was very similar to the default settings with only one
parameter value increased (the minimum base quality
required to consider a base for calling) towards higher
precision. The values of the other parameters remained
unchanged or had no effect on the results.
The graphical interpretation for different pipeline con-

figuration performance for all 3 variant callers and the

demonstration of the optimization effect is visualized in
Fig. 2; for a detailed performance report exported from
LP, see Additional file 4.
In the second experiment, we tested pipeline

optimization for germline variant calling using GATK
HaplotypeCaller followed by VQSR and VarDict on 2
whole genomes. As reference samples with high-confident
variant calls were used NA12878 and HG002 genomes an-
alyzed by GIAB, hosted by the National Institute of Stan-
dards and Technology (NIST) which creates reference
materials and data for human genome sequencing [10].
As an input for the WGS analysis, BAM files down-

loaded from the GIAB ftp server were used. Alignments
were preprocessed using GATK best practices (removing
duplicates, adding read groups, base quality score recali-
bration) and downsampled to 30× coverage, for details
see Additional file 3.
Raw variant calling was done by each variant caller to

produce intermediate results representing an input for
variant filtering optimization in ToTem, considering both,
SNV and InDels. In the case of GATK HaplotypeCaller,
the emphasis was placed on tuning the VQSR using ma-
chine learning algorithms. In the case of VarDict, hard fil-
ters were tuned, for details see Additional file 3.
The filtered variants were compared to the ground truth

variant calls by RTG Tools in given high confidence

Fig. 2 Each dot represents an arithmetic mean of recall (X-axis) and precision (Y-axis) for one pipeline configuration calculated based on repeated
random sub-sampling of 3 input datasets (220 samples). The crosshair lines show the standard deviation of the respective results across the sub-
sampled sets. Individual variant callers (Mutect2, VarDict and VarScan2) are colour coded with a distinguished default setting for each. The default
settings and the best performing configurations for each variant caller are also enlarged. Based on our experiment, the largest variant calling
improvement (2.36× higher F-measure compared to default settings, highlighted by an arrow) and also the highest overall recall, precision,
precision-recall, and F-measure were registered for VarScan2. In case of VarDict, a significant improvement in variant detection, mainly for recall
(2.42×) was observed. The optimization effect on Mutect2 had a great effect on increasing the precision (1.74×). Although the F-measure after
optimization did not reach as high values as VarScan2 and VarDict, Mutect2’s default setting provided the best results, mainly in a sense of recall
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regions. Information about the pipelines’ performance
(precision, recall, F-measure, etc.) was stratified into vari-
ant sub-types and genomic regions by hap.py. The results
in the form of a quality report for each pipeline were
imported into ToTem’s internal database and filtered
using ToTem’s filtering tool, which allows the best per-
forming pipeline to be selected based on region, variant
type and quality metrics.
The best results were achieved by GATK HaplotypeCal-

ler, with a precision of 0.9993, recall of 0.9989 and
F-measure of 0.9991 for SNV, and 0.9867, 0.9816 and
0.9842 for InDels, respectively. In comparison to the default
settings, a total of 123,716 more TP and 1889 less FP were
registered after the optimization by ToTem, where 40 com-
binations of 2 parameters were tested for both variant
types, for details, see Additional file 3. An evident impact
on the results’ quality was proven by both of them. In-
creased values of the parameter for the truth sensitivity level
influenced the detection of SNP and InDels towards higher
recall. The parameter for the maximal number of Gauss-
ians only needed to be optimised for InDel detection to-
wards the lower values, otherwise the first VQSR step
would not finish successfully for the NA12878 sample.
In the case of VarDict, the best pipeline setting reached

a precision of 0.9977, a recall of 0.8597 and F-measure of
0.9236 for SNP; and 0.8859, 0.8697 and 0.8778 for InDels,
respectively. Compared to the default settings, the results
were improved by identifying 17,985 more TP and
183,850 less FP. In total, 6 parameters were tested in 216
combinations. For details, see Additional file 3.
The improved variant quality detection was affected

mainly by the increasing the minimum allele frequency
values, leading towards higher precision while increasing
the maximum mean mismatches was responsible for
higher recall in SNP detection. InDels calling was also im-
proved by increasing the minimum mean position of the
variants in the read, which supported higher pipeline pre-
cision. The other parameters remained unchanged for the
best performing pipeline. The difference between the best
pipeline for every tool and the baseline for that tool using
default parameters is described in Additional file 5.
The TGS experiment optimizing 3 variant callers was

run in parallel by 15 threads (15 parameter combinations
running simultaneously) and was completed in approxi-
mately 60 h; WGS experiment optimizing 2 variant callers
was run using 5 threads and lasted approximately 30 h.
The experiments were performed separately on a server
with 100 CPU cores and 216 GB RAM memory available,
however the server was not used to its full capacity.

Discussion
ToTem is a web application with an intuitive GUI primar-
ily designed for automated configuration and evaluation
of variant calling pipeline performance using validated

ground truth material. Once the pipeline is optimized for
specific data, project, kit or diagnosis, it can be effortlessly
run through ToTem for routine data analysis with no add-
itional need for ground truth material. From this perspec-
tive, ToTem represents a unique hybrid between a
workflow manager like bcbio [28], SeqMule [19] or Galaxy
[29] and a pipeline benchmarking tool like SMaSH [7],
with the added value of an automated pipeline generator.
To meet the latest best practices in variant calling

benchmarking, ToTem is perfectly suited and fully com-
patible with the current GIAB approach using RTG
Tools and hap.py. This allows comfortable automated
parameter optimization, benchmarking and selection of
the best pipeline based on variant type, region stratifica-
tion and preferred performance quality metrics.
The Little Profet benchmarking approach introduces

novel estimates of pipeline reproducibility based on a
cross validation technique allowing the selection of a ro-
bust pipeline that will be less susceptible to over-fitting.
ToTem is also very robust in terms of implement-

ing various tools by its “template approach” allowing
the integration and running of any tool or even more
importantly, custom or novel code without having to
create a special wrapper. These properties enable
automatic and significantly less biased testing for new
or existing variant calling pipelines than standard pro-
cedures, testing only the default or just a few alterna-
tive settings [5, 6].
The results are visualized through several interactive

graphs and tables enabling users to easily choose the
best pipeline or to help adapt and optimize the paramet-
rization of the tested pipelines.
At the moment, ToTem’s core function is to effi-

ciently trigger many pipeline configurations and
streamline their benchmarking. However, the
optimization process itself is not fully automated.
Selecting tools and their parameter ranges needs to
be done manually, according to the particular data
type and thus, this task relies mostly on the knowhow
of an experienced user. The primary objective for
future development is to provide the option of opti-
mizing the pipeline settings automatically using more
complex machine learning algorithms. Implementation
will be based on the results collection, mainly from
the optimization of pipelines for a specific data type,
which can be detected based on their quality control.
The data will be anonymized and transformed for the
purposes of machine learning applications, which will
both select candidates for optimization settings and
also select configurations suitable for a specific data
type’s routine analysis. Routine analysis results could
eventually be used for benchmarking if the user pro-
vides feedback. We are also considering installing
ToTem using a docker image.
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Conclusion
NGS data analysis workflow quality is significantly af-
fected by the selection of tools and their respective pa-
rameters. In this study we present ToTem, a tool
enabling the integration of a broad variety of tools and
pipelines and their automatic optimization based on
benchmarking results controlled through efficient ana-
lysis management.
We demonstrated ToTem’s usefulness in increasing the

performance of variant calling in two distinct NGS experi-
ments. In the case of somatic variant detection on
ultra-deep TGS data, we reached a 2.36-fold improvement
in F-measure compared to best performing variant caller’s
default settings. In the case of germline variant calling
using WGS data, we were able to discover 123,716 add-
itional true positive variants than GATK HaplotypeCaller’s
default settings, among those 147 were coding and 70
non-synonymous and of likely functional importance.

Availability and requirements
Project name: ToTem
Project home page: https://totem.software
Operating system(s): Platform independent
Programming language: Java, PHP, MySQL
Other requirements: No
License: Free for academic use.
Any restrictions to use by non-academics: License

needed.

Additional files

Additional file 1: ToTem’s technical documentation. ToTem’s technical
documentation describes the technical details of ToTem. (PDF 1464 kb)

Additional file 2: Pseudo code for the Little profet algorithm. The
pseudo code describes the general principles of Little Profet algorithm.
(TXT 9 kb)

Additional file 3: Material and details of pipeline configurations. The
document describes in detail the material and pipeline configurations
used in the study. (DOCX 48 kb)

Additional file 4: Detailed performance report generated by Little
Profet. The detailed report describing pipeline performance including
different over-fitting correction metrics generated by LP. These data were
generated as a part of TGS experiment. (XLS 90 kb)

Additional file 5: Performance comparison of 2 variant callers with
default and optimized pipelines applied on WGS dataset. The difference
between the best pipeline for every tool and the default settings. These
data were generated as a part of WGS experiment. (XLSX 14 kb)
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ABSTRACT
Background. Extensive genome rearrangements, known as chromothripsis, have been
recently identified in several cancer types. Chromothripsis leads to complex structural
variants (cSVs) causing aberrant gene expression and the formation of de novo fusion
genes, which can trigger cancer development, or worsen its clinical course. The
functional impact of cSVs can be studied at the RNA level using whole transcriptome
sequencing (total RNA-Seq). It represents a powerful tool for discovering, profiling,
and quantifying changes of gene expression in the overall genomic context. However,
bioinformatic analysis of transcriptomic data, especially in cases with cSVs, is a
complex and challenging task, and the development of proper bioinformatic tools for
transcriptome studies is necessary.
Methods. We designed a bioinformatic workflow for the analysis of total RNA-Seq data
consisting of two separate parts (pipelines): The first pipeline incorporates a statistical
solution for differential gene expression analysis in a biologically heterogeneous sample
set. We utilized results from transcriptomic arrays which were carried out in parallel to
increase the precision of the analysis. The second pipeline is used for the identification
of de novo fusion genes. Special attention was given to the filtering of false positives
(FPs), which was achieved through consensus fusion calling with several fusion gene
callers. We applied the workflow to the data obtained from ten patients with chronic
lymphocytic leukemia (CLL) to describe the consequences of their cSVs in detail. The
fusion genes identified by our pipeline were correlated with genomic break-points
detected by genomic arrays.
Results.We set up a novel solution for differential gene expression analysis of individual
samples and de novo fusion gene detection from total RNA-Seq data. The results of
the differential gene expression analysis were concordant with results obtained by
transcriptomic arrays, which demonstrates the analytical capabilities of our method.
We also showed that the consensus fusion gene detection approach was able to identify
true positives (TPs) efficiently. Detected coordinates of fusion gene junctions were in
concordance with genomic breakpoints assessed using genomic arrays.
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Discussion. By applying our methods to real clinical samples, we proved that our
approach for total RNA-Seq data analysis generates results consistent with other
genomic analytical techniques. The data obtained by our analyses provided clues for
the study of the biological consequences of cSVs with far-reaching implications for
clinical outcome and management of cancer patients. The bioinformatic workflow is
also widely applicable for addressing other research questions in different contexts, for
which transcriptomic data are generated.

Subjects Bioinformatics, Genomics, Hematology, Oncology
Keywords Chromothripsis, Complex structural variants, Fusion gene, Gene expression,
Bioinformatic pipeline, Next-generation sequencing, Leukemia, Transcriptomics, Chronic
lymphocytic leukemia, Statistics

INTRODUCTION
Whole-genome sequencing of cancer samples has enabled the identification and detailed
description of complex structural variants (cSVs) with chromothripsis being their prime
example (Stephens et al., 2011; Rausch et al., 2012). Chromothripsis is characterized by tens
to hundreds of clustered genomic rearrangements accompanied by extensive losses of
genetic information and arises as a consequence of genomic instability. Approximately
2–3% of tumors bear chromosomes featuring the hallmarks of chromothripsis (Stephens
et al., 2011; Kinsella, Patel & Bafna, 2014). Its incidence is variable among tumor types and
peaks in brain and bone tumors (Stephens et al., 2011). There is also strong evidence
for the presence of chromothripsis and related cSVs in hematological malignancies
including chronic lymphocytic leukemia (CLL), the most common leukemia of adults
in the Western world.

In contrast to the concept of gradual accumulation of chromosomal defects in the
cancer genome, it has been assumed that chromothripsis arises in a single catastrophic
event. The most widely accepted explanation of chromothripsis origin is based on aberrant
mitosis, which is accompanied by physical separation of certain chromosomes in nuclear
structures called micronuclei (Zhang et al., 2015; Ly & Cleveland, 2017). Another possible
mechanism involved in chromothripsis formation revolves around the generation of
so-called breakage-fusion-bridge cycles (Lo et al., 2002) leading to the occurrence of
dicentric chromosomes that are disrupted during cell division. This is related to telomere
shortening and, consequently, to the absence of telomeres at chromosome ends which
enables chromosome fusion (Maciejowski et al., 2015; Ernst et al., 2016). All these events
lead to multiple clustered chromosomal aberrations that feature a unique pattern in every
affected case and alter the expression of genes in an impaired cell (Fig. 1).

Next-generation sequencing (NGS) serves as a powerful tool for describing any
abnormalities occurring in the genome and has also been instrumental in discovering and
describing cSVs. However, in many NGS experiments, consequent bioinformatic analysis
remains challenging. Publicly available tools are often developed for a specific purpose
with limitations in different experimental settings and do not take into account all genomic
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Figure 1 Schematic representation of the mechanism of chromothripsis.During chromothripsis, chro-
mosomes are scattered into hundreds of fragments that persist as intermediates and eventually rejoin to-
gether via error-prone DNA repair mechanisms. Such an event can lead to the loss of functional genes and
directly or indirectly influence gene expression in affected regions. Another common and frequently ob-
served feature is the formation of aberrant fusion genes, which leads to a change in gene expression and
production of fusion proteins with novel structure and functions.

Full-size DOI: 10.7717/peerj.7071/fig-1

rearrangements that might be present in a sample. Moreover, when attempting to describe
the impact of cSVs on cell phenotype, each case should be considered independently. The
reason for such an approach is that, although there are a limited number of processes
causing cSVs among individual cases, they affect different genomic loci with different
impact. Thus, we developed a statistical approach for differential gene expression analysis
from total RNA-Seq data, which is based on the comparison of individual cases within a
tested dataset. Applying the method on a set of ten CLL samples, our strategy provided
highly convincing gene candidates. In the next step, we focused on the identification of
fusion genes and their stemming breakpoints from total RNA-Seq data. Due to the high rate
of FP results of different methods, we developed a pipeline combining available analytic
tools to maximize TP rate in dataset. Results were then cross-checked with data from
genomic arrays in order to assess the sensitivity and specificity of our method.
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MATERIALS & METHODS
Data generation and preprocessing
Our pipelines were developed and tested on total RNA-Seq data generated from ten CLL
cases (T1-T10) with cSVs that were previously detected using genomic CytoScanTM HD
Arrays and analyzed with Chromosome Analysis Suite (Thermo Fisher Scientific). These
cases were identified during the long-term clinical research at the University Hospital Brno
and were classified as chromothripsis as they showed clustered copy number alterations on
a limited number of chromosomes. Genomic breakpoint localization was extracted for all
detected copy number variants and losses of heterozygosity. Total RNA-Seq libraries were
prepared with TruSeq R© Stranded Total RNA kit (Illumina) with Ribo-Zero ribosomal
RNA depletion and sequenced using an Illumina HiSeq 2500 machine producing 125bp
long pair-end reads. Sequencing read quality was evaluated in FastQC software. Adapter
sequences were trimmed from raw reads using Trimmomatic software (Bolger, Lohse &
Usadel, 2014) (version 0.32) according to sequencing facility standards. In parallel, we
performed GeneChip R© Human Transcriptome Arrays 2.0 (Thermo Fisher Scientific)
to complement expression data from the RNA-Seq experiment. These data were then
analyzed by the Transcriptome Analysis Console (Thermo Fisher Scientific) by comparing
each consecutive sample to all other samples using a one-way ANOVA statistical test
to identify a unique expression pattern in each sample. Identified fusion gene junctions
and their respective sequencing reads were visualized in the Integrative Genomic Viewer
(Thorvaldsdottir, Robinson & Mesirov, 2013).

The study was approved by the Ethical Committee of the University Hospital Brno
under the ref. no. 15-31834A. All patients involved in the study provided their written
informed consent to the research use of their samples.

RNA-Seq data processing for differential genes expression analysis
Processed reads were mapped to the hg38 human genome reference using STAR, a splice-
aware aligner (Dobin et al., 2013). We chose the genome reference over the transcriptome
as recommended by best practices for RNA-Seq data when non-canonical junctions and
fusion transcripts are of interest (Conesa et al., 2016). The parameters of the STAR aligner
were set to default settings according to best practices.

Gene expression analysis from RNA-Seq data is based on counting reads covering gene
regions (defined by reference relative GTF file) and statistical analysis of these read counts.
In the first step, we used an htseq-count script (Anders, Pyl & Huber, 2015), which efficiently
counts reads that align to or overlap withmore than one gene. For this purpose, the software
parameter union was applied. The reads were then assigned to gene regions irrespective of
DNA strand orientation. A read count table was used as an input for consequent statistical
analysis of differential gene expression; low-expressed genes were filtered out from the
dataset to decrease dataset complexity and avoid FP. Of the ten CLL cases in our cohort, we
expected at least six samples to be covered by at least one read. However, these criteria can
be modified in the pipeline according to the actual dataset analyzed. Pre-filtered read count
table was then normalized using the rpkm() function from edgeR Bioconductor package
(Robinson, McCarthy & Smyth, 2010). The function applies the RPKM (reads per kilobase
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per million mapped reads) method, which performs data normalization based on a read
length and a total number of sequencing reads with respect to gene length. Obtained log2
scale normalized expressions were subjected to further computational steps, for which we
developed a novel statistical pairwise comparison (PComp) approach that allows obtaining
a gene expression profile of individual samples.

Design and evaluation of novel statistical approach PComp
For the read count (expression) table resulting from RNA-Seq data processing steps, linear
regression model with confidence bands containing expression values for all possible
sample combinations (i.e., T1–T2, . . . , T1–T10) was applied to identify gene outliers in
particular sample. Only genes constantly lying outside these bands in all possible sample
combinationwere stored. In the next step, one sample t -test was applied to assess the p.value
to every single gene outlier in a given sample according to the gene expression in the rest
of the samples. All gene candidates with significant p.value that can be specified manually
(default 0.05) were considered as differentially expressed. Graphical representation of
PComp algorithm is depicted in Fig. 2 with artificial expression values. Obtained results
were compared to the transcriptomic array results representing a gold standard for gene
expression analysis.

RNA-Seq data were also subjected to a differential gene expression analysis using widely
used and well-established algorithm limma (Ritchie et al., 2015) to gain an insight on
overall performance of our PComp tool. Using limma we compared gene expression in a
single sample (group 1) with all other samples (group 2) in all possible combinations and
correlated the results to the PComp output.

Identification of gene fusions in cSVs cases from RNA-Seq
Based on a literature search (Liu et al., 2016), four state of the art tools for gene fusion
detection—EricScript (Benelli et al., 2012), JAFFA (Davidson, Majewski & Oshlack, 2015),
FusionCatcher (Nicorici et al., 2014), and TopHat-fusion (Kim & Salzberg, 2011)—were
tested in our approach. TopHat-fusion was excluded due to a high rate of FP results
and time-consuming computation in comparison to other methods. Thus, three tools—
EricScript, JAFFA, and FusionCatcher—were run in parallel in our bioinformatic workflow
for fusion gene identification; default settings were used for all of them. Although read
alignment algorithms differ among the selected tools (Kent, 2002; Li & Durbin, 2009;
Langmead & Salzberg, 2012; Dobin et al., 2013), the utilized computational algorithms
follow similar concept (Kumar et al., 2016). In general, the mapping step consists of two
alignments, one to the hg38 reference and the other to putative junction reference for each
potential fusion. During these steps, unmapped and discordant pair-end reads that were
mapped uniquely to different loci of the genome were identified, and a library of putative
fusion junctions was derived. Reads were then realigned to the putative fusion junction
sequences and annotated, a split-read signature (reads spanning fusion junctions) was
recognized, and potential fusion genes were reported.

For efficient fusion gene detection, we developed an in-house meta-caller, which
combines results from the selected tools into a consensus call. Each piece of software
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Figure 2 Expression data plots demonstrating our statistical algorithm PComp for differential gene
expression assessment. A solid red line represents the linear regression line, while dashed red curves de-
limit 99.9% confidence bands (A–I). Selected expressed genes identified in an RNA-Seq experiment for
sample T1 are highlighted as green and red dots. The green dots represent a gene that is considered sig-
nificantly differentially expressed in all sample pair combinations, i.e., the gene is outside the confidence
band with p < 0.001 for all pairs. The gene highlighted as red dots is not significantly differentially ex-
pressed when comparing T1 sample to T4, T6, and T8 (C, E, G), thus not differentially expressed as a
whole. Down/up-regulation was taken into account.

Full-size DOI: 10.7717/peerj.7071/fig-2

applies various metrics enabling classification of fusions to confidence subsets. In the
first meta-caller step, detected fusions were filtered in individual callers as follows: for
EricScript fusions with an Eric score (ES) of over 0.90, for JAFFA only fusions with
the ‘‘HighConfidence’’ tag, and for FusionCatcher only high confidence fusions. In the
consequent consensus call only fusions that passed at least two callers were kept which
allowed increasing TP fusion rate and removal of FP fusions arising as specific artifacts
of an individual caller algorithm (i.e., read alignments errors). The whole fusion gene
detection pipeline is schematically visualized in the Fig. 3.

Validation of gene fusions by overlap with genomic arrays
Finally, to estimate TP and FP rates of the individual callers and themeta-caller, coordinates
of fusions detected in RNA-Seq data were compared with the coordinates of genomic
breakpoints detected by the genomic arrays. The interval of ± 100 kb around the
breakpoints was applied in order to adjust to the array resolution and to the fact that
the breakpoints can be located in introns, whereas fusions in RNA-Seq data appear
in exon-exon boundaries. All potentially TP fusions identified by this approach were
inspected visually in the array results.
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Figure 3 Pipeline design for fusion gene identification. Schematic overview of RNA-Seq fusion gene
identification pipeline summarizes all steps of the procedure. Comparison with results of the genomic ar-
rays is an optional manual step, independent on the pipeline, which can serve as a secondary confirmation
of the results.

Full-size DOI: 10.7717/peerj.7071/fig-3

Implementation of analytical algorithms
Algorithms and procedures of our novel solution were implemented in the R programming
language. The meta-caller and the tool for differential expression are both freely available
at GitHub (https://github.com/Hynst/WTS_cSVs_analysis), where the source codes are
accessible for download. No installation is needed, as all dependencies (i.e., R packages and
libraries) are installed automatically to the R environment.
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Table 1 Differentially expressed genes identified by PComp in RNA-Seq data and transcriptomic array analyses. For RNA-Seq data pairwise
comparison (PComp) analysis was applied to identify deregulated genes. Numbers in parentheses represent deregulated genes including also unan-
notated transcripts.

Sample RNA-Seq Expression Analysis (PComp) GeneChip Human Transcriptome Array 2.0 Method overlap

up down total up down total up down total

T1 1,534 552 2,086 707 (956) 399 (909) 1,106 351 29 380
T2 539 66 605 253 (660) 83 (191) 336 54 1 55
T3 314 82 396 124 (293) 92 (188) 216 22 3 25
T4 1,768 657 2,425 482 (882) 154 (197) 636 207 66 273
T5 1,572 355 1,927 567 (1,268) 77 (127) 644 78 21 99
T6 1,346 258 1,604 644 (1,405) 134 (178) 778 178 38 216
T7 1,865 245 2,110 423 (804) 186 (439) 609 164 15 179
T8 1,855 419 2,274 1,446 (2,173) 428 (821) 1,874 682 55 737
T9 544 96 640 124 (384) 92 (110) 216 27 3 30
T10 968 165 1,133 213 (418) 50 (89) 263 45 5 50
TOTAL 12,305 2,895 15,200 4,983 1,695 6,678 1,808 236 2,044

RESULTS
PComp performance in differential gene expression analysis
We used PComp approach to identify differentially expressed genes on the level of
individual samples. We followed a linear regressionmodel and estimated a linear regression
line with 99.9% confidence bands (1−p= 0.999, i.e., p= 0.001) for each pair of samples.
All genes lying outside the confidence bands were suggested as potentially differentially
expressed candidates. We repeated this procedure for each sample pair combination and
obtained nine sets of potential candidates per sample. Genes occurring in all nine sets were
considered as differentially expressed for a given sample. By applying one sample t -test we
assessed the differential expression of a given gene in a given sample according to the rest
of the samples. We considered all gene candidates in particular sample with a p< 0.001
by one sample t -test to be differentially expressed. Using this approach, we found 15,200
differentially expressed genes in total (Table 1).

We inspected the results from RNA-Seq obtained using the PComp method and
compared them to the results of transcriptomic arrays analyzed by one-way ANOVA.
In the ten CLL samples tested, we identified 12,492 deregulated transcripts (including
also unannotated ones) using transcriptomics arrays and extracted only annotated gene
transcripts which resulted in 6,678 deregulated genes. We created an overlap between
PComp and transcriptomic array results and found 1,808 significantly upregulated and 236
significantly downregulated gene candidates (Table 1). We also studied whether the results
were concordant between the methods in terms of assigning genes as up-/downregulated
and observed good concordance of themethods ranging 97.44–100% for individual samples
(Table S1).

Similarly, in RNA-Seq data we identified 14,803 deregulated genes using limma.
When we overlapped array data with limma results we found 1168 upregulated and
414 downregulated genes (Table S2). We compared the overlap rate of transcriptomic
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Figure 4 Comparison of PComp vs. limma statistical analysis of RNA-Seq data overlapped with results
of the transcriptomic arrays. Graphical representation of upregulated (blue) and downregulated (white)
genes as identified by PComp and limma after overlapping the data with transcriptomic array outputs.
PComp was capable of identifying higher number of differentially expressed genes concordant with tran-
scriptomic arrays.

Full-size DOI: 10.7717/peerj.7071/fig-4

array with PComp and limma data, respectively, in terms of up-/downregulated genes.
Both methods performed differently, we observed 14.7% and 28.9% upregulated genes,
and 8.2% and 4.1% downregulated genes using PComp and limma, respectively. Finally,
we observed larger overlap between transcriptomic array and PComp approach (Fig. 4),
where 2044 deregulated genes were identified in total (compared to 1,585 identified by
limma).

Meta-caller approach efficiency of fusion gene identification
In RNA-Seq data, we pre-filtered results of the individual pieces of software in the first
meta-caller step to create a fusion gene subset with high confidence. No explicit pre-filtering
of lowly expressed fusions was done in order to allow for the capture of lowly expressed
fusion genes (i.e., the number of reads spanning fusion junction≥1). In the next step of the
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meta-caller, results obtained by ≥2 callers were combined into a consensus call. Following
these steps, our pipeline was capable of identifying 40 fusion genes which were potentially
TP with high confidence across the ten samples (Table S3). Further, we used breakpoint
coordinates generated using genomic arrays and compared them with those identified
by RNA-Seq to test TP rates of our pipeline. Only fusions where at least one fusion gene
partner was located in a genomic breakpoint were considered as potentially TP. Genomic
array data corresponded to RNA-Seq breakpoints in 19 of the 40 cases. These uniquely
expressed TP fusions were identified in eight of the ten CLL patients with 1 to 7 fusions
per patient.

Considering candidates that were not supported by genomic arrays (21 of 40 features),
potential fusions ZMYM5-PSPC1, HACL1-COLQ, MFSD7-ATP5I, and CYTIP-ERMN,
occurring recurrently in six, three, three and two instances, respectively, were considered FP
because they represented neighboring genes (read-through). Similarly, YWHAZ-ZNF706,
LINCPINT-MKLN1, andNFATC3-PLA2G15 were also considered FP due to their adjacent
localization in the genome, although not observed recurrently. Altogether, 17 of 21 fusions
were considered FP. The remaining four fusions were not confirmed by the independent
method; in all of them, at least one fusion partner appeared recurrently in the data,
however, with a different partner. All of the four fusions could still represent TP resulting
from balanced translocations or inversions that were not detectable by genomic arrays.

To assess the ability of the meta-caller to increase TP rate, we inspected overlap between
individual callers and genomic arrays (Table 2). The meta-caller was superior to a single
caller approach with the overall 47.5% TP rate, while JAFFA, FusionCatcher, and EricScript
showed 9.4%, 8.2%, and 0.5% TP rate, respectively. Still individual callers identified TP
fusions (as designated based on the overlap with genomic array results) which were missed
by the meta-caller because they were supported only by one caller. Altogether 29 TP fusions
were detected by all callers and meta-caller with the highest number of 22 TP fusions by
FusionCatcher (Table S4). FusionCatcher and the meta-caller did not show any FP when
overlapped with genomic arrays. Detailed results of this comparison are depicted in Table 3.
Taking overall TP rates of the callers into account, the meta-caller appears as an efficient
tool for fusion gene detection.

DISCUSSION
Several mechanisms of the influence of cSVs on cancer development have been suggested.
NGS techniques provide an opportunity to unravel them by focusing on changes occurring
at both the DNA and the RNA level. However, there still is a need for designing efficient
pipelines and algorithms for consequent bioinformatic analyses. In this article, we introduce
our approach for RNA-Seq data analysis in cases with cSVs. We tested the proposed
workflow on a set of ten CLL patients with chromothripsis to validate the efficiency of our
method.

Although cSVs reminiscent of chromothripsis likely share a common mechanism of
origin across cSV cases, they appear in various genomic loci and, consequently, they lead to
diverse expression profiles which makes it very difficult to select an appropriate biological
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Table 2 True positive rate of fusion genes identified using the individual pieces of software and the meta-caller.

Sample EricScript JAFFA FusionCatcher meta-caller

fusions
overall

TP TP rate
(%)

fusions
overall

TP TP rate
(%)

fusions
overall

TP TP rate
(%)

fusions
overall

TP TP rate
(%)

T1 207 3 1.45 37 5 13.51 48 4 8.33 9 3 33.33
T2 275 0 0 22 1 4.55 19 2 10.53 2 1 50.00
T3 180 0 0 13 0 0 18 0 0 1 0 0
T4 188 1 0.53 20 0 0 7 1 14.29 2 1 50.00
T5 211 2 0.95 8 2 25.00 10 1 10.00 3 2 66.67
T6 165 0 0 16 1 6.25 14 1 7.14 1 1 100.00
T7 182 0 0 15 3 20.00 31 4 12.90 6 3 50.00
T8 133 0 0 12 0 0 39 1 2.56 1 0 0
T9 336 0 0 30 1 3.33 29 1 3.45 4 1 25.00
T10 189 4 2.12 29 6 20.69 53 7 13.21 11 7 63.64
TOTAL 2,066 10 0.48 202 19 9.41 268 22 8.21 40 19 47.50

group as a control. Unfortunately, the majority of conventional tools for differential gene
expression (Robinson, McCarthy & Smyth, 2010; Love, Huber & Anders, 2014) are designed
to distinguish two (or more) biological groups (i.e., treated vs. untreated), with each
of them bearing uniform expression profiles. To the best of our knowledge there is no
well-established tool for individual sample expression analysis. Thus, we developed PComp,
a statistical framework for RNA-Seq differential gene expression analysis, that allows us to
describe the impact of genomic changes through identification of exclusive features related
to an actual cSV pattern in a given case. We believe this is the first approach developed
and fully dedicated to address this challenge. A set of significantly deregulated genes,
according to the regression model and one sample t -test, is the output of the analysis.
PComp provides solid results comparable with transcriptomic array analysis and in our
comparison performed better than limma tool, which is used widely for RNA-Seq data
analysis. Although in our experimental setup we expected unique expression profiles for
individual samples of our sample set, it is possible to specify the number of samples that
can share expression similarities within the tool. We believe that the PComp approach is
versatile and applicable to various RNA-Seq experimental designs and biological questions
where a single sample expression profile is desired. Last but not least, the PComp tool is
freely available on GitHub and easy to use by the potential users on their own data.

Another common feature of cSV case is the formation of fusion genes originating
in chromosome shattering and consequent segment rejoining. Approximately 20% of
fusion genes are expressed (Boeva et al., 2013), which in theory leads to the assembly of de
novo proteins with aberrant structure and function. Aberrant protein products of fusion
genes can influence important biological processes through direct or indirect regulation
of expression of various genes which can eventually be reflected in the overall expression
profile. Effective screening for such events in various diagnoses could help with identifying
specific, potentially targetable disease markers (Holderfield et al., 2014).
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Table 3 Overlap between gene fusions identified by RNA-Seq and genomic breakpoints detected by
genomic arrays.Numbers of true positive (TP), false positive (FP) and false negative (FN) results evalu-
ated using the individual callers and the meta-caller in a set of total 29 fusion genes overlapping with ge-
nomic breakpoints.

Software Fusions identified
by overlap between
RNA-Seq and arrays

TP FP FN

EricScript 17 10 7 19
FusionCatcher 22 22 0 7
JAFFA 21 19 2 10
meta-caller 19 19 0 10

Current approaches for fusion gene identification have many limitations. Among them,
a high FP rate represents a significant obstacle, often hindering proper analysis (Boeva
et al., 2013). Apart from that, in cSV cases, one must also deal with fundamental structural
complexity. Thus, a need for the development of new software and tools to address these
challenges is obvious. In our test cohort, we tested four state-of-the-art tools for fusion
gene identification; from which we selected EricScript, JAFFA, and FusionCatcher based on
their performance. To increase the precision of fusion gene identification and to overcome
possible technical issues potentially resulting in FPs, we applied a method of consensus
fusion gene calling where we combined results filtered to confidence subsets from the
selected methods (Liu et al., 2016) in our in-house meta-caller. Consensus calling improves
the precision of results, increases overall TP rate and significantly saves time, which needs
to be dedicated to manual inspection of the results. In the consensus calling approach, a
low rate of FP results is the biggest advantage, on the other hand, some TPs can be lost due
to their detection by a single caller. Notwithstanding, there has not been a tool providing an
optimal solution for handling potential TPs and FPs and considering the overall TP rates
of the tested callers, our meta-caller appears as a good solution for fusion gene detection.

Our analytical procedure was able to detect 40 fusion genes from RNA-Seq data of the
ten CLL cases. We localized genomic breakpoints, compared the data with coordinates
assessed by genomic arrays and found high overlap between the methods. We have also
found cases where no TP fusions were identified; we hypothesize that in these cases fusion
genes were either not present, transcribed or were below the detection limit of RNA-Seq
experiment. We identified several FPs in our RNA-Seq results. The most common reason
for their detection was adjacent localization of the partners in the genome leading to their
coupled transcription. Some of them occurred in the dataset recurrently, which is highly
unlikely in cases with cSVs differing considerably among the samples. However, we have
also noted genes recurring in fusions but with different partners localized even on different
chromosomes. We did not consider these directly as FPs though they were not confirmed
by other methods, since genomic arrays may produce false negative results due to balanced
translocations or inversions.
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CONCLUSIONS
Complex structural variants, such as chromothripsis, have a significant impact on cellular
physiology and thus also dramatically influence the biological features of a cell. Advanced
experimental approaches, e.g., total RNA-Seq, has enabled the study of the causes and
consequences of chromosomal shattering in detail, however, the bioinformatic component
of the analysis still needs improvement. We developed bioinformatic pipelines for
differential gene expression analysis and fusion gene identification in RNA-Seq data.
We applied the pipelines to the set of CLL cases with chromothripsis and obtained results
highly consistent with other experimental approaches (transcriptomic and genomic arrays).
In our test dataset, the PComp tool outperformed well-established limma approach and
the meta-caller dramatically increased overall TP rate of fusion gene detection and allowed
for effective FP filtering. The general algorithm and the steps of our pipelines are broadly
applicable in many experimental setups.
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Abstract
Acute lymphoblastic leukemia (ALL) is the most frequent pediatric cancer. Fusion genes are hallmarks of ALL, and they are used as
biomarkers for risk stratification as well as targets for precision medicine. Hence, clinical diagnostics pursues broad and
comprehensive strategies for accurate discovery of fusion genes. Currently, the gold standard methodologies for fusion gene
detection are fluorescence in situ hybridization and polymerase chain reaction; these, however, lack sensitivity for the identification of
new fusion genes and breakpoints. In this study, we implemented a simple operating procedure (OP) for detecting fusion genes. The
OP employs RNA CaptureSeq, a versatile and effortless next-generation sequencing assay, and an in-house as well as a purpose-
built bioinformatics pipeline for the subsequent data analysis. The OP was evaluated on a cohort of 89 B-cell precursor ALL (BCP-
ALL) pediatric samples annotated as negative for fusion genes by the standard techniques. TheOP confirmed 51 samples as negative
for fusion genes, and, more importantly, it identified known (KMT2A rearrangements) as well as new fusion events (JAK2
rearrangements) in the remaining 38 investigated samples, of which 16 fusion genes had prognostic significance. Herein, we describe
the OP and its deployment into routine ALL diagnostics, which will allow substantial improvements in both patient risk stratification
and precision medicine.
Introduction arises from the accumulation of new deletions and mutations
Acute lymphoblastic leukemia (ALL) is the most common
pediatric cancer.1 The 5-year survival rate exceeds 85% in
children, but the survival following relapse is poor.2 Analysis of
paired diagnosis/relapse ALL samples shows clonal diversity that
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rearrangements that mainly disrupt genetic regulators of normal
hematopoiesis as well as lymphoid development (e.g., those
involving RUNX1 and ETV6) and constitutively activate
tyrosine kinases4 (e.g., ABL1 chimeras). Thus, fusion genes are
hallmarks of ALL that play a pivotal role in leukemogenesis, and
their identification is crucial for patient risk stratification.5

Common fusion genes in B-lineage ALL are: t(12;21)(p13;q22),
encoding ETV6-RUNX1 (TEL-AML); t(1;19)(q23;p13), encoding
TCF3-PBX1 (E2A-PBX1)6; t(9;22)(q34;q11.2), resulting in forma-
tion of the “Philadelphia” chromosome, encoding BCR-ABL1;
rearrangements of KMT2A (MLL) at 11q23 to a range of fusion
partners7; and rearrangementsof the cytokine receptorgeneCRLF2
at the pseudo autosomal region 1 (PAR1) at Xp22.3/Yp11.3.8,9

Fusion genes correlate with the clinical outcome, and they are used
as biomarkers for patient risk stratification10: for example, patients
positive for t(12;21)/ETV6-RUNX1 have the most favorable
prognosis, whereas t(9;22)/BCR-ABL1, t(1;19)/TCF3-PBX1, and
KMT2A-AFF1 correlate with a brief disease latency and have a
poor prognosis.10,11 Moreover, specific drug inhibitors antagoniz-
ing the fusionproteins provide amore efficient and less toxic tool for
disease eradication (precision medicine): for example, the imatinib
tyrosine kinase inhibitor inhibits the oncogenic deregulation caused
by the (9;22)/BCR-ABL1 fusion protein.12

Before the next generation sequencing (NGS) era, elaborate
and extensive cytogenetic studies lead to the description of few
recurrent and highly expressed fusion genes,13 such as BCR-
ABL1 and ETV6-RUNX1. The characterization of their break-
point coordinates enabled the design of diagnostic screening by
both quantitative multiplex polymerase chain reaction (qPCR)
and fluorescence in situ hybridization (FISH).14 The recent
introduction of NGS allowed a fast and accurate screening of the
patient’s genome at the nucleotide level, which lead to the
discovery of a broad array of previously unknown fusion genes.15

This reflects the increased capability of NGS to recognize subtle
chromosomal rearrangements. On the contrary, FISH may only
detect exchanges of considerably larger chromosome segments,
without nucleotide precision, while qPCR screenings can identify
already known fusion gene breakpoints only.16

Whole transcriptome sequencing (RNAseq), together with open-
source bioinformatics tools, has already been applied to identifying
fusion genes.17 Whole RNAseq performs well in the detection and
quantification of highly and medium abundant transcripts, but it
may fail in cases of low abundance transcripts.18 The RNA capture
sequencing (RNACaptureSeq) is a probe-based assay for capturing,
amplifying, and sequencing genomic regions of interest only
(targets). The RNA CaptureSeq generates libraries of small
fragments (250–300 bp) in a short time (2.5 days) compared to
wholeRNAseq, and it is compatiblewith thewell-knownMiSeqand
NextSeq Illumina NGS platforms. RNA CaptureSeq is sensitive to
low abundance transcript variants of targeted genes19; however, the
detection of fusion transcriptsmay be compromisedwhen the fusion
partner gene isnot part of the captureprocedure (unknownpartner).
This scenario reduces discoverability of fusion transcripts to only
those fragments that span the target gene breakpoint.
We have developed and herein present a simple, efficient, and

ready-to-use operating procedure (OP) for the clinical identifica-
tion of fusion genes in B-cell ALL. The OP is based on RNA
CaptureSeq, and it is supported by an in-house bioinformatics
pipeline that is purpose-built to detect and extend fragments
spanning the fusion gene breakpoint. We applied the OP to a
cohort of 89 B-cell ALL pediatric patients enrolled in the AIEOP-
BFM ALL clinical protocol20 that were annotated as negative to
fusion genes by the standard screening methods. This paper
2

summarizes the results of the OP applied to clinical diagnostics
and discusses its implications for patient risk stratification.
Results

Comparison of available bioinformatics pipelines

We developed a bioinformatic method for fusion gene assessment
from RNA CaptureSeq datasets and evaluated it on a training
dataset composed of 23 samples evaluated as positive to 6 different
fusion genes, namely t(9;22)/BCR-ABL1, t(12;21)/ETV6-RUNX1,
t(4;11)/KMT2A-AFF1, del(X)/P2RY8-CRLF2, t(1;19)/TCF3-
PBX, and t(9;11)/KMT2A-MLLT3, by standard methods. Our
method distinguished all 6 sample-specific fusion genes within the
dataset. In addition,we analyzed the same training dataset through
Illumina BaseSpace, STAR-Fusion,21 and the customized pipeline
described by Jennifer L.Winters et al.22 The STAR-Fusion tool did
not detected 1 out of 6 fusion genes (del(X)/P2RY8-CRLF2), while
the Illumina BaseSpace did not detect 2 out of 6 fusion genes (t
(9;11)/KMT2A-MLLT3 and t(4;11)/ KMT2A- AFF1). The
method described by Jennifer L. Winters et al. did not detect 3
out of 6 fusion genes (t(1;19)/TCF3-PBX, t(9;11)/KMT2A-
MLLT3, and del(X)/P2RY8-CRLF2) (Table 1).
The ability of our procedure to detect all fusion transcripts

derives from the fine-tuning of the bioinformatics pipeline to
cover the specific RNA target–capture scenario, where both genes
involved in the fusion are not always captured (see Material and
Methods and Fig. 1). For these reasons, we applied only our
method in the subsequent analyses.

Evaluation of the OP in clinical diagnosis

RNA material obtained from patient bone marrow mononuclear
cells at the onset or relapse of the disease was sequenced using the
RNA PanCancer (Illumina, San Diego, CA). Raw FASTQ files
underwent quality control and were afterwards analyzed through
our system. A detailed description of the OP strategy is available in
the Materials and Methods section. The time required for the
procedure fromlibrarypreparationtoobtainingresultswas2.5days.
We screened a cohort of 89 samples of B-cell ALL leukemia (test

set) for positivity to fusion genes. All samples were negative for the
fusion genes t(12;21)/ETV6-RUNX1, t(9;22)/BCR-ABL1, t(4;11)/
KMT2A-AFF1, and t(1;19)/TCF3-PBX1 by the standard screening
methods. The test set was divided into 3 groups: frontline high-risk
(HR), relapse (RL), and patients with a high value of minimal
residual disease (MRD) at day 33 of chemotherapy induction (TP1
+). Overall, the OP identified 26 different fusion genes in 38 out of
the 89 investigated samples, with the transcripts of 16 of them being
of prognostic value (Table 2 and Suppl. Table 1, Supplemental
DigitalContent, http://links.lww.com/HS/A34).Newfusiongenes in
B-cell ALL and not recorded in public databases were validated
through reverse transcription PCR (RT-PCR) or FISH to discern
between false and true positives (Supplementary Table 2, Supple-
mental Digital Content, http://links.lww.com/HS/A34).
OP applied to the frontline HR group

Seven out of 16 samples (43%) resulted as positive for fusion genes
(Fig. 2a). Four samples carried fusion genes recurrently associated
to B-cell ALL: t(5;5)/EBF1-PDGFRB (n=2), t(9;9)/PAX5-JAK2
(n=1), and t(12;19)/ZNF384-TCF3 (n=1) and 3 samples were
positive for t(19;19)/TCF3-OAZ1 (n=1), t(7;7)/IKZF1-DDC (n=
1), t(2;9)/ZEB2-JAK2 (n=1), and t(9;17)/MPRIP-JAK2 (n=1)
L
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Table 1

Comparison of available bioinformatics pipelines.

Metadata Bioinformatics Pipeline
Sample Blast% Fusion gene Raw-reads FASTQC Probes Internal BaseSpace TopHat Star-Fusion

KN1 90 t(9;22) BCR-ABL1 3.22E+06 + t/p + + + +
KN2 90 t(12;21) ETV6-RUNX1 5.19E+06 + t/p + + ND +
KN3 92 t(4;11) KMT2A-AFF1 5.60E+06 + t/p + + ND +
KN4 90 t(9;22) BCR-ABL1 4.76E+06 + t/p + + ND +
KN5 93 t(9;22) BCR-ABL1 6.06E+06 + t/p + + ND +
KN5 93 t(12;21) ETV6-RUNX1 6.06E+06 + t/p + + ND +
KN6 98 del(X) P2RY8-CRLF2 3.81E+06 + t/p + + ND ND
KN7 NA t(9;22) BCR-ABL1 2.41E+06 + t/p + + ND +
KN8 NA t(4;11) KMT2A-AFF1 2.57E+06 + t/p + + ND +
KN9 91 t(1;19) TCF3-PBX 2.46E+06 + t/p + + ND +
KN10 64 t(12;21) ETV6-RUNX1 2.30E+06 + t/p + + ND +
KN11 NA t(9;11) KMT2A-MLLT3 2.50E+06 + t/p + + ND +
KN12 NA t(9;22) BCR-ABL1 1.62E+06 + t/p + + + +
KN13 NA t(4;11) KMT2A-AFF1 2.40E+06 + t/p + + + +
KN14 91 t(1;19) TCF3-PBX 6.53E+05 + t/p + + ND +
KN15 64 t(12;21) ETV6-RUNX1 2.47E+06 + t/p + + ND +
KN16 NA t(9;11) KMT2A-MLLT3 6.21E+06 + t/p + ND ND +
KN17 NA t(9;22) BCR-ABL1 5.29E+06 + t/p + + ND +
KN18 93 t(4;11) KMT2A-AFF1 3.17E+06 + t/p + ND ND +
KN19 90 t(4;11) KMT2A-AFF1 6.56E+06 + t/p + + + +
KN20 93 t(1;19) TCF3-PBX 6.73E+06 + t/p + + ND +
KN21 94 t(4;11) KMT2A-AFF1 4.50E+06 + t/p + + ND +
KN22 70 t(12;21) ETV6-RUNX1 4.66E+06 + t/p + + + +
KN23 97 t(9;22) BCR-ABL1 5.44E+06 + t/p + + + +
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fusion genes. All fusion transcripts were confirmed by RT-PCR,
while the novel fusion genes t(2;9)/ZEB2-JAK2 (n=1) and t(9;17)/
MPRIP-JAK2 were validated through FISH (Suppl. Fig. 1,
Supplemental Digital Content, http://links.lww.com/HS/A34).

OP applied to the TP1+ group

The OP identified fusion genes in 19 out of 49 samples (38.8%)
(Fig. 2b). Nine samples were evaluated as positive for fusion
FIGURE 1. The standard operating procedure: (A) RNA CaptureSeq protocol allo
probes; then, the captured fragments are sequenced, and the FASTQ file quality is
allows the identification of fusion genes through the identification of putative brea

3

genes that are frequent in B-cell ALL: t(17;19)/TCF3-HLF (n=
2), del(X)/P2RY8-CRLF2 (n=3), t(5;5)/EBF1-PDGFRB (N=
2), t(12;19)/ETV6-JAK3 (n=1), t(12;22)/ZNF384-EP300 (n=
1). We also identified a novel inter-chromosomal rearrange-
ment, t(9;20)/PAX5-C20orf112 (n=1), and a variety of intra-
chromosomal fusion genes (n=9) that were already annotated
in public databases, and we validated them by RT-PCR (Suppl.
Table 1, Supplemental Digital Content, http://links.lww.com/
HS/A34).
ws the isolation of specific genomic regions (targets) through complementary
evaluated. (B) The bioinformatics pipeline includes four sequential steps, which
k-points on the genomic sequences of targeted genes.
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Table 2

RNAseq Fusion transcripts identified by our OP.
fz Fusion gene Probes Progn. PCR FusionHub

6 t(8;8) NDRG1-ST3GAL1 t � + [’CHIMERSEQ’, ’Tumor_Fusion_GDP’,’HPA’,’Banned_dataset’,’Known_Fusions’]
5 t(5;5) CAMK2A-CD74 t/p � + [’Known_Fusions’]
5 del(X) P2RY8-CRLF2 t/p + + [’CHIMERPUB’, ’FARE-CAFE’, ’TICDB’]
4 t(5;5) PDGFRB-EBF1 t/p + + [’CHIMERSEQ’, ’CHITARS’, ’Known_Fusions’]
3 t(13;13) PSPC1-ZMYM2 p � + [’Banned_Dataset’,’GTEx’]
3 t(19;19) DOT1L-OAZ1 t � + [’HPA’, ’Banned_Dataset’]
2 t(10;10) PTEN-RNLS t � + [’Tumor_Fusion_GDP’]
2 5(13;13) RB1-RCBTB2 t � + [’GTEx’]
2 t(17;19) TCF3-HLF t/p + + [’CHIMERKB’, ’CHIMERPUB’, ’FARE-CAFE’,’TICDB’]
2 t(19;19) TCF3-OAZ1 t � + NOVEL
2 t(5;5) ARHGAP26-NR3C1 t/p � + [’HPA’, ’Banned_Dataset’,’GTEx’]
1 t(10;11) MLLT10-KMT2A t/p + + [’CHIMERKB’, ’CHIMERPUB’]
1 5(11;11) KMT2A-USP2 t/p + + [’Known_Fusions’]
1 t(12;12) BCL7A-NCOR2 t/p � + [’Known_Fusions’]
1 t(12;19) ETV6-JAK3 t/p + + NOVEL
1 t(12;19) ZNF384-TCF3 t/p + + [’CHIMERSEQ’, ’CHITARS’, ’FARE-CAFE’, ’TICDB’, ’Known_Fusions’]
1 t(12;22) ZNF384-EP300 t/p + + [’CHIMERPUB’]
1 t(17;17) SUZ12P1-CRLF3 t � + [’18_Cancers’]
1 t(9;17) MPRIP-JAK2 p + + NOVEL
1 t(21;21) RUNX1-DYRK1A t + + [’GTEx’]
1 t(2;9) ZEB2-JAK2 p + + NOVEL
1 t(3;9) MBNL1-PAX5 t/p + + [’Known_Fusions’]
1 t(7;7) IKZF1-DDC t � + NOVEL
1 t(9;20) PAX5-C20orf112 t + + [’CHIMERSEQ’, ’CHITARS’, ’FARE-CAFE’, ’TICDB’]
1 t(9;9) NUP214-ABL1 t/p + + [’COSMIC’,’CHIMERAKB’,’CHIMERPUB’,’CHIMERSEQ’, ’FARE-CAFE’, ’

TICDB’,’TUMOR_Fusion_GDP’,’Oesophagus_Dataset]
1 t(9;9) PAX5-JAK2 t/p + + [’COSMIC’, ’CHIMERKB’, ’FARE-CAFE’, ’TICDB’]

FIGURE 2. (A), (B), and (C) Heatmaps of detected fusion genes among different risk groups. The axes correspond to the detected fusion genes (X) and sample
names (Y). The color code represents the coverage on the fusion gene breakpoint as reported by the scale on the right. The ‘X’ tag highlights fusion genes of
prognostics relevance. (D) Fusion genes distribution in terms of intrachromosomal (green dots) or interchromosomal translocations (red triangles) in relations to the
breakpoint read coverage and percentage of blast cells.
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OP applied to the RL group

The OP identified fusion genes in 12 out of 24 samples of the RL
group (∼50%) (Fig. 2c): t(9;9)/NUP214-ABL1 (n=1), del(X)/
P2RY8-CRLF2 (n=2), t(10;11)/MLLT10-KMT2A (n=1), t
(21;21)/RUNX1-DYRK1A (n=1), and t(3;9)/PAX5-MBLN1
(n=1) fusion genes were associated with ALL and of clinical
relevance for the patients and were hence immediately validated
by RT-PCR. On the other hand, the OP identified additional
fusion genes derived from intra-chromosomal rearrangements,
such as t(8;8)/NDRG1-ST3GAL1 (n=3), t(13;13)/RB1-RCBTB2
(n=2), t(19;19)/DOT1L-OAZ1 (n=1), t(19;19)/TCF3-OAZ1
(n=1), t(5;5)/ARHGAP26-NR3C1 (n=1), and t(5;5)/CAMK2A-
CD74 (n=2), which were already annotated in public databases.
000000250 by C
ochrane C

zech R
ep
Enrichment of intra-chromosomal fusion genes

TheOP identified 26 fusion genes in 38 investigated patients (HR,
RL, and TP1+ groups). Among them, 17 (65%) fusion genes
derived from intra-chromosomal rearrangements and were
Table 3

Sample-specific fusion transcripts.

Sample Fusion gene Chromosome

HR2 TCF3-OAZ1 t(19;19)
HR3 PDGFRB-EBF1 t(5;5)
HR4 ZEB2-JAK2jIKZF1-DDC t(2;9)jt(7;7)
HR6 MPRIP-JAK2 t(9;17)
HR7 PDGFRB-EBF1 t(5;5)

HR8 PAX5-JAK2 t(9;9)
HR12 ZNF384-TCF3 t(12;19)
PT1 P2RY8-CRLF2 del(X)

PT3 P2RY8-CRLF2 del(X)
PT6 KMT2A-USP2 t(11;11)
PT7 PAX5-C20orf112 t(9;20)
PT10 TCF3-HLFjCAMK2A-CD74jPTEN-RNLS t(17;19)jt(5;5)jt(10;10)
PT11 CAMK2A-CD74 t(5;5)
PT15 ETV6-JAK3jSUZ12P1-CRLF3 t(12;19)jt(17;17)
PT18 ZNF384-EP300 chr12-chr22
PT19 CAMK2A-CD74jDOT1L-OAZ1 t(5;5)jt(19;19)
PT20 PDGFRB-EBF1 t(5;5)
PT25 NDRG1-ST3GAL1 t(8;8)
PT28 TCF3-HLF t(17;19)
PT29 PDGFRB-EBF1jARHGAP26-NR3C1 t(5;5)jt(5;5)
PT33 PTEN-RNLS t(10;10)
PT34 PSPC1-ZMYM2 t(13;13)
PT37 PSPC1-ZMYM2 t(13;13)
PT38 BCL7A-NCOR2jPSPC1-ZMYM2 t(12;12)jt(13;13)
PT41 DOT1L-OAZ1jNDRG1-ST3GAL1 t(19;19)jt(8;8)
PT46 P2RY8-CRLF2jNDRG1-ST3GAL1 del(X)jt(8;8)
RL1 MLLT10-KMT2A t(10;11)
RL6 P2RY8-CRLF2 del(X)
RL7 CAMK2A-CD74jNDRG1-ST3GAL1 t(5;5)jt(8;8)
RL8 MBNL1-PAX5 t(3;9)
RL10 CAMK2A-CD74jNDRG1-ST3GAL1 t(5;5)jt(8;8)
RL12 NDRG1-ST3GAL1jTCF3-OAZ1jDOT1L-OAZ1 t(8;8)jt(19;19)jt(19;19)
RL13 P2RY8-CRLF2 del(X)
RL15 NUP214-ABL1 t(9;9)
RL17 RB1-RCBTB2 t(13;13)
RL20 RB1-RCBTB2 t(13;13)
RL22 RUNX1-DYRK1A t(21;21)
RL25 ARHGAP26-NR3C1 t(5;5)

5

supported by a low read coverage (∼20� to∼50�) in coexistence
with high levels of blast cells in the BM (∼70% to ∼96%)
(Fig. 2d). We did not observe a correlation between intra-
chromosomal fusion genes associated with recurrent chromo-
somal translocations in B-cell ALL (Table 3). RT-PCR confirmed
frequent B-cell ALL intra-chromosomal fusion genes, such as
PDGFRB-EBF1, NUP214-ABL1, and PAX5-JAK2 (Suppl. Ta-
ble 2, Supplemental Digital Content, http://links.lww.com/HS/
A34). P2RY8-CRLF2 fusions were not confirmed by RT-PCR
since those samples correlated with del(X)(p22p22) detected by
multiplex ligation-dependent probe amplification and highly
expressed CRLF2 detected by gene expression profile (data not
presented). We further investigated gene expression levels in
healthy whole-blood samples for genes involved in intra-
chromosomic fusions as well as those not known in B-cell
ALL (n=21, gene set) through the GTEx portal.23 Sixteen genes
had transcript per million (TPM) expression levels from medium
to high (TPM greater than 5.4), while 5 of them had low levels
(TPM between 1 and 5.4) (Fig. 3). Also, some intra-chromosome
fusion transcripts involved genes spatially close, within a range of
% Leukemic cell in BM Sex Karyotype

98 F
60 M
NA M
NA M
53 M 46,XY,der(1)inv(1)(q21q31)dup

(1)(q31q32)[8]/46,XY[14]
NA M
90 F
91 M 46,XY, der(9)T(9;?)(p13;?), -13, add

(13)(q34), +21 [10]/47,XY,+21[4]
95 M
NA M
NA M
NA F
90 M
90 F
85 M
NA M
80 F
NA F
95 F
98 F
NA M
NA F
80 M
NA F
NA M
NA F
90 M
76 M
70 M
NA M
NA M
97 M
98 F 47,XX,+21c[14]
92 F
40 M
NA M
NA M
99 F
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FIGURE 3. Gene expression profile of genes involved in intra-chromosomal
fusion genes but not associated to ALL.
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150 to 250kb, and annotated as conjoined genes. Indeed, we
validated those fusion gene events by RT-PCR and confirmed
their nucleotide sequences by Sanger sequencing (Suppl. Table 2,
Supplemental Digital Content, http://links.lww.com/HS/A34).

Discussion

Fusion genes are hallmarks of ALL both in pediatric and adult
patients; their identification is crucial to design a risk-reducing-
driven chemotherapy treatment (precision medicine). Precision
medicine allows either very low-risk patients to proceed with
standard therapy or very high-risk patients to be candidates for
experimental and/or targeted therapies. For this purpose,
sensitive, specific, and comprehensive screening of selected
genomic regions prone to chromosomic breaks are needed in
routine diagnostics to identify the increasing variety of fusion
genes.
We built a versatile and straightforwardOP to recognize fusion

genes at nucleotide resolution without any a priori knowledge,
which overcomes the limitations of qPCR and FISH. The OP
employs an RNA CaptureSeq panel that allows targeted
transcriptome sequencing through a simple library preparation
protocol. For the subsequent data analysis, we fine-tuned a
bioinformatics pipeline that deploys robust and stable tools,
which can be easily set up on any operative system through the
Anaconda Platform. Our bioinformatics pipeline recognized all
fusion genes harbored by samples within the training dataset,
while the Star-Fusion, Illumina BaseSpace, and the strategy
proposed byWinter et al reached 83%, 66%, and 50% success in
fusion transcripts identification, respectively. Prognostically
significant and frequent B-cell precursor ALL fusion genes such
6

as KMT2A rearrangements and P2RY8-CRLF2 were not fully
detected by the external tools. Patients harboring KMT2A
rearrangements have a particularly unfavorable progno-
sis.10,24,25KMT2A is prone to breaks in various genomic location
with several partners, thus making the detection of its resulting
fusion genes challenging. On the other hand, the repetitive nature
of the chromosome X may compromise read alignment and the
identification of the P2RY8-CRLF2 fusion gene. Our results
indicated that our purpose-built, disease- and NGS-strategy
specific bioinformatics pipeline is required for covering many
possible scenarios causing fusion genes. The evaluation of the OP
through the analysis of 89 pediatric B-cell precursor ALL samples
identified 26 different fusion genes among 38 samples that were
undetectable by the standard routine diagnostics. Sixteen of those
fusion transcripts have prognostic value since they involved
rearrangements in genes driving leukemogenesis (KMT2A, JAK2,
and PAX5). Moreover, the newly identified fusion genes t(2;9)/
ZEB2-JAK2 and t(9;17)/MPRIP-JAK2, which are possibly
targetable by JAK/STAT inhibitors, highlight the potential of
our OP for precision medicine and biomarker discovery.
Additionally, we detected a case of NUP214/ABL1 fusion genes
in B-cell ALL, which only 2 cases were previously reported.26 We
confirmed the increased capability provided by RNA CaptureSeq
to detect small local structural variants through the identification
of a variety of intra-chromosomal fusion genes (n=17). Multiple
intra-chromosomal fusion genes were the only detected in the
sample within our set of genes (n=1385); hence, it is not possible
to state any functional correlation between those rearrangements
and the recurrent fusion genes (such as BCR-ABL1, ETV6-
RUNX1, and KMT2A rearrangements). Some intra-chromo-
somal fusion transcripts, namely PSPC1-ZMYM2, DOT1L-
OAZ1, RB1-RCBTB2, ARHGAP26-NR3C1, were also observed
in NGS studies27,28,29 of healthy populations (e.g., GTEx,
Banned_dataset, andHPA), or annotated as conjoined genes.30,31

We also detected intra-chromosomal fusion transcripts involving
recurrent leukemogenic genes (IKZF1-DDC, P2RY8-CRLF2,
KMT2A-UPS2, MLLT10-KMT2A) that are prone to deletions
and with a prognostic value (such as IKZF1,32 and KMT2A33).
Despite RNA CaptureSeq cannot discerns between inter- and
intra- chromosome fusion genes when the same chromosomes are
involved, these previous studies suggested an intra-chromosome
origin.
In conclusion, herein we have described an NGS-based

approach suitable for the detection of fusion genes, regardless
of their expression levels, that may be incorporated into routine
ALL diagnostics, with the advantage of a substantial improve-
ment of precision medicine. Despite the OP lacks ISO certifica-
tion, our finding highlights its potential and the need to develop
bioinformatics tools addressing fusion genes detections from the
RNA CaptureSeq scenario with precision. For this purpose, our
OP may offer an idea for their implementation. Nonetheless,
further studies are required to understand the biological
significance and the potential therapeutic implication of the
additional discoveries allowed by this tool.
Materials and methods

Patient cohort

A cohort of 89 B-cell precursor (BCP) ALL patients enrolled in the
AIEOP-BFM ALL2009 protocol in Italy was sequenced by
Illumina RNA CaptureSeq PanCancer to discern prognostic
fusion genes. The cohort was composed of: 16 patients from the
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frontline HR group, with a level of MRD above 5�10 at day
+78 (TP2), who were shown as fusion gene-negative during the
screening; 49 patients TP1+, that is, with a high level of PCR-
MRD (>5�10–4 compared to diagnostic value) at day +33 from
the start of the induction therapy; and 24 patients from the RL
(defined as having at least 5�10–2 blast cells after complete
remission, CR). See Suppl. Table 3 (Supplemental Digital
Content, http://links.lww.com/HS/A34).
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Training dataset

A subgroup of 23 pediatric ALL patients enrolled in the AIEOP-
BFM ALL2009 protocol, who were positive for fusion genes by
standard clinical diagnosis, were selected. We used this subgroup
as a training dataset for the development and evaluation of our
bioinformatics pipeline of analysis for the assessment of fusion
genes.
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FISH analysis for validating the identified fusion
genes

The experiments were performed on BM metaphases from
archival methanol:acetic acid-fixed chromosome suspensions, as
previously described.17 Bacterial Artificial Chromosome (BAC)
clones were opportunely selected according to the NGS data from
the University of California Santa Cruz (UCSC) database (release
of December 2013, GRCh38/hg38) and previously tested on
normal human metaphases. Briefly, chromosome preparations
from BM cells were hybridized in situ with 1 mg of each BAC
probe labeled by nick translation. Hybridization was performed
at 37°C in 2� saline–sodium citrate (SSC), 50% (vol/vol)
formamide, 10% (w/vol) dextran sulfate, 5 mg Cot-1 DNA
(Bethesda Research Laboratories, Gaithersburg, MD, USA), and
3 mg sonicated salmon sperm DNA in a volume of 10 mL. Post-
hybridization washings were performed at 60°C in 0.1� SSC (3
times). In co-hybridization experiments, the probes were directly
labeled with fluorescein, Cy3, and Cy5 or indirectly with biotin–
dUTP and subsequently detected by 7-(diethylamino)coumarin-
3-carboxylic acid N-succinimidyl ester-conjugated streptavidin.
Chromosomes were identified by DAPI staining. Digital images
were obtained using a Leica DMRXA epifluorescence microscope
equipped with a cooled CCD camera (Princeton Instruments,
Boston, MA). All fluorescence signals that were detected using
specific filters were recorded separately as gray-scale images.
Pseudo-coloring and merging of images were performed with
Adobe Photoshop software.
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Enrichment analysis

Ensembl gene IDs were extracted through the BioMart API
(https://www.ensembl.org/biomart). Gene expression profile
data from non-diseased samples were obtained from the GTEx
portal through submission of the corresponding ENSEMBL gene
ID (https://gtexportal.org/home/).
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External tools for fusion gene assessment

The Illumina BaseSpace pipeline for the identification of fusion
genes first aligns filtered FASTQ files to the reference human
genome through the TopHat34 (v. 2.1.0) or STAR35 aligner (v.
2.5.0a). Then, the STAR aligner supports Manta-fusion and the
TopHat aligner supports the TopHat-fusion36 to identify
7

candidate fusion genes. For the purpose of our analysis, we
required the Illumina BaseSpace to recognize the sample-specific
fusion gene by at least one application. The STAR-Fusion tool, v.
1.5.0, was utilized with standard parameters on the GRCh38.p12
genome reference and the corresponding Gencode37 annotation
set.We simulated the customized pipeline described by Jennifer L.
Winters et al by deploying TopHat v. 2.1.1, which included
TopHat-Fusion, and running the TopHat-Fusion pipeline with
the Bowtie138 flag activated.
Operating procedure

TheOP consists of a laboratory and a bioinformatics module that
has been built to both maximize the efficiency and minimize the
time of ALL clinical diagnostics. Each element of the laboratory
module is fully customizable and commercially available,
whereas each tool deployed for the bioinformatics module is
freely available through the Anaconda Platform (https://www.
anaconda.com/).

Laboratory module
RNA extraction protocol. Total RNA was extracted during
diagnosis from bone marrow mononuclear cells by the
guanidinium thiocyanate–phenol–chloroform method. Guani-
dine methods were used for total RNA preparation, as described
by Sacchi et al.39

RNA CaptureSeq and sample sequencing. The RNA CaptureSeq
‘TruSight RNA PanCancer’ (Illumina), which includes 57,010
probes complementary to 21,043 coding regions for a total of
1385 cancer-related RNA transcripts, was applied (Fig. 1a). The
protocol required 2.5 days, from library preparation to NGS
sequencing. The sample libraries were prepared per the
manufacturer’s protocol using 10 ng of total RNA. Batches of
8 samples per run were sequenced through cartridge V3 on the
Illumina MiSeq platform in a 75 bp paired-end setting for a total
of 25 million paired-end reads (PE reads). The cost per sample
was about 250 USD. A detailed list of targeted regions can be
obtained from Illumina (https://support.illumina.com/sequenc
ing/sequencing_kits/trusight-rna-pan-cancer-panel/downloads.
html).

Bioinformatics module
FASTQ file quality control. The raw FASTQ quality control was
performed using the FASTQC tool (https://www.bioinformatics.
babraham.ac.uk/), which provided information on reads in terms
of sequence duplication levels, per base and per sequence average
quality score, sequence length distribution, and adapter content.

Fusion gene assessment. A purpose-built bioinformatics pipeline
was developed to detect fusion genes from RNA CaptureSeq
datasets. The pipeline deploys stable and open-source bioinfor-
matics tools in a sequential mode (Fig. 1b):

40
–
 Alignment to targets. BWA-MEM v. 0.7.15-r1140 aligned
PE reads to the genomic sequences of the targeted genes. The PE
reads that did not map entirely on the reference genome
through SAMTOOLS41 v. 1.8 were isolated; these PE reads
(informative) may derive from fragments of the fusion gene
breakpoint.
Assembly. The informative reads are assembled into longer
–
sequences (contigs) through the SPAdes42 v. 3.12.0 tool.
ns L
icense

http://links.lww.com/HS/A34
https://www.ensembl.org/biomart
https://gtexportal.org/home/
https://www.anaconda.com/
https://www.anaconda.com/
https://support.illumina.com/sequencing/sequencing_kits/trusight-rna-pan-cancer-panel/downloads.html
https://support.illumina.com/sequencing/sequencing_kits/trusight-rna-pan-cancer-panel/downloads.html
https://support.illumina.com/sequencing/sequencing_kits/trusight-rna-pan-cancer-panel/downloads.html
https://www.bioinformatics.babraham.ac.uk/
https://www.bioinformatics.babraham.ac.uk/
http://www.hemaspherejournal.com


16. Bacher U, Shumilov E, Flach J, et al. Challenges in the introduction

Grioni et al A Simple RNA Target Capture NGS Strategy for Fusion Genes Assessment in the Diagnostics of Pediatric B-cell Acute Lymphoblastic Leukemia

 25729241, 2019, 3, D
ow

nloaded from
 https://on
SPAdes was run with 3 different settings of k-mer size (25, 31,
and 51) to cover any possible contig scenarios, thusmaximizing
the sensitivity of our strategy. This step is critical since more
extended sequences have a higher chance of correctly aligning
on the fusion gene partner at the genomic level.
Alignment to the complete genome. BWA-MEM aligned contig
linelib
–
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sequences to the complete human genome (GRCh38.p12).
SAMTOOLS then retrieved contig sequences that showed
chimeric features, thus mapping the 50- and 30-sides of different
genomic locations.
Gene annotation and fusion gene assessment. The chimeric
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–
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sequences were annotated with BEDTOOLS43 v. 2.27.0 and
GENCODE37 release 29 (GRCh38.p12) annotation. Any
chimeric sequence with different gene annotation between
the 50- and 30-side were termed fusion genes. These were
queried to the web-application FusionHub44 to highlight fusion
genes already described in other studies.
Description of public databases is provided by the FusionHub’s
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authors (https://www.ncbi.nlm.nih.gov/pmc/articles/
PMC5929557/table/pone.0196588.t001/?report=objectonly).

REFERENCES

1. Inaba H, Greaves M, Mullighan CG. Acute lymphoblastic leukaemia.
Lancet. 2013;381:1943–1955. doi:10.1016/S0140-6736(12)62187-4.

2. Nguyen K, Devidas M, Cheng S-C, et al. Factors influencing survival
after relapse from acute lymphoblastic leukemia: a Children’s Oncology
Group study. Leukemia. 2008;22:2142–2150. doi:10.1038/leu.2008.
251.

3. Hunger SP, Mullighan CG. Redefining ALL classification: toward
detecting high-risk ALL and implementing precision medicine. Blood.
2015;125:3977–3987. doi:10.1182/blood -2015- 02-580043.

4. Iacobucci I, Mullighan CG. Genetic basis of acute lymphoblastic
leukemia. J Clin Oncol. 2017;35:975–983. doi:10.1200/JCO.
2016.70.7836.

5. Harrison CJ. Cytogenetics of paediatric and adolescent acute
lymphoblastic leukaemia. Br J Haematol. 2009;144:147–156.
doi:10.1111/j.1365-2141.2008.07417.x.

6. Felice MS, Gallego MS, Alonso CN, et al. Prognostic impact of t(1;19)/
TCF3-PBX1 in childhood acute lymphoblastic leukemia in the context
of Berlin-Frankfurt-Münster-based protocols. Leuk Lymphoma.
2011;52:1215–1221. doi:10.3109/10428194.2011.565436.

7. Winters AC, Bernt KM. MLL-rearranged leukemias-an update on
science and clinical approaches. Front Pediatr. 2017;5:4doi:10.3389/
fped.2017.00004.

8. Harvey RC, Mullighan CG, Chen I-M, et al. Rearrangement of CRLF2 is
associated with mutation of JAK kinases, alteration of IKZF1, Hispanic/
Latino ethnicity, and a poor outcome in pediatric B-progenitor acute
lymphoblastic leukemia. Blood. 2010;115:5312–5321. doi:10.1182/
blood -2009- 09-245944.

9. Russell LJ, Capasso M, Vater I, et al. Deregulated expression of
cytokine receptor gene, CRLF2, is involved in lymphoid transformation
in B-cell precursor acute lymphoblastic leukemia. Blood.
2009;114:2688–2698. doi:10.1182/blood-2009-03-208397.

10. Pui C-H, Robison LL, Look AT. Acute lymphoblastic leukaemia. Lancet.
2008;371:1030–1043. doi:10.1016/S0140-6736(08)60457-2.

11. Stam RW. MLL-AF4 driven leukemogenesis: what are we missing? Cell
Res. 2012;22:948–949. doi:10.1038/cr.2012.16.

12. Iqbal N, Iqbal N. Imatinib: a breakthrough of targeted therapy in
cancer. Chemother Res Pract. 2014;2014:357027doi:10.1155/2014/
357027.

13. Nowell PC, Hungerford DA. Chromosome studies on normal and
leukemic human leukocytes. J Natl Cancer Inst. 1960;25:85–109. http://
www.ncbi.nlm.nih.gov/pubmed/14427847. Accessed February 19,
2019.

14. Iijima-Yamashita Y, Matsuo H, Yamada M, et al. Multiplex fusion gene
testing in pediatric acute myeloid leukemia. Pediatr Int. 2018;60:47–51.
doi:10.1111/ped.13451.

15. Mertens F, Johansson B, Fioretos T, et al. The emerging complexity of
gene fusions in cancer. Nat Rev Cancer. 2015;15:371–381.
doi:10.1038/nrc3947.
8

of next-generation sequencing (NGS) for diagnostics of myeloid
malignancies into clinical routine use. Blood Cancer J.
2018;8:113doi:10.1038/s41408-018-0148-6.

17. Kumar S, Vo AD, Qin F, et al. Comparative assessment of methods for
the fusion transcripts detection from RNA-Seq data. Sci Rep.
2016;6:21597doi:10.1038/srep21597.

18. Mercer TR, Clark MB, Crawford J, et al. Targeted sequencing for gene
discovery and quantification using RNA CaptureSeq. Nat Protoc.
2014;9:989–1009. doi:10.1038/nprot.2014.058.

19. Clark MB, Mercer TR, Bussotti G, et al. Quantitative gene profiling of
long noncoding RNAs with targeted RNA sequencing. Nat Methods.
2015;12:339–342. doi:10.1038/nmeth.3321.

20. Conter V, Bartram CR, Valsecchi MG, et al. Molecular response to
treatment redefines all prognostic factors in children and adolescents
with B-cell precursor acute lymphoblastic leukemia: results in 3184
patients of the AIEOP-BFM ALL 2000 study. Blood. 2010;115:3206–
3214. doi:10.1182/blood -2009- 10-248146.

21. Haas B, Dobin A, Stransky N, et al. STAR-fusion: fast and accurate
fusion transcript detection from RNA-seq. bioRxiv. 2017;120295. doi:
https://doi.org/10.1101/120295.

22. Winters JL, Davila JI, McDonald AM, et al. Development and verification
of an RNA sequencing (RNA-Seq) assay for the detection of gene
fusions in tumors. J Mol Diagn. 2018;20:495–511. doi:10.1016/J.
JMOLDX.2018.03.007.

23. GTEx Consortium TGteThe genotype-tissue expression (GTEx) project.
Nat Genet. 2013;45:580–585. doi:10.1038/ng.2653.

24. van der Linden MH, Valsecchi MG, De Lorenzo P, et al. Outcome of
congenital acute lymphoblastic leukemia treated on the Interfant-99
protocol. Blood. 2009;114:3764–3768. doi:10.1182/blood -2009- 02-
204214.

25. Pieters R, Schrappe M, De Lorenzo P, et al. A treatment protocol for
infants younger than 1 year with acute lymphoblastic leukaemia
(Interfant-99): an observational study and a multicentre randomised
trial. Lancet. 2007;370:240–250. doi:10.1016/S0140-6736(07)61126-X.

26. Roberts KG, Morin RD, Zhang J, et al. Genetic alterations activating
kinase and cytokine receptor signaling in high-risk acute lymphoblastic
leukemia. Cancer Cell. 2012;22:153–166. doi:10.1016/j.ccr.
2012.06.005.

27. Puig-Oliveras A, Revilla M, Castelló A, et al. Expression-based GWAS
identifies variants, gene interactions and key regulators affecting
intramuscular fatty acid content and composition in porcine meat. Sci
Rep. 2016;6:31803doi:10.1038/srep31803.

28. BabiceanuM, Qin F, Xie Z, et al. Recurrent chimeric fusion RNAs in non-
cancer tissues and cells. Nucleic Acids Res. 2016;44:2859–2872.
doi:10.1093/nar/gkw032.
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Low-burden TP53 mutations in chronic phase of
myeloproliferative neoplasms: association with age,
hydroxyurea administration, disease type and JAK2
mutational status
B Kubesova1,6, S Pavlova1,2,6, J Malcikova1,2, J Kabathova1, L Radova2, N Tom2, B Tichy2, K Plevova1,2, B Kantorova1,2, K Fiedorova2,
M Slavikova2, V Bystry2, J Kissova3, B Gisslinger4, H Gisslinger4, M Penka3, J Mayer1,2, R Kralovics5, S Pospisilova1,2 and M Doubek1,2

The multistep process of TP53 mutation expansion during myeloproliferative neoplasm (MPN) transformation into acute myeloid
leukemia (AML) has been documented retrospectively. It is currently unknown how common TP53 mutations with low variant allele
frequency (VAF) are, whether they are linked to hydroxyurea (HU) cytoreduction, and what disease progression risk they carry.
Using ultra-deep next-generation sequencing, we examined 254 MPN patients treated with HU, interferon alpha-2a or anagrelide
and 85 untreated patients. We found TP53 mutations in 50 cases (0.2–16.3% VAF), regardless of disease subtype, driver gene status
and cytoreduction. Both therapy and TP53 mutations were strongly associated with older age. Over-time analysis showed that the
mutations may be undetectable at diagnosis and slowly increase during disease course. Although three patients with TP53
mutations progressed to TP53-mutated or TP53-wild-type AML, we did not observe a significant age-independent impact on overall
survival during the follow-up. Further, we showed that complete p53 inactivation alone led to neither blast transformation nor HU
resistance. Altogether, we revealed patient`s age as the strongest factor affecting low-burden TP53 mutation incidence in MPN and
found no significant age-independent association between TP53 mutations and hydroxyurea. Mutations may persist at low levels
for years without an immediate risk of progression.

Leukemia (2018) 32, 450–461; doi:10.1038/leu.2017.230

INTRODUCTION
Leukemic transformation of Ph-negative myeloproliferative neo-
plasms (MPN; polycythemia vera, PV; essential thrombocythemia,
ET; primary myelofibrosis, PMF) is a relatively rare but fatal event.
Several intrinsic risk factors have been suggested involving MPN
phenotype (PMF4PV4ET), abnormal karyotype and higher age.1

The effect of MPN therapy has been widely discussed and
alkylating agents, pipobroman and 32P were shown to be
leukemogenic.1–3 Possible negative impacts of hydroxyurea (HU)
remain controversial,1,2,4–9 as summarized in.10 Great effort has
been invested into the search for genetic changes predicting and/
or triggering MPN transformation to AML and MDS.11–16

Eliminating tumor suppressor TP53 during myelopoiesis helps
escape from control mechanisms preventing differentiation loss,
aberrant self-renewal, and large genome rearrangements.17,18 In
chronic MPN phase, TP53 gene defects have been extremely rarely
detected using Sanger sequencing or cytogenetic analysis; on the
contrary, they were shown to be common in post-MPN acute
myeloid leukemia (AML).19–21 This pronounced difference is
indicative of TP53 role in the transformation process. Retrospective
analysis of individual cases of TP53-mutated post-MPN AML

showed that TP53 mutations can be traced months or even years
before leukemic transformation.11,19,22,23 The level of mutation
burden was shown to remain low until complete p53 inactivation
by losing the second allele (17p defects or second mutation),
followed by rapid clonal expansion.11,22

TP53 mutations occurring at a level above detection limit of
Sanger sequencing (10–20% variant allelic frequency; VAF) show
negative prognostic and/or predictive impact in some types of
cancer, especially in hematological malignancies.24,25 Small TP53-
mutated subclones below this sensitivity threshold were described
to drive relapse or disease progression in many cases of chronic
hematological malignancies,26–29 but their impact is less clear in
prospective setting.30 Cytotoxic agents support a minor TP53-
mutated subclone overgrowth.26,31–33 Previous therapy with
hydroxyurea (HU), a ribonucleotide reductase inhibitor activating
p53 response via replication stress,34,35 has been associated with
TP53/17p defects in post-MPN AML;4,12,22,36 however, this observa-
tion has not been confirmed in a large unbiased study.
While minor TP53 mutations in MPN have been tracked

retrospectively in individual cases and have been suggested as
carrying an increased risk of leukemic transformation,11 the
occurrence of low-burden TP53 mutations (o5%) has not been
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analyzed so far. Whether therapy or other factors affect their origin
and outgrowth is unknown. To map TP53-mutated subclones'
presence in MPN patients treated with cytoreductive drugs and
study their evolution over time, we used an ultra-deep next-
generation sequencing (NGS) approach.

PATIENTS AND METHODS
Patients and samples
Peripheral blood (PB) samples and clinical and routine laboratory data from
MPN patients were collected from Czech hospitals (University Hospital
Brno and local hospitals) and Vienna General Hospital, Austria. The study
was approved by the Ethical Committee of University Hospital Brno. For all
samples, written informed consent approved by the Ethics Committees of
the respective institutions were available in accordance with the
Declaration of Helsinki. Patients were diagnosed according to the revised
World Health Organization criteria.37

In total, 339 MPN patients were included (Supplementary Table S1).
Treated patients (N=254) were having or had discontinued cytoreductive
therapy–HU, interferon alpha-2a (IFN) or anagrelide (ANG)—and had been
diagnosed ⩾ 4 years (y) before sampling. To assess the effect of therapy, the
treated patients were categorized as follows: (1) by administration of HU, IFN
or ANG at any time during disease course (referred to as HU-yes/HU-no, IFN-
yes/IFN-no, ANG-yes/ANG-no); (2) more strictly, in the HU-yes group, only
patients fulfilling a criterion of HU treatment for ⩾ 4y were kept. This group
was compared to HU-no patients. Besides these, 85 samples from patients
with no cytoreductive therapy before sampling were analyzed. Retrospective
and prospective samples from 31/50 patients with detected TP53 mutations
were analyzed to describe mutation development.

Ultra-deep next-generation sequencing of TP53 amplicons
NGS analysis was performed as described previously26 with minor
modifications. Briefly, 30 ng of leukocyte or granulocyte DNA was
amplified with high-fidelity Q5 Polymerase (New England Biolabs, Ipswich,
MA, USA) using primers specific for the TP53 exons 4–10. The indexed
library was prepared with Nextera XT DNA Sample Preparation Kit
(Illumina, San Diego, CA, USA) and sequenced using MiSeq Reagent Kit
v2 (300 cycles; Illumina, San Diego, CA, USA) on a MiSeq instrument
according to manufacturer recommendations. The coverage per base
exceeded 5000 (⩾10 000 in 82% of exons); mean coverage reached 39535.
For variant detection we used bioinformatics pipeline (Supplementary
Figure S1) combining CLC Genomic Workbench version 7.5 (Qiagen,
Hilden, Germany) and the deepSNV R-package.38–42 Samples containing
variants above 0.2% VAF by either approach were subjected to validation
from independent sampling and/or PCR amplification (Supplementary
Table S2). For over-time monitoring and validation of previously identified
mutation, cutoff 0.1% was applied (minimal coverage per base ⩾ 10 000).

Statistical analysis
Statistical analyses were performed within the R environment.42 The
distribution normality was tested using the Kolmogorov-Smirnov normality
test. Non-parametric tests were applied because of normality violation in
most clinical variables (for example, age distribution). To analyze the
relationship between the variables, the Spearman correlation test, Mann–
Whitney test, Kruskal–Wallis test and Fisher’s exact test with simulated
P-value (Monte-Carlo simulation) were used. Data sets were described with
median and s.d. and/or range as indicated in the legends. The comparison
of patients' survival was performed by log-rank test and visualized using
Kaplan–Meier curves; Cox proportional hazards regression was used to
model the effect of multiple predictor variables. Logistic regression models
were applied to assess the significance of age and therapy in TP53
mutational status. Age adjustment was performed by adding the age
covariate into the logistic model. Finally, the age-adjusted models were
compared with a model with age parameter only by anova chi-square
tests. The level of statistical significance was set P⩽ 0.05. All statistical tests
were performed as two-sided. Plots were created with the GraphPad Prism
version 5.00 for Windows (GraphPad Software, La Jolla, CA, USA).

Single-nucleotide polymorphism arrays
Genome-wide analysis was performed on CytoScan HD arrays (Affymetrix,
Santa Clara, CA, USA) according to the manufacturer's instructions. CEL files
were analyzed using the Chromosome Analysis Suite software, v3.1.0.15

(Affymetrix, Santa Clara, CA, USA) and annotated using NetAffx 33.1
annotation data set.
For details on methods see Supplementary Material.

RESULTS
Ultra-deep NGS analysis of TP53 gene in treated MPN patients
To screen for TP53 mutations and assess the effect of therapy, we
analyzed 254 chronic-phase MPN patients using ultra-deep NGS.
All patients were treated with one or more cytoreductive drugs
(hydroxyurea, HU; interferon alpha-2a, IFN; anagrelide, ANG) and
diagnosed ⩾ 4y before sampling (4.2–29.5; median 9.2y;
Supplementary Table S1). TP53 mutations were identified in 41
patients (41/254; 16.1%; Table 1) with VAF for the most abundant
variant ranging between 0.2 and 11.6%. In a pronounced
proportion of patients, more than one mutation was present
(11/41; 26.8%). Colony-forming assay43,44 performed in 3 patients
confirmed the presence of TP53-mutated subclones within JAK2 or
CALR-mutated populations (Supplementary Figure S2). To verify
the mutations’ presence in myeloid lineage in patients examined
from leukocyte DNA, the granulocyte sample was analyzed where
available. No evident discrepancy was found (Supplementary
Table S3).

TP53 mutations in MPN are strongly associated with higher age
TP53 mutations were found in all disease subtypes, regardless of
driver gene status and even if no HU had been administered
(Figure 1; Table 2). Further, we performed thorough analysis of
relationships between TP53 mutational status and disease
parameters (Supplementary Table S4). The comparison of patients
carrying TP53 mutation (TP53-mut) to patients without TP53
mutation (TP53-wt) revealed a highly significant association
between TP53 mutations and higher age (P= 5.54 × 10− 5; median
age at sampling 69.3 for TP53-mut and 62.4 for TP53-wt; Figure 2a).
TP53 mutations were less frequent in patients who obtained ANG
during disease course (9/104, 8.7% in ANG-no vs 32/150, 21.3% in
ANG-yes; P= 0.0087). Patients receiving HU at sampling carried the
TP53 mutation more frequently (HU at sampling, 28/125, 22.4% vs
without HU at sampling, 13/128, 10.2%; P= 0.0205) but associating
the TP53 mutation with HU administration anytime during disease
course did not reach significance (31/164; 18.9% in HU-yes vs
10/90; 11.1% in HU-no). As expected, the age at sampling was
significantly associated to multiple therapy parameters, partially
due to the frequent use of HU in older patients (Figure 2b,
Supplementary Figure S3).
As the patient cohort was compiled of several hospitals'

contributions, which may have introduced bias, we limited
the analysis to University Hospital Brno patients (N= 169;
NTP53-mut = 22), which lead to similar results (data not shown).
Some of the patients received HU for a short time period and

were switched to other therapy or vice versa. Thus, to further
disclose the relationship between TP53 mutations, HU, and age,
we eliminated these patients from the analysis, using more
stringent criteria to categorize patient therapy (Figure 2c;
Supplementary Table S5): (1) patients who had obtained HU for
at least 48 months (N= 122) and (2) patients treated with IFN and/
or ANG only (HU-no; N= 90). Also in this subset, patient age was
the most significant predictor of TP53 mutation (Supplementary
Figure S4A; TP53-mut 69.5y vs TP53-wt 63.4y; P= 0.0009) and
TP53 mutations were more frequent in patients in the HU
subgroup (HU⩾ 4y, 28/122, 22.9% vs HU-no, 10/90, 11.1%;
P= 0.03). In parallel, the therapy category was strongly associated
to age (Supplementary Figure S4B). To eliminate the influence of
age, we applied a logistic regression model with the age
adjustment (Supplementary Table S6); using this approach, the
TP53 mutation frequency was not found to be significantly
different in patients treated with various cytoreductive drugs. This
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is in agreement with the observation that in patients over 65y, the
difference in proportion of TP53 mutation between HU⩾ 4y and
HU-no therapy groups was much lower (23/75, 30.6% vs 6/30,
20.0%; n.s.) even though the HU-no group was significantly
younger (P= 0.026; Supplementary Figure S5).
To further explore whether minor TP53 mutations occur

independently of the therapy, we examined a set of 85 patients
with no cytoreductive treatment (Supplementary Table S1) and
found TP53 mutations in 9 of them (10.6%; Supplementary Table
S7, Supplementary Figure S6).

TP53 mutations in HU-treated and other patients
We did not see any difference in mutation spectra between
patients treated with HU and the others (Supplementary

Figure S7). Neither the VAF of the most abundant variant nor
the cumulative size of the mutated population significantly
differed between the therapy groups (Figure 3). Nevertheless,
we observed a trend towards the presence of more than one
mutation (⩾ 0.2% VAF) in HU-treated patients (10/31) compared to
patients treated with non-HU drugs (1/10) and untreated patients
(2/9) (n.s.). The mutations showed typical distribution, the vast
majority of them were located within the DNA-binding domain
and they clustered within characteristic hot-spot sites
(Supplementary Figure S8, Supplementary Table S8). All but one
patient carried mutations which have been described as non-
functional or, rarely, partially functional. The exception was the
mutation p.P58A (MP189; VAF 2.9%) which displays no significant
loss of transactivation activity.45,46 The mutation remained stable
in all three samplings (7.7y). We have not excluded the mutation

PMF

PV

ET

TP53 mut TP53 wt

13 67

20 96

6 47

0 50 100% 0 50 100%

triple neg

MPL

CALR

JAK2

TP53 mut TP53 wt

33 157

7 37

1 7

12

Figure 1. Disease type and driver gene mutation status stratified according to TP53 mutation presence in patients treated with cytoreductive
drugs (NS; Fisher exact test). Driver gene mutations examined in order of JAK24CALR4MPL.

Table 2. Clinical characteristics of patients according to TP53 mutational status

Treated (N= 254) Untreated (N= 85)

TP53 wt % TP53 mut % P TP53 wt % TP53 mut % P

N 213 100 41 100 76 100 9 100
Sex (male) 91 43 16 39 NS 36 47 5 56 NS
Age at study enrollment
(median, range, s.d.)

62 (25–90, 13.2) 69 (55–87, 7.4) 0.0002 70 (19–89,
13.8)

70 (66–82, 5.4) NS

Time from diagnosis
(mo; median, range, s.d.)

109 (50–354,
54.9)

111 (50–265,
54.5)

NS 0 (0–255, 52.9) 4 (0–53, 17.2) NS

Disease subtype
ET 67 31 13 32 NS 21 28 1 11 NS
PV 96 45 20 49 20 26 2 22
PMF 47 22 6 15 30 39 6 67
unclassified MPN 3 1 2 5 5 7 0 0
JAK2-mutated 157 74 33 80 NS 54 72 8 89 NS
JAK2-wt 56 26 8 20 22 29 1 11
CALR-mut 37 17 7 17 13 17 1 11
MPL-mut 7 3 1 2 4 5 0 0
Triple negative 12 6 0 0 3 4 0 0

Therapetutic history
Total therapy length
(mo; median, range, s.d.)

87 (24–265, 44.7) 92 (18–255, 45.4) NS 0 0

HU yes 133 62 31 76 NS 0 0 0 0
Length of HU in HU yes
(mo; median, range, s.d.)

65 (2–265, 53.9) 76 (17–255, 46.1) 0.0343 0 0

HU at study enrollment 97 46 28 68 0.0120 0 0 0 0
HU⩾ 48 months 94 44 28 68 0.0060 0 0 0 0
ANG yes 95 45 9 22 0.0392 0 0 0 0
IFN yes 72 34 12 29 NS 0 0 0 0
Busulfan/chemo-/radiotherapy 9 4 3 7 NS 2 3 1 11 NS

Abbreviations: %, percentage of patients with given parameter in TP53-wt or TP53-mut group; mo, months; driver gene status considered in order
JAK24CALR4MPL; PMF, primary myelofibrosis; PV, polycythemia vera; ET, essential thrombocythemia; post-PV MF was grouped to PV, no post-PV patient
carried TP53 mutation. MPL status was unknown in one untreated JAK2-wt/CALR-wt/TP53-wt patient
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Figure 2. TP53 mutations: age and treatment in patients treated with cytoreductive drugs. (a) Age at sampling in TP53-mut and TP53-wt
patients (P= 5.54 × 10− 5; Kruskal–Wallis test). (b) Age at sampling and TP53 mutation frequency according to therapy parameters (Kruskal–
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from the analysis as we could not rule out other effects on p53
function.

TP53 mutations may escape detection if examined at diagnosis
Since the majority of mutations we describe were identified in
samples taken later during the disease course, we raised the
question whether the mutations can be detected earlier, or even
at diagnosis. Out of 50 patients with a mutated clone, at least one
retrospective sample was available in 20 (Table 2). A later
identified mutation was traceable in at least one sample in
14 patients. The sample from the time of diagnosis was available
in 10 patients; no TP53 mutation was detected in 5 (50%;
VAF⩾ 0.1%) of them. Correspondingly, the mutation was detect-
able at diagnosis in only one of two patients who later developed
TP53mut sAML (JAK22 and JAK453; Figure 4). In conclusion, despite
some TP53 mutations being found at diagnosis with VAF⩾ 10%
(JAK646: 16.3%, Supplementary Table S7; 221A: 10.2%; Table 3),
mutations frequently appear later in the disease course and may
be undetectable (⩾ 0.1%) at diagnosis.

Monitoring patients with TP53 mutations – dynamic behavior of
mutated clones
To explore TP53 mutation evolution in MPN prospectively, disease
course was monitored and serial samples were collected.
Prospective samples were available in 30 of 50 MPN patients
with TP53mut-subclones (median between study enrollment and
the last serial sample 2.8y; 0.5–9.6y; Table 3). TP53 mutations
remained present in all but three serial samples (MP63, MP160 and
MP307) in which mutations originally identified and confirmed in
0.2% were not detected 3.4, 2 and 1.6 years later, respectively.
TP53 mutation expanded and became predominant tumor cell

population in 2/30 patients. The expansion was accompanied by
the second allele inactivation in both cases. While the JAK22
patient progressed to AML carrying biallelic TP53 inactivation (VAF
46%), the clonal biallelic expansion in patient MP10 (VAF 86%) did
not result in leukemic transformation; this case is described further
in detail (Figure 4; Supplementary Table S9).
When we considered all samples tested during the disease

course, that is, retrospective as well as prospective samples,
median interval between first and last sample was 7.1y (0.5–24.6;
31 patients). During this time, a slow mutation burden increase
was the most frequent scenario (14 patients). We saw no clear
association between the mutation burden changes and the VAF at
study enrollment, therapy, other clinical data or mutation
localization (Table 3, Supplementary Figure S8B and S10).

Impact of TP53 mutations on overall survival or leukemic
transformation
TP53 mutation with VAFo5% did not impact overall survival (OS)
during the follow-up when tested either from diagnosis or study
enrollment (Supplementary Figure S9). The patients carrying TP53
mutations above 5% VAF at study enrollment had significantly
shorter OS (P= 0.0064 OS from sampling, P= 0.0185 OS from
diagnosis). However, the impact on OS was lost when adjusted for
age (Cox proportional hazard regression model for both age and
mutation: P= 1.01 × 10− 10 for age; P= 0.121 for TP53 muta-
tion45%). Besides, their shortened survival was not attributed
to TP53-mut AML (Supplementary Figure S9G).
In total, AML developed in three patients with TP53 mutation

(3/50; 6%; Figure 4). Patient JAK22 (p.289fs 2%) was diagnosed
with PV 4y after chemo/radiotherapy for B-cell lymphoma. The
patient was treated with HU and progressed to TP53mut-AML 5y
later. On the contrary, patient MP68 (p.R248Q 6.9%) treated with
HU developed JAK2wtTP53wt-AML outside multiple
JAK2mutTP53mut-clones 3.5y from study enrollment (8.3y from
diagnosis). Patient 186A (p.P153fs 8.27%) treated with IFN
progressed to AML 2.9y after mutation detection (17.9y from
diagnosis). The patient was switched to HU soon after study
enrollment and an AML sample was not available, thus we cannot
confirm the clonal expansion of TP53 mutation or the effect of the
therapy.

Rapid TP53-mutated clone expansion accompanied by cn-LOH but
no other karyotype changes resulted neither in AML
transformation nor HU resistance
In the JAK2mut-PMF patient MP10, multiple TP53 low-burden
mutations were present at study enrollment. Among them, a hot-
spot TP53G245S mutation grew rapidly during prospective monitor-
ing up to 95% in granulocytes (Figure 4), reflecting the loss of
heterozygosity (LOH). Since complex karyotype changes have
been described as very common in AML with mutated TP53,18 we
analyzed the karyotype changes using CytoScan HD arrays. Only
copy-neutral LOH (cn-LOH) in 17p13, including TP53 gene, and
chromosome Y loss were detected in the expanded clone. To
further examine the time course of allelic changes, we analyzed
myeloid progenitors. CFC assay indicated that second allele
inactivation occurred intra-clonally in the clone carrying mono-
allelic p.G245S mutation (Supplementary Figure S2). Interestingly,
despite complete p53 inactivation and clonal expansion, the
patient remained clinically stable without signs of blast transfor-
mation for next 23 months, showed no signs of HU resistance and
died 10.2y from diagnosis.

DISCUSSION
Previously published retrospectively analyzed cases showed that
the development of TP53-mutated post-MPN AML is a multistep
process. It likely involves mutation origin in the HSPC pool,
mutated subclone propagation to level exceeding detection limit
and persistence at low levels for an extended time period. Second
allele inactivation was described as resulting in rapid clonal
expansion and leukemic transformation.
We focused on the early phase of this process, that is,

occurrence of low-burden TP53 mutations which, in theory, may
carry increased risk of leukemic transformation. Using highly
sensitive and previously verified methods enabled us to detect
mutations as low as 0.2%.26 In total, we found mutations in 50
patients (14.7%). This is the first study using ultra-deep NGS to
search for TP53 mutations in MPN at a level ⩽ 1%. Lundberg et
al.11 found mutations in 5/197 (2.5%) patients using NGS with
sensitivity of 5%, which roughly corresponds to our data
(5 patients with mutations 45% out of all 339 examined, 1.5%).
As our study aimed to compare patients on HU and non-HU
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Figure 3. Mutated clone size. VAFs of most abundant mutation and
VAF sums do not significantly differ between therapy groups
(Mann–Whitney test).
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therapies, the frequency in the general MPN cohort was out of the
scope. However, some information may be gained from our
analysis of 48 consecutive newly diagnosed MPNs examined
partially within the untreated cohort and partially as retrospective
samples (data not shown): only one mutation ⩾ 0.2% was found
(2.1%). This observation, together with the slow increase in
mutation load during disease course and strong age bias, points
to the fact that TP53 mutations are probably rare in general
cohorts at diagnosis.
We detected no mutation ⩾ 0.2% in 70 patients below 55y. In

contrast, 41/179 (22.9%) patients above 65y carried TP53mutation.
This agrees with the hypothesis that TP53 mutations arose
spontaneously and accumulate with age, as described in the
elderly population without hematological abnormalities.47 Higher
age brings inherent risks of MPN transformation1 and less vital
progenitor pools in the elderly may favor cells carrying oncogenic
mutations both under DNA-damaging and normal conditions.48

On the other hand, younger patients are a subgroup with the

perspective of decades living with clonally shifted hematopoiesis
and using cytoreductive drugs and should be examined in detail.
It has been described that not only single accidentally arising

TP53-mutated clones but several coexisting in parallel may be
present in myeloid precursors before expansion.49 We detected
more than one mutation in one third of cases. This phenomenon,
described as ‘convergence’,50 occurs for example, in chronic
lymphocytic leukemia (CLL)51 and points to a selective pressure
favoring the mutations in some but not all patients. In MPN, one
may consider either the pressure of cytoreductive therapy, since
multiple mutations tended to be more frequent in HU-treated
patients, or, possibly, the effort of non-vital HPSC to survive and
proliferate. The clonal competition among individual TP53-
mutated subclones is difficult to foresee and likely depends on
accompanying defects; hot-spot mutations with documented
oncogenic properties may be overgrown by subclones carrying
variants with lower oncogenic potential (for example, loss-of
function mutations).25,26

Figure 4. Selected cases of leukemic transformation or clonal expansion in patients with TP53mutations. Details on cytogenetic analysis using
Single-nucleotide polymorphism (SNP) HD Array are shown in Supplementary Table S9. MP10: TP53G245S clonal expansion without leukemic
transformation in PMF. TP53G245S development was monitored by Sanger sequencing. Diagnostic sample and two other samples (green and
purple mark) were analyzed by NGS, for detail see Supplementary Table 1. Chromosome 17 analysis: cn-LOH(17)(p13.3p11.2) in 2nd and 3rd
SNP array. MP68: JAK2wtTP53wt-AML outside multiple JAK2V617FTP53mut-clones. After transient increase of JAK2V617F/wtTP53R248Q subclone from 8
to 16%, all TP53mut clones decreased accompanied by JAK2V617F burden drop and transformation to sAML 3.5y from study enrollment. SNP
array showed no aberrations on chromosome 17. JAK22: JAK2V617FTP53L289fs/L289fs sAML with complex karyotype changes including cn-LOH
(17)(p13.3p11.2) developed from PV secondary to diffuse large B-cell lymphoma (DLBCL). Single mutation TP53L289fs was present at PV
diagnosis (2%) and expanded in blast transformation. 186A: sAML with unknown TP53 status developed in JAK2mut ET 2.9y after study
enrollment when TP53mutation was present with VAF 8.3%. JAK453: JAK2V617FTP53R175H/- sAML with complex karyotype changes including del
(17p) developed 3.6y after study enrollment at PMF diagnosis when no TP53 mutation and karyotype changes were found.
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The murine model and clinical observations pointed to the
leukemogenic potential of JAK2V617F overexpression in TP53-null
background;23,52 JAK2wtTP53mut AML following JAK2mut-MPN is
however not exceptional.22 We observed no clear evidence
supporting the leukemogenic potential of TP53mut and JAK2V617F

combination. Admittedly, the JAK2 mutation was homozygous
neither in patient MP68 developing JAK2wt-AML alongside multi-
ple JAK2mutTP53mut subclones nor patient MP10 with complete
TP53 loss within the JAK2V617F population.
TP53/17p-aberrant post-MPN AML has been repeatedly sug-

gested - but never independently proven - to be associated with
HU therapy.4,12,22,36 Several findings support possible TP53mut-
subclone selection by HU: (1) HU blocks cell division via
ribonucleotide reductase inhibition, resulting in dNTP
depletion.34 Replication stress then activates p53 and cell cycle
arrest although these processes' p53 dependence is controversial
and dose-dependent.35,53,54 (2) The expansion of low-burden
TP53mut-subclones under TP53-triggering therapy was shown in
CLL,26–28 myelodysplastic syndrome29 and secondary AML.32

Further, HSPC competition triggered by low-level DNA damage
in the murine model led to TP53+/+ being outcompeted by TP53+/-

cells via senescence-like changes.33 Similarly, clinically relevant
low- (but not high) level replication stress induced p53-dependent
senescence-like arrest in fibroblasts and led to TP53-aberant
subpopulation selection.53 We suppose that if there was a
proliferative and/or survival advantage favoring TP53mut-sub-
clones during HU treatment in MPN, we would have observed a
pronounced difference in the abundance and incidence of low-
burden TP53 mutations after several years of therapy. Contrary to
this assumption and observations from in vitro and in vivo models,
we saw no significant age-independent difference between
patients treated with HU and non-HU therapies; moreover, the
mutations were present even if no cytoreductive therapy was
given. Although long-term prospective monitoring of patients
with TP53 mutations on various therapies is necessary to fully
exclude any HU impact on the second allele loss and clonal
expansion, the case of patient MP10 further weakens the
advantage of MPN cells with aberrant p53 during HU therapy.
While the TP53G245S/G245S clone replaced TP53wt myelopoiesis, the
patient did not show any signs of HU resistance, blood counts
remained unchanged and no disease progression was observed
for next 2y, despite the patient being treated with a constant HU
dose. The clonal competition in MPN both under and without HU
treatment may differ from experimental data for several reasons:
(1) chronic low-level replication stress may affect HPSC compart-
ment differently to single dose DNA damage; (2) in highly
sensitive myeloid cells, threshold for p53-dependent selection
induced by low-level replication stress55 may be shifted;
(3) competition may be affected by presence of oncogenic
mutations; (4) p53 activity in MPN cells may not fully correspond
to that of artificially manipulated p53 in murine and cell line
models. In contrast, there seems to be a difference between
subclones with monoallelic and biallelic p53 defects, first
increasing slowly with the latter expanding rapidly.11

We showed that relatively high proportion of older-age MPN
patients carry low-burden TP53 mutations. In contrast to retro-
spective reports, we did not observe correlation with disease
progression accompanied with TP53 mutation clonal expansion.
However, our study was not designed with the primary goal to
assess the prognostic impact of low-burden TP53 mutations as we
were aware that larger cohorts and long follow-up is definitely
required to address this issue completely.
The competition between an in-theory-adverse minor subclone

and a major population may be more complex than one may
assume from the retrospective studies. Observations on minor
TP53 mutations in CLL, another non-acute hematological malig-
nancy, show that the mutation does not have to expand despite
several specific therapy lines in some patients.26 Further, a TP53-

mutated subclone outgrowth occurs very rarely in patients that
remain untreated, that is, strong selection pressure in the form of
chemotherapy dramatically changes the TP53-wt vs TP53-mut
clonal competition.26,28 Apparently, cytoreduction regimens cur-
rently used in MPN do not create such strong pressure. More
likely, other intrinsic factors (genomic instability, hematopoiesis
exhaustion) lead to disease progression only in a proportion of
patients carrying minor TP53-mutated clone.
Importantly, 3 out of 4 patients with clonal evolution (blast

transformation or mut-TP53 clonal expansion) carried TP53
mutation(s) with VAF⩾ 5%. This indicates that TP53 mutations
increased to a certain level may be the marker of clonal instability
or even a poor prognosis, as demonstrated by shorter OS in
patients with mutations ⩾ 5% VAF in our study which however
cannot be attributed to TP53 mutation expansion followed by
leukemic transformation. Of note, we recorded 6 patients whose
prospective samples were available and VAF exceeded 5% at
some point, but none developed TP53-mutated sAML during the
follow-up. Moreover, one patient with no mutations ⩾ 0.1% VAF
developed TP53-mutated sAML within 3.6y.
To conclude, we show that minor TP53 mutations are present in

a significant proportion of MPN patients and their presence is
strongly associated with age. We did not see any significant age-
independent association with hydroxyurea therapy, disease type
or MPN driver gene mutations. We also show that even a fully
expanded biallelic hotspot mutation, leading to complete loss of
TP53 transactivation activity,45,46 does not a priori lead to leukemic
transformation. Despite our findings do not support the assump-
tion that there is unequivocal relation between TP53-mutated
subclones, HU cytoreduction and leukemic transformation in MPN,
larger sample sizes are warranted to definitively address this. TP53
minor mutations in MPN undoubtedly represent a pool for further
clonal evolution; however their prognostic and predictive utiliza-
tion requires further investigation to identify which patients are at
risk and whether any risk factors are preventable.
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To the Editor:

Systemic anaplastic large cell lymphoma (sALCL) encom-
passes two distinct clinical entities of T-cell non-Hodgkin
lymphoma: anaplastic lymphoma kinase-positive (ALK+)
ALCL and ALK-negative (ALK−) ALCL. These entities
are characterized by either the presence or absence of an
ALK translocation. It has been reported that ALK+ ALCL
has a better prognosis compared to ALK−, with a 5-year

overall survival (OS) of 70–80% versus 40–60%, respec-
tively, [1–3]. Furthermore, more than 30% of ALK+ ALCL
patients relapse [4, 5]. Despite the distinction between the
two sALCL subtypes, frontline treatment for adults is
similar and is based on CHOP or CHOEP, instead pediatric
ALCL patients are mainly treated following the ALCL99
protocol [6–8]. Whilst high-throughput genomic studies in
sALCL have shown recurrent genetic alterations, their
association with outcome has not been fully investigated
[9–13].

In this study, the mutational landscape of sALCL patient
tumors was investigated to discover potential biomarkers
that may improve risk stratification and patient
management.

A cohort of 82 sALCL patient tumors (47 ALK+ and 35
ALK−) and 6 ALCL cell lines (4 ALK+, 2 ALK−)
(Table S1) were subjected to deep targeted next-generation
sequencing analyzing the whole coding regions of 275
cancer related genes (Table S2). The average depth
achieved across all the samples sequenced was ~2000×.
Sequencing data are available at Sequence Read Archive
(https://www.ncbi.nlm.nih.gov/sra/, SRA identifier
PRJNA602225).

Male subjects were predominant in both subgroups
of our cohort, 57.4% in ALK+ versus 67.6% in ALK−.
ALK+ patients were significantly younger than ALK−
patients with an average age of 22.7 (3–61) and 55.2
(27–81) years, respectively. ALK+ ALCL patients had a
longer survival than ALK− ALCL with a 7-year OS of
77.6% and 46.7%, respectively, and with 7-year progression
free survival (PFS) being comparable at 58.7% for ALK+
and 44.1% for ALK− patients (Fig. S1). The first line of
treatment for all the adult patients was systemic che-
motherapy, and most of the childhood ALK+ ALCL
patients (80%) were treated following the ALCL99 or
ALCL98 protocols. Although ALK+ patients have a longer
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OS, more than 30% relapsed after first-line treatment.
Among the 275 genes analyzed, we identified 148 (54%)
genes harboring at least one mutation throughout the entire

cohort; 132 genes among the patients and 43 among the cell
lines, with 27 genes in common (Fig. S2, Table S3).
Overall, 72 out of 82 (88%) patients carried at least one
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mutation within the genes analyzed. We detected an average
of 4.2 mutations per patient in ALK− ALCL and an aver-
age of 2.7 in ALK+ ALCL. The most recurrently mutated
gene in the entire cohort was TP53 found in 16% of sALCL
patients (11% ALK+, 23% ALK− and in all ALK+ cell
lines). Interestingly, for the ALK+ group, mutated TP53
was more frequent in young patients (p < 0.04). LRP1B was
prevalently mutated in ALK+ patients (19%) and in three
cell lines. STAT3 and JAK1 were mutated solely in ALK−
ALCL, both with a prevalence of 26%, and were the most
mutated genes in this group (Fig. 1a). Recurrent mutations
were detected in epigenetic modifier genes also recently
reported to be frequently mutated in BIA-ALCL [14].
KMT2D and TET2 were found mutated in ALCL patients
regardless of ALK status and EP300 and KMT2C only in
ALK+ patients. Pathway enrichment analysis showed a
significant enrichment in mutated genes involved in JAK/
STAT (p < 0.003) and PI3K/AKT signaling pathways (p <
0.02) for ALK− ALCL compared with ALK+ ALCL
(Fig. 1b). We investigated possible correlations between the
existence of mutations in the most mutated genes and the
clinical characteristics of our cohort. Poor prognostic out-
come was defined as patients meeting at least one of the
following criteria: deceased, unresponsive to treatment and/
or disease relapse. The most recurrently mutated genes in
the poor prognostic sub-cohort independent of ALK status
were TP53 (27%), STAT3 (24%), EPHA5 (16%), JAK1
(16%), PRDM1 (13.5%), LRP1B (11%) and KMT2D (11%).
Considering only refractory/relapsed ALCL patients,
mutations within TP53 (28%) and EPHA5 (19%) were the
most common (Table S4). In relation to the prognosis, ALK

+ patients did not show any significant difference in the
signaling pathways affected by mutations. On the contrary,
the JAK/STAT (p < 0.005) and PI3K/AKT pathways (p <
0.036) were enriched in ALK− ALCL patients with an
inferior outcome (Fig. 1b). Pathogenetic variants of STAT3
were detected in 9/35 (26%) of ALK− ALCL patients.
Mutations were located mainly within the SH2 domain
(S614R, E616G, Y640F, N647I, K658delinsNM and
D661V) and in one case within the DNA binding domain
(C426R). Mutated JAK1 was detected in 9/35 (26%) of
ALK− ALCL patients and of those, 6/9 were at the hotspot
codon 1097 (G1097D/F/N/S) (Fig. 1d). For four patients,
JAK1 was mutated together with STAT3, thereby empha-
sizing the importance of the JAK/STAT signaling axis. To
evaluate the prognostic value of mutations in the JAK/
STAT pathway, we performed Cox regression analysis and
showed that ALK− ALCL patients harboring STAT3 and/or
JAK1 mutation have a shorter OS (hazard ratio [HR]= 2.8;
95% confidence interval [CI], 1.1–7.1, p < 0.03) (Fig. S3A).
Furthermore, the prognostic value of the most mutated
genes in ALK− ALCL: STAT3 (9/35), JAK1 (9/35), TP53
(8/35) and KMT2D (7/35) were investigated. Cox regression
analysis showed that patients with STAT3 mutations have a
significantly shorter OS compared to those with wild-type
STAT3 (HR= 4.1; 95% CI, 1.56–10.71, p < 0.002)
(Fig. 1c). In addition, while JAK1 and KMT2D mutations
did not significantly correlate with OS (p < 0.2 and p < 0.3,
respectively), TP53 mutations clearly displayed the corre-
lation (p < 0.01) (Fig. S3B–D). To further confirm that
mutations in STAT3 are associated with shorter OS, we
applied Akaike’s informative criteria model to the four
aforementioned genes. STAT3 mutations were found to be
the best predictor of OS in ALK− ALCL (Table S5).
Moreover, no significant differences were found between
mutation status of these genes with age, gender, disease
stage, eastern cooperative oncology group performance
status or age-adjusted international prognostic index (AA-
IPI). As expected [9, 13, 15], expression of p-STAT3
(Y705) was detected at a high level in all ALK− ALCL
patients harboring STAT3 mutations, although low/medium
expression of p-STAT3 was also detected in STAT3 wild-
type patient tumors (Fig. S4, Table S6). Mutations in the
LRP1B gene were detected in 12/82 (15%) of sALCL
patients (19% ALK+ and 9% ALK−) and three cell lines.
Since LRP1B was the most recurrently altered gene in ALK
+ ALCL, we assessed its possible association with out-
come, but no differences were found between mutated and
nonmutated patients.

To investigate somatic mutations with a possible role in
disease relapse, we sequenced paired diagnostic and relapse
samples available for four patients (1 ALK+ and 3 ALK−)
(Fig. 2a). Two different acquired mutations in EPHA5 were
detected in each of the two relapse samples (patient tumors

Fig. 1 Mutational landscape in sALCL reveals prognostic biomarkers.
a Oncoplot shows the genes mutated in at least 5% of the entire cohort.
The percentage is shown on the left axis. Each column represents a
patient, ALK+ in dark green and ALK− ALCL patients in dark
orange. The black bars on the top represent the number of mutated
genes in each patient. On the right axis, the frequency of mutated gene
in ALK+ (dark green) and ALK− (dark orange) ALCL patients. The
green bar on the bottom shows the age of each patient. Mutation types
are represented in different colors as shown in the legend. b Percentage
of patients harboring at least one mutated gene in ten biological
pathways. The yellow colored portion next to each pathway indicates
the percentage of genes present in our panel that belong to that specific
pathway according to the KEGG database. For each pathway shown,
the patients are divided according to prognosis; red: patients with poor
prognosis; green: patients with good prognosis; gray: patients for
whom clinical information is not available (NA); light blue patients
wildtype (WT) that do not harbor mutated genes in that specific
pathway. The patients are represented as percentage of the total. DDR
and repair DNA damage response and repair pathway, TFs transcrip-
tion factors. Fisher’s exact test: *p < 0.05, **p < 0.01 and ***p <
0.001. c 7-year OS of ALK− ALCL patients according to STAT3
status: STAT3 mutated (red) versus STAT3 wt (blue). P values and
hazard ratios (HR) shown were determined by the Cox proportional
hazards model. d Schematic representation of STAT3 and JAK1
domains and the position of the variants.
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ALK+ 1R and HK-10R): a stop codon at S566 and a
glycine–valine change at residue 723. In the latter patient
(HK-10), identification of mutated EPHA5 appears to be the

result of the emergence of a new malignant clone, harboring
novel mutations in several other genes consistently with a
similar variant allele frequency (Fig. 2b). Interestingly,
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EPHA5 was also found to be the second most mutated gene
in relapsed/refractory patients in the entire cohort
(Table S4B). Three out of four patients harbored mutated
TP53 both at diagnosis and at relapse (Fig. 2b). As TP53 is
the most recurrent gene mutated in our cohort and the most
mutated gene in relapsed patients (Table S4B), we investi-
gated its possible association with the treatment outcome for
all ALCL patients regardless of ALK status. Nearly all
mutations in TP53 were detected in the DNA binding
domain except for L344P in the TET domain for one patient
(Fig. 2d). sALCL patients harboring TP53 mutations have a
shorter PFS compared to those with the wild-type gene
(HR= 3.3; 95% CI, 1.59–6.87, p < 0.0007) (Fig. 2c). These
data, together with the diagnosis versus relapse analysis,
suggest that TP53 mutations may confer resistance to che-
motherapy. Moreover, mutations in TP53 were the most
common genetic events on re-analysis of publicly available
datasets (Table S7) [9, 11].

Losses at the genomic regions that encompass TP53 and
PRDM1 genes have been shown to be the most common
lesions in sALCL with a clinical implication [12]. PRDM1
mutations were detected in five patients, with three of these
co-occurring with TP53 mutations and all five patients
being categorized within the poor prognostic sub-group.
These data confirm the correlation between TP53 and
PRDM1 gene mutations, thereby demonstrating either copy
number loss or concomitant mutations are mechanisms
which have the potential to alter p53 and PRDM1 pathways
activity.

In summary, within one of the largest cohort of
82 sALCL patients, we provide robust information on the
genetic spectrum of genes either solely mutated in ALK−
ALCL (STAT3, JAK1) or across the whole spectrum of
ALCL (TP53, LRP1B, EPHA5, KMT2D). In addition, we
describe novel biomarkers for predicting treatment outcome
reporting an association between mutated STAT3 and TP53
with an inferior outcome, in the former case in ALK−

disease and in the latter case all sALCL independent of
ALK status. Finally, this mutational landscape provides
further candidate genes that deserve consideration for their
possible role in the patient outcome, such as EPHA5,
KMT2D, PRDM1 and SOCS1.
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ABSTRACT
Genome methylation profiles define naïve-like (n-CLL), memory-like (m-CLL), and intermediate 
(i-CLL) subsets of chronic lymphocytic leukaemia (CLL). The profiles can be easily determined by 
the analysis of the five-CpG signature. m-CLL, i-CLL, and n-CLL with the good, intermediate, and 
poor prognoses, respectively, differ by the somatic hypermutation status of the immunoglobulin 
heavy chain variable gene (IGHV), a widely used prognostic predictor in CLL. We have previously 
shown that the expression of WNT5A, encoding a ROR1 ligand, distinguishes patients with the 
worse outcome within the prognostically favourable IGHV-mutated subgroup. To analyse the 
mechanisms controlling WNT5A expression, we investigated the methylation status of 54 CpG 
sites within the WNT5A promoter and its relation to the WNT5A gene expression. In a cohort of 59 
CLL patients balanced for combinations of IGHV and WNT5A statuses, we identified three pro
moter CpG sites whose methylation level correlated with the WNT5A expression within the IGHV- 
mutated subgroup. Further, we complemented our data with the methylation status of the five- 
CpG signature. IGHV-mutated/WNT5A-negative and IGHV-mutated/WNT5A-positive cases over
lapped with m-CLL and i-CLL methylation subgroups, respectively, while most IGHV-unmutated 
samples were assigned to n-CLL. Median methylation levels of all the three CpG sites in the 
WNT5A promoter were lowest in i-CLL. Finally, a detailed analysis of m-CLL and i-CLL showed that 
undetectable WNT5A expression predicts longer treatment-free survival with higher statistical 
significance than the classification according to the five-CpG signature. To conclude, a 
favourable m-CLL subgroup is associated with mutated IGHV and undetectable WNT5A expression 
due to its promoter methylation.
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Background

DNA methylation plays a vital role during the 
maturation of B-cells, and it is crucial for their 
normal functioning [1–3]. During the maturation 
process, DNA undergoes global hypomethylation 
with local hypermethylation, and a similarly 
occurring process is even more pronounced in 
cells of chronic lymphocytic leukaemia (CLL) 
[3,4]. Aberrant changes in the methylation profile 

of CLL cells accumulate during early leukaemo
genesis; afterwards, the overall profile remains 
more or less stable [1,3–6]. The methylation status 
of the five-CpG signature was shown to divide 
patients into subgroups based on their similarity 
to B-cell developmental stages [6]: (i) Naïve-like 
CLL (n-CLL) with a high methylation level, asso
ciated with a poor prognosis of the patients, (ii) 
memory-like CLL (m-CLL) with a low methylation 
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level, associated with a good prognosis, and (iii) 
intermediate-CLL (i-CLL) with both methylation 
and prognosis in-between [6,7]. These three 
methylation subgroups partially overlap with prog
nostic categories defined by the somatic hypermu
tation status of the immunoglobulin heavy chain 
variable gene (IGHV), an important prognostic 
predictor [8–11]. CLL patients with IGHV identity 
to germline ≥98% (IGHV-unmutated) have a poor 
prognosis. However, even within the prognosti
cally favourable IGHV-mutated subgroup, there 
is a subset of patients with an aggressive disease 
course [12,13].

We have previously shown that the expression of 
WNT5A, a gene encoding a ligand activating WNT/ 
Planar Cell Polarity pathway via the ROR1 receptor, 
varies significantly among CLL patients, from high 
levels in some patients to undetectable levels in 50% 
of IGHV-unmutated and 85% of IGHV-mutated 
cases (marked as WNT5A-negative) [13]. WNT5A 
expression is a strong and overtime-stable prognostic 
predictor, distinguishing cases with worse prognosis 
within otherwise favourable IGHV-mutated CLL 
better than the percentage of IGHV identity [12,13].

Considering the absence of WNT5A expression 
in more than half of tested patients [13], together 
with reports of a correlation between the WNT5A 
expression and its promoter methylation in other 
cancer types [14–16], we hypothesized that the 
WNT5A expression might be regulated by methy
lation also in CLL. Further, taking advantage of the 
current understanding of the CLL methylation 
profiles, we explored how methylation within the 
WNT5A promoter correlates with the global 
methylation profile, IGHV status, and WNT5A 
expression.

Material and methods

Patient samples

CLL cells were isolated from peripheral blood of 
59 CLL patients monitored and treated at the 
University Hospital Brno. All samples were 
obtained after written informed consent in con
cordance with the Declaration of Helsinki, and the 
study was approved by the Ethical Committee of 
the University Hospital Brno. B-cells from patient 
samples were separated using B-cell Enrichment 

RosetteSep kits (StemCell Technologies). The ori
ginal cohort consisted of 39 patients; another 20 
IGHV-mutated patients were added to refine the 
results. The assessment of WNT5A expression and 
IGHV gene mutational status were processed as 
previously described [13].

DNA isolation and bisulphite conversion

DNA was isolated on QIAcube (Qiagen) and dis
solved in TE buffer with 0.1 M EDTA. DNA (200 
ng) was treated with an EZ DNA MethylationTM kit 
(Zymo Research) according to the manufacturer’s 
recommendation and eluted into 22 μl of water.

Primer design for WNT5A promoter analysis

The sequences of three CpG Islands (CGI1–CGI3) 
located within the WNT5A promoter (Ensembl 
databases, version GRCh37.p13) were used for pri
mer design. The sequences were modified to match 
bisulphite-converted DNA. The Primer3 tool 
(http://bioinfo.ut.ee/primer3-0.4.0/) was used for 
primer design. The parameters of the primers were 
tested with OligoAnalyzer 3.1 (https://eu.idtdna. 
com/calc/analyser) and ePCR (http://bisearch. 
enzim.hu/) tools. Primers were synthesized by 
Generi Biotech (Table S1). The location of the exam
ined regions is illustrated in the scheme in Figure 1a.

PCR and sequencing

Bisulphite-treated DNA was amplified with PCR 
using HotStarTaq DNA Polymerase (Qiagen) in 
reaction conditions: 5 min 95°C, (30 sec 95°C, 
30 sec 60°C, 1 min 72°C) x 35 cycles, 
7 min 72°C. PCR products were sequenced either 
by GATC Biotech or in-house using ABI PRISM® 
3700 Genetic Analyser according to the manufac
turer’s instructions (Big Dye terminator v1.1 kit, 
Applied Biosystems). Primer sequences for the 
WNT5A promoter regions are listed in Table S1; 
primers for the five-CpG signature analysis were 
used as published previously [6].

Statistical analyses

The following tests were used to verify distribution 
normality: Kolmogorov–Smirnov test, Shapiro– 
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Wilk test, or D´Agostino-Pearson normality test. 
Parametric and non-parametric tests (for normally 
and non-normally distributed variables, respec
tively) were used to evaluate the relationships 
between variables (unpaired t-test and Mann 
Whitney test) and correlation between two vari
ables (Pearson and Spearman correlation). 
Differences in survival were analysed by the log- 
rank test. The level of statistical significance was 
set to P < 0.05. In multiple testing, the P-value was 
adjusted using the Holm–Bonferroni method. All 
assays were performed as two-tailed using 
GraphPad Prism 8 (GraphPad Software Inc., La 
Jolla, CA, USA) and R program (http://www.r-pro 
ject.org; univariate and multivariate survival ana
lysis). Within TFS, treatment or death due to CLL 
was treated as an event.

Results:

Using ENSEMBL GRCh37, we identified 54 CpG 
sites in three regions within the WNT5A promoter 
localized in three CpG Islands (CGI1–CGI3): 
region 1 (R1) in CGI1, region 2 (R2) in CGI2, 
and region 3 (R3) in CGI3 (Figure 1a). For 
the initial experiment, 39 previously untreated 
CLL patients were classified based on IGHV 
status and WNT5A expression: IGHV-mutated/ 
WNT5A-negative (MW-), IGHV-mutated 
/WNT5A-positive (MW+), IGHV-unmutated 
/WNT5A-negative (UW-), IGHV-unmutated 
/WNT5A-positive (UW+) (Figure S1 and num
bered samples in Figure 1b). In separated B-cells, 
we explored the methylation status of the 54 indi
vidual CpG sites using bisulphite conversion (EZ 
DNA Methylation kit; Zymo Research) followed 
by Sanger sequencing. We used a more precise 
approach that provides information about the 
methylation level of individual CpG sites com
pared to other studies using methylation-specific 
PCR, providing only the overall methylation status 
of the whole measured locus [14–17]. We identi
fied three CpG sites within R1 (further indicated 
as R1_CpG1, R1_CpG2, and R1_CpG3), whose 
methylation levels negatively correlated with 
WNT5A expression within the IGHV-mutated 
subset. We detected high methylation levels of 
these three CpG sites in MW-patients, while in 
MW+ patients, the methylation level decreased 

with increasing WNT5A expression. We extended 
the cohort of IGHV-mutated patients (10 MW- 
and 10 MW+; Figure 1b) and confirmed signifi
cant differences in methylation of these three CpG 
sites (Figure 1c; R1_CpG1: P = 0.0014, R1_CpG2: 
P = 0.0001, R1_CpG3: P = 0.0005; Mann–Whitney 
test). We also confirmed the negative correlation 
between WNT5A methylation and expression 
(MW+ cohort; Figure 1d: R1_CpG1: P = 0.001, 
R1_CpG2: P = 0.0013, R1_CpG3: P = 0.0028; 
Spearman correlation).

We observed high methylation levels in UW- 
patients with a median methylation level being 
even higher than in MW-patients (Figure 1b and 
S2A). In contrast, we have not seen any specific 
dependency between WNT5A methylation and the 
expression levels in UW+ patients (Figure S2B). It 
implies that the WNT5A expression in the IGHV- 
unmutated subset is driven by different mechan
isms than mere WNT5A promoter methylation.

Furthermore, when we compared our classifica
tion based on the combination of IGHV status and 
WNT5A expression to the classification based on 
the five-CpG signature described by Queirós et al. 
[6], we found that both largely overlapped. The 
two prognostically distinct IGHV-mutated sub
groups, MW- and MW+ that differed by WNT5A 
promoter methylation and WNT5A expression, 
corresponded to the memory-like (m-CLL) and 
intermediate (i-CLL) methylation subgroups, 
respectively (Figure 2a). In contrast, except for 
two patients belonging to i-CLL, all IGHV- 
unmutated patients from our cohort were assigned 
to the naïve-like CLL methylation subgroup. In 
agreement with published data [6], we detected 
significant differences in the IGHV somatic hyper
mutation load. All n-CLL patients had IGHV iden
tity above 99.1%, the two i-CLL IGHV-unmutated 
cases had identity below 99%, and the rest of 
i-CLL (18 of 20) and all m-CLL were IGHV- 
mutated with identity below 98%; i-CLL patients 
had mostly borderline IGHV identity (Figure 2b). 
The WNT5A promoter methylation levels also sig
nificantly varied among individual methylation 
subgroups: m-CLL vs. i-CLL (P < 0.0001) 
and m-CLL vs. n-CLL (P = 0.0183) (Figure 2c-e). 
This data suggests that hypomethylation of CpG 
regions in the WNT5A promoter largely overlaps 
with i-CLL.
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Figure 1. Methylation analysis of WNT5A promoter. (a) Schematic location of the regions R1, R2, R3 amplified with PCR within 
the CpG Islands CGI1/2/3 of the WNT5A promoter. (b) Heatmap displaying the results of the methylation analysis of the region R1 
within CpG Island CGI3 in the total cohort of 59 CLL patients divided into four groups based on IGHV status and WNT5A expression. 
The initial cohort of 39 patients (described with numbers; see Figure S1 for initial analysis of regions R1, R2 and R3), was extended 
with 10 patients per MW- and MW+ cohorts each (described with letters). Arrows point to the three CpG sites R1_(3:55,521,124), R1_ 
(3:55,521,134), and R1_(3:55,521,145), the methylation status of which correlated with the WNT5A expression in the IGHV-mutated 
subset. *Sample taken in relapse after treatment. (c) Comparison of the methylation level between MW- and MW+ samples for all 
three CpG sites (Mann–Whitney test). (d) The negative correlation between the WNT5A expression and methylation status of the 
three CpG sites (Spearman correlation) within the IGHV-mutated subset.
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Since the vast majority of m-CLL and i-CLL 
corresponded to IGHV-mutated CLL, we also 
decided to analyse treatment-free survival (TFS) 
and overall survival (OS) based on the WNT5A 
expression in the cohort consisting of m-CLL and 
i-CLL subgroups. Both the WNT5A-positivity 
(Figure 2f) and classification into i-CLL methyla
tion subgroup (Figure 2g) distinguished patients 
with shorter TFS; the WNT5A positivity was 
a stronger prognostic factor than global epige
netics (i-CLL vs. m-CLL) (P = 0.0009 vs. 
P = 0.0311). Neither classification system showed 

a significant difference in OS for these subgroups 
of patients (Figure S3).

Discussion

The Wnt5a ligand signals via the ROR1 receptor 
that is highly expressed on CLL cells [18–20]. The 
Wnt5a/ROR1 axis has been shown to regulate 
multiple aspects of CLL biology – including cell 
survival, migration, and proliferation [13,21–25]. 
Importantly, a high activity of the non-canonical 
Wnt pathway has been connected to the poor 

Figure 2. CLL patient classification into three methylation subgroups n-CLL, i-CLL, m-CLL, and treatment-free survival. (a) 
CLL patients were classified into the three subgroups based on the methylation profile of the five-CpG signature identified by 
Queirós et al. [6]. The three methylation subgroups were further investigated for the association with IGHV identity (b) and with the 
methylation levels of the three CpG sites in the WNT5A promoter (c-e). Treatment free-survival prediction in the cohort of m-CLL and 
i-CLL subgroups (N = 41 patients) according to the WNT5A expression (f) and the five-CpG signature (g).
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outcome of CLL patients [13,21,26]. Following our 
previous work, here we verified that the WNT5A 
expression is a robust prognostic marker distin
guishing CLL patients with worse prognosis within 
the prognostically favourable subset of IGHV- 
mutated patients.

In CLL, multiple epigenetic changes have been 
associated with the Wnt pathway (for review, see 
[27]). Interestingly, there is no direct evidence for 
epigenetic silencing of ‘activators’ such as WNT 
ligands and FZD receptors. This contrasts with 
Wnt pathway inhibitors such as members of the 
SFRP family or WIF1 that have been found methy
lated in CLL [28–31]. Our study thus represents the 
first observation of the epigenetic control of a Wnt 
ligand in CLL as we demonstrated that the WNT5A 
expression is associated with DNA methylation 
changes of WNT5A promoter in a significant pro
portion of CLL patients. The methylation status of 
three CpG sites within the WNT5A promoter corre
lated with WNT5A expression only in the IGHV- 
mutated but not in the IGHV-unmutated subgroup, 
suggesting that WNT5A expression in these two CLL 
subgroups is controlled via different mechanisms.

Furthermore, we confirmed that the five-CpG 
signature divides patients into the three prognos
tically distinct subgroups: m-CLL, i-CLL, and 
n-CLL [6,7]. The i-CLL epitype had been poorly 
characterized until recently when it was linked to 
specific biological and clinical features, namely the 
usage of IGLV3-21R110 [32,33], stereotyped BCR 
immunoglobulins (mainly of subset #2), increased 
frequency of SF3B1 and ATM mutations, and 
unfavourable prognosis [34,35]. Very recently 
published paper recognized WNT5A/B overex
pression as a specific signature of patients carrying 
IGLV3-21R110 [35]; this corresponds to our results 
and our previous work showing that among 
IGHV-mutated patients, the WNT5A expression 
is high in patients with borderline number of 
IGHV somatic hypermutations and SF3B1 muta
tions and more aggressive disease compared to 
WNT5A-negative patients [13].

While the majority of patients with unmutated 
IGHV from our cohort were assigned to n-CLL, 
the WNT5A expression and methylation status of 
patients with mutated IGHV was strongly related 
to their distribution between the m-CLL and i-CLL 

subgroups. In our study, the classification based on 
the WNT5A expression distinguished patients with 
shorter TFS with even a higher significance than 
their classification into the m-CLL and i-CLL sub
groups defined by the five-CpG signature.

To summarize, the level of WNT5A expres
sion has been associated with CLL clinical beha
viour [13,35]. Our current findings shed light on 
the interconnection of the varying WNT5A 
expression with the methylation profile of 
IGHV-mutated patients, prevalently comprising 
the m-CLL and i-CLL subsets as based on the 
five-CpG signature. While the methylated CpG 
sites in the WNT5A promoter of the m-CLL 
subtype patients correlated with undetectable 
WNT5A expression, the demethylation of these 
WTN5A promoter sites was shown in the i-CLL 
subset and associated with the high WNT5A 
expression. Together with previously published 
observations, our present results could serve for 
future designing better stratification models dis
tinguishing patients with different prognoses.
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Abstract 

Background:  Frequent truncation mutations of the histone lysine N-methyltransferase KMT2C have been detected 
by whole exome sequencing studies in various cancers, including malignancies of the prostate. However, the biologi-
cal consequences of these alterations in prostate cancer have not yet been elucidated.

Methods:  To investigate the functional effects of these mutations, we deleted the C-terminal catalytic core motif of 
Kmt2c specifically in mouse prostate epithelium. We analysed the effect of Kmt2c SET domain deletion in a Pten-defi-
cient PCa mouse model in vivo and of truncation mutations of KMT2C in a large number of prostate cancer patients.

Results:  We show here for the first time that impaired KMT2C methyltransferase activity drives proliferation and PIN 
formation and, when combined with loss of the tumour suppressor PTEN, triggers loss of senescence, metastatic 
dissemination and dramatically reduces life expectancy. In Kmt2c-mutated tumours we show enrichment of prolifera-
tive MYC gene signatures and loss of expression of the cell cycle repressor p16INK4A. In addition, we observe a striking 
reduction in disease-free survival of patients with KMT2C-mutated prostate cancer.

Conclusions:  We identified truncating events of KMT2C as drivers of proliferation and PIN formation. Loss of PTEN 
and KMT2C in prostate cancer results in loss of senescence, metastatic dissemination and reduced life expectancy. 
Our data demonstrate the prognostic significance of KMT2C mutation status in prostate cancer patients. Inhibition 
of the MYC signalling axis may be a viable treatment option for patients with KMT2C truncations and therefore poor 
prognosis.

Keywords:  Prostate cancer, Senescence, Metastasis, KMT2C, MYC, p16INK4A
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Introduction
Prostate cancer (PCa) ranks as the second most fre-
quently diagnosed malignancy in men worldwide and 
is expected to surpass even lung cancer incidence lev-
els within the next decade [1, 2]. Diagnosis and therapy 
are challenged by enormous inter-tumour heterogeneity 
regarding clinical, morphological, and molecular features 
[3]. While patients with localized or regional disease have 
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an excellent prognosis, metastatic PCa remains largely 
incurable [4]. Therefore, therapeutic strategies must be 
tailored to the individual risk of the patient to avoid over-
treatment of low-risk tumours while ensuring rapid and 
decisive intervention in high-risk cases. To better stratify 
PCa and to advance the development of new therapies, 
a deeper understanding of the genetic and epigenetic 
events responsible for the progression and metastatic 
spread of PCa is urgently needed.

Multiple key pathways of prostate tumorigenesis have 
already been identified. Inactivating mutations of the 
phosphatase and tensin homolog (PTEN) tumour sup-
pressor gene rank among the most common alterations 
observed in PCa [5]. Loss of PTEN results in the aber-
rant activation of the phosphoinositide 3-kinase (PI3K) 
– AKT signalling pathway, which uncouples prolifera-
tion, survival and metabolism from external growth-
stimulatory signals [6]. However, loss of PTEN has also 
been shown to induce cellular senescence. This form of 
cell cycle arrest, which can be triggered upon oncogenic 
stress, is usually mediated via the p16INK4A-RB and the 
p14ARF-p53-p21CIP1 pathways and has previously been 
shown to act as a barrier to metastatic transformation in 
PCa [7]. Besides inactivation of tumour suppressor genes, 
the amplification and overexpression of oncogenes is 
similarly known to play a crucial role in prostate tumo-
rigenesis. The frequently altered androgen receptor (AR) 
signalling axis is the most well-studied pathway in the 
context of PCa. However, other key effectors, such as the 
activation of the proto-oncogene MYC, have also been 
found to be fundamental to PCa progression [8].

Besides genetic mutations, several epigenetic altera-
tions, including DNA and histone modifications, have 
been identified in clinical PCa samples. Only recently 
has the pivotal importance of epigenetic reprogramming 
as a driver of carcinogenesis been widely recognized 
[9, 10]. Large cancer genome sequencing projects have 
revealed a substantial number of alterations in epigenetic 
modulators [11]. The histone lysine N-methyltransferase 
KMT2C, an enzymatically active scaffold protein within 
the COMPASS (Complex Proteins Associated with Set1) 
multi-subunit complex, is the most frequently mutated 
gene within this group, predominantly presenting with 
frameshift and nonsense mutations [12, 13]. Previous 
studies have shown evidence of tumour suppressive roles 
for KMT2C and its close paralogue KMT2D, and have 
proposed their involvement in cellular growth, stemness 
and epithelial differentiation [13, 14]. However, despite 
the tremendous prevalence of mutations in these genes, 
the molecular mechanisms contributing to carcinogenic 
processes are still poorly understood [13]. In PCa, altera-
tions of epigenetic modifiers and chromatin-remodel-
ling genes occur in about 20% of tumours with a strong 

overrepresentation of KMT2C mutations (7%), sugges-
tive of a crucial role in carcinogenesis [15]. A substantial 
number of mutations detected in KMT2C lead to loss of 
function of the encoded protein, whereby the catalytic 
domain is lost.

In this study, we investigated the effects of loss of the 
catalytic domain of KMT2C on the development and 
progression of PCa. We established a transgenic mouse 
model with prostate-specific deletion of either the cata-
lytic core motif of KMT2C alone or in combination with 
loss of the tumour suppressor PTEN. In these models 
we observed that mutant KMT2C drives proliferation 
in vivo and triggers PCa metastasis when co-deleted with 
PTEN. Our data show that loss of the KMT2C catalytic 
core motif, mimicking the scenario in patients, results in 
an enrichment of the proliferative MYC gene signature 
and impairs p16INK4A-mediated cell cycle arrest in both 
our model system and human prostate cancers. Impor-
tantly, we show that mutated KMT2C significantly cor-
relates with reduced disease-free survival (DFS) for PCa 
patients. Taken together, we identify the SET domain 
deletion of KMT2C as a novel driver of prostate carcino-
genesis in murine models and suggest that the presence 
of mutated forms is a biomarker for poor outcome in PCa 
patients. Furthermore, our data are indicative of a possi-
ble therapeutic application through blockade of the MYC 
pathway.

Results
KMT2C SET Domain Deletion Initiates Formation 
of Prostatic Intraepithelial Neoplasia In Vivo
Whole exome sequencing studies of various human can-
cers have identified frequent somatic mutations in the 
gene encoding the histone-methyltransferase KMT2C 
[14]. Like other KMT2 proteins, KMT2C acts as a scaf-
fold for the multi-subunit COMPASS complex where 
it regulates enhancer elements mainly through mono-
methylation of lysine 3 on histone 4 (H3K4me1) via the 
enzymatically active SET domain located at the C-termi-
nal end of the protein [13, 16] (Fig.  1a). To gain insight 
into the mutational spectrum of human PCa we analysed 
a cohort of 1013 patients with either localized or meta-
static disease (MSKCC/DFCI cohort) [15] and found 
KMT2C to be the 7th most frequently mutated gene 
(Fig.  1b, left panel). In contrast to previously published 
data of the mutational pattern of KMT2C in different 
human cancers [17], KMT2C mutations in the analysed 
PCa dataset were distributed along the gene with no 
apparent mutational hotspot (Supplementary Fig. 1a) in 
keeping with the types of mutations commonly observed 
in tumour suppressor genes. While the functional sig-
nificance of individual missense mutations is difficult to 
discern, truncation mutations (nonsense, frameshift, and 
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splice mutations), which account for the majority of the 
changes we detected in KMT2C in the MSKCC/DFCI 
cohort, are primarily predicted to negatively impact the 
C-terminal SET domain, and are twice as common in 
metastatic samples in this dataset (Fig.  1b, right panel). 
Thus, we hypothesized that mutations leading to loss of 
the methyltransferase activity of KMT2C play a func-
tional role in the initiation and/or progression of PCa. To 
investigate the impact of impaired KMT2C methyltrans-
ferase activity in vivo we established a mouse model with 
prostate-specific deletion of the Kmt2c SET domain-
encoding exons (Kmt2cSETΔ/Δ). Specifically, we crossed 
mice carrying loxP sites flanking exons 57 and 58, which 
encode the catalytic core motif of KMT2C [18], to mice 
carrying the Cre recombinase transgene under the con-
trol of the androgen-regulated prostate-specific proba-
sin promoter (PbCre4) [19] (Fig.  1c). Deletion of the 
Kmt2c SET domain-encoding exons was confirmed after 
the onset of puberty at both genetic and transcriptional 
levels by Polymerase Chain Reaction (PCR) and quanti-
tative reverse transcription—PCR (RT-qPCR), respec-
tively (Supplementary Fig.  1b-c). RT-qPCR analysis of 
total Kmt2c mRNA expression, using primers detecting a 
region outside of the deleted locus, revealed comparable 
levels of the mutated mRNA transcripts in Kmt2cSETΔ/Δ 
mouse prostates to wild type Kmt2c expression in control 
animals (Supplementary Fig. 1d). Interestingly, we found 
no compensatory up-regulation of the closely related 
paralogue Kmt2d (Supplementary Fig. 1e). Upon macro-
scopic evaluation, we discovered that the total prostate 
weight was significantly increased in mutant animals 
at 19 and 90 weeks postpartum (p.p.) compared to wild 
type controls (Fig. 1d, Supplementary Fig. 1f ). Analysis of 
haematoxylin and eosin (H&E) stained sections of mouse 

prostates revealed focal areas of prostatic intraepithe-
lial neoplasia (PIN) in Kmt2cSET∆/∆ mice sacrificed as 
early as 19  weeks p.p. increasing to full penetrance by 
90  weeks p.p. (Fig.  1e-f ). Immunohistochemistry (IHC) 
showed a significant increase in the percentage of Ki-67 
positive proliferating cells in Kmt2cSET∆/∆ prostates 
(Fig.  1g-h, Supplementary Fig.  1g) and clusters of cells 
highly positive for AR expression, the primary driver 
of prostate cancer initiation and progression (Fig.  1i-j). 
These data suggest that loss of KMT2C catalytic activ-
ity drives proliferation and initiates transcriptional pro-
grams involved in prostate tumorigenesis evidenced by 
increased AR expression. However, even at 90  weeks 
of age mice showed only PIN, but no signs of PCa, sug-
gesting that secondary events are required for full can-
cer progression. Thus, similar to many other prominent 
genetic alterations in PCa (e.g., affecting TP53 or ERG), 
KMT2C inactivation is insufficient to initiate malignant 
transformation.

Mutant KMT2C Drives Metastatic Transformation 
in a Pten‑null Mouse Model of Prostate Cancer
To identify genes with a potential additive effect to 
KMT2C mutations in PCa progression, we analysed 
the MSKCC/DFCI PCa patient cohort and found a sig-
nificant co-occurrence of alterations in PTEN amongst 
other genes (Supplementary Fig.  2a). PTEN is the most 
prominent tumour suppressor gene in PCa [20]. Del-
eterious alterations of this gene are found in ~ 14% of 
primary and over 30% of metastatic PCa [21]. Previ-
ous studies have shown that prostate-specific deletion 
of Pten is sufficient to induce tumorigenesis in mice and 
that disease progression closely mimics early human PCa 
[22–24]. Therefore, we back-crossed a mouse model in 

Fig. 1  Mutant KMT2C induces prostate intraepithelial neoplasia. a Schematic representation of the multi-subunit COMPASS (Complex Proteins 
Associated with Set1) complex containing KMT2C. KMT2C/D acts as a scaffold to bind multiple subunits unique to KMT2C or KMT2D containing 
COMPASS-like complexes (PAX-interacting protein 1 (PAXIP1), PAXIP1-associated glutamate-rich protein 1 (PAGR1), nuclear receptor coactivator 6 
(NCOA6), lysine specific demethylase 6A (KDM6A)) as well as proteins common to all KMT2 complexes (WD repeat-containing protein 5 (WDR5), 
Retinoblastoma-binding protein 5 (RBBP5), Set1/Ash2 histone methyltransferase complex subunit ASH2 (ASH2L), Protein dpy-30 homolog (DPY30)). 
The SET domain located at the C-terminal end of the protein confers the methyltransferase activity needed to methylate lysine 3 on histone 4 
(H3K4me1) at enhancer regions. b Spectrum of KMT2C mutations in the MSKCC/DFCI patient cohort comprised of 680 primary and 333 metastatic 
PCa samples. Data were retrieved from cBioPortal. Left panel: Top 10 most frequently mutated genes in this cohort. Right panel: Proportion of 
KMT2C alterations found in primary and metastatic PCa samples. Values within and above bars indicate alteration frequency of the respective 
mutation type and total percentage of altered samples, respectively. Samples with simultaneous mutations of more than one class are depicted 
with alternating stripes of both respective colours. c Scheme of the construct allowing for the conditional deletion of exon 57 and 58 within the 
SET domain of Kmt2c, which confers the methyltransferase activity, and the mutant transcript expressed specifically in prostate epithelial cells 
after Cre-mediated recombination controlled by the androgen-dependent probasin promoter (hereafter Kmt2cSET∆/∆). d Weight of wild type and 
Kmt2cSET∆/∆ prostates at 19 weeks p.p. (n = 18) e Representative pictures of PIN formation in a 19-week-old Kmt2cSET∆/∆ prostate. Wild type prostate 
is shown as a control. Scale bars: 50 µm. f Percentage of wild type and Kmt2cSET∆/∆ mice presenting with PIN at 19- and 90 weeks p.p. Number above 
the bar indicates PIN-positive/total number of analysed mice. (n ≥ 5) g-h Representative pictures of Ki-67 IHC analysis of wild type and Kmt2cSET∆/∆ 
mouse prostate tissue at 19 weeks p.p. (n ≥ 9) (g) and associated quantification (h). Scale bars: 50 µm. Cells positive for Ki-67 were quantified using 
QuPath software. i-j Representative pictures of AR IHC analysis of wild type and Kmt2cSET∆/∆ mouse prostate tissue at 19 weeks p.p. (n ≥ 9) (i) and 
associated quantification (j). Scale bars: 50 µm. Stains were semi-quantitatively analysed by a board-certified genitourinary pathologist. Arbitrary 
unit (AU) is a multiplication of percentage of positive cells and staining intensity (0, 1, 2, 3). (d, h, and j) Individual biological replicates are shown. 
Data are plotted as the mean ± standard deviation, and P values were determined by unpaired two-tailed Student’s t-tests

(See figure on next page.)
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Fig. 1  (See legend on previous page.)
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which conditional deletion of Pten is possible [24] to our 
Kmt2cSET∆/∆ animals to generate a double transgenic line 
with prostate-specific loss of both Kmt2c-SET and Pten 
(Pten∆/∆Kmt2cSET∆/∆) (Fig. 2a).

Prostate-specific deletion of these genes was verified 
at the genetic level by PCR (Supplementary Fig. 2b). Effi-
cient abrogation of Pten mRNA expression levels were 
found for both Pten∆/∆ and Pten∆/∆Kmt2cSET∆/∆ pros-
tates (Supplementary Fig. 2c). Deletion of the Kmt2c SET 
domain resulted in successful depletion of its full-length 
transcript. Expression levels of the mutant Kmt2c gene in 
Pten∆/∆Kmt2cSET∆/∆ double transgenic mice were compa-
rable to full-length Kmt2c in Pten∆/∆ mice (Supplemen-
tary Fig. 2e). We observed no compensatory upregulation 
of Kmt2d upon Kmt2c SET domain deletion (Supplemen-
tary Fig.  2f ). In line with the H3K4 mono-methyltrans-
ferase activity of KMT2C we found a global reduction 
of the enhancer mark H3K4me1 but not H3K27ac in 
Pten∆/∆Kmt2cSET∆/∆ prostate tissue (Supplementary 
Fig.  2g-h). Prostates of mice sacrificed at 19  weeks p.p. 
were significantly enlarged in Pten∆/∆Kmt2cSET∆/∆ ani-
mals compared to Pten∆/∆ controls (Fig.  2b-c). Inter-
estingly, heterozygous deletion of Kmt2c-SET in 
combination with loss of Pten (Pten∆/∆Kmt2cSET∆/+) was 
sufficient to induce increased prostate weight indicative 
of tumour development (Fig. 2c).

We found a striking difference in the gross morphol-
ogy between Pten∆/∆Kmt2cSET∆/∆ and Pten∆/∆ tumours. 
Deletion of Pten alone in the prostate epithelium led to 
formation of cystic tumours comprised of ~ 40% fluid, 
while Pten∆/∆Kmt2cSET∆/∆ animals developed solid 
tumours with cyst formation observed only in a minor-
ity of mice (Fig.  2d). Histopathological analysis of the 
primary tumour tissue revealed locally invasive areas in 
Pten∆/∆Kmt2cSET∆/∆ animals compared to age matched 
Pten∆/∆ mice. In PtenΔ/ΔKmt2cSETΔ/Δ prostates the basal 
cell layer was focally disrupted, and isolated tumour cells 
infiltrated into the surrounding stroma (Fig. 2e, Supple-
mentary Fig. 2i). Double transgenic tumour cells infiltrat-
ing into blood vessels or nerve sheaths were observed 
at localised areas (Supplementary Fig.  2j). Furthermore, 

we found significantly more Ki-67 positive cells in 
Pten∆/∆Kmt2cSET∆/∆ tumours compared to PtenΔ/Δ con-
trols (Fig. 2e-f ). Strikingly, Pten∆/∆Kmt2cSET∆/∆ and even 
Pten∆/∆Kmt2cSET∆/+ mice showed a significant reduc-
tion in median life expectancy to 30 and 59  weeks, 
respectively, compared to > 80 weeks for Pten∆/∆ animals 
(p < 0.0001; Fig.  2g). Pten∆/∆ and Pten∆/∆Kmt2cSET∆/+ 
mice developed large tumours and had to be sacrificed 
due to tumour burden. In contrast, the general health of 
Pten∆/∆Kmt2cSET∆/∆ mice deteriorated rapidly after sud-
den disease onset despite significantly smaller tumour 
sizes. Necropsies of Pten∆/∆Kmt2cSET∆/∆ mice showed 
invasion of tumour cells into the urethra and urinary 
bladder, leading to severe obstructive uropathy with 
parenchymal reduction in the kidneys due to hydrone-
phrosis (Fig. 3a, Supplementary Fig. 3a). This was accom-
panied by a sharp increase in serum creatinine levels, 
suggestive of renal failure (Supplementary Fig. 3b). These 
findings indicate a switch from organ confined PCa 
towards aggressive disease spreading beyond the prostate 
upon ablation of KMT2C activity in combination with 
PTEN loss.

To further investigate the invasive nature of 
Pten∆/∆Kmt2cSET∆/∆ prostate tumours we analysed 
draining lymph nodes and organs to identify meta-
static tumour cells in mice showing clinical signs 
over 40  weeks of age. The prostatic origin of poten-
tial metastatic cells was determined by IHC staining 
of AR and keratin 8 (KRT8) (Fig.  3b). Lymph node 
metastases were found in more than 50% of analysed 
Pten∆/∆Kmt2cSET∆/∆ and 20% of Pten∆/∆Kmt2cSET∆/+ 
mice (Fig.  3b-c). Alongside lymphatic metastasis, 
prostatic tumour cells were detected in the blood 
vessels demonstrating metastatic dissemination via 
the circulatory system (Fig. 3b). Remarkably, 3 out of 
10 Pten∆/∆Kmt2cSET∆/∆ mice had further progressed 
to develop lung metastases (Fig.  3b,  d). In contrast, 
metastatic dissemination could not be found in 
lymph nodes or in distant organs in Pten∆/∆ mice up 
to 90  weeks p.p., which is in agreement with previ-
ously published data [25, 26] (Fig.  3c-d). Kaplan 

(See figure on next page.)
Fig. 2  Loss of the Kmt2c SET domain exacerbates prostate cancer tumorigenesis in Pten-null mice. a Scheme of the constructs allowing for the 
double deletion of Kmt2c (top) and Pten (bottom) in combination with expression of Cre recombinase under the control of the androgen-regulated 
probasin promoter. Mutated transcripts expressed specifically in the prostate epithelium after recombination are depicted on the right-hand 
side. b Representative pictures of prostates of wild type, Pten∆/∆, Pten∆/∆Kmt2cSET∆/+ and Pten∆/∆Kmt2cSET∆/∆ mice resected at 19 weeks p.p. Scale 
bar: 10 mm. c Quantification of prostate tissue weight of wild type, Pten∆/∆, Pten∆/∆Kmt2cSET∆/+ and Pten∆/∆Kmt2cSET∆/∆ prostates at 19 weeks p.p. 
(n ≥ 13) d Percentage of cystic fluid per total tumour weight (solid tissue and fluid) of Pten∆/∆, Pten∆/∆Kmt2cSET∆/+ and Pten∆/∆Kmt2cSET∆/∆ prostates 
at 19 weeks p.p. (n ≥ 13) e Representative pictures of H&E (left panel) and Ki-67 (right panel) IHC staining of wild type, Pten∆/∆, Pten∆/∆Kmt2cSET∆/+ 
and Pten∆/∆Kmt2cSET∆/∆ prostates at 19 weeks p.p., Scale bars: 100 µm. f Quantification of cells positive for Ki-67 using QuPath software. (n ≥ 8) g 
Kaplan Meier cumulative survival analysis of wild type, Kmt2cSET∆/∆, Pten∆/∆, Pten∆/∆Kmt2cSET∆/+ and Pten∆/∆Kmt2cSET∆/∆ mice (n ≥ 5). Values next to 
the dotted lines at the x-axis of the graph indicate the median life expectancy. P values were determined by log-rank (Mantel-Cox) tests. (c, d, f) 
Individual biological replicates are shown. Data are plotted as mean ± standard deviation, and P values were determined by ordinary one-way 
ANOVA with Tukey’s multiple comparisons test
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Fig. 2  (See legend on previous page.)
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Meier analysis, whereby an event is defined as the 
presence of metastatic disease detected on necropsy, 
showed a median time of metastasis-free survival of 
52.6  weeks in Pten∆/∆Kmt2cSET∆/∆ animals (Fig.  3e). 
This suggests that a significant number of animals 
likely die due to renal failure from bladder obstruc-
tion, resulting from invasive growth of PCa into the 

local surrounding tissues, before distant metastases 
of a detectable size can form. Taken together, these 
data reveal that loss of KMT2C histone methyltrans-
ferase activity in Pten-null prostate tumours not only 
drives proliferation, but also confers invasive proper-
ties allowing tumour cells to invade surrounding tis-
sues and spread to distant organs.

Fig. 3  KMT2C methyltransferase deficiency triggers metastatic dissemination of prostate cancer. a H&E stains of urinary tract obstruction by 
invasive PCa in a moribund Pten∆/∆Kmt2cSET∆/∆ mouse at 39 weeks p.p. at low (top) and high (bottom) magnification. Scale bars: 200 µm. T, tumour; 
U, urethra. b H&E-stained sections and IHC analysis of the androgen receptor (AR) and keratin 8 (KRT8) of tumour dissemination into lumbar lymph 
nodes, blood vasculature and lungs. Depicted material was derived from two moribund animals at 46- and 48-weeks p.p. Scale bars: 100 µm. 
LN, lymph node; L, lung; E, endothelial lumen; M, metastasis. c-d Percentage of wild type, Pten∆/∆, Pten∆/∆Kmt2cSET∆/+ and Pten∆/∆Kmt2cSET∆/∆ 
mice presenting with lymph node (c) and lung (d) metastasis at the time of death. The number above the bar indicates metastasis-bearing/total 
number of analysed mice (n ≥ 5). e Kaplan Meier analysis depicting wild type, Pten∆/∆, Pten∆/∆Kmt2cSET∆/+ and Pten∆/∆Kmt2cSET∆/∆ mice having 
developed metastasis at the time of death (n ≥ 5). Mice that did not present with metastasis at the time of death are shown as censored events. 
The value below the dotted line indicates the median metastasis-free survival of Pten∆/∆Kmt2cSET∆/∆ mice. The P value was determined by a log-rank 
(Mantel-Cox) test
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Transcriptional Profiling of KMT2C Mutated Prostate 
Epithelial Cells Reveals Enrichment of the Proliferative MYC 
Gene Signature
We performed RNA sequencing (RNA-Seq) of prostate tissue 
from wild type, Kmt2cSETΔ/Δ, PtenΔ/Δ and PtenΔ/ΔKmt2cSETΔ/Δ 
mice at 19 weeks p.p. following the onset of tumour forma-
tion to gain insights into alterations in gene expression that 
are associated with the observed phenotypes. Cells expressing 
the epithelial cell adhesion molecule (EpCAM) were isolated 
from prostate tissue using a magnetic bead-based cell sort-
ing approach. Successful enrichment of EpCAMpos cells was 
confirmed using fluorescence activated cell sorting (FACS) 
(Fig. 4a) before RNA isolation and RNA-Seq was conducted. 
Principal component analysis revealed a clear separation of 
tumour samples (PtenΔ/Δ and PtenΔ/ΔKmt2cSETΔ/Δ) according 
to their genotypes. In contrast, Kmt2cSETΔ/Δ samples clustered 
closely with wild type samples, indicating only minor changes 
in overall gene expression between these groups (Supplemen-
tary Fig.  4a). These results substantiate our previous data, 
highlighting the importance of KMT2C in tumour progres-
sion rather than initiation. Whereas differential gene expres-
sion analysis of the transcriptomes of PtenΔ/ΔKmt2cSETΔ/Δ 
with Pten-null prostate epithelial cells showed significant up-
regulation of 252 and down-regulation of 943 genes (Fig. 4b) 
the number of significantly deregulated genes between the 
wild type and Kmt2cSETΔ/Δ cells was considerably smaller with 
only 5 up- and 80 downregulated transcripts in Kmt2cSETΔ/Δ 
mice (Supplementary Fig.  4b). To gain further insight into 
the pathways affected by these gene expression changes, 
we performed fast pre-ranked gene set enrichment analy-
sis (fGSEA) using hallmark gene sets derived from MSigDB 
[27, 28]. In accordance with our previous results, we found a 
significant enrichment for genes driving proliferation upon 
loss of the KMT2C methyltransferase domain (Fig. 4c, Sup-
plementary Fig.  4c). Of note, we found the proto-oncogene 
Myc, which is a known master regulator of proliferation, 
and its downstream targets Ccnd1 and Ccnd2 to be upregu-
lated in PtenΔ/ΔKmt2cSETΔ/Δ samples (Fig.  4d, Supplemen-
tary Fig. 4d). In line with this observation, MYC target genes 
were overrepresented in Kmt2c SET domain deleted samples 

(Fig. 4e, Supplementary Fig. 4e). Overexpression of MYC in 
the progression of PCa has previously been observed 
[8, 29]. Additionally, MYC expression has been shown to cor-
relate with increased disease severity and to positively regu-
late the well described PCa driver AR [30, 31]. In line with 
this dependency, we observed an upregulation of androgen 
response genes in PtenΔ/ΔKmt2cSETΔ/Δ samples (Supplemen-
tary Fig.  4f). Besides its role in cellular proliferation, MYC 
has been recognized as regulating epithelial-to-mesenchymal 
(EMT) transition and in the general acquisition of invasive 
properties of cancer cells [32]. Accordingly, an enrichment 
of genes involved in EMT was observed upon Kmt2c SET 
domain deletion (Fig. 4f, Supplementary Fig. 4 g). To further 
confirm the invasive nature of PtenΔ/ΔKmt2cSETΔ/Δ pros-
tate epithelial cells we analysed two additional sets of genes 
described in general to be upregulated in metastatic tumours 
(RAMASWAMY Metastasis_UP) [33] or lymph node metas-
tasis in PCa (PCa LN Metastasis_UP) [34] and found both 
signatures to be enriched in the double transgenic samples 
(PtenΔ/ΔKmt2cSETΔ/Δ) compared to controls (Fig. 4g-h). Taken 
together, changes in the transcriptome observed upon disrup-
tion of KMT2C methyltransferase activity verify the activation 
of proliferative signalling pathways and indicate alterations in 
processes involved in disease aggressiveness.

Mutant KMT2C Impairs Oncogene‑Induced Expression 
of the Cell Cycle Repressor p16INK4A

While sustained growth-stimulatory signalling is a fun-
damental trait of cancer cells, the replicative stress 
induced by excessive proliferation may elicit a counter-
active growth arrest. This tumour suppressive process, 
known as oncogene-induced senescence (OIS), can pre-
sent a barrier to malignant transformation of precursor 
lesions and must be overcome for tumours to progress to 
lethal, metastatic disease [35, 36]. Elevated signalling by 
strong oncogenic drivers, as well as loss of potent tumour 
suppressors, such as PTEN, have been described to trig-
ger OIS, highlighting the potentially crucial role of this 
phenomenon in our model system [35, 37]. The unre-
strained proliferation and metastatic dissemination of 

(See figure on next page.)
Fig. 4  Mutant KMT2C results in enrichment of the MYC gene signature in prostate epithelial cells. a Schematic overview of the magnetic 
bead-based enrichment procedure of murine prostate epithelial cells. Sequence from left to right: 19-week-old mice were sacrificed and 
prostates were dissected. Tissue was enzymatically and mechanically dissociated to generate single cell suspensions. Cells were labelled with 
biotinylated anti-EpCAM antibody and retrieved from the bulk population using streptavidin-coated magnetic beads. The sorting efficiency was 
verified via flow cytometry. b Unsupervised hierarchical clustering and heatmap of significant differentially expressed genes between Pten∆/∆ 
and Pten∆/∆Kmt2cSET∆/∆ prostate epithelial cells. 5 biological replicates were included per group. Number of genes deregulated with an adj. 
P value < 0.05 and log2FC ≥ 1 / ≤ -1 are shown on the left. c HALLMARK gene sets enriched in Pten∆/∆Kmt2cSET∆/∆ versus Pten∆/∆ groups at an 
FDR < 0.25. Dotted lines: adj. P value = -log10(0.05). d Gene expression levels of Myc based on normalized counts from RNA-Seq analysis of Pten∆/∆ 
and Pten∆/∆Kmt2cSET∆/∆ prostate epithelial cells. Individual biological replicates are shown. Data are plotted as mean ± standard deviation, and the P 
value was determined by unpaired two-tailed Student’s t-test. e–h fGSEA plots of Pten∆/∆Kmt2cSET∆/∆ versus Pten∆/∆ groups showing an enrichment 
of MYC target genes (HALLMARK_MYC_TARGETS_V1) (e), genes involved in EMT (HALLMARK_EPITHELIAL_MESENCHYMAL_TRANSITION) (f), genes 
upregulated in metastasis of solid tumours (RAMASWAMY_METASTASIS_UP) (g) and genes upregulated in prostate cancer lymph node metastasis 
versus primary prostate cancer (PCa LN Metastasis UP, see also Supplementary Materials and Methods) (h)



Page 9 of 19Limberger et al. Molecular Cancer           (2022) 21:89 	

Fig. 4  (See legend on previous page.)



Page 10 of 19Limberger et al. Molecular Cancer           (2022) 21:89 

PtenΔ/ΔKmt2cSETΔ/Δ prostate tumour cells described so 
far indicate an escape from PTEN-loss induced cellular 
senescence (PICS) in KMT2C mutant tumours. Another 
key attribute of senescent cells is the extensive change 
in expression of inflammatory cytokines and other sig-
nalling molecules known as the senescence-associated 
secretory phenotype (SASP) [38]. Interestingly, analysis 
of the RNA-Seq data (Fig. 4) revealed a significant dereg-
ulation of immune response pathways between the tran-
scriptomes of PtenΔ/Δ and PtenΔ/ΔKmt2cSETΔ/Δ prostate 
epithelial cells (Fig. 4c). This might reflect changes to the 
SASP as there is considerable overlap of genes involved 
in those processes. To further investigate potential loss 
of the SASP gene signature in PtenΔ/ΔKmt2cSETΔ/Δ pros-
tate cells we performed fGSEA using a set of genes pre-
viously described to be induced upon PICS (“core SASP 
of PICS”) [39] and found them to be strongly down-
regulated in the PtenΔ/ΔKmt2cSETΔ/Δ double transgenic 
group compared to PtenΔ/Δ mouse prostate cells (Fig. 5a). 
Next, we performed IHC staining of mouse prostate tis-
sue taken from mice at 19 weeks p.p. for the senescence 
markers β-galactosidase (GLB1) and p16INK4A. PtenΔ/Δ 
prostate cells showed an accumulation of GLB1 and pro-
nounced induction of p16INK4A which corroborates previ-
ously published data describing senescence in the PtenΔ/Δ 
PCa mouse model [37]. In contrast, expression of both 
markers was lower in PtenΔ/ΔKmt2cSETΔ/Δ prostate sam-
ples (Fig. 5b-d). As senescence is known to be mediated 
by the two isoforms of Cdkn2a, p16INK4A and p19ARF, 
and the Cdkn1a gene product p21CIP1 [38] we analysed 
expression of these genes via RT-qPCR. In line with the 
induction of senescence upon loss of Pten, expression of 
Cdkn2a transcripts and, to a lesser extent, Cdkn1a was 
induced in PtenΔ/Δ samples. Combined loss of Pten with 
the Kmt2c SET domain led to the loss of p16INK4A expres-
sion and a similar but less pronounced effect for p19ARF 
(Fig. 5e). Western blot analysis for p16INK4A and the cyc-
lin-dependent kinase CDK4, which is known to be inhib-
ited by p16INK4A, confirmed the loss of p16INK4A detected 
in PtenΔ/ΔKmt2cSETΔ/Δ protein lysates and an upregula-
tion of CDK4. In addition, we analysed p53 expression, 

the key mediator of p19ARF-p53-p21CIP1-mediated senes-
cence but did not detect a deregulation of this axis at 
the protein level nor at the transcript level as indicated 
by no significant change in p21 levels (Fig.  5e-g). We 
therefore conclude that mutant KMT2C impairs the 
induction of OIS in Pten-null mice by circumventing 
p16INK4A-mediated cell cycle arrest.

KMT2C Truncation Mutations are Associated 
with Increased Proliferation and Reduced Disease‑Free 
Survival for Prostate Cancer Patients
We have identified KMT2C SET domain deletion as a 
driving event of metastatic PCa in our murine model sys-
tem and have observed an enrichment of the MYC gene 
signature accompanied by concurrent loss of p16INK4A as 
mechanistic downstream effects. Therefore, we hypoth-
esized that KMT2C truncation mutations may be associ-
ated with aggressive disease and poor prognosis in PCa 
patients. Therefore, we stratified sample data derived 
from the Cancer Genome Atlas Prostate Adenocarci-
noma (TCGA-PRAD) [20] patient cohort into KMT2C 
wildtype and KMT2C truncated tumours for further 
pathway analysis. Analogous to our murine data, fGSEA 
of hallmark gene sets revealed strong upregulation of 
proliferative pathways, with MYC target genes ranking 
as the most highly enriched gene sets (Fig.  6a-b). Fur-
thermore, mRNA expression of MYC itself was upregu-
lated in patient samples carrying KMT2C truncation 
mutations (Fig. 6c). In line with the capacity of MYC to 
induce transcription and enhance the stability of the AR, 
we detected enrichment of androgen response genes in 
the KMT2C truncated patient group (Supplementary 
Fig. 5a). As our murine data show that activation of pro-
liferative signalling pathways occurs concurrently with 
evasion of p16INK4A-mediated growth arrest, we per-
formed fGSEA on the “core SASP of PICS” gene set and 
found a significant reduction of this transcriptional sig-
nature in KMT2C truncated tumours (Supplementary 
Fig.  5b), potentially indicating loss of senescence fea-
tures. We further observed a reduction in expression of 
the gene encoding p16INK4A, CDKN2A, in these samples 

Fig. 5  KMT2C SET domain is crucial for oncogene-induced expression of the cell cycle repressor p16INK4A. a fGSEA plot of Pten∆/∆Kmt2cSET∆/∆ 
versus Pten∆/∆ transcriptomes showing a depletion of the core SASP gene signature previously described upon PICS in Pten∆/∆Kmt2cSET∆/∆ samples 
(core SASP of PICS, see also Supplementary Materials and Methods). b IHC staining for GLB1 and p16INK4A on prostate tissue of 19-week-old 
wild type, Pten∆/∆ and Pten∆/∆Kmt2cSET∆/∆ mice. Scale bars: 50 µm. c Semi-quantitative analysis of GLB1 staining intensity performed by a 
board-certified pathologist. Expression was classified as low, medium, or high of 5 biological replicates analysed per group. d Quantification of 
cells positive for p16INK4A using QuPath software (n = 5). e RT-qPCR based quantification of Cdkn2a transcript variant 2 (p16), Cdkn2a transcript 
variant 1 (p19) and Cdkn1a (p21) mRNA transcripts (n ≥ 5). P values of statistically non-significant results are included in the graph for P < 0.1 and 
are additionally labelled as non-significant (n.s.) f Western blot analysis showing protein levels of p16INK4A, CDK4 and p53 for wild type, Pten∆/∆ and 
Pten∆/∆Kmt2cSET∆/∆ prostate lysates (n ≥ 4). β-Actin and β-Tubulin serve as loading controls. The number above the band depicts the fold change 
over the average expression level detected in Pten∆/∆ samples. ǂ indicates unspecific bands. g Quantification of Western blots shown in Fig. 5f. (d-e, 
g) Individual biological replicates are shown. Data are plotted as mean ± standard deviation, and P values were determined by unpaired two-tailed 
Student’s t-test (d) or ordinary one-way ANOVA with Tukey’s multiple comparisons test (e, g)

(See figure on next page.)
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(Fig.  6d). As p16INK4A inhibits cell cycle progression at 
the G1/S transition, we performed fGSEA of two sets 
of genes upregulated during this process (REACTOME 
G1/S, FISCHER G1/S) and found these to be highly 

enriched in the KMT2C truncated patient group, further 
highlighting the likely depletion of cell cycle repressors 
in this cohort (Fig.  6e). Collectively, these data indi-
cate hyperactivation of proliferation in PCa carrying 

Fig. 5  (See legend on previous page.)
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truncated forms of KMT2C, which is remarkably simi-
lar to the effect observed in our model system. Thus, we 
hypothesize that KMT2C mutations, in agreement with 
our murine data, also influence prognosis in PCa. There-
fore, we analysed data derived from the International 
Cancer Genome Consortium (ICGC) [40] and found that 
KMT2C truncation mutations (nonsense and frameshift 
mutations) correlate with reduced disease-free survival 
(DFS) in PCa (Fig.  6f ). Taken together our data show 
that KMT2C truncating events drive cancer progres-
sion by upregulating MYC target genes and circumvent-
ing p16INK4A-mediated growth arrest. These effects may 
ultimately facilitate the formation of lethal, metastatic 
disease in PCa patients. Therefore, KMT2C truncation 
mutations represent a biomarker for aggressive disease 
and indicate that inhibitors of the MYC signalling axis 
might be beneficial to these patients.

Discussion
Although KMT2C is the most frequently mutated epi-
genetic regulator in PCa [15], and loss of histone meth-
ylation correlates with a poorer clinical outcome [41], 
functional studies investigating the impact of these muta-
tions on prostate carcinogenesis are scarce. Here, we 
describe for the first time that loss of the KMT2C meth-
yltransferase domain accelerates tumour growth and pro-
motes a switch from indolent to lethal, metastatic disease 
in vivo when combined with other PCa associated muta-
tional events, specifically loss of PTEN. Our study also 
reveals that this exacerbation of tumour progression is 
accompanied by an enrichment of the proliferative MYC 
gene signature and an escape of p16INK4A-mediated onco-
gene-induced senescence.

Previous studies have shown correlations between 
expression levels of KMT2C and cancer progression, 
while others have instead highlighted the importance 
of genetic alterations affecting protein function [17, 
42–44]. To date, the contribution of KMT2C to car-
cinogenesis has most extensively been studied in breast 
cancer (BCa), which is biologically similar to PCa due to 
its dependence on steroid hormone signalling. Reduced 
expression of KMT2C or KMT2D results in decreased 

oncogenic estrogen receptor (ER) signalling, possibly due 
to impaired interaction with the ER pioneer factor Fork-
head box protein A1 (FOXA1) [44, 45]. In contrast, low 
KMT2C expression correlates with bad prognosis in BCa 
[43] and both truncation mutations as well as mutations 
in the plant homeodomain (PHD) of KMT2C have been 
shown to be tumour-promoting events [17, 44]. Thus, the 
contribution of KMT2C to carcinogenesis appears to be 
influenced by cellular context, alteration type, as well as 
hormone-dependence even within a single malignancy. 
Our analysis of the mutational spectrum in PCa patients 
showed a high prevalence of nonsense and frameshift 
mutations resulting in truncated forms of KMT2C, espe-
cially in metastatic samples. We therefore focused our 
work on the genetic loss of the C-terminal methyltrans-
ferase domain rather than the analysis of expressional 
changes.

To study the complex biological consequences of 
KMT2C alterations in  vivo, we established a genetically 
engineered mouse model (GEMM) with a prostate epi-
thelium specific deletion of the catalytic core motif of 
Kmt2c. Kmt2c-mutated animals developed PIN lesions 
but never progressed to develop carcinomas. This obser-
vation resembles other GEMMs modelling key altera-
tions observed in human PCa, such as deletion of TP53 
or overexpression of ERG or AR in the prostate epi-
thelium [25, 46, 47]. Regardless, loss of the Kmt2c SET 
domain resulted in the activation of the oncogenic AR 
signalling pathway and a significant increase in cellular 
proliferation, albeit at low levels. These data are in con-
trast to the ability of wildtype KMT2C/D in facilitating 
the closely related ER signalling axis in BCa [44, 45]. A 
potential difference in interaction of ER and AR with 
their co-regulators, including FOXA1, might result in 
diverging effects of KMT2C on these transcriptional pro-
grams. However, the varied effects of KMT2C observed 
across different BCa model systems hints at a multitude 
of factors capable of influencing the biological outcome 
of KMT2C alterations in carcinogenesis.

Previous studies have identified loss of PTEN or over-
expression of MYC to be sufficient to induce carcino-
genesis in  vivo. However, neither alteration leads to 

(See figure on next page.)
Fig. 6  KMT2C truncations enhance MYC target gene expression and correlate with reduced DFS for PCa patients. a HALLMARK gene sets enriched 
in patients with KMT2C truncation mutations versus wild type forms of KMT2C. Gene sets enriched at an FDR < 0.05 are depicted. Dotted lines: adj. 
P value = -log10(0.05). b fGSEA plots of KMT2C truncated versus KMT2C wild type (wt) prostate cancer patient samples showing an enrichment for 
MYC target genes (HALLMARK_MYC_TARGETS_V1, HALLMARK_MYC_TARGETS_V2). c-d MYC (c) and CDKN2A (d) mRNA expression levels in prostate 
cancer patients with wild type (n = 461) or truncated (n = 15) forms of KMT2C. Data are shown as box and whiskers (min to max) plots, and P values 
were determined by a Mann–Whitney test for non-normal distribution (c) or a two-tailed unpaired Student’s t-test (d). e fGSEA plots of KMT2C 
truncated versus KMT2C wild type (wt) prostate cancer patient samples showing an enrichment of transcriptional signatures upregulated during 
G1/S phase transition (REACTOME_G1_S_TRANSITION, FISCHER_G1_S_CELL_CYCLE). f Disease free survival for prostate cancer patients dependent 
of the KMT2C mutational status. Frameshift and nonsense mutations were grouped as truncation mutations (wild type KMT2C: n = 724; truncated 
KMT2C: n = 11). Samples with alterations that were not classified as truncation mutations were excluded from the analysis. Data were retrieved from 
the ICGC Data Portal and analysed by a log-rank (Mantel-Cox) test. (a-e) Data were derived from the TCGA-PRAD dataset
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Fig. 6  (See legend on previous page.)
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metastatic disease suggesting a requirement for other 
contributory genetic events [23, 48]. Formation of dis-
tant metastasis has previously been achieved in the Pten-
null model in combination with select additional genetic 
alterations [26, 39, 49–51]. For example, it was recently 
shown that the combined overexpression of MYC and 
loss of Pten in prostate luminal epithelial cells can induce 
lethal metastatic PCa [52]. Our analysis of the mutational 
spectrum present in PCa patients revealed a significant 
co-occurrence of PTEN and KMT2C alterations, point-
ing towards a synergistic effect. In accordance, we dem-
onstrate in our study that Kmt2c SET domain deletion 
represents an as-yet unknown aberration capable of ini-
tiating the important switch from localized to metastatic 
PCa in a Pten-null GEMM.

A frequent observation in relation to metastatic trans-
formation is the circumvention of the senescent pheno-
type initiated upon Pten-deficiency [37], or upregulation 
of the proto-oncogene MYC [50–52]. There is ample 
evidence for the fundamental role of senescence as an 
abortive stage of cancer development. However, its 
impact on tumorigenesis appears to be diverse and highly 
dependent on the context in which it arises. A multi-
tude of inducers of senescence have been described, yet 
the molecular effectors activated downstream mainly 
converge on two major tumour suppressive pathways: 
the p16INK4A-RB and the p14ARF-p53-p21CIP1 signalling 
axes [53]. Interestingly, genetic deletion of p19Arf, the 
murine homolog to p14ARF, in Pten-null mice does not 
impact p53 expression in  vivo and is not sufficient to 
abrogate senescence or promote tumorigenesis [54]. Fur-
thermore, while senescent features are lost in Pten / p53 
double-knockout prostate epithelial cells in a GEMM, 
the formation of distant metastases was not observed 
[25]. These findings indicate that circumvention of OIS 
may be insufficient to drive metastatic transformation 
and needs to occur in parallel with the induction of an 
additional driver of cellular dissemination. In our model 
system, combined deletion of Pten and the Kmt2c cata-
lytic core motif led to loss of p16INK4A in double trans-
genic mice but failed to convincingly show any change 
in the p19ARF-p53-p21CIP1 axis. Still, we observed a loss 
of senescence features and, more importantly, a drastic 
reduction in life expectancy due to obstructive tumour 
cell infiltration into the urethra and the development of 
lymph node and lung metastases. Our data additionally 
suggest a possible involvement of the MYC signalling 
axis in the switch to metastatic PCa in our model sys-
tem based on increased expression of MYC target genes 
and an upregulation of Myc mRNA levels. However, as 
other drivers of proliferation might activate a similar set 
of downstream targets and MYC protein levels and activ-
ity are tightly controlled not only on transcriptional level 

but also through RNA stability, protein turnover and 
posttranslational modifications [55] the transcriptional 
changes observed in our model system may not exclu-
sively point towards MYC but drivers of proliferation in 
general.

Based on the functional role of KMT2C as an H3K4 
mono-methyltransferase, loss of p16INK4A might directly 
be regulated by impaired placement of activating 
H3K4me1 marks at enhancer elements associated with 
Cdkn2a. On the other hand, an upregulation of Myc is 
unlikely to be a direct effect of H3K4me1 loss and pos-
sibly mediated by the downregulation of a transcriptional 
inhibitor of Myc instead. While our data convincingly 
show a global deregulation of H3K4me1 upon impaired 
KMT2C methyltransferase activity deciphering site spe-
cific changes in the enhancer landscape in our model sys-
tem and how they correlate with transcriptional changes 
remains to be investigated.

The relevance of our findings to human patients is sup-
ported by the fact that we observe both enrichment of the 
MYC gene signature and downregulation of CDKN2A, 
which encodes p16INK4A, in PCa patients with trunca-
tion mutations of KMT2C. Remarkably, we found a sig-
nificant correlation between DFS and truncated KMT2C 
in patients, demonstrating the prognostic significance 
of KMT2C mutation status in PCa. Based on our find-
ings, we speculate that inhibition of MYC transcriptional 
activity may be a viable treatment option for patients with 
KMT2C truncation mutations. Furthermore, elucidating 
the complex transcriptional networks that are altered in 
response to KMT2C mutations uncovered in this study 
may facilitate the identification of novel pro-metastatic 
pathways and promote the development of new clinical 
therapeutics that can counteract PCa metastases.

Taken together, this work reveals new insights into the 
previously poorly understood transition from local to 
lethal metastatic PCa. Furthermore, data presented in 
this study provide a rationale for the inclusion of KMT2C 
mutation status in standard diagnostics of patients with 
suspected PCa. Based on our findings, inhibition of 
MYC-associated transcriptional activity could repre-
sent a strategy for treating PCa patients with deleterious 
KMT2C mutations and thus a poor prognosis. As many 
other human cancers also show a high KMT2C mutation 
prevalence our work may have translational relevance to 
an array of malignancies similarly affected.

Methods
Analysis of mutation data from publicly available datasets
Mutation data including frequency and co-occurrence of 
specific mutations in PCa patients were obtained from 
the MSKCC/DFCI dataset using http://​www.​cbiop​ortal.​
org [15, 56, 57].

http://www.cbioportal.org
http://www.cbioportal.org
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The DFS Rate of PCa patients dependent on KMT2C 
mutational status was derived from the ICGC Data Por-
tal. For “KMT2C wildtype” all patients with KMT2C 
mutations of any kind, including those of unknown sig-
nificance, were removed. Mutations of the consequence 
type “Frameshift” and “Stop Gained” were grouped as 
truncation mutations. Consequence type “Missense” 
was selected for missense mutations. All available PCa 
projects (PRAD-US, PRAD-CA, PRAD-UK, EOPC-DE, 
PRAD-CN, PRAD-FR) were included in this analysis.

Animal models
Pb-Cre4 (Tg(Pbsn-cre)4Prb, RRID: IMSR_JAX:026,662), 
Ptenflox/flox (Ptentm2Mak, RRID: IMSR_RBRC02300) and 
Kmt2cflox/flox (Kmt2ctm1.2Jwle, RRID: MGI:4,948,101) mice 
have previously been described [18, 19, 24]. All animals 
were maintained on a C57Bl/6-Sv/129 mixed back-
ground. Male mice were allocated to experimental groups 
based on their genotype and sacrificed at 19 or 90 weeks 
of age as indicated in the individual figure legends. All 
animal studies were reviewed and approved by the Fed-
eral Ministry Republic of Austria for Education, Science 
and Research and conducted according to regulatory 
standards (BMBWF GZ 66.009/0135-WF/V/3b/2016).

Pathologic review
Sections were reviewed by two independent board-cer-
tified pathologists with specific expertise in laboratory 
animals (L.K. and S.H.). All analyses were performed 
blinded to genotype.

Immunohistochemistry and histological analysis
Immunohistochemistry (IHC) and haematoxylin/eosin 
stains (H&E) were performed with formalin-fixed par-
affin-embedded (FFPE) tissue using standard protocols. 
The following antibodies were used for IHC: Ki67 (Cell 
Signaling, #12,202, 1:400), AR (Abcam, ab133273, 1:100), 
p16 (Abcam, ab211542, 1:500), GLB1 (Novus Biologicals, 
NBP2-45,731, 1:120), KRT8 (Abcam, ab53280, 1:100) and 
p63 (Abcam, ab735, 1:80).

All images were taken with a Zeiss AxioImager M2. 
Quantification was performed using QuPath 0.1.2 [58]. 
If automated quantification was not possible, semi-
quantitative analysis was performed by a board-certified 
pathologist with specific expertise in mouse models of 
prostate cancer (L.K.). Analyses were performed blinded 
to genotype.

Western blot analysis
Protein extraction from frozen prostate samples for 
Western blot analysis has previously been described [49]. 
Western blots were prepared using 15–20 µg of protein 
lysate, blocked with 5% BSA in 1 × TBS / 0.1% Tween-20 

for 1 h and incubated at 4 °C overnight with primary anti-
bodies against AR (1:1000, ab133273, Abcam), p16INK4A 
(1:2000, ab211542, Abcam), CDK4 (1:200, sc-260, Santa 
Cruz), p53 (1:1000, CST#2524, Cell Signaling), β-Actin 
(1:1000, CST#4967, Cell Signaling) and β-Tubulin 
(1:2000, CST#2146, Cell Signaling). Western blots were 
quantified using ImageJ2.

RNA Isolation and RT‑qPCR
RNA from mouse tissue was extracted using TRI Rea-
gent (Merck) and purified using the ReliaPrep RNA 
Tissue Miniprep kit (Promega). DNase digestion was 
performed on a column. For RT-qPCR, 1 µg of total RNA 
was reverse transcribed to cDNA using the iScript cDNA 
Synthesis Kit (Bio-Rad). RT-qPCR was performed in trip-
licates with the Luna Universal qPCR Master Mix (NEB). 
All procedures were performed according to the manu-
facturers’ instructions. Real-time monitoring of PCR 
amplification was performed using the CFX96 Real-Time 
System C1000 Thermal Cycler (Bio-Rad). mRNA levels 
were calculated using the Pfaffl analysis method [59] and 
normalized to the geometric mean of β-actin and cyclo-
philin A. RT-qPCR primer sequences are listed in the 
Supplementary Materials and Methods.

RNA‑Seq of mouse prostate epithelial cells
Mice were sacrificed at 19 weeks p.p. and prostates were 
dissected. Prostate tissue was digested as previously 
described [60]. Cell suspensions were strained through a 
40 µm cell strainer and washed twice using MACS buffer 
(1 × PBS + 2 mM EDTA + 2% FCS). The cell solution was 
subject to centrifugation for 5 min at 150 g, and cells were 
resuspended in 800 µL MACS buffer. Cells were passed 5 
times through a 27G needle and counted. 1–3 * 107 cells 
were collected by centrifugation at 300  g for 5  min and 
resuspended in 200 µL MACS buffer. 100 ng anti-CD326-
biotin (13–5791-82, eBioscience) were added to the cell 
solution and incubated at room temperature for 10 min. 
1  mL MACS buffer was added to the solution and cells 
were collected by centrifugation at 300 g for 5 min. The 
cell pellet was resuspended in 200 µL MACS buffer and 
transferred to a 12 × 75 mm FACS tube. 60 µL streptavi-
din positive selection beads (T9424, Sigma) were added 
to the tubes and incubated for 10 min at room tempera-
ture. 2.5  mL MACS buffer were added to the cell-bead 
suspension and the tube was transferred to a magnetic 
stand. Beads were allowed to adhere to the magnet for 
5  min at room temperature before MACS buffer was 
discarded. Beads were washed twice more in an identi-
cal manner using 2.5 mL MACS buffer for each wash and 
resuspending the cell-bead solution with a P1000 pipette 
between washes. The bound fraction containing CD326-
positive cells was then collected in 5  mL MACS buffer 
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and subject to centrifugation for 5 min at 150 g at 4  °C. 
Cells were resuspended in 200 µL MACS buffer, counted, 
and transferred to a fresh (RNase-free) Eppendorf tube. 
5 µL of sorted prostate epithelial cells were removed for 
FACS analysis. The remaining cells were pelleted at 300 g 
for 5 min at 4 °C, supernatant was removed, and the cell 
pellet was snap frozen in liquid nitrogen and stored at 
-80 °C until further use.

RNA isolation was performed using the ReliaPrep RNA 
Tissue Miniprep kit (Promega). RNA quality was assessed 
using the 4200 TapeStation System (Agilent). For library 
preparation, the Ultra II Directional RNA Library Prep 
Kit (E7760, NEB) was used in combination with a poly(A) 
mRNA magnetic isolation module (E7490) and multi-
plex oligos for Illumina (E7600). Library preparation was 
performed according to the manufacturer’s instructions 
(optimized for an insert size of 200 nt, input: 250  ng, 
adaptor dilution: fivefold, 11 amplification cycles). The 
library quality was analysed using the 4200 TapeStation 
System.

RNA‑Seq data analysis
Raw FASTQ files from murine RNA-Seq were sub-
ject to a quality check with FastQC (v0.11.5) [61] and 
MultiQC (v1.4) [62]. Adapters and low-quality read 
ends were trimmed using Trimmomatic (v0.36) [63] 
and reads shorter than 35 nt were discarded. The pre-
processed reads were mapped to the reference mouse 
genome (Ensembl GRCm38) utilizing gene annotation 
(Ensembl v91) with STAR [64, 65]. The quality of map-
ping was evaluated with RSeQC (v2.6.4) [66] and Picard 
(v2.10.6) [67] and rRNA content was checked with FastQ 
Screen (v0.13.0) [68]. Gene quantification was performed 
on uniquely mapped reads only, with featureCounts 
(v1.5.2) [69]. Differential expression analysis was car-
ried out in R (version 3.5.1) [70] with DESeq2 package 
(v1.20.0) [71] and limma package (v3.38.2) [72]. Genes 
with a FDR-adjusted P value < 0.05 and fold change ≥ 2 
or fold change ≤ 0.5 were considered significantly differ-
entially expressed. Heatmaps of differentially expressed 
genes (DEG) were generated using unsupervised hier-
archical clustering with the pheatmap package (v1.0.12) 
[73]. fGSEA of gene sets was done with the fgsea pack-
age (v1.14.0) [74]. Gene sets were derived from MSigDB 
(version 6.1.1) (hallmark gene sets, Ramaswamy_metas-
tasis_up, Reactome_G1_S_transition, Fischer G1_S_cell_
cycle) or previously published works (core SAPS of PICS 
[37], PCa LN metastasis [34]). Gene sets based on previ-
ously published works are detailed in the Supplementary 
Materials and Methods. Human gene symbols present in 
custom gene sets were converted to orthologous mouse 
genes using the biomaRt package (v2.44.4) [75].

TCGA data analysis
Harmonized TCGA PRAD [20] RNA-seq data were 
acquired as HTSeq‐Counts via R package TCGAbiolinks 
(v2.16.4) [76]. Differentially expressed genes between 
patients with truncated and wild-type forms of KMT2C 
were identified with DESeq2 package (v1.20.0) [71]. 
fGSEA of hallmark gene sets (MSigDB version 6.1.1) and 
custom gene sets was performed with the fgsea package 
(v1.14.0) [74]. Detailed steps and parameters of the analy-
sis are described in the Supplementary Materials and 
Methods.

Statistical analysis
Data in figures are plotted as individual replicates with 
their mean and standard deviation for analyses with 
n ≤ 20 per group or as boxplots depicting the 25th to 75th 
percentile (box) and min to max (whiskers) for n > 20 per 
group. DFS rate for data derived from the ICGC database 
was calculated using the “cohort comparison” tool pro-
vided by the platform. All other statistical analyses were 
performed using GraphPad Prism 8. The significance 
level of differences between groups was determined 
by two-tailed unpaired Student’s t-tests for 2 groups or 
ordinary one-way ANOVA with Tukey’s multiple com-
parisons tests for 3 or more groups. For Kaplan–Meier 
analysis the log rank (Mantel-Cox) test was performed.
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Abstract 

Background  Prostate cancer develops through malignant transformation of the prostate epithelium in a step‑
wise, mutation-driven process. Although activator protein-1 transcription factors such as JUN have been implicated 
as potential oncogenic drivers, the molecular programs contributing to prostate cancer progression are not fully 
understood.

Methods  We analyzed JUN expression in clinical prostate cancer samples across different stages and investigated its 
functional role in a Pten-deficient mouse model. We performed histopathological examinations, transcriptomic analy‑
ses and explored the senescence-associated secretory phenotype in the tumor microenvironment.

Results  Elevated JUN levels characterized early-stage prostate cancer and predicted improved survival in human 
and murine samples. Immune-phenotyping of Pten-deficient prostates revealed high accumulation of tumor-
infiltrating leukocytes, particularly innate immune cells, neutrophils and macrophages as well as high levels of STAT3 
activation and IL-1β production. Jun depletion in a Pten-deficient background prevented immune cell attraction 
which was accompanied by significant reduction of active STAT3 and IL-1β and accelerated prostate tumor growth. 
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Comparative transcriptome profiling of prostate epithelial cells revealed a senescence-associated gene signature, 
upregulation of pro-inflammatory processes involved in immune cell attraction and of chemokines such as IL-1β, 
TNF-α, CCL3 and CCL8 in Pten-deficient prostates. Strikingly, JUN depletion reversed both the senescence-associated 
secretory phenotype and senescence-associated immune cell infiltration but had no impact on cell cycle arrest. 
As a result, JUN depletion in Pten-deficient prostates interfered with the senescence-associated immune clearance 
and accelerated tumor growth.

Conclusions  Our results suggest that JUN acts as tumor-suppressor and decelerates the progression of prostate 
cancer by transcriptional regulation of senescence- and inflammation-associated genes. This study opens avenues 
for novel treatment strategies that could impede disease progression and improve patient outcomes.

Keywords  Prostate cancer, AP-1 transcription factors, JUN, Senescence, SASP, Immune infiltration
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Background
Prostate cancer (PCa) is one of the most frequently 
diagnosed malignancies in men worldwide [1]. Its sig-
nificance lies not only in its prevalence but also in the 
potential to progress to aggressive forms that resist con-
ventional treatments and lead to high mortality rates [2]. 
The complex molecular programs that determine the 
routes of PCa progression are still incompletely under-
stood. On the molecular level, the dysregulation of the 
phosphoinositide 3-kinase (Pl3K) and androgen recep-
tor (AR) pathways has been implicated in the pathology 
of PCa [3]. The constitutive activation of the Pl3K cas-
cade, which is caused by mutations in the tumor-sup-
pressor gene and Pl3K antagonist Phosphate and tensin 
homologue (PTEN), was identified in 20% of primary PCa 
tumors and represents a major oncogenic driver [4]. The 
current standard treatment for primary advanced-stage 
PCa is the administration of anti-androgens to deprive 
the tumor of dihydrotestosterone. PCa inevitably escapes 
androgen deprivation by relapsing into castration resist-
ant PCa (CRPC), which is associated with loss of PTEN 
tumor-suppressor activity in 50% of cases. The character-
istic dissemination of CRPC into local and distant regions 
such as bone, is correlated with poor survival [3–5].

In a previously described mouse model, the abrogation 
of Pten in prostate epithelium (PE) caused activation of 
a p53-mediated senescence program [6–8]. The emer-
gence of senescence in cancer is considered a double-
edged sword: it either confers anti-tumorigenic effects 
when originating from tumor cells or results in pro-
tumorigenic outcomes when the tumor microenviron-
ment (TME) is affected [9]. This phenomenon is mainly 
attributed to the induction of a senescence-associated 
secretory phenotype (SASP), characterized by the secre-
tion of soluble signaling factors, proteases and extracellu-
lar matrix proteins [10]. In particular, pro-inflammatory 
cytokines such as IL-6, IL-1, TNF-α, CCL3 and CCL8 
attract innate immune cells to the vicinity of the tumor 
site. As a collective, all components of SASP aid in crea-
tion of a pro-tumorigenic microenvironment and ulti-
mately advance tumor progression depending on the 
tissue context. IL-6 and its downstream effector signal 
transducer and activator of transcription 3 (STAT3) are 
known to regulate apoptosis, angiogenesis, proliferation 
and differentiation, making them promising therapeu-
tic targets in PCa [11]. However, our group has recently 
challenged active IL-6/STAT3 signaling as a tumor 
driver in PCa, as loss of Stat3 unexpectedly resulted in 
increased tumor burden and was accompanied by a 
bypass of PTEN-loss induced cellular senescence (PICS) 
in a Pten-deficient PCa mouse model [12, 13].

Besides the hyperactivation of PI3K/AKT and ampli-
fication of AR signaling, other mechanisms driving the 

progression of PCa include the activation of activator pro-
tein-1 (AP-1) mediated gene expression [14]. AP-1 tran-
scription factors (TF) such as JUN, were initially considered 
as proto-oncogenes [15] and deregulation of AP-1 family 
members was observed in several cancers [16]. Previous 
studies have suggested that JUN modulates hepatocellular 
tumorigenesis as a regulator of cell cycle genes and has co-
activator and repressor functions in the regulation of AR 
in the prostate [17–19]. Recent evidence suggests tumor-
suppressive functions for several members of the AP-1 TF 
family and their regulators [17, 20]. For example, the JUN-
activating JUN N-terminal kinase (JNK) has previously 
been identified as a potent tumor-suppressor in a murine 
PCa model [21]. JUNB, which is also activated by JNK has 
been associated with growth limiting properties in PCa and 
its activation may explain the mechanism of JNK’s tumor-
suppression [22]. A recent study provides novel insights 
how the tumor-suppressive functions of AP-1 might be 
exerted, as JUN was particularly implicated as pioneering 
factor in bookmarking the enhancers of genes associated 
with the induction of the senescence program [23].

Here we investigated the role of Jun in a murine model 
of Pten-loss driven neoplasia of the PE and surveyed the 
consequence of JUN-deficiency in tumor development 
and senescence.

Methods
Mouse strains and animal work
To establish the PCa mouse model used in this study, 
we bred a Pten knockout prostate cancer mouse strain 
(PtenPEΔ/Δ) [24] with a Jun-floxed (Junfl/fl) [25] mouse strain. 
The PtenPEΔ/Δ mouse strain was originally established by 
crossing PtenEx4/Ex5-floxed mice [26] and heterozygous trans-
genic Probasin (Pb) Cre mice [27]. Pb Cre transgenic mice 
express the Cre recombinase under the Probasin promoter 
restricted to PE cells of sexually mature mice [27]. To mini-
malize tumor burden for breeding animals, heterozygous 
PtenPEΔ/+ males were used for breeding. The resulting geno-
types of experimental animals are: PbCre+/+ (wildtype (wt)), 
PbCretg/+;Junfl/fl (JunPEΔ/Δ); PbCretg/+;Ptenfl/fl (PtenPEΔ/Δ); 
PbCretg/+;Junfl/fl;Ptenfl/fl (JunPEΔ/Δ;PtenPEΔ/Δ). For all experi-
ments, mice were sacrificed at 19-weeks of age, with the 
exception of animals used for the Kaplan–Meier survival 
analysis and for metastasis analysis (39-weeks of age).

Histological staining
Hematoxylin and eosin (H&E), immunohistochemistry 
(IHC) and immunofluorescence (IF) stainings were per-
formed on 2 µm sections of formalin-fixed paraffin embed-
ded (FFPE) tissue. H&E staining was done according to 
routine diagnostic protocols. Details of IHC staining for the 
different markers are indicated in Supplementary Table  6 
and all slides were counterstained with hematoxylin.
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For the EpCAM IF staining, slides were dewaxed and 
heated in pH 6 citrate buffer. After blocking with 2% 
bovine serum albumin (Roth 8076.4), the slides were 
incubated in primary antibody (EpCAM, Elab Science, 
E-AB-70132, dilution 1:300) overnight. Next, slides were 
incubated for 1 h at room temperature in secondary anti-
body (Goat anti-Rabbit IgG Alexa Fluor 488, Dilution 
1:500) and stained with DAPI.

Human tissue microarray analysis
The generation of human tissue microarrays (TMAs) 
of healthy and tumor prostate tissues was previously 
described [28]. The TMAs were stained with an antibody 
for JUN (Supplementary Table 6) and analysed by trained 
pathologists. The JUN levels were determined by combin-
ing the staining intensity with the percentage of positive 
cells and graded into absent (0), low-grade (1), medium-
grade (2) and high-grade (3). We next stratified TMA sam-
ples according to Gleason scores, resulting in three groups 
(healthy: no Gleason score; low Gleason: Gleason score 
5–6; and high Gleason: Gleason score 7–9) and analysed 
JUN expression for all groups. For the Kaplan–Meier anal-
ysis, patients were grouped into absent (0) (JUNabsent) and 
present (1–3) (JUNpresent) JUN expression and correlated  
with biochemical recurrence (BCR) data.

Whole slide scan analysis
Analysis of IHC staining was performed with QuPath 
(version 0.3.2) [29]. First, regions of interest were anno-
tated, excluding non-prostate tissue such as urethra, 
seminal vesicles and ductus deferens. Cell detection 
was performed with the StarDist extension [30] for 
the NIMP-R14 staining and the built-in watershed cell 
detection plugin for F4/80, CD79b, JUN, Granzyme B 
and phosphorylated (p)STAT3. Parameters were cho-
sen individually for each staining. Thereafter, smoothed 
features were calculated with a FWHM radius of 25 µm. 
The tissue was then classified into tumor/epithelium and 
stroma using an object classifier, trained individually for 
each staining. A threshold was set for the mean DAB 
optical density value, categorizing cells into positive or 
negative. For pSTAT3, multiple thresholds were set and 
cells were classified into 1*, 2* and 3* positive to calcu-
late the H-score. The H-score was calculated by multiply-
ing the percentage of cells by their respective intensity 
value and ranged from 1 to 300. Analysis was performed 
by a single investigator and evaluated by two independ-
ent pathologists. For quantification of Ki67 levels of 
tumor and non-tumor samples, we defined four circular 
regions of interest with a radius of 150 µm. Within each 
region, we manually counted the positive epithelial cells 
and used QuPath to detect the negative cells. Percentage 
of p21CIP1/WAF1 positive epithelial cells was estimated by 

a blinded pathologist. For Galactosidase beta 1 (GLB1), 
regions of interest were annotated and categorized into 
positive and negative areas using a stringent pixel thresh-
old for the DAB optical density value. The threshold 
was adjusted to detect the granular expression pattern. 
Results shown are from the anterior prostate.

Statistical analysis for immunohistochemistry
Measurements were exported as TSV files and imported 
into GraphPad PRISM (version 9.5.0). Significance was 
determined using an ordinary one-way ANOVA with 
Tukey’s multiple comparisons tests for 3 or more groups. 
Graphs were created and formatted in GraphPad PRISM.

Protein extraction and immune blotting
Protein extraction from frozen prostate samples and 
immune blotting was performed as previously described 
[31]. Briefly, 15–20 µg of protein lysate was separated via 
SDS-PAGE, transferred onto nitrocellulose membranes 
(Amersham) and blocked with 5% milk in 1 × TBS /0.1% 
Tween-20 or with 5% BSA in 1 × TBS /0.1% Tween-20 
for 1 h according to manufacturer’s antibody datasheets. 
Membranes were incubated with primary antibodies 
against pJUNS73 (CST 9164), JUN (CST 9165), pAKTS473 
(CST 4060), AKT (CST 4691), EpCAM (Elab Science, 
E-AB-70132), β-ACTIN (CST 4967), NLRP3 (CST 
15101), Pro-IL-1β (R&D Systems, AF-401-NA) and 
β-TUBULIN (CST 2146 and CST 2128) at 4  °C over-
night. TGX stain free technology (Bio-Rad), β-ACTIN or 
β-TUBULIN were used as loading controls.

Magnetic cell sorting, library preparation and RNA 
sequencing
The preparation of sequencing libraries and subsequent 
RNA sequencing (RNA-seq) was performed as previously 
described [32]. Briefly, prostates of 19-week-old mice 
were dissected, processed to yield a single cell suspension 
and EpCAM (CD326) positive cells were isolated by mag-
netic cell sorting (Magnisort®, Thermo Fisher Scientific) 
using anti-CD326-biotin (13–5791–82, eBioscience). 
EpCAM positive cells were collected by centrifugation at 
300 xg for 5 min at 4 °C and stored at -80 °C until further 
use. High-quality RNA, as assessed by 4200 TapeStation 
System (Agilent) was used for library preparation accord-
ing to the manufacturer’s instructions.

RNA sequencing data analysis
Single-end 75  bp reads sequencing of libraries was per-
formed at CEITEC, Centre for Molecular Medicine 
(Brno, Czech Republic) as previously described [32]. 
Genes with a false discovery rate (FDR) FDR-adjusted 
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p-value < 0.05 and log2 fold change ≥ 1 or ≤ -1 were con-
sidered significantly up- or downregulated.

Kaplan–Meier survival analyses of public datasets
To assess whether expression levels of JUN, PTEN, IL1B, 
CCL3 and CCL8 affected survival capabilities of human 
PCa patients, we applied the KM plotter tool (https://​
kmplot.​com/​analy​sis/) which computed probabilities of 
RFS based on the TCGA-PRAD study [33]. Output data 
were used for re-plotting of survival curves and perform-
ing of cox-regression analyses with R packages “Survival” 
and “Survminer” and R-script “ggsurvplot”. Combined 
KM plotter output was used for calculation of subgroups 
as stratified by expression levels of both genes, such as 
JUN and PTEN. Relapse-free survival (RFS) analysis was 
based on survival data of n = 333 PCa patients. Groups 
were automatically separated and the calculated, best 
performing and most significant threshold was used as a 
cut-off. Hazard ratios and p-values were retrieved from 
Cox-regression analyses.

Results
JUN levels discriminate progression states in prostate 
cancer dependent on PTEN
To clarify the role of AP-1 TFs in PCa progression, we 
investigated the level of the master factor JUN in tissue 
microarrays (TMA) of low and high progressive human 
prostate tumors by immunohistochemistry (IHC). We 
performed semi-quantitative analysis and categorized 
each tumor based on JUN levels from 0 (absent), 1 (low-
grade), 2 (medium-grade) to 3 (high grade) (Fig.  1a). 
Patients were divided into present (n = 29 + 6 censored 
subjects) (JUNpresent) and absent (n = 32 + 8 censored sub-
jects) (JUNabsent) cohorts and correlated with biochemi-
cal recurrence (BCR) data (Supplementary Fig. 1a). PCa 
progression is marked by histological changes of the 

tumor architecture and is categorized by Gleason scor-
ing [34]. We observed a gradual decrease of JUN pro-
tein abundance from healthy tissue to primary tumors 
(low Gleason; Gleason score 5–6), reaching the lowest 
JUN expression state in advanced tumor stages (high 
Gleason; Gleason score 7–9) (Fig.  1a). The correlation 
between JUN protein and patient BCR status revealed 
a significantly (p = 1.8e-02) diminished BCR-free sur-
vival in patients with low JUN, whereas high JUN levels 
were associated with increased survival probability (Sup-
plementary Fig.  1a). We next mined a publicly available 
transcriptome dataset ([35]; n = 140) and stratified PCa 
patients into high-risk and low-risk groups as defined by 
the prognostic index and characterized by a significant 
difference in relapse-free survival (RFS) using the Surv-
Express webtool [36] (p = 4e-04) (Supplementary Fig. 1b). 
We investigated JUN mRNA expression in the high- and 
low-risk groups and found significantly (p = 1.3e-30) 
higher JUN among low-risk patients compared to the 
high-risk group (Supplementary Fig. 1c). To explore JUN 
levels in advanced stages of PCa, we used the Taylor data-
set [35], comprising primary tumors of different progres-
sion stages and Gleason scores (n = 131) as well as healthy 
prostate tissue (n = 29). Compared to healthy tissue, we 
observed higher levels of JUN in early disease stages with 
Gleason scores 5–6 and significantly decreased expres-
sion of JUN in high grade tumors (p = 3e-03; Gleason 
scores 7–9) (Fig.  1b). Concordantly, JUN was highly 
expressed in primary tumors (n = 131; n = 65) but signifi-
cantly lower expressed in PCa metastases (n = 19; n = 25) 
as observed in two independent datasets (Fig.  1c-d; 
p = 1.3e-02; [35]; p = 5.3e-09; [37]). We next investigated 
levels of JUN, JUNB and FOS and observed a comparable 
regulation (Supplementary Fig.  1d-e). Metastatic CRPC 
and neuroendocrine PCa (NEPC) present aggressive 
tumor subtypes that emerge under androgen deprivation 

Fig. 1  JUN levels are correlated with prostate cancer progression stages. a Left panel: Representative immunohistochemistry (IHC) images 
of tissue microarrays (TMAs) investigating human prostate tumors (n = 60) with high or low Gleason scores stained for JUN protein. Scale bars 
indicate 150 µm (top row) and 30 µm (bottom row), images are presented in 16.8 × (top row) and 80.0 × magnification (bottom row). The area used 
for the higher magnification is indicated by the rectangle. Right panel: Violin plot showing JUN expression divided in absent (0), low-grade (1), 
medium-grade (2) and high-grade (3) in healthy (no Gleason score), low Gleason (Gleason score 5–6) and high Gleason (Gleason score 7–9) TMA 
samples. b JUN mRNA levels in high (Gleason score ≥ 7) and low (Gleason score < 7) grade human prostate tumors. Data were retrieved from [35]. 
Significance was determined by an unpaired, two-sided t-test or one-sided Anova. c High and low JUN levels significantly (p = 1.3e-02) discriminate 
primary prostate tumors (n = 131) (red) and metastases (n = 19) (blue). Data were retrieved from [35]. d High and low JUN levels significantly 
(p = 5.3e-09) discriminate primary prostate tumors (n = 65) (red) and metastases (n = 25) (blue). Data were retrieved from [37]. Significances in c-d 
were determined by an unpaired, two-sided t-test. e Principal component analysis (PCA) of prostate tumors of different developmental stages 
comprising normal prostate tissue, primary tumors and primary (p) and metastatic (m) CRPC and NEPC tumors. Datasets from [38]. f Overlay 
of JUN expression with PCA clustering from e). JUN levels are color coded from high expression (yellow) to low expression (blue). g Kaplan–Meier 
survival analysis of TCGA-PRAD [33] tumors (n = 333) assessing levels of JUN and PTEN. Hazard ratios (HR) were determined by Cox-regression 
analysis: HR(JUNhigh vs. JUNlow) = 0.461, p = 3.8e-02 and HR(PTENhigh vs. PTENlow) = 0.307, p = 1.5e-03. Statistical testing was done with a logrank test. 
h Co-analysis between PTEN expression (RNA-Seq by Expectation–Maximization (RSEM) and PTEN protein level reverse-phase protein array (RPPA)). i 
Co-analysis between PTEN protein level (RRPA) and JUN expression (RSEM)

(See figure on next page.)
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therapy and are associated with poor prognosis. We 
compared levels of JUN and its related TFs FOS and 
JUNB in primary (n = 715) and metastatic (n = 320) PCa 
[38], including CRPC and NEPC (Fig.  1e-f, Supplemen-
tary Fig.  1f ). The tumor-subtype and stage-dependent 
expression of JUN was highly significant when compar-
ing healthy and primary (p = 2.8e-05), primary and meta-
static CRPC (p = 2.6e-43) and primary and metastatic 
NEPC (p = 5.3e-04) (Supplementary Fig.  1g), suggest-
ing JUN as a potential marker of progressive subtypes of 
PCa. In addition, our survey revealed higher levels of JUN 
in primary PCa associated with low Gleason scores than 
healthy prostates (Supplementary Fig.  1g-h), suggesting 
a gradual change of JUN levels in PCa development and 
progression. Our data implicate that JUN and other AP-1 
factors except MAF and MAFB may act as suppressors 
rather than drivers of PCa which was reflected by hazard 
ratios (HR) calculated from RFS (Supplementary Fig. 1i).

Mutations in the tumor suppressor PTEN are consid-
ered as main drivers of oncogenic transformation and 
malignancy in PCa [4]. As PTEN loss is highly corre-
lated with increasing Gleason score and associated with 
activation of several downstream processes, primarily 
via hyperactivation of PI3K/AKT and inactivation of 
AR signaling [4], we next investigated synergistic effects 
of additional JUN alterations. We applied the KMplot 
tool to assess RFS of PCa patients ([33]; n = 333) that 
were stratified into four risk groups JUNhigh/PTENhigh, 
JUNhigh/PTENlow, JUNlow/PTENhigh and JUNlow/PTENlow. 
We observed that patients featuring low levels of JUN 
and PTEN showed the lowest survival probability 
whereas patients with high JUN and PTEN expression 
presented with the most favorable prognosis. In contrast 
to singular JUN depletion, downregulation of PTEN 
alone resulted in intermediate survival probabilities con-
firming its role as main oncogenic driver in PCa (Fig. 1g). 
Finally, we surveyed reverse-phase protein array (RPPA) 

data of the TCGA-PRAD cohort [33] and observed that 
PTEN protein correlated well with PTEN mRNA levels 
whereas we identified an inverse relationship between 
PTEN and JUN levels (Fig. 1h-i). Although loss of JUN 
alone is not sufficient to cause significant changes in 
survival probability, our data suggest that the absence of 
PTEN promotes JUN to a survival-determining factor in 
PCa patients.

Genetic depletion identifies a tumor‑suppressive role 
of JUN in prostate cancer development
As patients presenting with low expression of JUN and 
PTEN showed severely reduced survival rates, we next 
sought to elucidate the mechanistic role of JUN in the 
development of PTEN-deficient PCa and employed a 
Pten floxed murine model of PCa (Fig. 2a) [26, 39]. The 
homozygous deletion of murine Pten via the Proba-
sin (Pb) Cre recombinase [27] mirrored 20% of all pri-
mary human PCa cases with homozygous loss of PTEN 
(Fig.  2a, PbCre/Pten). The PE of homozygous mutants 
developed hyperplasia that progressed into prostate ade-
nocarcinoma between 12 and 29-weeks of age [39]. We 
inter-crossed a floxed Jun mouse strain where the sole 
exon is flanked by loxP sites [25] (Fig. 2a, Jun) to generate 
4 individual genotypes. This enabled comparison of pros-
tate tissue of wildtype (wt) mice to either Jun (JunPEΔ/Δ), 
Pten (PtenPEΔ/Δ) or Jun/Pten (JunPEΔ/Δ; PtenPEΔ/Δ) double 
knockout mice (Fig. 2a, colored F1 mice). We examined 
protein extracts of whole prostates and observed a signif-
icant increase in levels of phosphorylated (S73) and total 
JUN in PtenPEΔ/Δ, whereas notable JUN expression was 
absent in wt prostates (Fig. 2b). We also confirmed effi-
cient Cre-mediated deletion of Jun alone (JunPEΔ/Δ) and 
in combination with Pten (JunPEΔ/Δ; PtenPEΔ/Δ) (Fig. 2b). 
As a verification of functional Pten deletion, we detected 
robust activation of the PI3K/AKT pathway in PtenPEΔ/Δ 

(See figure on next page.)
Fig. 2  Jun-deficiency fosters the progression of Pten-loss induced tumors. a Top: Schematic representation of mouse models used in the study. 
Homozygous loss of Pten or Jun was achieved by a Probasin promoter-controlled Cre recombinase (PbCre)-mediated ablation of floxed exons 4 
and 5 (Pten) or exon 1 (Jun). Bottom: established and investigated genetic models. Wildtype (PbCre+/+; wt) and mice with single knockout of Pten 
(PbCretg/+; PtenPEΔ/Δ) and Jun (PbCretg/+; JunPEΔ/Δ) were compared with double knockout (PbCretg/+; JunPEΔ/Δ;PtenPEΔ/Δ). PE = prostate epithelium; 
tg = transgene; Δ = knockout. b Western blot analysis of phosphorylated (pJUNS73 and pAKTS473) and total JUN and AKT. β-TUBULIN served 
as loading control. Protein lysates of entire organs (n = 3 biological replicates) from 19-week-old wt, PtenPEΔ/Δ, JunPEΔ/Δ and JunPEΔ/Δ;PtenPEΔ/Δ were 
investigated. c Top row: H&E stainings of 19-week-old wt, PtenPEΔ/Δ, JunPEΔ/Δ and JunPEΔ/Δ;PtenPEΔ/Δ prostates. Scale bars indicate 60 µm (top row) 
and 2 µm (second row), images are presented in 40.0 × (top row) and 600.0 × magnification (second row). Black rectangles represent the area used 
for the zoom image below. Bottom row: IHC with an antibody against JUN in 19-week-old prostates of all four experimental groups. Scale bars 
indicate 30 µm; images are presented in 100.0 × magnification. d Macroscopic images of 19-week-old dissected prostates of wt, PtenPEΔ/Δ, JunPEΔ/Δ 
and JunPEΔ/Δ;PtenPEΔ/Δ mice. e Box plot showing the weights of prostates in grams between wt, PtenPEΔ/Δ, JunPEΔ/Δ and JunPEΔ/Δ;PtenPEΔ/Δ 19-week-old 
animals (n = 20). Significance was determined with an unpaired, two-sided t-test. f Kaplan–Meier survival analysis of wt, PtenPEΔ/Δ, JunPEΔ/Δ 
and JunPEΔ/Δ;PtenPEΔ/Δ animals. Biological replicates are indicated and the cumulative survival (%) is shown. Statistical significance was calculated 
with a logrank test. g Organs (heart, lung, liver, spleen, kidney, lymph nodes and brain) of 39-week-old wt, PtenPEΔ/Δ, JunPEΔ/Δ and JunPEΔ/Δ;PtenPEΔ/Δ 
mice were stained with H&E and analysed for metastatic lesion formation. The number of metastases detected in each tissue are shown
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and JunPEΔ/Δ; PtenPEΔ/Δ mice as assessed by analysis of 
phosphorylated AKT (pAKTS473) levels (Fig. 2b).

To investigate the morphological architecture of pros-
tates upon Jun deletion in the PCa mouse model, we 
analyzed histological sections by hematoxilin and eosin 
(H&E) staining (Fig. 2c, top panel). Both wt and JunPEΔ/Δ 
animals showed physiological growth patterns and 
morphology, characteristic for the respective prostate 
lobes. In PtenPEΔ/Δ and JunPEΔ/Δ; PtenPEΔ/Δ prostates, we 
observed hyperplastic epithelium growing in cribriform 
patterns into the lumen. Both groups showed anisocyto-
sis, anisokaryosis and alterations in nucleus-to-cytoplas-
mic ratios, but largely without invasion of the stroma.

Next, we analyzed JUN levels in prostates of all geno-
types. Supporting our immunoblot results, IHC revealed 
increased levels of total JUN predominantly in the PE of 
PtenPEΔ/Δ mice and absence in epithelial cells of JunPEΔ/Δ 
and JunPEΔ/Δ; PtenPEΔ/Δ (Fig.  2c, bottom panel). We 
assessed the effects of Jun deficiency on tumor burden 
and survival by morphological and survival analyses. 
Macroscopically, prostates from PtenPEΔ/Δ and JunPEΔ/Δ; 
PtenPEΔ/Δ mice were notably enlarged as compared to 
wt or JunPEΔ/Δ prostates (Fig.  2d). This finding was cor-
roborated by prostate weight analysis (Fig. 2e). The addi-
tional deletion of Jun on the Pten-deficient background 
resulted in even higher prostate weights, hinting at JUN’s 
potential function as a tumor-suppressor in murine PCa 
development. We performed a Kaplan–Meier survival 
analysis where overall survival or the occurrence of the 
discontinuation criteria according to the guidelines of 
the 3Rs principles were defined as the endpoint of the 
experiments (Fig. 2f ) [40]. We observed comparable sur-
vival probabilities of wt and JunPEΔ/Δ mice (p = 5.4e-01) 
but a significantly decreased survival of PtenPEΔ/Δ (mean 
survival 85.3 weeks, p = 6e-03) as compared to wt mice. 
Remarkably, the survival of PtenPEΔ/Δ mice was signifi-
cantly (p < 1e-04) reduced by the additional deletion of 
Jun. JunPEΔ/Δ; PtenPEΔ/Δ mice exhibited a mean survival 
of 67.2  weeks. Despite the significantly reduced sur-
vival rates in JunPEΔ/Δ; PtenPEΔ/Δ mice, we did not detect 
metastatic lesions in the analysed genotypes (Fig.  2g). 
We therefore conclude that Jun-deficiency alone is not 
sufficient to induce prostate tumorigenesis, but causes 
a significant increase in tumor burden and a significant 
reduction in overall survival in combination with Pten 
knockout. The results of our murine PCa model reinforce 
our observations from human PCa samples, suggesting 
that JUN acts as a tumor-suppressor in PCa.

To determine whether aberrant cellular prolifera-
tion contributes to enhanced tumor growth in JunPEΔ/Δ; 
PtenPEΔ/Δ-deficient prostates, we assessed the number 
of Ki67+ epithelial cells by IHC. Although we noticed 
higher Ki67 levels in JunPEΔ/Δ; PtenPEΔ/Δ tumors by trend, 

the difference was not significant (p = 1.3e-01) when 
compared to PtenPEΔ/Δ prostates (Supplementary Fig. 2a). 
To investigate the effects of JUN ablation in vitro, we uti-
lized the CRISPR/Cas9 technology in the human PCa cell 
lines DU145 (PTEN wildtype) and PC3 (PTEN mutated). 
We designed three individual guide RNAs for the JUN 
locus (Supplementary Fig. 2b) and used lentiviral trans-
duction of empty vector (EV) and guide RNA (G1, G12, 
G14) plasmids. We identified varying efficiencies of JUN 
knockout in bulk cultures of DU145 and PC3 cell lines 
(Supplementary Fig. 2c, e) and no significant differences 
in cellular proliferation (Supplementary Fig.  2d, f ). We 
confirmed the results of unchanged proliferation in single 
clones of both cell lines which were selected according to 
complete loss of JUN protein (Supplementary Fig. 2g-j). 
The in vivo and in vitro results indicate that proliferation 
may not be the primary biological process influenced by 
JUN during PCa progression.

Transcriptome profiling reveals JUN‑mediated alterations 
in senescence‑associated secretion and immune response
To elucidate the tumor cell-specific molecular programs 
regulated by JUN in  vivo, we performed transcriptome 
profiling of PE cells across all four experimental murine 
groups (Fig. 2a). To obtain a homogenous epithelial frac-
tion, we enriched prostate lysates for the Epithelial cell 
adhesion molecule (EpCAM) showing a uniform expres-
sion in PE cells (Fig. 3a, Supplementary Fig. 3a) via mag-
netic cell separation [32] (Fig. 3b, Supplementary Fig. 3b). 
The correlation analysis revealed high congruence 
between JunPEΔ/Δ; PtenPEΔ/Δ and PtenPEΔ/Δ tumor and wt 
and JunPEΔ/Δ samples (Fig. 3c).

We next performed a comparative analysis of JunPEΔ/Δ; 
PtenPEΔ/Δ and PtenPEΔ/Δ prostate samples to discern JUN-
dependent programs potentially contributing to PCa 
formation. Our survey revealed 1706 (p.adjust < 5e-02) 
differentially expressed genes (DEGs) with top 102 
genes being up- (log2fold change ≥ 1) and top 91 genes 
downregulated (log2fold change ≤ -1; Supplementary 
Table 1). DAVID analysis of top genes showed increased 
“innate immunity” and “immune system processes” but 
decreased secretory-, extracellular matrix- and immune-
related processes. Notably, Jun ranked among the top 10 
downregulated genes confirming the successful knock-
out in epithelial cells (Supplementary Table 1). Gene set 
enrichment analysis (GSEA) revealed immune system-
related processes, IL-6/STAT3 signaling and senescence-
associated gene signatures among the most enriched 
processes in PtenPEΔ/Δ prostates which were significantly 
depleted in JunPEΔ/Δ; PtenPEΔ/Δ (Fig.  3d). Our previous 
work suggested that activation of IL-6/STAT3 signaling 
and of the downstream acting p19ARF–MDM2–p53 axis 
contributed to senescence in PtenPEΔ/Δ prostates [12]. 
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We therefore investigated the enrichment level of differ-
ent senescence signatures including “oncogene-induced 
senescence” (OIS), “SASP” signatures and the novel “Sen-
Mayo” gene signature, consisting of 125 previously identi-
fied senescence/SASP-associated factors. SenMayo genes 
are transcriptionally regulated by senescence and allow 
identification of senescent cells across tissues [41]. Sen-
Mayo genes were significantly (qval = 2.40e-02) enriched 
in PtenPEΔ/Δ prostates and depleted (qval = 2.64e-02) in 
JunPEΔ/Δ; PtenPEΔ/Δ tumors (Fig. 3d). Among the depleted 
SenMayo genes in Jun-deficient PtenPEΔ/Δ prostates, we 
identified chemokines such as Ccl3, Ccl4 and Ccl8, along 
with pro-inflammatory cytokines such as Il1b and Tnfa 
(Fig.  3e). As these secreted cytokines and chemokines 
represent well described SASP factors, we next investi-
gated a SASP core gene signature previously described 
in a Pten-deficient prostate model [42]. Using GSEA, 
we indeed detected enrichment of the SASP core signa-
ture in Pten-deficient prostates which was reverted in 
JunPEΔ/Δ; PtenPEΔ/Δ animals (Fig.  3f ). To investigate fur-
ther aspects of JUN-dependent regulation of senescence 
in Pten-deficient murine prostates, we stained forma-
lin-fixed paraffin embedded (FFPE) material with the 
senescence markers p16INK4A, p21CIP1/WAF1 and Galac-
tosidase beta  1 (GLB1) (Supplementary Fig.  3c). We 
did not observe differences in the amount of p16INK4A 
positive cells between PtenPEΔ/Δ and JunPEΔ/Δ; PtenPEΔ/Δ 
tumors, but found significant changes in staining pat-
terns. While we detected prominent nuclear staining in 
PtenPEΔ/Δ samples, JunPEΔ/Δ; PtenPEΔ/Δ revealed predomi-
nantly cytoplasmic localization, hinting at a potential 
inactivation of p16INK4A via nuclear export [43]. In wt 
and JunPEΔ/Δ prostates, we observed a weak lobe-depend-
ent expression pattern of p21CIP1/WAF1. Conversely, in 
PtenPEΔ/Δ and JunPEΔ/Δ; PtenPEΔ/Δ samples, p21CIP1/WAF1 
was expressed in each individual epithelial cell, with no 

discernible difference between the two groups. GLB1 
staining displayed its characteristic granular expression 
pattern prompting us to quantify percentage of positive 
area however we found no significant difference between 
PtenPEΔ/Δ and JunPEΔ/Δ; PtenPEΔ/Δ groups. Apart from 
changes in the p16 staining pattern, we found no signifi-
cant deregulation of the classic senescence-associated 
cell cycle markers, implicating that JUN affects the SASP 
but not senescence-associated cell cycle arrest.

As our results suggest JUN-dependent activation of the 
IL-6/STAT3 axis and our previous study connected loss 
of activated STAT3 in Pten-deficient PCa to increased 
tumor burden via disruption of senescence [12], we 
sought to analyze STAT3 tyrosine 705 (Y705) phospho-
rylation (pSTAT3Y705) in the Jun-deficient background. 
We indeed detected reduced levels of pSTAT3Y705 in both 
stroma (p = 5.0e-04) and epithelial cells (p < 1.0e-04) of 
JunPEΔ/Δ; PtenPEΔ/Δ compared to PtenPEΔ/Δ tumors (Sup-
plementary Fig. 3d upper panel, Supplementary Fig. 3e) 
while total STAT3 levels remained constant (Supplemen-
tary Fig. 3d, lower panel). Our findings provide evidence 
that loss of JUN accompanied by reduced activation of 
STAT3 bypasses SASP and subsequently amplifies the 
tumor load in JunPEΔ/Δ; PtenPEΔ/Δ animals. We suggest an 
interplay of JUN and STAT3 mediating senescence-asso-
ciated secretion of inflammatory factors in PCa in vivo, 
reinforcing JUN’s proposed function as a pioneering fac-
tor of senescence [23].

JUN deficiency in the PCa mouse model leads 
to downregulated chemotaxis of innate immune cells
We next compared JunPEΔ/Δ; PtenPEΔ/Δ and PtenPEΔ/Δ 
prostate samples to uncover additional JUN-dependent 
biological processes involved in PCa formation. A strin-
gent selection identified ~100 significantly deregulated 
genes (padj ≤ 1.0e-03, FClog2 ≤ -1.2; n = 59/ FClog2 ≥ 1.2; 

Fig. 3  Transcriptome profiling of genetic models reveals a JUN-dependent regulation of innate immunity. a Representative immunofluorescence 
(IF) image of a wt murine prostate for the epithelial marker EpCAM (green). DAPI (blue) is shown as a nuclear stain. Top image: 40.0 × magnification, 
scale bar represents 60 µm; Bottom image: 147.5 × magnification, scale bar represents 20 µm. b Overview of sample preparation for transcriptome 
profiling of wt, PtenPEΔ/Δ, JunPEΔ/Δ and JunPEΔ/Δ;PtenPEΔ/Δ prostate samples of 19-week-old animals. An antibody against the epithelial marker EpCAM 
was used to separate single cell suspensions of minced and digested prostates into EpCAM positive (pos) and negative (neg) fractions by magnetic 
cell sorting. EpCAMpos cells were used for RNA-seq expression profiling. c Heat map showing correlation analysis of tumor samples described in b) 
regarding global similarity of samples. The Pearson correlation coefficient (R) is shown (color coded). d Gene onthology (GO)-enrichment analysis 
of differentially expressed genes (DEGs) showing the top differentially regulated pathways between PtenPEΔ/Δ and JunPEΔ/Δ;PtenPEΔ/Δ. Significance 
as shown by FDR is color coded, enriched (positive normalized enrichment score (NES)) or depleted (negative NES) processes are indicated. Asterisk  
represents non-significant pathways (ns). e Heat map showing SenMayo genes most significantly (p ≤ 1e-02) regulated among PtenPEΔ/Δ and JunPEΔ/Δ; 
PtenPEΔ/Δ prostates. f GSEA enrichment analysis using the Guccini_core_SASP gene set in PtenPEΔ/Δ versus JunPEΔ/Δ;PtenPEΔ/Δ and PtenPEΔ/Δ versus wt  
animals. g Heat map representation of wt, PtenPEΔ/Δ, JunPEΔ/Δ and JunPEΔ/Δ;PtenPEΔ/Δ samples showing DEGs. “Innate immunity”, FDR = 7.64e-05; 
“Immune system”, FDR = 2.77e-04 and “Extracellular space”, FDR = 6.60e-03 related processes most discriminated the groups. Genotypes 
and expression levels are color coded. h GO-enrichment analysis of DEGs showing the regulation of innate immune cells such as neutrophil 
granulocytes. Significance as shown by p-value is color coded, enriched (positive NES) or depleted (negative NES) processes are indicated. Shown 
are the signaling pathways enriched in PtenPEΔ/Δ tumors compared to wt (left side) and JunPEΔ/Δ;PtenPEΔ/Δ tumors compared to PtenPEΔ/Δ (right side)

(See figure on next page.)
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Fig. 3  (See legend on previous page.)
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n = 46; Supplementary Table  3) and uncovered innate 
immunity and other immune system-related processes 
as most distinguishing between JunPEΔ/Δ; PtenPEΔ/Δ and 
PtenPEΔ/Δ prostate tumors (Fig. 3g). Amongst the innate 
immunity and immune system cluster, gene onthology 
(GO)-enrichment analysis indeed confirmed immune 
system-related signatures that were activated in PtenPEΔ/Δ 
and significantly reduced by Jun-deficiency (Fig.  3h). 
Innate immunity-related processes are complex and 
encompass more than 2000 publicly available human 
and mouse annotated genes [44]. We defined a core 
immunity-related signature by GSEA applying 645 innate 
immunity-related genes and investigated the enrichment 
specifically in PtenPEΔ/Δ prostates. The analysis revealed 
111 genes, of which 26 were significantly (p < 1.0e-03) 
differentially expressed between PtenPEΔ/Δ and JunPEΔ/Δ; 
PtenPEΔ/Δ prostates (Fig.  4a, top panels, Supplementary 
Fig.  4a, Supplementary Table  4). Using the “Hallmark 
Inflammatory response” signature, we uncovered a simi-
lar pattern as the majority of genes from both signatures 
were significantly (p < 1.0e-03) elevated in PtenPEΔ/Δ and 
depleted in JunPEΔ/Δ; PtenPEΔ/Δ prostates (Fig.  4a, bot-
tom panels, Supplementary Fig. 4a). Hence, the homozy-
gous loss of Pten was accompanied by inflammation and 
inflammatory response likely driven by increased levels 
of Il1b, Nlrp3 and chemokines such as Ccl5.

Cells of the innate immune system, including neutro-
phil granulocytes, mast cells and macrophages serve 
as the primary defense against infections and conse-
quently recruit T and B cells to infection sites [45]. 
Among the DEGs of PtenPEΔ/Δ versus JunPEΔ/Δ; PtenPEΔ/Δ 
prostates, we identified neutrophil movement-specific 
gene signatures that play a crucial role in the recruit-
ment of immune cells (Fig.  4b) [46]. We observed that 
cytokines involved in chemotaxis of immune cells such 
as Ccl3, Ccl8 and Il1b were significantly deregulated 
between groups (Fig.  4c). To further dissect the poten-
tially involved immune cell subsets, we conducted single 
sample GSEA using the M5 ontology gene sets signature 
from the molecular signature database (MsigDB). We 

identified enrichment of macrophage- and neutrophil-
specific gene signatures characterized by cellular activi-
ties such as migration, activation/differentiation and 
enhanced expression indicating production of MIP1α/
CCL3 and GM-CSF. Moreover, single sample GSEA 
revealed processes related to other immune cell subsets 
such as mast cells, myeloid cells and CD8+ T cells that 
were significantly enriched in PtenPEΔ/Δ compared to wt 
prostates and depleted in JunPEΔ/Δ; PtenPEΔ/Δ (Fig.  4d). 
This implicates JUN in the control of inflammatory states 
during PCa progression. We validated the JUN-depend-
ent regulation of IL-1β, TNF-α and NLRP3, all involved 
in the regulation of inflammatory response processes by 
immunoblot and cytokine analyses (Fig. 4e-f and Supple-
mentary Fig. 4b).

To further examine the apparent shifts in immune 
system-related transcriptomic signatures, we assessed 
granulocytic or lymphocytic cell infiltrations based on 
microscopic characteristics in H&E staining of all four 
genotypes (Supplementary Fig.  4c). We detected no or 
low-grade infiltration by inflammatory cells in wt and 
JunPEΔ/Δ specimens. In contrast, PtenPEΔ/Δ mouse pros-
tates exhibited increased levels of high- and middle-
grade infiltrations, which were significantly mitigated 
in JunPEΔ/Δ; PtenPEΔ/Δ prostates. Increased immune cell 
infiltration of PtenPEΔ/Δ prostates as identified by histo-
pathological analysis therefore supported the results of 
transcriptome profiling. This highlights the importance 
of JUN in the regulation of inflammation by affecting the 
secretion of pro-inflammatory cytokines in Pten-defi-
cient PCa.

Epithelial JUN deficiency modulates the migration 
of innate immune cells from the periphery
To investigate the distribution and abundance of 
infiltrating immune cells, we performed IHC stain-
ings. Neutrophils and inflammatory monocytes were 
stained using the antibody clone NIMP-R14, which 
targets the specific cell surface markers and differenti-
ation antigens Ly-6G and Ly-6C (Fig. 5a). In PtenPEΔ/Δ 

(See figure on next page.)
Fig. 4  JUN expression determines the level of immune cell infiltration of Pten-loss driven tumors. a Heat map showing JUN-dependent 
regulation of genes related to innate immunity (upper panel) and inflammatory response (lower panel) in wt, JunPEΔ/Δ, PtenPEΔ/Δ and JunPEΔ/

Δ;PtenPEΔ/Δ prostates. JUN-dependent core factors such as Il1b, Nlrp3 and Ccl5 are highlighted. b Heat map presenting the JUN-dependent 
regulation of genes involved in migration and chemotaxis of neutrophil granulocytes in PtenPEΔ/Δ and JunPEΔ/Δ;PtenPEΔ/Δ prostates. Genotypes 
and expression levels in a-b are color coded. c Expression levels (log2, FPKM) of Ccl3, Ccl8 and Il1b are significantly (Ccl3, p = 2.4e-04; Ccl8, 
p = 9.7e-05 and Il1b, p = 5.0e-03) reduced in EpCAM+ cells of JunPEΔ/Δ;PtenPEΔ/Δ prostates. Significance was determined by an unpaired two-sided 
t-test. d Single-sample GSEA analysis using the M5 signature of Broad Institute’s molecular signature database (MsigDB) revealing enrichment 
of macrophage- and neutrophil-associated properties in PtenPEΔ/Δ compared to JunPEΔ/Δ;PtenPEΔ/Δ prostates. e Western blot analysis of NLRP3 
and non-cleaved Pro-IL-1β in all four experimental groups in biological replicates. β-ACTIN served as loading control. f Multiplex immunoassay 
of homogenized prostate samples of 19-week-old wt, JunPEΔ/Δ, PtenPEΔ/Δ and JunPEΔ/Δ;PtenPEΔ/Δ animals for analysis of IL-1β levels in pico grams (pg)/
ml of indicated biological replicates. Statistical testing was done with one-way Anova, significant p-values are indicated



Page 13 of 21Redmer et al. Molecular Cancer          (2024) 23:114 	

Fig. 4  (See legend on previous page.)
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prostates, we observed high numbers of neutrophils 
migrating from the blood vessels across the stroma 
into the epithelium, where they predominantly accu-
mulated, and subsequently advanced into the lumen. 
In JunPEΔ/Δ; PtenPEΔ/Δ prostates, we detected signifi-
cantly (p < 1.0e-04) less neutrophils in the stroma and 
epithelium, but the migration patterns remained con-
sistent with PtenPEΔ/Δ tumors (Fig.  5b). In contrast, 
macrophages, stained by the marker F4/80 were pri-
marily located in the stroma, with no significant dif-
ferences between the groups (Fig. 5c-d). We observed 
significantly (p = 4.0e-04) less macrophages infiltrating 
the epithelium in prostates with additional deficiency 
of Jun. In conclusion, PtenPEΔ/Δ displayed a highly 
immune infiltrated phenotype, which was substantially 
reverted in prostates with additional deficiency of Jun. 
This observation suggests that JUN may be essential 
for tumor cell recognition by innate and consequently 
adaptive immune cells.

Neutrophils attract T cells to the site of inflamma-
tion via secretion of chemokines such as CCL2 and 
CCL5 [47, 48]. We utilized multiplex IHC to discern 
the T cell subsets, employing a marker panel consist-
ing of CK/CD3/CD4/CD8/CD45/PD-1/DAPI. We 
observed various T cell subpopulations (T helper 
(CD4+) and cytotoxic T cells (CD8+), PD-1 positive 
and negative) mainly in the stroma and to a lesser 
degree in the epithelium (Supplementary Fig. 5a-b). To 
further investigate active cytotoxic T cells and natural 
killer cells, we performed Granzyme B IHC (Supple-
mentary Fig.  5c-d). We did not observe a significant 
effect of Jun deficiency on any of the investigated 
populations. Additionally, we investigated the infiltra-
tion of B cells, stained by CD79b. B cells were found 
almost exclusively in the stroma, with significantly 
less infiltration in JunPEΔ/Δ; PtenPEΔ/Δ compared to 
PtenPEΔ/Δ prostates (Fig.  5e-f ). In summary, IHC vali-
dated the JUN-dependent modulation of the immune 

cell compartment, particularly affecting innate 
immune cells. This phenotype was likely provoked by 
a JUN-dependent regulation of neutrophil attracting 
chemokines such as IL-1β.

Increased expression of SASP factors is correlated 
with prolonged survival in prostate cancer
To translate our findings to the human disease, we inves-
tigated a potential association of JUN and SASP factors. 
We compared the levels of JUN, IL1B, CCL3 and CCL8 
in patient data (TCGA-PRAD [33]) by PCA and found 
high IL1B, CCL3 and CCL8 mRNA in tumors express-
ing high levels of JUN. In contrast, tumors expressing low 
JUN levels revealed equally low amounts of IL1B, CCL3 
and CCL8 (Fig. 6a-d). Upon separation of TCGA-PRAD 
tumors by using mean JUN expression as cut-off in JUN 
high and low expressing groups, we indeed confirmed 
enrichment of SASP factors and neutrophil marker 
ADGRE1 in JUN high subgroups (Fig. 6e). We next per-
formed a Pearson correlation analysis and detected a sig-
nificant but weak positive (R ≤ 0.64; p ≤ 0.05) association 
of IL1B, CCL3 and CCL8 with JUN and additional AP-1 
factors such as JUND, JUNB, FOS and FOSB (Fig. 6f ).

Assuming that JUN mediates tumor-suppressor activ-
ity via positive regulation of SASP factors required for 
the recruitment of immune cells, we expected that high 
levels of SASP factors may be associated with favorable 
prognosis. Hence, we asked whether cytokine expression 
may act in concert with JUN to influence patient sur-
vival. We stratified patients according to their PTEN, JUN 
and IL1B (Fig. 6g) CCL3 (Fig. 6h) or CCL8 (Fig. 6i) lev-
els and compared the RFS between groups. As expected, 
PTENhigh groups (presented in gray shades) showed 
overall favorable outcomes and did not significantly dif-
fer from one another. In groups where all marker genes 
were lowly expressed we generally detected the worst 
prognosis while groups with a singular lowly expressed 
marker showed intermediate prognosis. CCL8 did not 

Fig. 5  Histological analysis of infiltrating immune cells reveals downregulated innate immune response in JunPEΔ/Δ;PtenPEΔ/Δ prostates. a 
Representative images of IHC stainings of NIMP-R14, a pan-marker of neutrophil granulocytes, indicating high neutrophil infiltration of PtenPEΔ/Δ 
prostates, reverted by the additional loss of Jun in JunPEΔ/Δ;PtenPEΔ/Δ prostates. Top row: 20.0 × magnification, scale bar represents 150 µm; 
Bottom row: 63.0 × magnification, scale bar represents 40 µm. b Quantification of NIMP-R14+ neutrophils in epithelium (left) and stroma 
(right). A significantly decreased (p < 1e-04) infiltration of neutrophils in tumors and adjacent stroma of JunPEΔ/Δ;PtenPEΔ/Δ prostates is evident. c 
Representative images of IHC stainings for the pan-marker of macrophages F4/80. A high infiltration of PtenPEΔ/Δ prostates and adjacent stroma 
by macrophages is evident and reverted by the additional loss of Jun in JunPEΔ/Δ;PtenPEΔ/Δ prostates. Top row: 40.0 × magnification, scale 
bar represents 60 µm; Bottom row: 100.0 × magnification, scale bar represents 30 µm. d Quantification of F4/80+ macrophages in epithelium (left) 
and stroma (right). A significantly decreased (p = 4e-04) infiltration of macrophages in tumors but not adjacent stroma (p = 8.3e-01) of JunPEΔ/

Δ;PtenPEΔ/Δ prostates is evident. e Representative images of IHC stainings of B cell infiltration using the pan-marker CD79b. A high infiltration 
of stroma adjacent to PtenPEΔ/Δ prostates by CD79b+ B cells is evident and reverted by the additional loss of Jun in JunPEΔ/Δ;PtenPEΔ/Δ prostates. Top 
row: 40.0 × magnification, scale bar represents 60 µm; Bottom row: 100.0 × magnification, scale bar represents 30 µm. f Quantification of B cells 
in epithelium (left) and stroma (right). B cell infiltration as observed in the stroma of PtenPEΔ/Δ prostates was significantly decreased (p < 1e-04) 
in JunPEΔ/Δ;PtenPEΔ/Δprostates. Statistical significance between PtenPEΔ/Δ and JunPEΔ/Δ;PtenPEΔ/Δ groups are indicated in b, d and f 

(See figure on next page.)



Page 15 of 21Redmer et al. Molecular Cancer          (2024) 23:114 	

follow the observed IL1B and CCL3 profiles suggesting 
that this chemokine does not act in concert with JUN in 
the absence of PTEN. Finally, we investigated a poten-
tial relationship between JUN and STAT3 activation and 
explored STAT3’s role in immune modulation in TCGA-
PRAD data [33]. We correlated RPPA of pSTAT3Y705 

with levels of JUN and IL1B. We observed a weak but 
significant correlation of JUN (R = 0.47, p < 2.2e-16) and 
IL1B (R = 0.48, p = 2.2e-16) with pSTAT3Y705 (Fig. 6j). As 
observed for JUN, PCa exhibiting a high (> 7) Gleason 
score showed reduced levels of pSTAT3Y705 (p = 1.6e-02) 
when compared to low risk tumors (Gleason score ≤ 7) 

Fig. 5  (See legend on previous page.)
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(Fig.  6k). To correlate the main oncogenic driver PTEN 
to pSTAT3Y705, we grouped patients according to varying 
PTEN levels and observed a dose dependent decrease of 
pSTAT3Y705 (Fig. 6l). These results were analogous to our 
previous findings where we detected gradually reduced 
JUN expression in PTEN medium and high express-
ing tumors (Fig.  1i). These data might hint at intercon-
nected mechanisms of both transcriptional regulators. 
In summary, we propose that levels of JUN and STAT3 
potentially orchestrated via PTEN, determine progres-
sion stages of human prostate tumors by modulating the 
immune response through regulation of cytokines and 
interleukins as identified in the Jun-deficient murine PCa 
model.

Discussion
PCa is among the most frequently diagnosed malig-
nancies in men worldwide and a significant number of 
patients progress to advanced and lethal stages. The 
mortality linked to metastatic PCa highlights the press-
ing need to elucidate its intricate mechanisms and pin-
point viable therapeutic interventions. Despite this 
urgency, the cellular mechanisms and environmental 
contexts that control PCa development and progression 
remain incompletely understood. Loss of PTEN is evi-
dent in 20% of primary human prostate carcinomas and 
escalates in 50% of metastatic CRPC [4]. Comparable to 
the human situation, Pten loss leads to the formation of 
precancerous lesions in PE cells in mouse models [49, 
50]. Aggressive carcinomas develop only in the presence 
of additional mutations [51], such as abnormal expres-
sion of ERG [52], loss of IL-6/STAT3 functionality [12, 
13], dysfunction of the methyltransferase Kmt2c [32] or 
activation of the RAS/MAPK cascade [51, 53]. While 
several studies indicate that augmented JUN expression 
drives PCa progression [14, 54], the functional role of 
JUN and AP-1 TFs in PCa remains controversial. Intrigu-
ingly, genetic disruption of JunB in vivo accelerated the 
progressive phenotype of Pten-deficient PCa [22]. A 
recent study using in  vivo CRISPR to achieve combina-
torial deletion of Pten and Fos in the PE led to increased 
tumorigenesis potentially via upregulation of Jun [55]. In 

contrast, we did not observe compensatory functions of 
other AP-1 family members in our genetically engineered 
mouse model or the analysis of human patient data. We 
therefore speculate that Fos deletion might be more sus-
ceptible to influencing levels of other AP-1 members 
than Jun or that the upregulation of JUN might arise due 
to differential CRISPR targeting efficiencies of Pten and 
Fos in the chosen model. An alternative explanation for 
the increased tumorigenesis observed upon Fos knockout 
in PCa is provided by evidence that FOS stimulates the 
trans-activation properties of JUN but represses its AR 
co-activator function [56]. Loss of Fos might therefore 
predominantly favor Jun’s pro-proliferative co-activator 
function and weaken its anti-proliferative trans-activator 
function [57]. Our results similarly point towards a con-
text dependent tumor-suppressive role, rather than a 
driving function of JUN in PCa progression.

In the present study, our focus was to delineate the role 
of JUN in PCa. We first examined JUN levels in clinical 
PCa samples and analyzed JUN patterns across varying 
progression stages from three publicly available datasets 
[35, 37, 38]. We found that JUN expression increased 
in tumors relative to normal prostates, however we did 
not observe the same effect when we compared healthy 
to low Gleason stages in the TMA data. It remains to be 
elucidated whether this discrepancy can be explained by 
differences in protein versus RNA levels or the PTEN 
mutation status in early stages of malignant transforma-
tion. Importantly, the levels of JUN, FOS and JUNB and 
the levels of JUN in the TMA dataset were all signifi-
cantly decreased with progression of PCa. This suggests 
that high JUN levels may protect from development of 
progressive disease, a hypothesis further supported by 
the increased survival rates of patients harboring high 
JUN expressing tumors. By co-integrating the tumor sup-
pressor PTEN in our survival analysis, we found that lev-
els of PTEN and JUN determine survival probabilities of 
PCa and revealed the worst prognosis in JUNlow/PTEN-
low PCa but highest RFS in JUNhigh/PTENhigh tumors. 
Encouraged by these findings, we studied the functional 
role of JUN in a murine PCa model, characterized by 
homozygous loss of Pten (PtenPEΔ/Δ) [26, 39]. Mirroring 

(See figure on next page.)
Fig. 6  Expression of immune cell-attracting chemokines CCL3 and CCL8 correlates with levels of JUN in patient datasets. a-d Principal component 
analysis (PCA) representation of human PCa illustrating expression levels of JUN, IL1B, CCL3 and CCL8. Expression levels are color coded from high 
(yellow) to low (blue). e Box plots indicating significant enrichment of ADGRE1 (F4/80, p = 4.10e-02), CCL8 (p = 4.41e-16), IL1B (p = 9.29e-21) and CCL3 
(p = 1.35e-26) in JUNhigh and JUNlow separated groups. f Pearson correlation of indicated AP-1 factors, PTEN, CCL3, CCL8, IL1B and ADGRE1. Strength 
of correlation is color coded. g-i Kaplan–Meier survival analyses of TCGA-PRAD tumors (n = 333) assessing the effect of IL1B (g), CCL3 (h) and CCL8 
(i) on RFS in the context of PTEN and JUN. j Correlation of JUN (left) and IL1B (right) expression to amount of phosphorylated STAT3 (pSTAT3Y705) 
in the TCGA-PRAD cohort (n = 352). k Box plot of reverse-phase protein array (RPPA) data representing reduced levels of pSTAT3Y705 (p = 1.6e-02) 
in high risk PCa of Gleason scores > 7 (range 8–10) compared to low risk (Gleason scores ≤ 7). l Box plot of RPPA data representing gradually 
decreasing levels of pSTAT3Y705 (p = 1.8e-02) in PTEN low, medium and high tumors. Dataset used for Fig. 6 is TCGA-PRAD [33]
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Fig. 6  (See legend on previous page.)
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the early prostatic intraepithelial neoplasia (PIN) stages 
of human PCa, JUN was significantly upregulated in 
PtenPEΔ/Δ prostates. Consistent with human patient data, 
depletion of Jun alone had no effect on the morphological 
architecture and growth of the prostate. Epithelial cells of 
PtenPEΔ/Δ prostates developed hyperplasia, subsequently 
forming prostate adenocarcinoma and rapidly progress-
ing upon additional deletion of Jun. The aggressive phe-
notype observed in JunPEΔ/Δ; PtenPEΔ/Δ prostates resulted 
in decreased survival of mice and increased prostate 
weight and size. We did not detect signs of severe organ 
dysfunction, systemic inflammation or metastatic disease 
(Fig. 2g).

The TME is a dynamic system characterized by chronic 
inflammation and participation of diverse host compo-
nents, but plays a pivotal role in cancer progression [58]. 
Within the TME, immune cells such as tumor-associated 
macrophages (TAM) and tumor-associated neutro-
phils (TAN) both foster cancer progression or combat 
tumor cells, underscoring their dual roles in tumorigen-
esis [59–61]. Central to this environment is the SASP, 
where senescent cells release a plethora of inflammatory 
mediators. SASP-driven effects often culminate in the 
immune-mediated clearance of potential tumorigenic 
cells, a process termed “senescence surveillance” [62, 63]. 
Our histopathologic examination of PtenPEΔ/Δ PCa sam-
ples revealed significant enrichment of neutrophils and 
macrophages that infiltrated the tumors and adjacent 
stroma. Concurrent deletion of Jun strikingly reduced 
tumor infiltration with neutrophils and macrophages 
and accelerated tumor growth. Transcriptomic analyses 
of PtenPEΔ/Δ and JunPEΔ/Δ; PtenPEΔ/Δ prostates revealed a 
JUN-dependent modulation of SASP-associated genes, 
but we did not identify compensatory upregulation of 
other AP-1 members as it has been described upon inac-
tivation of FOS [64]. To investigate further aspects of 
senescence and address senescence-associated cell cycle 
arrest, we conducted IHC stainings for p16INK4a, p21CIP/

WAF1 and GLB1. We did not observe quantitative differ-
ences in expression of these classical senescence mark-
ers indicating that JUN is involved in the regulation of 
SASP, but not senescence-associated cell cycle arrest. 
The regulation of SASP without affecting cell cycle arrest 
has been previously demonstrated. This was evidenced 
by the association of the chromatin reader BRD4 with 
recruitment to enhancer regions activating SASP genes 
in senescent cells [65]. Recent findings have implicated 
AP-1 and in particular JUN as pioneering factors on a 
specific enhancer landscape essential for the execution 
of senescence-controlling programs [23]. In line with 
these results, we propose that loss of Pten coupled with 
an increase in JUN likely instigates a JUN-driven SASP 
phenotype.

SASP involves the expression and secretion of inflam-
matory cytokines such as CCL3, CCL8, IL-1β and TNF-α 
[32, 66] which subsequently recruit immune cells such 
as neutrophils, macrophages and T cells [10, 67, 68]. 
As we observe downregulated secretion of IL-1β and 
TNF-α in JunPEΔ/Δ; PtenPEΔ/Δ prostates, we suggest that 
Jun depletion in Pten-deficient prostates disrupts SASP. 
This impedes the recruitment of neutrophils and mac-
rophages, as well as tumor cell clearance by macrophages 
and dendritic cells [9, 62]. We thus propose JUN as a key 
regulator of SASP. Our results support a previous study 
where JUN depletion was linked to diminished inflam-
matory responses and reverting the senescent/SASP 
phenotype of RAS-OIS fibroblasts to a proliferating phe-
notype [23]. Furthermore, GM-CSF, a direct JUN target 
has been shown to amplify macrophage and neutrophil 
immune responses [69] and modulate pro-inflammatory 
cytokine secretion such as TNFα and IL-6 [70].

Another intriguing mechanism of JUN-dependent 
modulation of the immune phenotype in PCa may 
depend on STAT3 levels. Our previous work identified 
activation of STAT3 and a p19ARF–MDM2–p53 axis to 
induce senescence upon Pten depletion [12]. Consist-
ently, Jun loss was associated with decreased IL-6-JAK-
STAT3 signaling, evidenced by significantly reduced 
pSTAT​Y705 levels in JunPEΔ/Δ; PtenPEΔ/Δ prostates. 
ENCODE database exploration [71] revealed mutual 
promoter binding sites for JUN and STAT3 suggesting 
a potential JUN-STAT3 interplay in impacting senes-
cence pathways in PCa (https://​maaya​nlab.​cloud/​Harmo​
nizome/​datas​et/​CHEA+​Trans​cript​ion+​Factor+​Targe​ts). 
This interplay is supported by results of a STAT3 bind-
ing analysis in CD4+ T cells, which suggests that STAT3 
directly regulates the expression of Jun and Fos and may 
potentially function in a positive feedback loop [72]. 
Therefore, therapeutic activation of STAT3 potentially 
causes SASP factor modulation and may elevate JUN lev-
els in tumors, thereby restricting tumor progression and 
enhancing PCa patient survival.

Conclusions
In summary, our data suggest that JUN functions as a 
pivotal regulator of SASP and survival in PTEN-deficient 
PCa, orchestrating the recruitment dynamics of TAMs 
and TANs within the TME. Given the indispensable role 
of robust SASP in immune surveillance of preneoplas-
tic anomalies, its therapeutic modulation presents intri-
cate challenges. Our recent investigations have shown 
the potential of the antidiabetic agent metformin, which 
curtails multiple pro-inflammatory SASP components 
by inhibiting NF-κB nuclear translocation [73]. Met-
formin increases STAT3 in advanced PCa cases, leading 

https://maayanlab.cloud/Harmonizome/dataset/CHEA+Transcription+Factor+Targets
https://maayanlab.cloud/Harmonizome/dataset/CHEA+Transcription+Factor+Targets
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to significant tumor growth attenuation, underscored by 
reduced mTORC1/CREB and AR levels in a PCa murine 
model [13]. The interplay between JUN, STAT3 and 
PTEN might represent a key mechanism that could be 
exploited for therapeutic advances.
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Cell‑autonomous IL6ST activation 
suppresses prostate cancer development 
via STAT3/ARF/p53‑driven senescence 
and confers an immune‑active tumor 
microenvironment
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Abstract 

Background  Prostate cancer ranks as the second most frequently diagnosed cancer in men worldwide. Recent 
research highlights the crucial roles IL6ST-mediated signaling pathways play in the development and progression 
of various cancers, particularly through hyperactivated STAT3 signaling. However, the molecular programs mediated 
by IL6ST/STAT3 in prostate cancer are poorly understood.

Methods  To investigate the role of IL6ST signaling, we constitutively activated IL6ST signaling in the prostate 
epithelium of a Pten-deficient prostate cancer mouse model in vivo and examined IL6ST expression in large cohorts 
of prostate cancer patients. We complemented these data with in-depth transcriptomic and multiplex histopathologi-
cal analyses.

Results  Genetic cell-autonomous activation of the IL6ST receptor in prostate epithelial cells triggers active STAT3 
signaling and significantly reduces tumor growth in vivo. Mechanistically, genetic activation of IL6ST signaling medi-
ates senescence via the STAT3/ARF/p53 axis and recruitment of cytotoxic T-cells, ultimately impeding tumor progres-
sion. In prostate cancer patients, high IL6ST mRNA expression levels correlate with better recurrence-free survival, 
increased senescence signals and a transition from an immune-cold to an immune-hot tumor.
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Conclusions  Our findings demonstrate a context-dependent role of IL6ST/STAT3 in carcinogenesis and a tumor-
suppressive function in prostate cancer development by inducing senescence and immune cell attraction. We chal-
lenge the prevailing concept of blocking IL6ST/STAT3 signaling as a functional prostate cancer treatment and instead 
propose cell-autonomous IL6ST activation as a novel therapeutic strategy.

Keywords  Prostate cancer, IL6ST/STAT3 signaling, L-gp130, Senescence, Senescence-associated secretory phenotype, 
Tumor microenvironment, Immune cell infiltration, Cytotoxic T-cells

Background
Prostate cancer (PCa) is the second most common can-
cer type diagnosed in men, as reflected by 1.4 million 
new cases worldwide and 375,000 related deaths in 2020 
alone [1]. Corresponding to the vast PCa heterogeneity 
regarding clinical and molecular features, a wide range of 
therapeutic approaches is currently in use. The accuracy 
of these treatments is often hampered by the lack of reli-
able biomarkers allowing to distinguish aggressive from 
non-aggressive tumors [2]. In search of such biomark-
ers, aberrant activity of the Interleukin-6 cytokine fam-
ily signal transducer (IL6ST), also known as Glycoprotein 
130 kDa (GP130), signaling axis has been identified as a 
crucial factor in inflammation and carcinogenesis [3, 4]. 
A key downstream mediator of IL6ST signaling is the 
transcription factor Signal transducer and activator of 
transcription 3 (STAT3) [3]. STAT3 signaling is aberrant 
in approximately 50% of PCa [5] and plays a tumor micro-
environment (TME)-dependent role in cell proliferation, 
cell survival, angiogenesis and immune evasion [6–8]. 
Therefore, a further characterization of the axis connect-
ing IL6ST and STAT3 or other potential downstream 
targets in PCa is important for improved treatment 
approaches. Other targets activated by IL6ST include 
the Src homology 2 domain-containing  tyrosine phos-
phatase-2 (SHP2), Phosphatidylinositol 3-kinase (PI3K) 
and the Hippo/YES-associated protein (YAP) pathway 
[9], which have themselves been linked with PCa [10–
12]. Similarly, the tumor suppressor Phosphatase and 
tensin homolog (PTEN) is frequently mutated or deleted 
in PCa [13], thereby eliciting aberrant PI3K activation, 
contributing to prostate carcinogenesis [14] and inducing 
p53-dependent cellular senescence [15]. Senescence is a 
state of cell cycle arrest mediated by the p19ARF/p53 or 
p16INK4A/RB pathway and has been shown to inhibit PCa 
progression [16]. Senescence is often accompanied by the 
release of inflammatory cytokines, chemokines, growth 
factors and proteases, referred to as the senescence-
associated secretory phenotype (SASP) [17]. The SASP 
is a double-edged sword exerting tumor-suppressive and 
tumor-promoting effects. The factors modulating the 
balance between pro-tumorigenic and anti-tumorigenic 
senescence effects are likely cell type-specific and not 
fully understood [18].

To shed new light on the role of IL6ST signaling in PCa 
pathogenesis and to gain further insight into the com-
plex downstream signaling network, we created a mouse 
model featuring constitutive, cell-autonomous, and 
prostate epithelium-specific activation of IL6ST. Utiliz-
ing this model, we aimed at identifying molecular play-
ers induced by IL6ST signaling and at determining its 
importance in PCa initiation and progression. Consider-
ing recent endeavors to render immune-cold PCa ame-
nable to anti-tumor immunity [19], our study also aimed 
to elucidate the role of IL6ST signaling in shaping the 
TME, thereby providing valuable insights into its poten-
tial use for therapeutic and diagnostic strategies for PCa 
management.

Our data show that constitutively active IL6ST sign-
aling in Pten-deficient PCa mice is associated with sig-
nificantly smaller tumors compared with Pten-deficient 
mice, related with IL6ST-induced activation of the 
STAT3/p19ARF/p53 tumor suppressor axis mediating 
senescence. This is accompanied by increased infiltra-
tion of cytotoxic T-cells, neutrophils, and macrophages, 
indicating better anti-tumor defense. These findings 
are supported by improved survival observed in PCa 
patients showing high IL6ST mRNA expression, active 
senescence patterns, and a T-cell mediated anti-tumor 
immune defense. Together, these results highlight a con-
text-dependent, tumor-suppressive role of IL6ST/STAT3 
signaling in prostate carcinogenesis and suggest that cell-
autonomous IL6ST activation may be a promising novel 
therapeutic approach for the treatment of PCa.

Methods
Generation of transgenic mice
Ptenfl/fl [20], L-gp130fl/fl [3] and PB-Cre4 [21] transgenic 
mice were maintained on a C57BL/6 and Sv/129 mixed 
genetic background. Ptenfl/fl mice and/or L-gp130fl/fl mice 
were crossed with male PB-Cre4 transgenic mice to gen-
erate prostate-specific deletion of Pten and/or insertion 
of the L-gp130 construct. DNA isolation was performed 
as previously described [22]. Mice were genotyped as 
previously described [3, 20, 21, 23]. Mice were housed 
on a 12–12 light cycle and provided food and water 
ad  libitum. For all experiments, 19-week old male mice 
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were used. Genotyping primer sequences and protocols 
are listed in Supplementary Table 1–2, Additional File 1. 
Formalin-fixed paraffin-embedded (FFPE) prostate tissue 
from PtenpeΔ/Δ;Stat3peΔ/Δ and respective PtenpeΔ/Δ control 
mice were provided by Pencik et al. [8].

Immunohistochemistry (IHC) and hematoxylin & eosin 
(H&E) stains
IHC and H&E stains were performed with FFPE prostate 
tissue using standard protocols and antibodies listed in 
Supplementary Table 3, Additional File 1.

Immunofluorescence (IF) staining
Frozen tissue sections were fixed with 4% Formol for 
15  min at room temperature. After washing with PBS, 
tissue was blocked with 2% BSA in PBS prior to overnight 
primary antibody incubation at 4  °C (Supplementary 
Table  3, Additional File 1). Secondary antibody incuba-
tion (Alexa Fluor 594 anti-rabbit,  Invitrogen #A11037, 
1:500; RRID:AB_2534095) was done in 2% BSA in PBS for 
1 h at room temperature. Cells were counterstained with 
DAPI (nuclear stain) in PBS and mounted with  Aqua-
Poly/Mount medium (18,606–5, Polysciences).

Multiplex IHC
Multiplex IHC was performed on mouse prostate sam-
ples using the Bond RX autostainer system (Leica Bio-
systems Inc., Vienna, Austria; RRID:SCR_025548) and 
were subsequently analyzed by multispectral imaging. A 
panel of the following fluorescent markers plus DAPI as a 
nuclear stain were used to detect the following epitopes: 
CD3, CD4, CD8, CD45, pan Cytokeratin (Supplemen-
tary Table  3, Additional File 1). Scanning of multiplex 
IHC stains was done as previously described [24]. Indi-
vidual cells were detected using DAPI nucleus staining 
by applying thresholds for nucleus size, roundness, and 
signal intensity. Positivity thresholds for the fluorescently 
labeled markers were determined based on staining 
intensity.

Histopathological analysis 
For histopathological analysis of H&E, IHC or IF stained 
samples, slides were scanned using a PANNORAMIC 
Scan II from 3DHISTECH and quantitatively analyzed 
as previously described [24]. The murine prostate con-
sists of four different lobes: the anterior, ventral, lateral, 
and dorsal prostate, each exhibiting distinct morpholog-
ical characteristics. Due to the loss of these characteris-
tics during tumor progression, differentiating between 
the lobes in tumor tissue is only feasible for the spatially 
separated anterior prostate. Therefore, we classified the 
tissue into two regions: the “anterior lobe (AL)” and the 

“caudal lobe (CL)”, which comprises the ventral, lateral, 
and dorsal prostate. These stratified data are presented 
in Additional File 2 and Additional File 3. In the main 
and supplementary figures, we show analyses cover-
ing the entire prostate except for F4/80 and NimpR14 
analyses. For these, only the CL was used, as the lumen 
of the AL contains more cellular debris, which leads to 
nonspecific staining and challenges analysis. Cell detec-
tion was carried out using the StarDist [25] extension 
for NimpR14 staining, while the built-in watershed cell 
detection plugin was employed for the other stainings. 
Parameters were tailored for each specific staining. Sub-
sequently, smoothed features were calculated using a full 
width at half maximum (FWHM) radius of 25 µm. The 
tissue was then classified into epithelium and stroma 
through an object classifier, trained individually for each 
staining. A threshold was set for the mean DAB opti-
cal density value to categorize cells as either positive 
or negative. If automated quantification was not pos-
sible for IHC stainings, semi-quantitative analysis was 
performed by a trained pathologist, who classified the 
level of expression as none, mild, moderate or marked 
for each tissue section. A similar approach was taken for 
the grading of immune cell infiltration, which was clas-
sified as low or high in H&E-stained sections. Analyses 
were performed blinded to genotype by a single inves-
tigator and evaluated by two independent pathologists 
with specific expertise in mouse models of PCa. A whole 
slide scan of stained prostate tissue per mouse was ana-
lyzed. Representative pictures of the CL for the main and 
supplementary figures, as well as representative pictures 
of the AL (and CL) for Additional File 2 and Additional 
File 3 were exported from whole slide scan using the 
snapshot function of CaseViewer (Build 2.4.0.119028; 
RRID:SCR_017654).

Protein isolation and immunoblotting
Whole prostate protein lysates were extracted from snap 
frozen prostate samples as described [26] and 20–40 μg 
of protein lysate was used  for Western blotting as pre-
viously described [8]. Chemiluminescent visualization 
was performed with a ChemiDoc™ Imaging System 
(Bio-Rad; RRID:SCR_019037) after incubation of the 
membranes with Clarity Western ECL reagent (Bio-Rad, 
170–5061). Near-infrared visualization was performed 
using  an  Odyssey Classic Imaging System (LI-COR; 
RRID:SCR_023765) and  IRDye fluorescent second-
ary antibodies. Quantifications were performed with 
Image Lab software (Bio-Rad; RRID:SCR_014210). Sam-
ples were normalized to the indicated loading controls. 
Applied antibodies are listed in Supplementary Table  3, 
Additional File 1.



Page 4 of 22Sternberg et al. Molecular Cancer          (2024) 23:245 

RNA sequencing (RNA‑Seq) and data analysis
RNA-Seq sample and library preparation was performed 
as described in [22]. Briefly, single cell suspension of 
mouse prostate tissue was done as previously described 
[27] and magnetic cell separation (MagniSort technol-
ogy, Thermo Fisher) was performed for EpCAM posi-
tive fraction using anti-mouse CD326 (EpCAM) Biotin 
antibody (13–5791-82, eBioscience; RRID:AB_1659713). 
For higher RNA output, three wild type and three 
L-gp130peKI/KI mouse prostates, respectively, were pooled 
to generate one sample. High-quality RNA was used for 
library preparation. Libraries were amplified with 11 
PCR cycles and the library size was analyzed by Agilent 
Tape Station (G2938-90,014, Agilent Technologies). RNA 
sequencing and bioinformatic analysis of mouse prostate 
samples up to the differential expression was performed 
by Core Facility Bioinformatics of CEITEC Masaryk Uni-
versity as previously described [22].

The Cancer Genome Atlas (TCGA) data analysis
Clinical data for the TCGA-Prostate Adenocarcinoma 
(PRAD) cohort (https://​portal.​gdc.​cancer.​gov/​proje​cts/​
TCGA-​PRAD) [28], including disease-free survival, were 
downloaded from the cBioPortal [29, 30] database. Raw 
expression counts were downloaded from TCGA with 
the TCGAbiolinks R package (version 2.25.3). Patients 
with mutation in TP53 gene (Supplementary Table  4, 
Additional File 1) were removed from subsequent anal-
ysis for Fig.  6b-c. Raw counts were transformed with 
the variance stabilizing transformation (VST). Survival 
analysis of TCGA-PRAD cohort was performed with the 
survminer R package [31] (version 0.4.9). Patients were 

divided into IL6SThigh/low expression groups based on the 
maximally selected rank statistics which provides a single 
value cutpoint that corresponds  to the most significant 
relation with disease-free survival.  Differential expres-
sion analysis between IL6SThigh and IL6STlow group was 
performed with DESeq2 (version 1.36.0). Alteration data 
including frequency of specific mutations and correla-
tion analysis were obtained from the cBioPortal [29, 30] 
database. Immune scores for TCGA-PRAD cohort from 
the ESTIMATE method [32] were downloaded from 
https://​bioin​forma​tics.​mdand​erson.​org/​estim​ate/. Using 
the Mann–Whitney test, we assessed whether there was 
a statistically significant difference in the immune scores 
between IL6SThigh and IL6STlow.

Statistical analysis
Significant differences between two groups were deter-
mined using a two-tailed, unpaired t-test (parametric) or 
Mann–Whitney test (non-parametric). Significant differ-
ences between more than two groups were determined 
using One-way ANOVA with Tukey’s multiple compari-
son test (parametric). Significant outliers were identified 
by Grubbs ‘ test. p values of < 0.05 were assigned signifi-
cance. All values are given as means ± standard deviation 
(SD) and were analyzed and plotted by GraphPad Prism® 
(version 9.5.0, GraphPad Software, San Diego, CA). 
Numbers of biological replicates are stated in the respec-
tive figure legends. The associations between genes/gene 
sets and their respective statistical significances were 
assessed using Spearman-correlation.

Additional methods can be found in Supplementary 
Methods, Additional File 4.

(See figure on next page.)
Fig. 1  Prostate epithelium-specific, cell-autonomous insertion of L-gp130 reduces progressive prostate tumorigenesis. a Illustration of wild type 
IL6ST receptor, which can be activated by binding of the IL-6 ligand and IL-6R receptor (left panel), and Leucine-gp130 (L-gp130) construct (right 
panel). Wild type IL6ST consists of an extracellular domain comprising an Ig-like domain, a cytokine binding domain, three fibronectin type 
III-like domains, a transmembrane domain, and a cytoplasmic domain. For generating L-gp130, wild type IL6ST was truncated 15 amino acids 
above the transmembrane domain and replaced by the leucine zipper region of the human c-JUN gene and a FLAG-Tag. L-gp130 expression 
can activate downstream signaling cascades identical to stimulated wild type IL6ST. P: phosphorylation. b Illustration of the genetic approach 
for conditional deletion of Pten (exon 4 + 5) or/and insertion of L-gp130-ZSGreen in prostate epithelial cells under the control of Probasin (PB) 
promoter after Cre-mediated recombination resulting in PB-Cre4;Ptenfl/fl;L-gp130+/+ (hereafter PtenpeΔ/Δ), PB-Cre4;Pten+/+;L-gp130fl/fl (hereafter 
L-gp130peKI/KI) and PB-Cre4;Ptenfl/fl;L-gp130fl/fl mice (hereafter PtenpeΔ/Δ;L-gp130peKI/KI). pe: prostate epithelium; fl: floxed site; ex: exon; 2A: 2A 
peptide; CAG: CAG promoter; KI: knock in; Δ: knock out. c Representative immunohistochemistry (IHC) pictures of phospho-AKT (p-AKT) 
and immunofluorescence (IF) pictures of co-stainings of ZSGreen (red) and DAPI (blue) in mouse prostates. DAPI is used as a nuclear stain. 
Scale bar: 40 µm. Scale bar of inset: 10 µm. d Gross anatomy of representative mouse prostates. Scale bar: 0.5 cm. e Prostate weight of wild type 
(n = 10), L-gp130peKI/KI (n = 14), PtenpeΔ/Δ (n = 14), and PtenpeΔ/Δ;L-gp130peKI/KI (n = 14) mice. Individual biological replicates are shown. Data are 
plotted as the means ± SD and p-values were determined by ordinary one-way ANOVA with Tukey’s multiple comparisons test. f Representative 
pictures of hematoxylin & eosin (H&E) stains of mouse prostates at low (top) and high (bottom) magnification. Scale bar upper panel: 60 µm, scale 
bar lower panel: 10 µm. g Quantification of histopathological analysis of prostate tissue from wild type (n = 9), L-gp130peKI/KI (n = 9), PtenpeΔ/Δ (n = 11), 
and PtenpeΔ/Δ;L-gp130peKI/KI (n = 9) mice in regards of histomorphological criteria for aggressive growth patterns: without pathological findings 
(white); PIN: prostate intraepithelial neoplasia (grey); PCa: prostate cancer (red)

https://portal.gdc.cancer.gov/projects/TCGA-PRAD
https://portal.gdc.cancer.gov/projects/TCGA-PRAD
https://bioinformatics.mdanderson.org/estimate/
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Fig. 1  (See legend on previous page.)
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Results
Constitutive activation of IL6ST signaling in prostate 
epithelial cells
To investigate constitutively activated IL6ST signaling, 
we used the so-called Leucine-gp130 (L-gp130) con-
struct introduced by Stuhlman-Laeisz et al. [33] (Fig. 1a, 
right panel), where the entire extracellular part of the 
wild type IL6ST receptor (Fig. 1a, left panel) is replaced 
by a leucine zipper, causing forced receptor dimeriza-
tion and ligand-independent constitutive activation of 
downstream signaling. The wild type IL6ST receptor 
requires stimulation by the cytokine Interleukin-6 (IL-6) 
and Interleukin-6 receptor (IL-6R) for downstream sign-
aling [9]. The downstream signaling cascades of L-gp130 
include JAK/STAT, PI3K/AKT, MEK/ERK, and Hippo/
YAP (Fig.  1a, right panel), which are identical to those 
of wild type IL6ST signaling following binding of IL-6 
ligand and IL-6R. To study the role of constitutively acti-
vated IL6ST signaling in vivo and to decipher the respec-
tive downstream signaling axis involved in PCa, the 
L-gp130 transgene composed of a synthetic CMV-Actin-
Globin composite (CAG) promotor mediating expression 
of L-gp130 and Zoanthus sp. green fluorescent protein 
(ZSGreen) was integrated into the ROSA26 locus, which 
can be transcriptionally activated by Cre-mediated 
removal of the Westphal stop sequence [3]. We intro-
duced this construct into a conditional mouse model 
with prostate epithelium-specific Cre expression with 
sexual maturity using Probasin (PB)-Cre4 mice [21, 23]. 
This approach generated mice with prostate epithelium-
specific constitutively active L-gp130 alleles (L-gp130peKI/

KI; pe: prostate epithelium;  KI: knock in). These 
L-gp130peKI/KI mice were then crossed with mice in which 
Pten deletion occurs in the prostate epithelium  upon 
PB-Cre4 expression, leading to the development of PCa 
(PtenpeΔ/Δ;  Δ: knock out) [20]. The crossbreed resulted 
in PCa mice with additional prostate epithelium-specific 
constitutively activated IL6ST signaling (PtenpeΔ/Δ;L-
gp130peKI/KI) (Fig. 1b).

Deletion of Pten and insertion of L-gp130 were con-
firmed after the onset of puberty by Polymerase Chain 
Reaction (PCR) (Supplementary Fig.  1a, Additional File 
5). In addition, prostate epithelium-specific deletion 
of Pten was assessed by IHC analysis of phospho-AKT 
(p-AKT) levels, as loss of PTEN leads to phosphoryla-
tion of AKT [14]. PtenpeΔ/Δ and PtenpeΔ/Δ;L-gp130peKI/

KI showed elevated p-AKT expression compared to wild 
type and L-gp130peKI/KI prostate samples (Fig.  1c, upper 
panel). Further confirmation of prostate-specific dele-
tion of Pten was obtained by Western blot analysis and 
quantification of p-AKT levels. PtenpeΔ/Δ and PtenpeΔ/

Δ;L-gp130peKI/KI showed significantly increased p-AKT 
expression compared to wild type and L-gp130peKI/KI 

prostate samples, whereas total-AKT (t-AKT) expres-
sion was not affected between the different genotypes 
(Supplementary Fig. 1b-c, Additional File 5). To confirm 
the functional expression of the L-gp130 construct, we 
examined ZSGreen expression via IF. We found ZSGreen 
expression in L-gp130peKI/KI and PtenpeΔ/Δ;L-gp130peKI/

KI but not in wild type and PtenpeΔ/Δ prostates (Fig.  1c, 
lower panel). Of note, endogenous wild type Il6st mRNA 
levels were not changed by L-gp130 expression in the 
prostate (Supplementary Fig. 1d, Additional File 5). This 
is in line with previous findings revealing no impact on 
endogenous IL6ST expression by the introduction of the 
L-gp130 construct [3]. Overall, we generated a mouse 
model allowing us to examine the consequences of cell-
autonomous, prostate epithelial cell-specific IL6ST 
signaling.

Constitutively active IL6ST signaling reduces Pten‑deficient 
tumor growth in vivo
We next examined the impact of constitutively active 
IL6ST signaling in 19-week old mice and found that pros-
tates of wild type and L-gp130peKI/KI mice were macro-
scopically indistinguishable. As expected, PtenpeΔ/Δ mice 
developed grossly visible PCa (Fig. 1d). Intriguingly, mice 
with concomitant activation of IL6ST signaling (PtenpeΔ/

Δ;L-gp130peKI/KI) developed smaller prostate tumors com-
pared to Pten-deficient mice, resulting in a significantly 
reduced prostate weight of PtenpeΔ/Δ;L-gp130peKI/KI com-
pared to PtenpeΔ/Δ mice (Fig. 1d-e).

Assessment of H&E-stained murine prostates (Fig. 1f ) 
revealed no pathological features in wild type and 
L-gp130peKI/KI mice, except for one L-gp130peKI/KI ani-
mal (accounting for 11.1% of analyzed mice) (Fig.  1g). 
This animal exhibited prostatic intraepithelial neoplasia 
(PIN), a precursor for PCa. The vast majority (72.7%) of 
the PtenpeΔ/Δ mice showed PCa [34], whereas only 22.2% 
of PtenpeΔ/Δ;L-gp130peKI/KI mice developed PCa. Instead, 
77.8% exhibited only PIN, displaying a less aggressive 
morphology compared to PtenpeΔ/Δ mice. These findings 
support a tumor-suppressive role of IL6ST signaling in 
PCa in vivo.

L‑gp130 expression in prostate epithelial cells enriches 
STAT3 target gene expression
To unravel molecular gene expression patterns associated 
with the observed phenotypes and to elucidate which of 
the possible downstream signaling axes is activated upon 
L-gp130 insertion, we performed RNA-Seq analysis of 
prostate tissue from wild type, L-gp130peKI/KI, PtenpeΔ/Δ 
and PtenpeΔ/Δ;L-gp130peKI/KI mice. As our mouse model 
allows prostate epithelium-specific modulation and 
to specifically isolate these prostate epithelial cells, we 
sorted cells obtained from prostate tissue by magnetic 
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bead-based cell sorting for EpCAM, a marker for epi-
thelial cells that is expressed uniformly across all four 
genotypes (Fig. 2a). This prostate epithelial fraction was 
then subjected to RNA-Seq as previously described [22] 
(Fig. 2b). Clustering of the samples by 3D-principal com-
ponent analysis based on gene expression revealed that 
individual replicates clustered within the genotypes and 
confirmed different transcription profiles (Supplemen-
tary Fig. 2a, Additional File 5). Differential gene expres-
sion analysis of PtenpeΔ/Δ and PtenpeΔ/Δ;L-gp130peKI/KI 
prostate epithelial cells showed significant upregulation 
of 807 and downregulation of 475 genes in PtenpeΔ/Δ;L-
gp130peKI/KI prostates (Fig.  2c). Notably, we detected 
nearly twice as many upregulated genes as downregulated 
genes, which supports the idea that constitutively active 
IL6ST serves as a central receptor of signal transduction 
and activator of transcription. There was also a consider-
able, albeit smaller number of 470 genes that were signifi-
cantly upregulated when comparing L-gp130peKI/KI and 
wild type prostate epithelial cells, as well as 335 down-
regulated genes (Supplementary Fig.  2b, Additional File 
5). Fast pre-ranked gene set enrichment analysis (fGSEA) 
of the “Prostate cancer” gene set from the Kyoto Ency-
clopedia of Genes and Genomes (KEGG) collection from 
the Molecular signature database (MSigDB) [35, 36] 
showed a significant downregulation of analyzed genes 
in PtenpeΔ/Δ;L-gp130peKI/KI compared to PtenpeΔ/Δ sam-
ples (Fig.  2d), which supports our mouse data showing 
smaller tumors in PtenpeΔ/Δ;L-gp130peKI/KI mice.

To determine which downstream signaling cascade 
is activated by L-gp130 in PCa, we performed fGSEA 
of PtenpeΔ/Δ;L-gp130peKI/KI compared to PtenpeΔ/Δ sam-
ples using the REACTOME gene set collection derived 
from MSigDB. We detected no apparent change in the 

regulation of PI3K/AKT, RAS/RAF/ERK/MAPK or 
Hippo/YAP signaling cascades (Supplementary Fig. 2c, 
Additional File 5). Interestingly, we found significantly 
upregulated STAT3 target genes by analyzing three 
independent, previously described sets of STAT3 target 
genes [37–39]. These results imply that L-gp130 expres-
sion correlated with STAT3 activity, which in turn acts 
as a transcription factor in PCa (Fig. 2e). In accordance, 
Western blot analysis also showed activation of STAT3, 
reflected in increased phosphoY705-STAT3 (pY-
STAT3) levels and unaltered total-STAT3 (t-STAT3) 
levels in PtenpeΔ/Δ;L-gp130peKI/KI compared to PtenpeΔ/Δ 
prostates (Fig. 2f-g). This finding was further confirmed 
using IHC, which showed a nearly 50% increase in pY-
Stat3 positive cells in PtenpeΔ/Δ;L-gp130peKI/KI compared 
to PtenpeΔ/Δ samples, while t-STAT3 levels assessed 
semi-quantitatively were constant in both genotypes 
(Fig. 2h-j). This increase in pY-STAT3+ epithelial cells is 
on top of the already nearly 60% pY-STAT3+ epithelial 
cells seen in PtenpeΔ/Δ samples. In addition to the clas-
sical activation of STAT3 via phosphorylation of Y705 
[40], transcriptional activation can be regulated by 
phosphorylation at Ser727 [41]. PhosphoS727-STAT3 
(pS727-STAT3) levels were significantly upregulated 
in PtenpeΔ/Δ;L-gp130peKI/KI compared to PtenpeΔ/Δ pros-
tates (Supplementary Fig.  2d-f, Additional File 5). In 
line, we observed an upregulation of STAT3 target 
genes (Supplementary Fig. 2g, Additional File 5) and of 
pY-STAT3 abundance (Supplementary Fig.  2h-l, Addi-
tional File 5) when comparing L-gp130peKI/KI and wild 
type prostate epithelial cells. Of note, in the stromal 
cells of mice with L-gp130 insertion in the prostate 
epithelium (L-gp130peKI/KI and PtenpeΔ/Δ;L-gp130peKI/

KI mice), we detected no increase in pY-STAT3 and 

Fig. 2  L-gp130 leads to activation of the STAT3 transcription factor and STAT3 target gene expression. a Representative immunohistochemistry 
(IHC) pictures of mouse prostates stained for the epithelial marker EpCAM. Scale bar: 40 µm b RNA-Seq workflow showing processing and magnetic 
bead-based enrichment of EpCAM-positive (EpCAM+) mouse prostate tissue. Prostates were dissected and enzymatically and mechanically 
dissociated to generate single cell suspensions. Cells were labeled with biotinylated anti-EpCAM antibody and enriched from the bulk population 
using streptavidin-coated magnetic beads. EpCAM+ cells were subjected to RNA-Seq analysis. c Heatmap and number of differentially expressed 
genes (log2norm) based on adj. p-value ≤ 0.05 and fold change ≥ 2 cut-off values comparing PtenpeΔ/Δ and PtenpeΔ/Δ;L-gp130peKI/KI prostate epithelial 
cells (n ≥ 5). blue: downregulated, red: upregulated. d Fast pre-ranked gene set enrichment analysis (fGSEA) of the KEGG gene set “Prostate cancer” 
with genes regulated in PtenpeΔ/Δ;L-gp130peKI/KI compared to PtenpeΔ/Δ prostate epithelial cells. Genes sorted based on their Wald statistics are 
represented as vertical lines on the x-axis. NES: normalized enrichment score. e fGSEA of three previously published STAT3 target signatures (“STAT3 
targets (Swoboda)”, “STAT3 targets (Azare)”, “STAT3 targets (Carpenter)”) with genes regulated in PtenpeΔ/Δ;L-gp130peKI/KI compared to PtenpeΔ/Δ 
prostate epithelial cells. Genes sorted based on their Wald statistics are represented as vertical lines on the x-axis. NES: normalized enrichment 
score. f Western Blot analysis of prostate protein lysates for phosphoTyrosine705-STAT3 (pY-STAT3) and total-STAT3 (t-STAT3) expression in PtenpeΔ/Δ 
and PtenpeΔ/Δ;L-gp130peKI/KI mice (n = 5). β-ACTIN (β-ACT) served as loading control. g Quantification of pY-STAT3 protein levels relative to t-STAT3 
protein levels shown in f ). h Representative pictures of IHC staining of pY-STAT3 and t-STAT3 expression in prostate sections of PtenpeΔ/Δ and PtenpeΔ/

Δ;L-gp130peKI/KI mice. Scale bar: 40 µm. i-j Quantitative analysis of pY-STAT3 (i) and semi-quantitative analysis of t-STAT3 (j) IHC stainings shown in h) 
(n = 7). g,i-j Individual biological replicates are shown (g,i). Data are plotted as the means ± SD and p-values were determined by unpaired two-tailed 
Student’s t-tests (g,i) or Mann-Whitney test (j)

(See figure on next page.)
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Fig. 2  (See legend on previous page.)
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pS727-STAT3 levels compared to wild type and 
PtenpeΔ/Δ mice, respectively (Supplementary Fig. 2m-n, 
Additional File 5). This underscores the prostate-epi-
thelium specificity of our mouse model. Taken together, 
L-gp130 expression in prostate epithelial cells activates 
STAT3 signaling, as evidenced by significantly upregu-
lated STAT3 target genes and increased pY-STAT3 and 
pS727-STAT3 levels.

IL6ST expression correlates with prolonged survival 
and STAT3 expression in PCa patients
Based on our mouse data, we hypothesized that high 
IL6ST expression in PCa patients would correlate with 
favorable clinical outcomes. To investigate the relation-
ship between IL6ST mRNA expression levels and PCa, 
we examined the TCGA-PRAD cohort [28] comprising 
primary PCa patients and found a significant decrease in 
IL6ST mRNA expression in prostate tumor tissue com-
pared to adjacent healthy tissue (Fig.  3a). We divided 
patients into IL6ST high and low expression groups using 
the maximally selected rank statistics method, which 
identifies the cutpoint with the most significant relation 
with disease-free survival. Stratifying patients based on 
their IL6ST mRNA demonstrated that high IL6ST expres-
sion is linked to a greater probability of disease-free sur-
vival compared to low IL6ST expression (Fig. 3b). In the 
TCGA-PRAD cohort, 7.2% of patients with prostate 
adenocarcinoma have alterations in the IL6ST gene, with 
6.3% accounting for deep deletions and 0.9% for missense 
mutations of unknown significance (Fig.  3c). We there-
fore hypothesized that mutations leading to altered IL6ST 
expression could impact the initiation and/or progression 
of PCa. To test the validity of our findings, we analyzed 
four additional data sets from the Oncomine platform 
[42]. The results support a significant decrease in IL6ST 
mRNA expression in PCa compared to normal prostate 
glands, highlighting the potential impact of IL6ST altera-
tions on PCa (Fig.  3d). We also observed a significant 
reduction in IL6ST expression relative to the primary PCa 
site during PCa progression in recurrent and advanced 
PCa and metastasis (Supplementary Fig.  3a, Additional 
File 5). Using the SurvExpress Analysis webtool [43], we 
next examined the MSKCC Prostate GSE21032 data set 
by Taylor et  al. [44] in terms of survival, as it provides 
not only data on primary but also metastatic PCa. We 
assessed risk groups by a median split of samples based 
on their prognostic index and observed high expression 
of IL6ST in low-risk PCa patients and vice versa (Sup-
plementary Fig. 3b, Additional File 5). In support of our 
previous findings from the TCGA-PRAD cohort, cor-
relating biochemical recurrence-free survival time with 
IL6ST mRNA expression levels, we detected a signifi-
cantly higher probability of biochemical recurrence-free 

survival associated with high as compared to low IL6ST 
levels (Supplementary Fig. 3c, Additional File 5). To fur-
ther validate our findings in an independent dataset, we 
analyzed the SMD GSE40727 [45] cohort using the Sur-
vExpress Analysis web tool. Survival analysis of patients 
expressing high and low levels of IL6ST, grouped accord-
ing to the optimal risk split, showed a tendency for better 
biochemical recurrence-free survival probability in the 
IL6SThigh group compared to the IL6STlow group (Sup-
plementary Fig.  3d-e, Additional File 5). These findings 
corroborate a tumor suppressive role of IL6ST expression 
in PCa. Interestingly, IL6ST mRNA expression positively 
correlated with STAT3 expression in PCa patients in both 
the TCGA-PRAD cohort and Taylor data set (MSKCC 
Prostate GSE21032), providing further evidence of the 
interconnected signaling between IL6ST and STAT3 in 
PCa (Fig.  3e and Supplementary Fig.  3f, Additional File 
5). To examine the IL6ST/STAT3 signaling activation in 
the TCGA-PRAD data set, we correlated IL6ST (Sup-
plementary Fig.  3g, Additional File 5) and STAT3 (Sup-
plementary Fig. 3h, Additional File 5) mRNA expression 
levels with three STAT3 target signatures assessed by 
single sample gene set variation analysis (ssGSVA). All 
three STAT3 target gene sets were positively correlated 
to IL6ST and STAT3 mRNA expression levels indicat-
ing a tight association of high IL6ST and STAT3 expres-
sion and active STAT3 signaling. Together, these human 
patient data suggest that IL6ST expression could serve as 
a useful read-out to stratify PCa cases into low- and high-
risk groups.

L‑gp130 promotes STAT3/p19ARF/p53‑induced senescence 
upon Pten‑loss
To further understand the molecular mechanisms 
underlying the observed reduction in tumor size in 
mice expressing constitutively active Il6st in the pros-
tate epithelium, we investigated changes in gene expres-
sion. Performing fGSEA using the HALLMARK gene 
set collection from MSigDB, we identified significantly 
deregulated gene sets that rely on L-gp130 expres-
sion in prostate tumorigenesis. Upon L-gp130 inser-
tion, the “IL-6/JAK/STAT3 signaling” gene set was 
upregulated in L-gp130peKI/KI and PtenpeΔ/Δ;L-gp130peKI/

KI mice, compared to wild type and PtenpeΔ/Δ mice, 
respectively (Fig.  4a and Supplementary Fig.  4a, Addi-
tional File 5). This is noteworthy as IL-6 activates the 
Janus kinase (JAK) and subsequently STAT3 by bind-
ing to the IL6ST receptor [9], and therefore upregulated 
“IL-6/JAK/STAT3 signaling” aligns with our previous 
results on the induction of the STAT3 signaling cascade. 
From all HALLMARK gene sets, we found 32 being 
significantly deregulated when comparing PtenpeΔ/Δ;L-
gp130peKI/KI and PtenpeΔ/Δ samples. Among these gene 
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Fig. 3  High IL6ST expression is significantly associated with low-risk groups and better recurrence-free survival in human PCa. a IL6ST gene 
expression in adjacent (n = 52) and PCa (n = 497) tissue in TCGA-PRAD data set. Statistical analysis of the two risk groups was determined 
by using the Mann–Whitney test. b Kaplan–Meier plot showing time of disease-free survival in months for IL6STlow and IL6SThigh risk groups 
of the TCGA-PRAD data set. Groups were assessed based on the maximally selected rank statistics. blue: high IL6ST expressing group, red: low 
IL6ST expressing group. The blue and red numbers above horizontal axis represent the number of patients. c Proportion of IL6ST alterations 
in the TCGA-PRAD data set. Mutation types: deep deletion (n = 21; red), truncating mutations (n = 2; black) and multiple alterations (n = 1; grey). One 
patient has simultaneous mutations. The data originate from cBioPortal. d IL6ST mRNA expression levels of four different data sets of PCa patient 
samples compared to healthy prostate sample control. Normalized data and statistical analyses were extracted from the Oncomine Platform. 
The respective prostate data set and n-numbers are indicated. Representation: boxes as interquartile range, horizontal line as the mean, whiskers 
as lower and upper limits. e Spearman-correlation analysis of IL6ST and STAT3 expression in TCGA-PRAD data set using cBioPortal analysis tool
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sets, the downregulated HALLMARK gene set “Andro-
gen response” (Fig.  4a) points to less androgen recep-
tor signaling in PtenpeΔ/Δ;L-gp130peKI/KI mice, which is 
in line with its crucial role in PCa development [46] and 
the observed reduction in cancer aggressiveness in our 
PtenpeΔ/Δ;L-gp130peKI/KI mice. The two HALLMARK gene 
sets showing the most pronounced downregulation were 
“Oxidative phosphorylation” and “Fatty acid metabolism”. 
This observation is noteworthy as we have previously 
demonstrated an inverse association between the regu-
lation of oxidative phosphorylation and the TCA cycle 
with STAT3 expression [47, 48]. This downregulation 
is also seen in the corresponding KEGG and Biological 
Processes from Gene Ontology pathways (GO-BP) gene 
sets (Supplementary Fig.  4b, Additional File 5). Given 
that the downregulation of these pathways has previ-
ously been shown to rely on STAT3 signaling, it under-
scores the importance of active STAT3 signaling in the 
context of this study. Surprisingly, the two most promi-
nent upregulated gene sets are the proliferation-associ-
ated “MYC targets V1” and “MYC targets V2” (Fig.  4a). 
We also observed an upregulation of MYC target genes 
in the comparison of L-gp130peKI/KI and wild type (Sup-
plementary Fig.  4a, Additional File 5). As MYC gene 
expression is regulated by IL6ST/STAT3 [49], this might 
contribute to the observed upregulation of MYC tar-
get genes in both comparisons (PtenpeΔ/Δ;L-gp130peKI/

KI versus PtenpeΔ/Δ and L-gp130peKI/KI versus wild type). 
Additionally, the cell cycle-related gene sets “E2F targets” 
and “G2M checkpoint” were significantly upregulated. 
Considering the reported potential of the IL-6/STAT3 
axis to drive rather than inhibit tumor cell proliferation 
[50], we investigated proliferation. We did not observe 
a significant difference in Ki67 assessed by IHC stain-
ing (Fig.  4b-c). Another gene set that was observed to 
be significantly upregulated is the “P53 pathway”, which 
is known to mediate oncogene-induced senescence in 

prostate tumorigenesis [51, 52] and in the Pten-defi-
cient PCa context [8]. Therefore we hypothesized that 
the induction of senescence in PtenpeΔ/Δ;L-gp130peKI/KI 
compared to PtenpeΔ/Δ mice causes the smaller tumors 
observed in PtenpeΔ/Δ;L-gp130peKI/KI mice. Senescence 
is often accompanied by the upregulation of promyelo-
cytic leukemia protein (PML) [53]. Indeed, we observed 
increased numbers of PML nuclear bodies in our PtenpeΔ/

Δ;L-gp130peKI/KI mice (Fig.  4d-e). An additional defining 
characteristic of senescent cells is the release of inflam-
matory cytokines and signaling molecules referred to as 
SASP [17]. To investigate the alteration of SASP-related 
genes in PtenpeΔ/Δ;L-gp130peKI/KI prostate epithelial cells, 
we performed fGSEA using the “Core SASP of Pten-loss 
induced cellular senescence (PICS)” [54] gene set, previ-
ously described to be induced upon PICS, and found it 
to be significantly upregulated in PtenpeΔ/Δ;L-gp130peKI/KI 
mice compared to PtenpeΔ/Δ mice (Supplementary Fig. 4c, 
Additional File 5).

Upon closer examination of the molecular play-
ers involved in senescence induction, we found that 
the p19ARF/p53-dependent pathway was activated. We 
observed significantly enhanced expression of Cdkn2a 
mRNA, which encodes both p16INK4A and p19ARF (Fig. 4f ) 
[55]. Using p19ARF specific primers revealed a significant 
upregulation of this previously described STAT3 target 
gene [8] (Fig. 4g). We observed a significant increase in 
p53 protein abundance (Fig.  4h-i). In line with this, we 
also noted that gene sets representing transcriptional p53 
activity were significantly upregulated in our fGSEA of 
GO-BP gene sets derived from MSigDB (Supplementary 
Fig.  4d, Additional File 5). Based on our data, we thus 
propose a model of IL6ST signaling-induced senescence 
in PCa, in which STAT3, activated by L-gp130, upregu-
lates p19ARF mRNA expression, followed by increased 
p53 expression and induction of senescence as seen by 
elevated PML expression (Fig. 4j).

Fig. 4  Expression of L-gp130 induces p19ARF-p53-driven senescence in Pten-deficient PCa. a Fast pre-ranked gene set enrichment analysis (fGSEA) 
of significantly enriched HALLMARK gene sets with genes regulated in PtenpeΔ/Δ;L-gp130peKI/KI compared to PtenpeΔ/Δ prostate epithelial cells. 
Dotted line: adj. p-value (-log10(0.05)), blue: downregulated, red: upregulated; b Representative pictures of immunohistochemistry (IHC) staining 
of mouse prostates from the indicated genotypes stained for the proliferation marker Ki67. Scale bar: 40 µm. c Semi-quantitative analysis of Ki67+ 
prostate epithelial cells in the indicated genotypes (n = 7) shown in b). d Representative pictures of IHC staining of PML of PtenpeΔ/Δ and PtenpeΔ/

Δ;L-gp130peKI/KI prostates. Scale bar: 40 µm. e Quantification of PML nuclear bodies per high power field (HPF) shown in d) (n ≥ 5). f Cdkn2a mRNA 
expression levels based on normalized counts from RNA-Seq analysis of PtenpeΔ/Δ and PtenpeΔ/Δ;L-gp130peKI/KI prostates (n ≥ 5). g qRT-PCR mRNA 
expression analysis of p19ARF in mouse prostate tissue of PtenpeΔ/Δ and PtenpeΔ/Δ;L-gp130peKI/KI mice (n ≥ 5). Signals are relative to the geometric mean 
of housekeeping genes. h Western Blot analysis of prostate protein lysates of PtenpeΔ/Δ and PtenpeΔ/Δ;L-gp130peKI/K mice (n = 5) for p53 expression. 
β-ACTIN (β-ACT) served as loading control. i Quantification of p53 protein levels shown in h) normalized to loading control. j Proposed model 
of IL6ST signaling induced senescence. L-gp130 activated STAT3 binds to its binding sites in Cdkn2a promoter, followed by upregulation of p19ARF 
and p53 expression promoting senescence in PCa. c,e–g,i Individual biological replicates are shown (e–g,i). Data are plotted as the means ± SD 
and p-values were determined by Mann–Whitney test (c,f ), unpaired two-tailed Student’s t-tests (e,g,i)

(See figure on next page.)
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Fig. 4  (See legend on previous page.)
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IL6ST signaling recruits anti‑tumor infiltrating immune 
cells
Senescence is closely connected to the TME, known to be 
immune-cold in PCa [19]. Consequently, we focused our 
examination on the impact of constitutively active IL6ST 
on the TME. Indeed, upon analysis of H&E stained pros-
tate sections we detected high-grade immune cell infiltra-
tion in 66.7% of PtenpeΔ/Δ;L-gp130peKI/KI mice compared 
to 36.4% of PtenpeΔ/Δ mice (Fig.  5a). Only few immune 
cells were seen in wild type and L-gp130peKI/KI prostates 
(Supplementary Fig.  5a, Additional File 5). IF analysis 
allowed us to examine the infiltrating immune cell sub-
types and their distribution and revealed a significantly 
higher number of CD45+ cells in PtenpeΔ/Δ;L-gp130peKI/

KI mice compared to PtenpeΔ/Δ mice and the occurrence 
of minimal CD45+ cells in wild type and L-gp130peKI/KI 
mice (Fig. 5b-c and Supplementary Fig. 5b-c, Additional 
File 5).

A more detailed characterization showed that L-gp130 
expression did not affect B-cell (CD79b) involvement 
in immune cell infiltration (Supplementary Fig.  5d-e, 
Additional File 5). Importantly, CD3+ cells were signifi-
cantly increased in the prostate epithelium of PtenpeΔ/Δ;L-
gp130peKI/KI mice (Supplementary Fig.  5f-g, Additional 
File 5), whereas, in the adjacent stroma, the CD3+ cell 
levels did not exhibit a significant difference compared 
to PtenpeΔ/Δ mice (Supplementary Fig. 5h, Additional File 
5). Notably, a substantial proportion of these cells were 
CD3+;CD8+ positive (Fig. 5d and Supplementary Fig. 5i-j, 
Additional File 5), which are considered major drivers of 
anti-tumor immunity [56]. We also noted a significant 
difference in the ability of CD3+;CD8+ cells to migrate 
into the epithelium between PtenpeΔ/Δ and PtenpeΔ/Δ;L-
gp130peKI/KI mice (Fig.  5e), whereas their proportion in 
the stroma was unaffected by L-gp130 expression (Sup-
plementary Fig. 5k, Additional File 5). Concurrently, our 

findings indicated that CD3+;CD4+ T-cells did not play 
a significant role in anti-tumor infiltration in our mouse 
model (Supplementary Fig. 5l-n, Additional File 5).

Next, we examined neutrophils and macrophages to 
understand their potential contributions to the immune 
response within the prostate epithelium and the TME. 
IHC stainings for the neutrophil marker NimpR14 and 
macrophage marker F4/80 revealed a significant increase 
in the epithelial fraction of PtenpeΔ/Δ;L-gp130peKI/

KI compared to PtenpeΔ/Δ prostates (Fig.  5f-h), but no 
change in stroma or in the comparison of wild type and 
L-gp130peKI/KI mice (Supplementary Fig. 5o-t, Additional 
File 5), reflecting innate immune cell tumor infiltration 
upon constitutive IL6ST signaling activation in PtenpeΔ/

Δ;L-gp130peKI/KI mice. To characterize and distinguish 
M1 and M2 macrophages, we performed flow cytom-
etry using CD86 and MHC class II for M1, and CD206 
for M2. Results indicated a proinflammatory and tumor-
suppressive M1-like phenotype in PtenpeΔ/Δ;L-gp130peKI/

KI prostates, evidenced by significantly downregulated 
CD206 expression and a tendency towards upregulated 
CD86 and MHC class II compared to PtenpeΔ/Δ pros-
tates (Fig. 5i-j). Interestingly, selected adaptive and innate 
immune system-related gene sets associated with chemo-
taxis, migration, regulation, and activation of immune 
cells were significantly upregulated when comparing 
PtenpeΔ/Δ;L-gp130peKI/KI with PtenpeΔ/Δ samples (Supple-
mentary Fig. 5u, Additional File 5), further substantiating 
the importance of infiltrating immune cells, specifically 
T-cells, neutrophils and macrophages, in our mouse 
model of PCa.

Given the importance of inflammatory cytokines in 
regulating the recruitment and activation of T-cells, 
neutrophils, and macrophages, we screened the signifi-
cantly deregulated HALLMARK gene sets for related 
genes sets. Indeed, the gene set “Inflammatory response” 

(See figure on next page.)
Fig. 5  Expression of L-gp130 in PtenpeΔ/Δ mice increases infiltration of immune cells mediating anti-tumor defense. a Representative pictures 
of hematoxylin & eosin (H&E) stains (upper panel) showing immune infiltrate and quantification of histopathological analysis (lower panel) 
of prostate tissue from PtenpeΔ/Δ (n = 11) and PtenpeΔ/Δ;L-gp130peKI/KI (n = 9) mice in regards of infiltration (low-grade (grey) and high-grade (red)). 
Scale bar: 60 µm. b Representative pictures of immunofluorescence (IF) staining of CD45 (red) and DAPI (blue) of mouse prostates with indicated 
genotypes. DAPI is used as a nuclear stain. Scale bar: 20 µm. c Quantification of CD45+ cells of IF stainings shown in b) (n = 5). The percentage 
of positive cells relative to PtenpeΔ/Δ was calculated. d Representative pictures of immunofluorescence (IF) staining of CD3 (yellow), CD8 (green) 
and DAPI (blue) of mouse prostates with indicated genotypes. DAPI is used as a nuclear stain. Scale bar: 20 µm. e Quantification of CD3+;CD8+ cells 
in the epithelium of IF stainings shown in d) (n = 5). The percentage of positive cells in the prostate epithelium relative to PtenpeΔ/Δ was calculated. 
f Representative pictures of immunohistochemistry (IHC) staining of NimpR14 (higher panel) and F4/80 (lower panel) of mouse prostates 
with indicated genotypes. Scale bar: 40 µm. g-h) Quantification of NimpR14+ (g) and F4/80+ (h) cells in the prostate epithelium of IHC stainings 
shown in f ) (n ≥ 6). The percentage of positive cells in the prostate epithelium relative to PtenpeΔ/Δ was calculated. i) Flow cytometry data showing 
mean fluorescence intensity (MFI) of F4/80+;Cd11b+ macrophages in PtenpeΔ/Δ and PtenpeΔ/Δ;L-gp130peKI/KI prostate tissue (n ≥ 3) for CD86, MHC 
class II, and CD206. j Representative flow cytomentry blots of data shown in i. k Representative pictures of IHC staining of CD3, NimpR14 and F4/80 
(in presented order) of PtenpeΔ/Δ and PtenpeΔ/Δ;Stat3peΔ/Δ prostates. Scale bar: 40 µm. l Semi-quantitative analysis of CD3, NimpR14 and F4/80 IHC 
stainings shown in k) (n ≥ 3). c, e, g-i, l Individual biological replicates are shown (c,e,g-i). Data are plotted as the means ± SD and p-values were 
determined by unpaired two-tailed Student’s t-tests (c,e,g-i) or Mann–Whitney test (l)
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Fig. 5  (See legend on previous page.)
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and signaling of the effector molecules IFNy and TNFα, 
which are secreted by cytotoxic T-cells and affect tumor 
cells [57, 58], were significantly upregulated in our RNA-
Seq data set (Fig. 4a). In order to delineate the cytokine 
profile more comprehensively, we analyzed serum sam-
ples obtained from the PCa mouse model. We specifi-
cally assessed the expression levels of various cytokines, 
chemokines, and receptors, including VEGF, CCL5, 
TNFα, IL-1α, IL-2R, IL-12p70, CXCL1, CXCL5, CXCL10, 
CD27, G-CSF. The multiplex immunobead assay analy-
sis revealed a significant alteration in the cytokine pro-
file, characterized by a significant upregulation of the 
expression of inflammatory cytokines in the serum of 
PtenpeΔ/Δ;L-gp130peKI/KI mice compared to the PtenpeΔ/Δ 
group (Supplementary Fig.  5v, Additional File 5). Taken 
together, these findings provide evidence that constitu-
tively active IL6ST signaling in prostate epithelial cells, 
possibly through modifying the chemokine/cytokine pro-
file, promotes the recruitment of T-cells, neutrophils, and 
macrophages and reshapes the TME towards higher infil-
tration susceptibility. 

To provide mechanistic evidence that these alterations 
depend on STAT3 signaling, we utilized a previously 
established PCa mouse model featuring PtenpeΔ/Δ with an 
additional prostate epithelium-specific deletion of Stat3 
(PtenpeΔ/Δ;Stat3peΔ/Δ). These mice exhibit rapid tumor 
proliferation, metastasis, and an early death, in contrast 
to the slow, localized tumor progression seen in PtenpeΔ/Δ 
mice [8]. Interestingly, several immune response-related 
pathways are downregulated in PtenpeΔ/Δ;Stat3peΔ/Δ com-
pared to PtenpeΔ/Δ prostates [47]. Consistent with these 
findings and our data in PtenpeΔ/Δ;L-gp130peKI/KI mice, 
PtenpeΔ/Δ;Stat3peΔ/Δ prostates showed no increase in the 
infiltration of CD3+ T-cells and F4/80+ macrophages, 
and a significant decrease in NimpR14+ neutrophils 
compared to PtenpeΔ/Δ mice (Fig.  5k-l) highlighting the 
importance of STAT3 in immune cell infiltration in 
Pten-deficient PCa mice with concomitant active IL6ST 
signaling.

IL6ST signaling in PCa patients promotes STAT3 activation, 
senescence upregulation, elevated immune scores, 
and T‑cell mediated cytotoxicity
To address the human relevance of our findings concern-
ing the involvement of senescence and anti-tumor immu-
nity in the proposed tumor-suppressive role of IL6ST/
STAT3 signaling, we refined our analysis of the TCGA-
PRAD patient data set by distinguishing IL6SThigh and 
IL6STlow groups based on IL6ST mRNA expression levels 
(Fig. 3b). The fGSEA of HALLMARK gene sets revealed 
that “IL-6/JAK/STAT3 signaling” was upregulated in 
IL6SThigh compared with IL6STlow patients (Fig.  6a), as 
evidenced by increased STAT3 target genes expression 
(Supplementary Fig. 6a, Additional File 5). The observed 
downregulation of “Oxidative phosphorylation” is in 
accordance with the inverse association with STAT3 [47] 
and the corresponding KEGG gene set (Supplementary 
Fig. 6b, Additional File 5).

As we depicted alterations in senescence and cell cycle 
regulators in our in  vivo mouse model, we performed 
fGSEA excluding any patients with TP53 mutations 
(Supplementary Table  4, Additional File 1). Analysis of 
senescence-related gene sets (previously published “Core 
SASP of PICS (Guccini)” [54] and “Fridman senescence 
up” taken from curated gene sets, class chemical and 
genetic perturbations (CGP)) revealed their significant 
upregulation in IL6SThigh PCa patients (Fig. 6b), provid-
ing a possible explanation for their improved survival 
(Fig.  3b). These patients also exhibited downregulation 
of cell cycle gene sets (“REACTOME: Cell cycle” and 
“REACTOME: G1/S transition”) and upregulation of p53 
signaling (“WikiPathways (WP): p53 transcriptional gene 
network”) (Fig. 6c).

Using ESTIMATE (Estimation of STromal and Immune 
cells in MAlignant Tumor tissues using Expression data), 
a tool for predicting tumor purity, and the presence of 
infiltrating stromal/immune cells in tumor tissues based 
on gene expression data [32], we confirmed that the 
majority of PCa patients can be considered immune-cold 

Fig. 6  IL6ST signaling in PCa patients actives STAT3 signaling and upregulates senescence, immune score and cytotoxicity. a Fast pre-ranked gene 
set enrichment analysis (fGSEA) of significantly enriched HALLMARK gene sets with genes regulated in IL6SThigh compared to IL6STlow expressing 
patients from the TCGA-PRAD data set. Dotted line: adj. p-value (-log10(0.05)), blue: downregulated, red: upregulated; b fGSEA of the previously 
described core SASP gene signature upon PICS “Core SASP of PICS (Guccini)” (upper panel) and the curated gene set, class chemical and genetic 
perturbations (CGP) “CGP: Fridman senescence up” (lower panel) with genes regulated in IL6SThigh compared to IL6STlow expressing patients 
from the TCGA-PRAD data set. Genes sorted based on their Wald statistics are represented as vertical lines on the x-axis. NES: normalized enrichment 
score. c fGSEA of WikiPathways (WP) gene sets “REACTOME: Cell cycle”, “REACTOME: G1/S transition” and “WP: p53 transcriptional gene network” 
with genes regulated in IL6SThigh compared to IL6STlow expressing patients from the TCGA-PRAD data set. Genes sorted based on their Wald 
statistics are represented as vertical lines on the x-axis. NES: normalized enrichment score. d Immune score from the ESTIMATE method for IL6STlow 
(red, n = 208) and IL6SThigh (blue, n = 283) patients from the TCGA-PRAD data set, compared with Mann–Whitney test. e fGSEA of the top 20 T-cell-, 
neutrophil-, and macrophage-associated Biological Processes from Gene Ontology pathways (GO-BP) gene sets with genes significantly regulated 
in IL6SThigh compared to IL6STlow expressing patients from the TCGA-PRAD data set. Dotted line: adj. p-value (-log10(0.05)), red: upregulated;

(See figure on next page.)
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due to their low immune scores (Supplementary Fig. 6c, 
Additional File 5). Notably, higher immune scores have 
been associated with longer survival rates in PCa patients 

[59]. In our patient cohort, IL6SThigh patients showed 
significantly higher immune scores compared to IL6ST-
low patients (Fig.  6d), correlating with the upregulation 

Fig. 6  (See legend on previous page.)
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of immune response-related gene sets (Fig.  6a). Fur-
thermore, the top 20 GO-BP gene sets associated with 
T-cell activation and cytotoxicity, neutrophils and mac-
rophages were upregulated in IL6SThigh compared to 
IL6STlow expressing patients from the TCGA-PRAD data 
set, emphasizing the relevance of T-cell, neutrophil and 
macrophage mediated tumor-defense in PCa patients 
with high IL6ST expression (Fig.  6e). In summary, our 
data reveal that PCa patients with high IL6ST expression 
exhibit increased senescence, reduced cell cycle activity, 
and enhanced immune cell infiltration, which likely con-
tribute to their improved survival outcomes.

Discussion
In this study, we show that in a Pten-deficient PCa mouse 
model engineered to constitutively activate IL6ST signal-
ing, STAT3 activation was increased, STAT3 target gene 
signature was amplified and PCa tumor growth was sig-
nificantly reduced compared to mice only deficient in 
Pten. The proposed roles of active IL6ST signaling in 

PCa observed in this study are summarized in Fig. 7. We 
found that enhanced STAT3 signaling was associated 
with more pronounced p19ARF/p53 mediated cellular 
senescence in the tumor tissue. These findings comple-
ment previous data showing that inducing a Stat3 knock 
out (KO) in PCa mice resulted in larger tumor sizes 
mediated by loss of senescence [7, 8]. The STAT3 signal-
ing axis thus appears to regulate tumor growth in PCa by 
primarily inhibiting tumor progression rather than ini-
tiation. This is evidenced by the majority of PtenpeΔ/Δ;L-
gp130peKI/KI mice displaying PINs and not PCa, as was 
predominantly found in PtenpeΔ/Δ mice.

The data presented here provide substantial validation 
and significantly broaden the scope of our previously 
posited hypotheses [8], that 1) the STAT3/p19ARF axis 
acts as a safeguard mechanism against malignant pro-
gression in PCa, 2) expression levels of constituents of 
the IL6ST/STAT3 signaling axis could act as key markers 
to stratify PCa cases into low- and high-risk groups, and 

Fig. 7  Proposed roles of active IL6ST signaling in prostate tumorigenesis. Using the genetic mouse model, we showed that cell-autonomous, 
prostate epithelium-specific and constitutively active IL6ST signaling reduces Pten-deficient tumor growth, enhances the STAT3/p19ARF/p53-driven 
senescence and recruits tumor-infiltrating immune cells (T-cells, neutrophils, and macrophages). In human PCa, high IL6ST expression causes active 
STAT3 signaling, correlates with better survival and is associated with higher level of immune infiltrates
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3) strategies aimed at manipulating this signaling path-
way could serve as a novel therapeutic approach for PCa 
treatment.

The tumor-suppressive role of STAT3 signaling in PCa 
contrasts with the oncogenic function in numerous can-
cers, where it is often hyperactivated [4, 60]. However, 
accumulating evidence suggests that it may also function 
as tumor suppressor depending on signaling context and 
tumor type [61, 62]. For example, Stat3 deletion resulted 
in increased astrocyte tumor formation in SCID mice in 
the absence but not in the presence of PTEN [63]. Addi-
tionally, in a mouse model of colorectal cancer crossed 
with Stat3 conditional KO mice, Stat3 KO in intestinal 
cells revealed an oncogenic role, whereas a KO during 
tumor progression enhanced tumor invasiveness, reflect-
ing a tumor suppressive role [64]. In a more specific 
example, a mouse model of drug-induced cancer dem-
onstrated that STAT3 expression appeared to suppress 
tumor formation in the presence of a toxicant causing 
chronic liver injury, inflammation, and fibrosis, whereas 
it enhanced tumor formation induced by a DNA damag-
ing agent [65]. Further examples have been reported for 
lung cancer, thyroid cancer and head and neck squamous 
cell cancers [62], additionally supporting the notion that 
STAT3 signaling has a dual role, rather than a strictly 
oncogenic one.

As a possible molecular mechanism underlying this 
ambiguous behavior, activity of the STAT3β isoform has 
been suggested. This isoform lacks the C-terminal trans-
activation domain and was shown to inhibit proliferation 
and stimulate cell death, possibly through heterodimer-
izing with STAT3α, thereby preventing it from activating 
its target genes [61]. In contrast, our data suggest that a 
different mechanism mediates the tumor suppressive 
activity of STAT3 signaling in prostate cells with consti-
tutively activated IL6ST. This assumption is based on the 
observed clear upregulation of transcription in both the 
absence and presence of PTEN (PtenpeΔ/Δ;L-gp130peKI/

KI and L-gp130peKI/KI mice), as determined from differ-
ential gene expression analyses. Another aspect where 
context dependency seems to be decisive is senescence 
and its associated SASP. Both have nuanced roles in 
PCa, with outcomes potentially shaped by context and 
genetic backgrounds [66]. Examining the transcriptome 
upon constitutively active IL6ST signaling in greater 
detail, we identified a significant upregulation of the 
senescence-associated p19ARF/p53 pathway and PICS. 
Targeting senescence in this context has been suggested 
to potentially hold significant promise in cancer therapy 
[52, 67, 68]. However, a tumor-promoting effect linked 
to increased SASP in a PCa mouse model with additional 
KO of Stat3 has been reported [69]. One possible factor 
contributing to this divergence in outcomes might be 

influenced by the specific Stat3 KO approach that tar-
gets only the tyrosine phosphorylation site of Stat3 and 
not the DNA-binding domain [70]. Variations in STAT3 
expression, such as dominant-negative STAT3, can have 
profound implications on disease outcomes [71]. Our 
studies, spanning four independent mouse model sys-
tems addressing the IL-6/IL6ST/JAK2/STAT3 signal-
ing axis, consistently indicate a tumor-suppressive effect 
of STAT3 activation [7, 8]. Specifically, our genetic PCa 
mouse model with KO of Stat3, in which the DNA-bind-
ing domain of Stat3 is targeted [72], leads to aggressive 
PCa growth [8]. Additionally, we have previously shown 
that the KO of Il6, the activator of the IL6ST/STAT3 
signaling, enhances PCa development [8]. By using an 
independent mouse model, our current study addition-
ally emphasizes a tumor-suppressive role for constitu-
tively active IL6ST/STAT3 signaling and its associated 
elevated SASP. This divergence in findings highlights the 
need to consider context- and patient-specific factors, 
further challenging the current discussion on the thera-
peutic advantages or hazards of IL-6/STAT3 inhibition.

To assess the potential clinical relevance of our murine 
findings, we analyzed several PCa patient cohorts. We 
discovered that in the overall patient population IL6ST 
expression was significantly reduced in the prostate 
tumor tissue compared to surrounding non-cancerous 
tissue. However, when we separated these patients into a 
high and a low IL6ST expressing group, we detected that 
higher IL6ST expression correlated with higher STAT3 
expression and, more importantly, with prolonged sur-
vival of these patients. Therefore, based on the hypoth-
esis that enhanced IL6ST signaling, as observed in our 
mouse model, helps restrain cancer progression, we pro-
pose that IL6ST expression levels, possibly along with 
STAT3 and ARF levels, could serve as indicators for low- 
and high-risk PCa groups. However, it must be consid-
ered that the chosen RNA analysis methods can impact 
the outcome [73]. Therefore, further analyses are needed 
to validate IL6ST expression as a prognostic marker in 
PCa, including protein-level analysis, robust biomarker 
models, and functional studies. This could help prevent 
overtreatment and unnecessary reductions in quality of 
life for PCa patients [74]. 

A further important potential lead for future treatment 
of PCa patients derived from our study is the observa-
tion that enhanced IL6ST signaling was associated with 
high-grade immune cell infiltration at the tumor site. 
This infiltration included CD3+;CD8+ T-cells, neutro-
phils, and M1-like macrophages that are considered 
major drivers of anti-tumor immunity [56, 75], and was 
accompanied by an upregulation of adaptive and innate 
immune system-related gene sets. In general, PCa cells 
and those comprising its microenvironment are known 
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to express and secrete molecules mediating immunosup-
pression, rendering PCa immune-cold [19] and thus not a 
good target for otherwise highly efficient immune-based 
therapies [76]. PCa is also associated with low mutational 
burden and low immunogenicity [77], and thus little 
responsiveness to therapies based on immune checkpoint 
inhibitors [78]. Consequently, the potential to enhance 
immunogenicity by manipulating IL6ST signaling could 
present a novel therapeutic approach in PCa therapy.

Our analysis of human patient data sets supports this 
idea, confirming that, while most PCa patients examined 
must be regarded as immune-cold (as determined by 
the ESTIMATE tool [32]) those with high IL6ST expres-
sion exhibited a better immune score. These patients 
also showed upregulated gene sets associated with 
T-cells, neutrophils, and macrophages and, noteworthy, 
increased senescence-related gene sets. As to the latter, 
it remains to be shown whether immune cell infiltration 
is the direct consequence of enhanced IL6ST signaling 
and the associated senescence induction or its cause [66, 
79]. In either case, there is evidence suggesting that a 
higher number of tumor infiltrating lymphocytes in PCa 
is associated with better patient outcomes [80]. Consid-
ering the immense potential of novel approaches, such 
as the induction of synthetic cytokine signaling circuits 
allowing immune cells to overcome immunosuppres-
sive microenvironments and infiltrate immune-excluded 
solid tumors [81], it appears conceivable that strategies 
mediating prostate-specific, active IL6ST signaling have 
potential to effectively attack tumor cells.

Altogether, the present study reveals that increased 
IL6ST signaling is linked with suppressed tumor growth 
and amplified STAT3 target gene signatures. Contrary to 
its oncogenic role in many cancers, IL6ST/STAT3 signal-
ing demonstrated tumor-suppressive activity in the con-
text of PCa, potentially through the upregulation of the 
senescence-associated p19ARF/p53 pathway. Addition-
ally, elevated IL6ST signaling in tumors was linked to 
increased immune cell infiltration, implying that enhanc-
ing IL6ST signaling might be a promising therapeutic 
strategy for boosting anti-tumor immunity in PCa. Clini-
cal analysis of PCa patients showed a positive correlation 
between high IL6ST expression and longer recurrence-
free survival, suggesting that IL6ST expression levels 
could aid in risk stratification.

Conclusions
In conclusion, our study redefines the role of IL6ST/
STAT3 signaling in PCa, uncovering its tumor-suppres-
sive effects through senescence and immune cell recruit-
ment. This challenges the traditional view of STAT3 as 

an oncogene and questions the strategy of inhibiting this 
pathway for PCa treatment. Advocating for IL6ST activa-
tion as a novel therapeutic strategy, we pave the way for 
innovative cancer therapies that leverage immune system 
engagement to combat tumors. Our findings position 
active IL6ST signaling as a crucial element in developing 
more effective treatments for PCa, highlighting its poten-
tial to transform PCa therapy.
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Abstract 

Purpose: This study aims to assess whole-mount Gleason grading (GG) in prostate cancer (PCa) 
accurately using a multiomics machine learning (ML) model and to compare its performance with 
biopsy-proven GG (bxGG) assessment. 
Materials and Methods: A total of 146 patients with PCa recruited in a pilot study of a prospective 
clinical trial (NCT02659527) were retrospectively included in the side study, all of whom underwent 
68Ga-PSMA-11 integrated positron emission tomography (PET) / magnetic resonance (MR) before radical 
prostatectomy (RP) between May 2014 and April 2020. To establish a multiomics ML model, we 
quantified PET radiomics features, pathway-level genomics features from whole exome sequencing, and 
pathomics features derived from immunohistochemical staining of 11 biomarkers. Based on the 
multiomics dataset, five ML models were established and validated using 100-fold Monte Carlo 
cross-validation.  
Results: Among five ML models, the random forest (RF) model performed best in terms of the area 
under the curve (AUC). Compared to bxGG assessment alone, the RF model was superior in terms of 
AUC (0.87 vs 0.75), specificity (0.72 vs 0.61), positive predictive value (0.79 vs 0.75), and accuracy (0.78 
vs 0.77) and showed slightly decreased sensitivity (0.83 vs 0.89) and negative predictive value (0.80 vs 
0.81). Among the feature categories, bxGG was identified as the most important feature, followed by 
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pathomics, clinical, radiomics and genomics features. The three important individual features were bxGG, 
PSA staining and one intensity-related radiomics feature.  
Conclusion: The findings demonstrate a superior assessment of the developed multiomics-based ML 
model in whole-mount GG compared to the current clinical baseline of bxGG. This enables personalized 
patient management by identifying high-risk PCa patients for RP. 

Keywords: prostate cancer, PSMA, Gleason grading, machine learning, multiomics 

Introduction 
Prostate cancer (PCa) is the second leading 

cancer-related death in men, with an incidence of 
nearly 20% worldwide [1]. PCa has the highest 
five-year survival rate (98%) for all stages combined 
among different tumor types [2]. As first-line therapy, 
radical prostatectomy (RP) has substantially 
contributed to this phenomenon [3]. However, as a 
consequence of RP, around 31% of patients suffer 
from urinary incontinence [4], and about 90% suffer 
from erectile dysfunction [5]. Hence, precise 
identification of individuals who experience minimal 
clinical advantages but encounter substantial adverse 
effects in RP is of utmost importance. Currently, the 
decision on whether to perform RP is mainly 
determined by biopsy-proven Gleason score 
(bxGS)[6]. Despite its important role in identifying 
PCa type, stage, differentiation, and the resulting 
influence on treatment modality [7], several studies 
have revealed a strong discrepancy between bxGS 
and whole-mount GS after RP [8–10]. Since 
whole-mount GS holds a strong association with 
clinical outcomes [11–13], a more reliable method to 
assess whole-mount Gleason grading (GG) is needed 
to accurately identify candidates for RP.  

Multiomics provides urologists with 
comprehensive insights into various aspects of PCa 
[14], including genetic signatures from genomics, 
molecular heterogeneity from radiomics, and protein 
expression from pathomics. Genetic tests of PCa 
biopsy samples are currently available to predict 
subsequent disease progression after RP [15]. While 
genomics is nowadays part of the standard repertoire 
of cancer research approaches, the full prospects of 
pathomics and positron emission tomography 
(PET)-based radiomics yet remain to be explored. 
Radiomics is an emerging field where imaging 
features are extracted for objective and quantitative 
tumor characterization [16]. Radiomics application on 
prostate-specific membrane antigen (PSMA) PET 
scans has shifted clinical PCa research towards a 
personalized direction [17,18]. Recent studies have 
showcased the capability of pathomics, an approach 
for the extraction of quantitative features from 
pathological images, in PCa characterization [19–21]. 
However, no studies have yet leveraged the potential 

of combining genomics, radiomics, and pathomics. 
Machine learning (ML) can serve as an ideal platform 
for the integration of high-dimensional multiomics 
data. 

In this study, we aimed to assess whole-mount 
GG in PCa accurately using a novel ML approach to 
identify appropriate candidates for RP and to 
compare it with biopsy-proven GG (bxGG). 

Materials and Methods 
Study Design 

A total of 146 patients with histologically- 
confirmed PCa from the pilot study of a prospective 
clinical trial (clinicaltrials.gov NCT02659527) were 
retrospectively enrolled, all of whom underwent 
68Ga-PSMA-11 PET/MR scans before RP between 
May 2014 to April 2020 at the Division of Nuclear 
Medicine in the Vienna General Hospital. This clinical 
trial complied with the Helsinki Declaration and its 
amendments. The inclusion and exclusion criteria 
were listed in Supplementary Method M1. The 
primary aim of this prospective trial was to improve 
the detection rate of primary localized PCa using 
non-invasive PSMA PET/MR in comparison with 
conventional biopsy. Our study, in contrast to 
previous work, incorporates radiomics, pathomics 
and genomics data, offering a more comprehensive 
analysis while predicting whole-mount Gleason 
grading rather than the improvement of detection 
rate. The study was approved by the ethics committee 
of the Vienna General Hospital (ID: 1649/2016). Each 
subject gave prior written informed consent.  

Clinical Data Acquisition 

Clinical parameters, including age, weight, 
height, body mass index (BMI), and pre-operative 
prostate-specific antigen (PSA) levels in serum were 
collected from the documentation of the clinical trial.  

Based on 68Ga-PSMA PET/MR images, two 
nuclear medicine physicians (S.R. and A.H.) with 
more than 10 years of experience, blinded to the 
outcome of each patient, assessed six parameters: (1) 
lesion involvement: whether the tumor affected one or 
two lobes or was diffusely spread throughout the 



Theranostics 2024, Vol. 14, Issue 12 
 

 
https://www.thno.org 

4572 

prostate; (2) lesion position in the anatomy zone: 
whether the tumor was located in the central zone 
(CZ), transition zone (TZ), peripheral zone (PZ), 
anterior fibromuscular stroma (AFS), or it was 
diffusely distributed (i.e., tumor lesions involving at 
least two anatomical zones or the whole prostate; (3) 
extracapsular extension: whether the tumor exceeded 
the prostate capsule; (4) contact with neurovascular 
bundles: whether the tumor infiltrated adjacent 
neurovascular bundles; (5) lymph node (LN) 
infiltration: whether the tumor infiltrated the pelvic or 
distant LNs; (6) bone metastasis: whether tumor 
metastasized to bones.  

Genomics Data Acquisition 
Formalin-fixed paraffin-embedded (FFPE) tissue 

sections (3×10 μm) were obtained from RP samples 
and DNA extraction was performed. Genomic 
libraries were prepared and the raw sequencing data 
were processed. Somatic small variants were 
identified from paired samples of the tumor and 
corresponding normal tissue using the SomaticSeq 
variant caller [22].  

Identified variants were annotated using 
Ensembl's Variant Effect Predictor (VEP) tool. 
Pathogenicity scores from the evolutionary model of 
variant effect (EVE) [23], Combined Annotation- 
Dependent Depletion (CADD) [24], and PolyPhen [25] 
were annotated and combined into a final 
pathogenicity metascore for each identified variant 
after normalization. Pathogenic genetic disruption 
was computed as the sum of combined pathogenicity 
scores of all variants in the given gene. Pathway 
genetic disruption was subsequently computed as the 
sum of the pathogenicity scores of all genes in each 
pathway based on the Kyoto Encyclopedia of Genes 
and Genomes (KEGG). 

The tumor mutational burden (TMB) for each 
sample was computed as the number of identified 
somatic variants per million base pairs of the 
sequence region. Copy number variants (CNVs) were 
called using the CNVkit tool [26] with the set of 
paired normal samples used as a panel of “normals" 
in the computation. CNV burden was computed as 
the ratio of CNV sum size to the sum size of all 
sequenced regions. More details are described in 
Supplementary Method M2 and Supplementary 
Figure S1. 

Radiomics Data Acquisition 
The imaging protocol was described in a 

previously published study [27]. 68Ga-PSMA-11 
PET/MR images were acquired and volumes of 
interest (VOIs) were delineated on PET images with 
the T2-weighted imaging (T2WI) as anatomical 

reference. The delineations were performed manually 
by two nuclear medicine physicians (S.R and A.H) 
with more than 10 years of diagnostic experience in a 
slice-by-slice fashion. In instances of differing 
viewpoints, the physicians reached a consensus 
through discussion, ensuring precise and accurate 
identification of the VOIs. PET image intensities were 
converted to standardized uptake values (SUV) 
normalized to body weight, and conventional SUV 
metrics were extracted from VOIs, including SUVmin, 
SUVmax, SUVmean, SUVpeak, PSMA-tumor volume 
(PSMA-TV) and total lesion-PSMA (TL-PSMA) [28].  

Radiomics features were computed using 
PyRadiomics 3.0.1 [29]. All extracted features were 
compliant with the international biomarker 
standardization initiative (IBSI) [30]. PET images were 
resampled to an isotropic voxel size of 2x2x2 mm3 
using B-spline interpolation and bin width was set to 
0.3 SUV units. The workflow is shown in 
Supplementary Figure S2. 

Pathomics Data Acquisition 
Tissue samples were obtained from FFPE 

specimens. Tumor areas and normal areas from each 
sample were delineated on hematoxylin and eosin 
(H&E)-stained slides by an uro-pathologist with over 
30 years of diagnostic experience (L.K.). Three 
cylindrical cores (diameter: 2.2 mm) were punched 
from annotated tumor areas and three from normal 
areas. These cores were transferred to a recipient 
paraffin block to create an array of tissue samples. The 
recipient block was sectioned into 2-5 µm thick 
sections and TMA slides were prepared. The tumor 
cores were specifically chosen from areas within the 
RP specimens that presented the most aggressive 
features upon pathological morphology in order to be 
most representative of the PCa tissue aggressiveness. 

H&E and IHC staining were performed on the 
TMA slides. PSMA[31], androgen receptor (AR) [31], 
Ki-67[32], PSA[31], NK3 homeobox 1 (NKX3.1) [31], 
cyclin-dependent kinase 2 (CDK2) [33,34], cluster of 
differentiation 3 (CD3) [35], signal transducer and 
activator of transcription 3 (STAT3) [36], fatty acid 
synthase (FASN) [31], thyroid hormone receptor beta 
(TRβ) [37] and interleukin-6 signal transducer 
(IL6ST)[38] were selected as targets. The antibodies 
for IHC staining were listed in Supplementary 
Method M3. 

The uro-pathologist (L.K.), blinded to the clinical 
data, evaluated the GS of each core based on 
H&E-stained TMA slides. As the punching process 
effectively mimics the targeted biopsy in clinical 
routines [39,40], the GS from each core was 
considered as bxGS to eliminate any time 
discrepancy. Moreover, the pathologist determined 
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the percentages of strongly, moderately, or weakly 
stained cells of each core on IHC slides using the 
modified H-score [41], which was calculated using the 
formula: ([% of weak staining] × 1) or ([% of moderate 
staining] × 2) or ([% of strong staining] × 3), yielding a 
range from 0 to 300 [42,43]. The average and 
maximum H-score values from tumor cores were 
considered representative indicators of different 
targets’ expression levels. The workflow is shown in 
Supplementary Figure S3. 

Reference Standard 

As binary ML prediction target, the 
post-operative International Society of Urological 
Pathology (ISUP) grading derived from whole-mount 
samples was split into low-risk (ISUP < 3) and 
high-risk (ISUP ≥ 3) [44]. This aligns with a previous 
large multicenter study indicating that the best 
prognostic stratification can be achieved at the 
threshold of grade three [45]. The ISUP grading 
system allows for better interpretation of 
morphological patterns and more accurate GG 
stratification [46,47].  

Machine Learning 
The resulting 203 input features included 13 

clinical features, 113 radiomics-wide features (107 
radiomics features and 6 conventional SUV metrics), 
53 genomics features, 23 pathomics features, and 1 
feature, namely biopsy-proven ISUP (bxISUP). All the 
features are listed in Supplementary Table S1. 

ML was conducted using five classification 
algorithms, namely k-nearest neighbors (kNN), 
random forest (RF), extreme gradient boosting (XGB), 
support vector machine (SVM) and logistic regression 
(LGR). Robust performance evaluation was 
performed using 100-fold stratified Monte Carlo 
cross-validation with 70% of samples in the training 
set and 30% in the test set. The test set was exclusively 
used for testing, while a subset of the training data 
was employed for preprocessing and hyperparameter 
tuning. Features with more than 30% missing values 
were excluded. Any remaining missing values were 
imputed using k-nearest neighbor imputation with 
distance weighting [48]. Features were normalized 
using z-score. Feature selection was performed using 
minimum redundancy and maximum relevance 
(mRMR) [49]. Hyperparameter tuning was performed 
using random search. All procedures, including 
imputation, normalization, feature selection, and 
hyperparameter tuning, were performed separately 
for each fold while fitting on the training set and 
performing corresponding transformations on the test 
set to avoid any data leakage. Probability calibration 
was performed using an isotonic regression. 

To ensure maximum transparency of the ML 
models and to enable the interpretation of decisions 
made by the applied algorithms, a set of explainable 
artificial intelligence (XAI) methods were employed, 
Shapley additive explanations (SHAP), permutation 
feature importance, and surrogate models. 
Permutation and SHAP importance both show feature 
importance, but the calculation of importance values 
differs [50]. Surrogate models are post-hoc 
explainable artificial intelligence techniques that aim 
to estimate the predictions of black-box models using 
a simple and interpretable model. In this study, we 
extracted this description from the RF model to create 
a simplified diagnostic workflow (decision tree). 
Further details on ML are described in 
Supplementary Method M4. 

Statistical Analysis 
The Python 3 package-scipy package 1.11.4 was 

used for statistical analysis. Quantitative metrics were 
calculated as mean ± standard deviation (SD), and 
categorical variables as percentages. Mann-Whitney 
test was used for comparison between quantitative 
variables. The chi-square test was used for 
comparison between categorical variables. All p 
values were tested as two-tailed. P values less than 
0.05 were regarded as statistically significant. 

Results 
Data Overview  

A total of 65 PCa patients (age: 64 ± 7.6) with 
clinical, genomics, radiomics, and pathomics data 
were included for final analysis following the cohort 
flow chart in Figure 1. Of these patients, 28 (43%) 
patients (age: 62.4 ± 7.9) were categorized as low risk 
(ISUP < 3) and 37 (57%) patients (age: 65.2 ± 7.1) as 
high risk (ISUP ≥ 3). Clinical and imaging parameters 
of both groups are shown in Table 1. 

Based on the KEGG database, a total of 10,305 
genes were identified in the exome of DNA. The 
overall mutation frequency was low, with only 29 
genes mutated in ≥10% of patients (Supplementary 
Figure S4). No significant correlation (p ≥0.05) was 
found between any of the gene mutations and TMB, 
CNV burden, or whole-mount ISUP. Due to the 
sparse distribution of gene mutations, only 
pathway-level genomics features were employed for 
the subsequent ML analysis (Figure 2). Among 341 
pathways annotated in the KEGG database, 51 
pathways were selected due to their association with 
PCa tumorigenesis, aggressiveness, progression, or 
metastasis. The literature is listed in Supplementary 
Table S2 to show the predictive potential of 51 
pathways. 
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Figure 1. Flowchart of the study cohort. PCa: prostate cancer; TMA: tumor microarray; FFPE: formalin-fixed paraffin-embedded; SUV: standardized uptake value. 

 
Table 1. Comparison of clinical and imaging parameters 
between the ISUP low (ISUP<3) group and ISUP high 
(ISUP≥3) group. Continuous data are expressed as mean ± 
standard deviation (SD); categorical variables are presented as 
numbers and percentages. 

Parameters   Low risk 
(ISUP < 3) 

High risk 
(ISUP ≥ 3) 

p value 

Clinical Parameters     
Age (years)  62.4 (7.9) 65.2 (7.1) 0.14 
Weight (kg)  80.5 (10.9) 86.7 (11.1) 0.01 
Height (m)  1.8 (0.1) 1.8 (0.1) 0.25 
BMI (kg/m2)  25.8 (2.8) 27.4 (3.3) 0.05 
PSA-pre OP (µg/l)  9.4 (8.0) 55.4 (135.0) <0.001 
Pre-OP therapy No 27 (96.43%) 30 (81.08%) 0.21 

Yes 1 (3.57%) 5 (13.51%)  
NA 0 (0%) 2 (5.41%)  

Image-based Parameters         
Lesion involvement One lobe 13 (46.43%) 20 (54.05%) 0.23 

Two lobes 5 (17.86%) 3 (8.11%)  
Whole 
prostate 

0 (0%) 2 (5.41%)  

NA 10 (35.71%) 12 (32.43%)  
Lesion position in  
anatomy zone* 

CZ 1 (3.57%) 0 (0%) 0.49 
TZ 2 (7.14%) 1 (2.7%)  
PZ 12 (42.86%) 18 (48.65%)  
AFS 0 (0%) 1 (2.7%)  
Diffusion 2 (7.14%) 5 (13.51%)  
NA 11 (39.29%) 12 (32.43%)  

Extracapsular extension No 17 (60.71%) 11 (29.73%) <0.001 
Yes 1 (3.57%) 14 (37.84%)  
NA 10 (35.71%) 12 (32.43%)  

Contact to neurovascular 
bundles 

No 18 (64.29%) 20 (54.05%) 0.06 
Yes 0 (0%) 5 (13.51%)  
NA 10 (35.71%) 12 (32.43%)  

Lymph node infiltration No 17 (60.71%) 17 (45.95%) 0.03 
Yes 1 (3.57%) 9 (24.32%)  
NA 10 (35.71%) 11 (29.73%)  

Bone metastasis No 17 (60.71%) 21 (56.76%) 0.38 
Yes 1 (3.57%) 4 (10.81%)  
NA 10 (35.71%) 12 (32.43%)  

Clinical T staging cT2a 3 (10.71%) 4 (10.81%) 0.03 
cT2b 5 (17.86%) 2 (5.41%)  
cT2c 8 (28.57%) 4 (10.81%)  
cT3a 1 (3.57%) 3 (8.11%)  
cT3b 1 (3.57%) 12 (32.43%)  
cT3a+b 0 (0%) 1 (2.7%)  
cT4 0 (0%) 1 (2.7%)  
NA 10 (35.71%) 10 (27.03%)  

Value in the bracket is standard deviation for numeric data and percentage for 

categorical data 
*CZ: central zone; TZ: transition zone; PZ: peripheral zone; AFS: anterior 
fibromuscular stroma; Diffusion means PCa lesions involve any two/three 
anatomy zones or the whole prostate; NA: not applicable. 

 
In total, 107 radiomics features were extracted 

and categorized into shape (n=14), histogram (n=18), 
and texture (n=75) features. Texture features included 
24 gray level co‐occurrence matrix (GLCM), 16 gray 
level run length matrix (GLRLM), 16 gray level size 
zone matrix (GLSZM), 14 gray level dependence 
matrix (GLDM) and 5 neighboring gray-tone 
difference matrix (NGTDM) features. Features are 
categorized in Supplementary Table S3.  

ISUP grading was determined by H&E-staining 
with morphological details depicted in Figure 3A. 
Representative images of PSA expression between 
ISUP high and low groups are shown in Figure 3B. 
After statistical analysis of the whole cohort, we found 
that the maximum H-score of PSA was the most 
distinguished biomarker, and its value in high-risk 
PCa was lower than that of the low-risk group. 

Machine Learning Performance 
The five ML models (KNN, RF, SVM, LGR, XGB) 

were compared based on area under the curve (AUC), 
accuracy (ACC), sensitivity (SNS), specificity (SPC), 
positive predictive value (PPV) and negative 
predictive value (NPV), as depicted in Figure 4A. In 
terms of AUC, the RF model achieved the highest 
performance (Supplementary Table S4). The AUC, 
ACC, SNS, SPC, PPV, and NPV of the RF model were 
0.87 (95%confidence interval ([CI], 0.85-0.89), 0.78 
(95%CI, 0.76-0.80), 0.83 (95%CI, 0.80-0.86), 0.72 
(95%CI, 0.68-0.76), 0.79 (95%CI, 0.77-0.81) and 0.80 
(95%CI, 0.77-0.83) respectively. 

The performance metrics of needle biopsy AUC, 
ACC, SNS, SPC, PPV, and NPV were 0.75, 0.77, 0.83, 
0.61, 0.75, and 0.80 respectively. In comparison, the 
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performance of RF showed an increase in AUC, ACC, 
SNS, and NPV by 12%, 1%, 11%, and 1%, respectively 

while SNS and PPV decreased by 6% and 4% (Figure 
4B. 4C).  

 

 
Figure 2. Genomics profile indicates the heterogeneity of the 51 investigated biological pathways in 65 PCa patients. The top bar shows TMB and CNV burden 
distribution. The top panel shows the correlation of genes/pathways mutation profile with ISUP groups. The top dendrogram shows the clustering patterns of genes/pathways 
based on their mutation profiles. TMB: tumor mutational burden; CNV: copy number variant; ISUP: International Society of Urological Pathology; PCa: prostate cancer. 
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Figure 3. Representative images of H&E staining and PSA staining on TMA slides revealing less PSA expression when PCa tissue is more aggressive. A. 
Representative images of H&E staining for each ISUP grade: a. Patient 1, GS 6 (3+3); b. Patient 2, GS 7 (3+4); c. Patient 3, GS 7 (4+3); d. Patient 4, GS 8 (4+4); e. Patient 5, GS 
9 (4+5); according to ISUP consensus 2019. B. Representative images of PSA expression in each ISUP grade core. a. Patient 1, high PSA expression; b. Patient 2, relatively high PSA 
expression; c. Patient 3, moderate PSA expression; d. Patient 4, relatively low PSA expression; d. Patient 5, negative PSA expression. The corresponding H&E core and PSA core 
are from the same cylinder of the same patient. The scale bars of the overview core and enlarged details are 400 μm and 100 μm respectively. C. The maximum H-score of PSA 
is significantly different between ISUP high and low groups (p < 0.0001). TMA: tumor microarray; PSA: prostate-specific antigen; ISUP: International Society of Urological 
Pathology; GS: Gleason score. 
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Figure 4. ML Performance of the ISUP prediction in PCa. A. Performance comparison of the five ML algorithms (KNN, RF, SVM, LGR, XGB). Ranked by AUC, the RF 
model had the best performance. B. Overall comparison of different performance metrics between the RF model and ISUP derived from needle biopsy. C. Comparison of the 
mean permutation importance between different types of features. D. Detailed comparison of different performance metrics between the RF model and ISUP derived from 
needle biopsy. E. The top 10 performing features in ISUP prediction based on permutation importance over all cross-validation folds. F. SHAP importance of the eight features 
included in the final RF model trained on the entire dataset. Each dot represents a single patient and higher feature values are labeled as red while lower values are blue. The 
increasing positive SHAP values are indicative of the model’s tendency to predict high ISUP while decreasing SHAP values indicate the tendency of the model to predict low ISUP. 
KNN: k-nearest neighbors; RF: random forest; XGB: extreme gradient boosting; SVM: support vector machine; LGR: logistic regression; AUC: area under the curve; ACC: 
accuracy; SNS: sensitivity, SPC: specificity; PPV: positive predictive value; NPV: negative predictive value; ML: machine learning; SUVmean: mean standardized uptake value; 
PSAmax: maximum H-score of PSA expression on three cores of TMA slides; PSAavg: average H-score of PSA expression on three cores of TMA slides. 
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Figure 5. Proposed diagnostic flowchart for prostate cancer (PCa) management. PSAmax: maximum H-score of PSA expression on three cores of TMA slides; PSA: 
prostate-specific antigen. 

 

Table 2. Performance for different input feature type combinations.  

Feature types ACC SNS SPC PPV NPV BACC AUC 
Genomics and pathomics 0.805 0.830 0.775 0.822 0.820 0.803 0.893 
Radiomics and genomics 0.727 0.743 0.708 0.770 0.716 0.726 0.835 
Radiomics and pathomics 0.781 0.820 0.735 0.795 0.803 0.778 0.874 
Radiomics, genomics and pathomics 0.779 0.827 0.722 0.791 0.804 0.774 0.869 

ACC: accuracy; SNS: sensitivity; SPC: specificity; PPV: Positive predictive value; NPV: Negative predictive value; BACC: Balanced accuracy; AUC: Area under the receiver 
operating characteristic curve. 

 
A total of 73 features were selected in the 

validation procedure, consisting of 1 feature, namely 
bxISUP, 5 clinical features, 12 gene-level genomics 
features, 43 radiomics-wide features and 13 
pathomics features. After comparison of the mean 
permutation importance of different types of features, 
bxISUP was identified as the most attributable 
feature, followed by pathomics, clinical, radiomics, 
and genomics features (Figure 4D). Ranked by 
permutation importance value, the ten most 
important features included six radiomics features, 
three pathomics features, one clinical feature, and 
biopsy-derived ISUP (Figure 4E). More details were 
described in Supplementary Results R1-3. 

SHAP importance revealed bxISUP as the most 
predictive feature, followed by maximum H-score of 
PSA, and texture/histogram-based radiomics 
features. Figure 4F shows the top 8 features and their 
SHAP importance values between high and low ISUP 
groups. In the ISUP high group, ISUP derived from 
needle biopsy tends to be higher, PSA is less 
expressed on IHC slides and GLCM Joint Energy 

values are lower compared to the ISUP low group.  
A surrogate model was established to provide a 

simplified diagnostic workflow describing the more 
complex ML model (RF). The resulting simplified 
diagnostic workflow included three features, which 
were GLCM_Joint Energy, PSAmax_IHC, and 
bxISUP, which achieved a performance of AUC 0.89 
in estimating the output of the complex ML model 
(Supplementary Figure S5). Based on the surrogate 
model, the ML-based workflow is incorporated in the 
clinical diagnostic scheme (Figure 5). We further 
performed three analyses, each using a combination 
of two feature types, including genomics, pathomics, 
and radiomics as input. AUC values ranged between 
0.84 and 0.89 with the full performance metrics for the 
individual analyses shown in Table 2. 

Discussion 
In this study, we integrated clinical, imaging, 

pathomics, and genomics data for the ML-based GG 
prediction in PCa and demonstrated the superiority of 
the ML approach over the clinical standard of bxGG 



Theranostics 2024, Vol. 14, Issue 12 
 

 
https://www.thno.org 

4579 

assessment. Furthermore, we developed a simplistic 
and interpretable diagnostic workflow, enabling a 
software-independent step-by-step procedure for the 
identification of high-risk patients instead of running 
the ML software. This makes validation and 
integration of the presented findings substantially 
easier since the repeatability and adaptability of ML 
models are major hurdles for the translation of 
ML-based software into clinical settings [51,52]. 

Numerous published multiomics studies in PCa 
aimed to guide clinical decision-making by directly 
inferring clinically relevant outcomes and parameters 
[53–56]. However, most of them focused on predictors 
from genomics, epigenomics, transcriptomics, and 
proteomics, omitting image-based predictors, which 
is problematic given that imaging features have been 
shown to be important for GS prediction [57–59]. This 
study addresses this gap by integrating not only 
PSMA PET radiomics with genomics features but also 
additional pathomics and clinical features. Thus, by 
leveraging diverse data sources, the ML model 
capitalized on comprehensive and complementary 
underlying information, facilitating more accurate GG 
assessment.  

Despite the slight decrease in SNS and NPV, the 
AUC, ACC, SPC, and PPV of the ML model were 
superior to those of needle biopsy. The increased 
specificity, in comparison with the current clinical 
standard, indicates that the ML model has the ability 
to identify low ISUP patients accurately, which is 
aligned with our goal to avoid unnecessary 
interventions. Also, the high PPV is indicative of our 
study’s reliability in identifying high-risk patients to 
provide timely and appropriate treatment. 

Despite a discrepancy between bxGG and 
whole-mount GG, bxISUP was among the most 
important features in our analysis. Especially when 
combining needle biopsy with additional features 
such as PSA, ML outperformed the current clinical 
standard of bxGG substantially. Additionally, our 
findings unveil that PSAmax as the most important 
feature in predicting whole-mount GG based on two 
importance measurement algorithms. PSAmax 
represents the maximum H-score of the tumor tissue 
in needle biopsy and our results denote the more 
aggressive PCa is, the less PSA the tumor tissue 
expresses. This is consistent with the study that also 
explored the correlation between PSA H-scores and 
GG using TMA slides [60]. In line with other 
investigations [61], our study identified the first-order 
radiomics feature Maximum as an important feature 
in GG prediction. This is because this histogram- 
based feature, similar to the conventional SUVmax, 
manifests the highest uptake of 68Ga-PSMA-11. 

Of note, our ML model provides a simplified 

surrogate diagnostic workflow by combining the 
radiomics feature GLCM_Joint Energy, PSAmax_IHC, 
and ISUP in needle biopsy. Following the 
corresponding decision tree, urologists can select 
appropriate candidates for RP, which has the 
potential to revolutionize the diagnostic workflow of 
PCa. In addition to the two previously mentioned 
common features, the decision tree also includes 
GLCM_Joint Energy, a radiomics feature indicative of 
homogeneous patterns within PCa lesions. The lower 
Energy value means more heterogeneity within the 
tumor. Our results demonstrate that PCa with higher 
GG is more heterogeneous, as previously suggested 
by a study that identified the transcriptomic 
heterogeneity of GG 5 groups in a large dataset [62]. 

Despite the promising results, our study still has 
several limitations. First, due to its design as a 
retrospective multiomics study, not all the required 
parameters were available in some patients, resulting 
in a relatively small number of subjects for analysis. 
Second, due to the complexity and unique nature of 
our study, incorporating an independent validation 
cohort from another center poses significant 
challenges, particularly in the retrospective collection 
of high-dimensional datasets that are consistent with 
the ones used in our study. However, to ensure the 
robustness and validity of our findings, employed a 
rigorous 100-fold Monte Carlo cross-validation 
scheme, which enhanced the robustness, 
generalizability, and reduced bias of our study. Third, 
ML models in medical imaging, specifically in nuclear 
medicine, are known to suffer from center-specific 
variabilities, reducing the reproducibility of radiomics 
features [63–65]. Consequently, external validation is 
needed to verify the reliability of the developed 
approach in the future. 

In conclusion, the presented multiomics ML 
model poses a promising advance in GG assessment 
for the improved stratification of PCa patients for RP. 
Our findings have the potential to substantially 
impact clinical decision-making and personalized 
management of PCa patients. 

Supplementary Material  
Supplementary materials, figures and tables. 
https://www.thno.org/v14p4570s1.pdf  
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Abstract
Purpose  Head and neck squamous cell carcinomas (HNSCCs) are a molecularly, histologically, and clinically heterogeneous 
set of tumors originating from the mucosal epithelium of the oral cavity, pharynx, and larynx. This heterogeneous nature of 
HNSCC is one of the main contributing factors to the lack of prognostic markers for personalized treatment. The aim of this 
study was to develop and identify multi-omics markers capable of improved risk stratification in this highly heterogeneous 
patient population.
Methods  In this retrospective study, we approached this issue by establishing radiogenomics markers to identify high-risk 
individuals in a cohort of 127 HNSCC patients. Hybrid in vivo imaging and whole-exome sequencing were employed to 
identify quantitative imaging markers as well as genetic markers on pathway-level prognostic in HNSCC. We investigated the 
deductibility of the prognostic genetic markers using anatomical and metabolic imaging using positron emission tomography 
combined with computed tomography. Moreover, we used statistical and machine learning modeling to investigate whether 
a multi-omics approach can be used to derive prognostic markers for HNSCC.
Results  Radiogenomic analysis revealed a significant influence of genetic pathway alterations on imaging markers. A highly 
prognostic radiogenomic marker based on cellular senescence was identified. Furthermore, the radiogenomic biomarkers 
designed in this study vastly outperformed the prognostic value of markers derived from genetics and imaging alone.
Conclusion  Using the identified markers, a clinically meaningful stratification of patients is possible, guiding the identifica-
tion of high-risk patients and potentially aiding in the development of effective targeted therapies.

Keywords  Head and neck cancer · Biomarkers · Radiomics · Machine learning · Artificial intelligence · Cancer genomics

Background

Worldwide, head and neck cancer accounts for more than 
430,000 annual deaths and over 830,000 individuals are 
diagnosed with head and neck cancer every year [1]. Head 
and neck squamous cell carcinoma (HNSCC) accounts This article is part of the Topical Collection on Oncology - Head 
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for approximately 90% of all head and neck cancers [2]. 
HNSCC originates from the epithelial cells outlining the 
mucosa of various cavities in the head and neck area. The 
anatomical, clinical, histological, and molecular heteroge-
neity of HNSCC has been a limiting factor for the develop-
ment of personalized treatments. Today, PD-L1 expression 
and human papilloma virus (HPV) infection status are the 
only considered biomarkers for personalized clinical man-
agement of HNSCC patients [3, 4]. Consequently, further 
markers are urgently needed for the stratification of clini-
cally meaningful groups to better tailor the management of 
these patients to their individual characteristics.

Metabolic in vivo imaging provided by technolo-
gies such as positron emission tomography combined 
with computed tomography (PET/CT) is a non-invasive 
way to capture information about biological processes 
on a whole-body scale. In vivo imaging further enables 
the high-throughput acquisition of quantitative imaging 
features, referred to as radiomics. Radiomics has been 
deployed to describe tumor characteristics, such as shape 
and heterogeneity on a quantitative level, which have been 
shown to deliver prognostic information in various set-
tings [5, 6].

In parallel to the advancements of diagnostic imaging 
modalities driven by clinical research, mechanistic cancer 
research has been capitalizing on the revolution in sequenc-
ing technologies. Today, genomics provides crucial diag-
nostic information to advance toward personalized cancer 
medicine. Tissue-based DNA biomarkers comprise some 
of the most important prognostic factors in HNSCC [7]. 
These prognostic markers can be useful for the monitor-
ing and selection of patients for a specific treatment [6, 8]. 
In contrast to these gene-level markers, pathway-level bio-
markers are largely unexplored. Still, since mutations are 
only one of several ways to inactivate tumor suppressors or 
activate oncogenes [9], genetic analysis inherently provides 
an important but only partial view of the cancer phenotype. 
Radiomic features, on the other hand, have the potential to 
provide functional information on the activity of oncogenic 
drivers at a holistic level. Thus, an approach combining the 
strength of both technologies which is referred to as radiog-
enomics has the potential to raise currently underexplored 
synergies to advance the personalized management of cancer 
patients.

The aim of the present study was therefore threefold 
(Fig. 1): (1) the identification of quantitative and prognostic 
[18F]FDG PET/CT imaging and genetic markers in HNSCC; 
(2) the assessment of the association of previously identified 
imaging markers with pathways related to cell proliferation 
and energy metabolism; (3) to investigate if complementary 
information within imaging and genetic patterns can be used 
to create combined radiogenomic markers with improved 
prognostic value over imaging or genetic markers only.

Materials and methods

Patient data

One hundred and twenty-seven (127) patients diagnosed 
with HNSCC between June 8, 2006 and July 31, 2015 with 
whole-body [18F]FDG PET/CT scans at the General Hos-
pital Vienna were retrospectively enrolled into the study. 
CT was acquired using contrast enhancement with 100 ml 
Iomeron 400 mg/ml. Overall, 2 patients were excluded due 
to lesion sizes below 64 voxels [11], 4 due to a second pri-
mary tumor, and 59 due to missing or insufficient tumor tis-
sue for DNA extraction, resulting in 62 patients for further 
analysis. The clinical annotation was acquired by the head-
and-neck surgeon taking the tissue biopsies and included 
overall survival (OS) starting from the date of histologically 
confirmed diagnosis. An overview of patient characteristics 
is provided in Table 1. All biopsies originated from histolog-
ically confirmed head and neck squamous cell carcinomas. 
The study was approved by the institutional review board 
with ethics ID 1649/2016 at the General Hospital of Vienna.

DNA extraction, whole‑exome sequencing, 
and sequencing data analysis

DNA was extracted from formalin-fixed paraffin-embedded 
samples and sequenced using whole-exome sequencing 
(WES). Details on DNA extraction and WES analysis can 
be found in Supplement section 1 under “DNA extraction 
and whole exome sequencing.”

DNA sequencing analysis

Raw reads were mapped to the genomic reference GRCh38 
using the Burrows–Wheeler Alignment (BWA) tool [12]. 
Small variants were detected using Strelka2 [13] and Var-
Dict [14] variant callers independently, and the resulting 
variants were merged. Variants were annotated with the 
Variant Effect Predictor (VEP) tool from Ensemble [15] 
including the annotation of CADD scores [10, 16, 17]. 
Resulting annotated variants were joined across the cohort 
and germline variants were filtered. The discrimination 
of somatic and germline variants was based on a somatic 
tumor variant filtering strategy from Sukhai et al. [18], 
with additional filters added and parameters adjusted 
in order to minimize the ratio of known germline vari-
ants resulting from a set of 15 paired normal tissues. The 
final somatic variant filtering was performed as follows. 
Only variants present in less than 10% of samples were 
kept. Variants called by both Strelka2 and VarDict with 
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a number of variant reads above 10 and variants called 
by only one variant caller with a number of variant reads 
above 20 were kept. Three population variant databases 
were used for variant filtering including 1000 genome [19], 
Gnomad [20], and the NHLBI Exome Sequencing Project 
[21]. Variants with a minor allele frequency below 1% 
for the non-Finnish European group in all three databases 
were kept. Variants with a record in ClinVar database 

[22] with significance “benign” or “likely benign” were 
removed.

Pathway‑level disruption scores and pathway selection

Mutation-level combined annotation dependent depletion 
(CADD) scores [10] were summed over all variants in asso-
ciated genes to derive gene-level CADD scores indicating 
the functional disruption of each gene. The KEGG pathway 

Fig. 1   Workflow diagram of the study. a Primary tumor tissue from 
62 patients with HNSCC was acquired through surgical biopsy. b 
Image data acquisition using [.18F]FDG PET/CT. c Quantification 
of tumor characteristics based on imaging data using radiomics. d 
DNA extraction from solid tumor tissue and subsequent whole exome 
sequencing. e Quantification of genetically disrupted pathways related 
to cell growth and death as well as energy metabolism using com-
bined annotation dependent depletion (CADD) scores [10]. f Identi-

fication and evaluation of prognostic radiomic, genomic, and radiog-
enomic features using statistical and machine learning approaches. g 
Statistical assessment of the association and complementary informa-
tion of pathway-level genetic features and non-redundant radiomic 
features. h Patient-tailored diagnosis, prognosis, and treatment based 
on the detected radiogenomic markers and associated risk assessment. 
This figure was created using BioRender (biorender.com)
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database [23] was used to assign genes to corresponding 
pathways. Pathway CADD scores were computed as sum 
of gene-level CADD scores for all genes in the respective 
pathway. Pathways were considered for the analysis if they 
were either annotated as related to energy metabolism or to 
cell growth and death based on the KEGG pathway database. 
Pathways were excluded if they do not exist in humans or 
were irrelevant for somatic tissue (Supplementary Table 6).

Gene-level CADD score cutoffs were unlikely to be accu-
rately determined by setting a uniform cutoff [24]. Therefore, 
we used the prognostically relevant cutoffs as determined by 
the survival analysis for the dichotomization of each path-
way’s score individually. By doing so, we derived prognosti-
cally relevant binary states, functional or disrupted, for each 
pathway (Supplementary Fig. 8). The binary pathway states 
were used for the associated with imaging patterns and the 
derivation of radiogenomic markers.

Delineation

Two board-registered nuclear medicine specialists at the 
Division of Nuclear Medicine at the Medical University 
of Vienna performed tumor boundary delineation to derive 
volumes of interest (VOIs) from the whole-body images. 
For each patient, one delineation was created based on the 
agreement of the two nuclear medicine specialists. Delinea-
tion of lesions and background tissue were performed utiliz-
ing semi-automated iso-count VOI tools from the commer-
cially available Hybrid 3D software version 4.0.0 (Hermes 

Medical Solutions AB, Stockholm, Sweden). If required, a 
slice-by-slice modification was performed [25, 26]. Delinea-
tion in PET/CT images was guided by the PET image. VOIs 
were dilated by 5 voxels into every spatial dimension.

Radiomic feature extraction and preprocessing

The SUV maps of the VOIs were normalized using a stand-
ardized reference region before performing interpolation 
to 2 and 4 mm. Radiomic features were extracted from the 
resulting VOIs using an IBSI-conform in-house framework. 
Overall, 104 Imaging Biomarker Standardization Initiative 
(IBSI)-conform radiomic features were extracted, 52 from 
the background-normalized PET and the corresponding CT 
each. Details on the extraction and preprocessing of image 
biomarkers are outlined in Supplemental section 1 under 
“Radiomic feature extraction and preprocessing.”

Development of radiogenomic markers

Radiogenomic features were created by combining the most 
prognostic pathways (p < 0.05) with the most prognostic 
radiomic features (p < 0.05). Each radiogenomic feature 
consists of a radiomic–genomic feature pair with one radi-
omic and one pathway feature. For each radiomic–genomic 
feature pair, four binary radiogenomic features were created 
(pathway-disrupted and radiomic-high, pathway-disrupted 
and radiomic-low, pathway-functional and radiomic-high, 
pathway-disrupted and radiomic-low). For example, the 
radiogenomic feature cellular senescence (functional)-CT 
ih.kurt (high) was defined to be “present” for a patient if the 
patient has a functional cellular senescence pathway and a 
high value (above threshold determined by survival analysis) 
for the CT radiomic feature ih.kurt. In all other cases, the 
radiogenomic feature value was defined as “absent.” From 
the total of 84 radiogenomic markers, only those with suf-
ficiently large subgroups for survival analysis (at least 15% 
samples in each group) were considered, leaving 49 radiog-
enomic markers for further analysis.

Statistical analysis

Survival analysis was conducted using two-sided logrank 
tests with an optimized cutoff and OS. Logrank tests, two-
sided Cox proportional hazard models, and plotting for 
Kaplan–Meier curves were performed using the lifelines 
Python package. No survival analysis was performed if one 
of the groups contained less than 15% samples. The associa-
tion between radiomic features and pathway-level scores was 
performed using the non-parametric, two-sided Mann–Whit-
ney U test implementation of the SciPy Python package. 
Bonferroni correction was applied for all statistical analyses 
to account for multiple testing.

Table 1   Characteristics of the 62 patients included for analysis

Patient characteristics
  Median age, years (range) 57 (35–83)
  Median overall survival, months (range) 25 (0–130)
  Male, n (%) 45 (73)
  Female, n (%) 17 (27)
  Treatment naive at tissue acquisition, n (%) 52 (84)

Clinical stage, n (%)
  I 4 (6)
  II 5 (8)
  III 4 (6)
  IVA 38 (61)
  IVB 3 (5)
  IVC 7 (11)
  Not reported 1 (2)

Localization, n (%)
  Oral cavity 35 (56)
  Oropharynx 16 (26)
  Hypopharynx 6 (10)
  Larynx 4 (6)
  Nasal sinuses 1 (2)
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Machine learning classification

Binary machine learning (ML) classification models 
were built using Dedicaid AutoML version 1.1 (Dedicaid 
GmbH, Vienna, Austria) via a stacked and mixed ensemble 
approach. Algorithms used in the ensemble included random 
forest, support vector machine, and a multi-Gaussian genetic 
algorithm. Preprocessing included standardization of input 
features and removal of redundant features. In case of label 
imbalance, oversampling was employed on the training data 
via the synthetic minority oversampling technique (SMOTE) 
[27]. A total of 20 genomic, radiomic, and radiogenomic fea-
tures were included which were identified to be prognostic 
in the preceding univariate analyses. Prediction target labels 
were generated by dichotomization of the continuous OS 
information. Three binary classification models were created 
for OS greater 24 months, OS greater median (25 months) 
and OS greater 36 months. Results were validated using 
100-fold Monte Carlo cross-validation with a training-to-
test sample ratio of 80:20. Details on the ML analysis can 
be found in Supplement section 2.

Feature importance measurement

Feature importance measurement was based on R-squared 
ranking [28]. R-squared ranks were determined on the binary 
target labels for each of the ML models, leading to one fea-
ture importance ranking per model. The final importance 
was calculated as the average feature importance across all 
100 Monte Carlo cross-validation folds. The importance 
metrics were further normalized to a sum of 100 (%) per 
model.

Code and visualization tools

All analyses were conducted using Python 3. Packages 
used included pandas 1.0.3, numpy 1.19.2, and scikit-learn 
0.23.2. For the survival analysis and plotting of associated 
Kaplan–Meier curves, lifelines 0.24.13 was used. For any 
other statistical analysis, we used SciPy 1.4.1. Visualizations 
were created using Matplotlib 3.2.1 and Seaborn 0.11.1. 
For the creation of rain cloud plots, we used the package 
Ptprince 0.2. For the creation of sankey diagrams, Plotly 
4.4.1 was used. The graphical abstract was created using 
BioRender (biorender.com).

Results

Processing and analysis of the radiomic features

IBSI-conform radiomic features were extracted from [18F]
FDG PET/CT images of primary lesions from 62 patients 

with HNSCC [29]. After redundancy removal [26, 30], 4 
PET-based and 10 CT-based features remained for further 
analysis (Supplemental Fig. 1). Independent assessment 
of PET and CT features identified two texture CT fea-
tures, szm.lzhge (p 6.4 * 10−5) and szm.z.perc (p 0.0016), 
one morphological feature, morph.vol (p 0.0021), and one 
intensity-related PET feature, stat.sum (p 0.0013), to be 
prognostic (Fig. 2a).

On visual inspection of tumors, lesions with high 
PET-based stat.sum were associated with large vol-
umes (Fig. 2b). Since PET-based metabolic tumor vol-
ume (MTV) has been proposed as a prognostic marker 
for multiple cancers, including HNSCC [31], we further 
investigated the association between stat.sum and MTV. 
The analysis confirmed a strong correlation (p < 0.0001) 
(Fig. 2c). CT-based morph.vol was the only additional fea-
ture correlated with MTV, indicating no systematic effect 
of volume on the radiomic features. Furthermore, stat.sum 
was associated with a slightly improved prognostic value 
over MTV (p 0.0013 vs. 0.0040) (Fig. 2d, e).

None of the SUV-based features, SUVmax, SUVmin, 
SUVmean, SUVpeak, and SUV total lesion glycolysis 
(TLG), were significantly prognostic after Bonferroni cor-
rection (p < 0.01) (Supplementary Table 1 and Supplemen-
tary Figs. 2–6), indicating a higher prognostic value of 
radiomic features over SUV metrics in this study cohort.

Processing of genetic data and creation of pathway 
disruption scores

Solid tissue from primary tumors of 62 patients was 
acquired and WES was performed. A total of 15,689 muta-
tions in 8502 genes was detected across all patients. The 
most mutated genes included MUC4 (66%), TTN (35%), 
TP53 (27%), MUC12 (24%), and CSMD3 (23%). The rela-
tion of mutation-, gene-, and pathway-level CADD scores 
for the six selected cell growth and death-related pathways 
and three energy metabolism–related pathways is visual-
ized in two interactive CADD score diagrams (representa-
tively shown in Fig. 3). Of the nine pathways, survival 
analysis identified cellular senescence and apoptosis to be 
significantly prognostic (p < 0.008).

The proliferation-related CADD composition diagram 
(Fig. 3a) suggested a major role of the TP53 gene in deriv-
ing the pathway-level CADD score for p53 signaling, cel-
lular senescence, ferroptosis, cell cycle, and apoptosis. 
However, survival analysis revealed that TP53 alone has 
no prognostic value (p 0.18) (Supplementary Fig. 7). Since 
mutation frequencies in 8486 of 8502 mutated genes was 
below 15%, no additional analyses on single gene level 
were carried out.
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Association of radiomics and pathway disruption 
scores

Significant associations between four radiomic-pathway 
pairs were identified (p < 0.05) (Fig. 4a). A significant 
association was found between p53 signaling and PET-
based ih.kurt (p < 0.002) (Fig. 4). The overlap of radiomic 
feature distributions for both functional pathway states 
identified ih.kurt as indicator but not as an error-free 
predictor of the pathway states (Fig. 4b). Multiple other 
radiomic-pathway combinations are potentially associated, 
but did not reach significance (Fig. 4c, d). A full list of 
association results is shown in Supplementary Table 2.

Prognostic value of radiogenomic markers

Since the preceding analysis indicated pathway states can-
not be predicted solely from imaging markers (Fig. 4b), the 
incorporation of complementary information via combining 
radiomic and pathway features to radiogenomic features was 
investigated. Of the 49 radiogenomic markers (Supplemen-
tary Table 3), 14 were significantly prognostic (p < 0.001). 
Seven radiogenomic markers were more prognostic than the 
most prognostic univariate marker szm.lzhge (p < 0.0001). 
The best performing radiogenomic marker was cellular 
senescence (functional)-CT ih.kurt (high) indicating a worse 
prognosis (p 5.5 * 10−8).

Fig. 2   stat.sum captures 
information of metabolic tumor 
volume (MTV) and improves 
prognostic stratification. a Most 
prognostic radiomic features 
(p < 0.05) with associated 
modalities and respective sur-
vival analysis results. Ordered 
by p value. b Coronal maximum 
intensity projections (MIPs) of 
the PET images for the three 
lesions with the highest stat.sum 
(left column) and lowest stat.
sum (right column). Red values 
indicate a high [.18F]FDG 
uptake while blue values indi-
cate a low or no uptake. c Pear-
son correlation between MTV 
and stat.sum after applying log 
transformation. d Kaplan–Meier 
curve for MTV. e Kaplan–Meier 
curve for stat.sum. Radiomic 
feature values are shown in 
arbitrary units (AU)
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Multiple cox regression with cellular senescence 
(functional)-CT ih.kurt (high) indicated a strong prog-
nostic value of the radiogenomic marker (p < 0.0001, HR 
2.41) (Fig. 5d, e). Covariates included age at diagnosis 
(p < 0.01, HR 0.04), SUVmax (p 0.08, HR − 0.01), and 
stage IVc (p 0.02, HR 1.06). None of the demographic 
factors age and gender as well as stage IVc were signifi-
cantly prognostic in the independent univariate analysis 
(Supplementary Figs. 10–12).

Machine learning classification

To assess the performance of models integrating com-
plex interactions between multiple genomic, radiomic, 
and radiogenomic features, a ML approach was employed 
to establish and cross-validate three binary classifica-
tions. Prediction targets were OS greater than 24 months, 
OS greater than the median OS, and OS greater than 
36 months. The cross-validation revealed an area under 
the receiver operating characteristic curve (AUC) of 0.72 
for both the 24-months-OS and the median-OS model. For 
the 36-months-OS model, a cross-validated AUC of 0.75 
was observed. Additional performance metrics are shown 
in Fig. 6a. Feature importance ranking further indicated the 
clinical relevance of radiogenomic features, which were the 
most important attributes in all three models, outperform-
ing genetic as well as radiomic features (Fig. 6b). Over all 
models, radiomic features had the lowest prognostic value 
with an average importance of 2.5%, genomic features were 
associated with an average importance of 4.0%, and radiog-
enomic features were most important (5.5%).

Discussion

In our study, we analyzed the association of radiomic with 
genomic data in HNSCC patients. Our results show a strong 
influence of the genetic status on quantitative imaging mark-
ers in a cohort of HNSCC patients following radiomic and 
genomic data analysis. By using complementary informa-
tion from imaging and genetic patterns, we were able to 
demonstrate that combining radiomic and pathway-level 
genomic features to radiogenomic markers improves prog-
nostic performance significantly. Furthermore, we identified 
cellular senescence-derived radiogenomic markers essential 
for prognostic stratification of HNSCC patients.

In the association analysis of radiomic and genetic traits 
at the pathway level, we found that higher levels of the PET-
based histogram feature ih.kurt can be associated with an 
impaired state of p53 signaling and nitrogen metabolism 
(Fig. 4). One plausible explanation for the observed associa-
tion of p53 signaling is the heterogeneous uptake of [18F]
FDG indicated by ih.kurt. The genetic and phenotypic het-
erogeneity of clonal populations in tumors are the result of 
an increased number of proliferation cycles, which results 
in increased mutation rates given the fast growth of tumor 
tissue [32]. This genetic heterogeneity in clonal popula-
tions could be caused by impaired p53 signaling causing 
genome instability [33]. Genome instability has previously 
been shown to promote intratumoral heterogeneity detect-
able on PET via epigenetic mechanisms [34]. Targeting 
p53 signaling has been shown to be a successful treatment 
strategy and is currently evaluated in clinical trials using 

Fig. 3   Composition of pathway CADD scores from gene- and muta-
tion-level scores for KEGG pathways associated with cell growth and 
death (a) and energy metabolism (b). Links of genes influencing mul-
tiple pathways are shown in red. The color intensity of links indicates 
the CADD score of mutations and sums of CADD scores over all 
mutations for mutations and genes, respectively. Hence, darker blue 
or red indicate a higher CADD score (disrupted) while a lighter color 
indicates a low CADD score (functional). The width of links between 
genes and pathways indicates the number of mutations in a gene over 
all patients in our cohort. The fully annotated, interactive version of 
this figure is available at https://​cspie​lvogel.​github.​io/​cadd-​diagr​am/​
cadd_​compo​sition_​cell_​growth_​and_​death.​html and https://​cspie​lvo-
gel.​github.​io/​cadd-​diagr​am/​cadd_​compo​sition_​energy_​metab​olism.​
html for cell growth and death or energy metabolism, respectively
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multiple strategies for treating various cancers, including 
HNSCC [35]. In the association of nitrogen metabolism 
and the increased metabolism indicated by PET imaging, 
the amino acid glutamine might play a crucial role. Many 
cancer cells are reliant on glutamine as main anaplerotic 
metabolite to fuel the citric acid cycle through a series of 
biochemical reactions termed glutaminolysis [36]. There-
fore, nitrogen metabolism plays an essential role in cells 
proliferation via anabolic processes such as the biosynthe-
sis of amino acids, nucleotides, and polyamines. Similar to 
p53 signaling, targeting nitrogen metabolism in proliferating 
cancer cells has been suggested to be a promising therapeu-
tic approach in clinical studies [37–39]. Considering these 

aspects, exploring ih.kurt as a novel imaging-based marker 
to determine patients benefitting from these therapeutic 
approaches is highly promising.

Currently, SUV-based metrics dominate clinical image 
analysis, given their ease of use and compatibility with 
conventional PET/CT acquisition protocols. SUV-based 
metrics have shown prognostic value in a meta-analysis 
[40]. However, we were not able to reproduce this finding 
in this study’s cohort. Still, our results identify PET- and 
CT-derived radiomic features that have prognostic value 
(Fig. 2a), even where SUV-based metrics did not provide 
prognostic information in this study’s cohort. Moreover, 
we identify specific tumor characteristics, which reflect 

Fig. 4   Association of PET- and CT-based radiomic features with 
pathways related to cell growth and death as well as energy metabo-
lism. a Pathways and linked radiomic features with p values below 
0.05. b Distribution of the two most significant associations: PET-
based radiomic histogram feature excess discretized intensity kurtosis 
(ih.kurt) depending on the functional state of two pathways, nitrogen 
metabolism (left) and p53 signaling (right). For each pathway, the 
distribution of the radiomic feature ih.kurt (PET) is visualized for 
patients with functional (blue) and disrupted (pink) genetic status via 
kernel density estimation. A higher width of the curve area at a given 
radiomic feature value on the y-axis indicates a higher probability of 

a patient to have the respective radiomic feature value as estimated 
by the kernel density estimation. Furthermore, for each pathway, two 
boxplots indicate the distribution of the radiomic feature for patients 
with functional and disrupted genetic status. Radiomic features are 
displayed in arbitrary units. c Associations between PET radiomic 
features and pathways. d Associations between CT radiomic features 
and pathways. The width of the links indicates the inverse p value 
within each of the chord plots. Pathways include cellular senescence 
(C. sen.), apoptosis (Apopt.), p53 signaling pathway (p53 s. p.), nitro-
gen metabolism (Nitr. m.), and ferroptosis (Ferrop.)
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these radiomic features. PET-derived stat.sum captures the 
information of MTV (Fig. 2b, c). This can be explained 
by PET-derived stat.sum indicating the summed activity 
throughout the entire lesion and consequently is subject to 
a strong volume-confounding effect [41]. Since stat.sum is 
related to MTV and therefore to the T stage of the tumor, 
a relation with prognosis is not surprising and presents an 
expected finding. However, stat.sum was slightly more prog-
nostic than MTV, indicating additional prognostic informa-
tion being captured by the radiomic feature compared to 
volume alone (Fig. 2d, e). Overall, despite the association 
of volume-related radiomic features such as stat.sum and 
morph.vol with T stage, the investigation of these features is 
potentially valuable. On the one hand, some of these features 
provide a fine-grained resolution of the tumor volume itself 
due to their continuous nature. This makes volume-related 
radiomic features not only better parameters for automated 
analysis but also allows for finding optimal thresholds to 
stratify patients. On the other hand, some volume-related 
radiomic features such as stat.sum incorporate additional 

information to tumor volume and therefore provide a differ-
ent viewpoint of the tumor.

The genetically functional state of cellular senescence 
was significantly associated with reduced survival rates and 
comprised the most prognostic markers when combined 
with radiomic features, in the statistical and ML analysis 
(Figs. 5 and 6). Senescence is known to induce a stable cell 
cycle arrest triggered by p53 and was therefore proposed as 
a prevention mechanism for tumorigenesis [42]. However, 
recent studies have shown that senescent cells can function 
as tumor promoters, partly due to the proinflammatory and 
growth-stimulating effects of the senescence-associated 
secretory phenotype [43].

Since none of the extracted imaging features had a strong 
association with senescence (Fig. 4), we hypothesized that 
the identified prognostic imaging markers contain comple-
mentary information relevant for prognosis. The ML analy-
sis confirmed the added value of combined radiogenomic 
features over their univariate counterparts (Fig. 6). Fur-
thermore, the ML analysis demonstrated the capabilities 

Fig. 5   Kaplan–Meier curves for 
the most prognostic radiog-
enomic marker and the cor-
responding univariate markers. 
Kaplan–Meier curves associated 
with univariate markers include 
cellular senescence (a) and the 
CT-based radiomic feature ih.
kurt (b). The Kaplan–Meier 
curve of the combined radiog-
enomic marker clearly indicates 
an improved prognostic strati-
fication (c). The radiogenomic 
marker was defined to be 
“present” if cellular senescence 
was functional and the ih.kurt 
(CT) was low. In all other cases, 
the radiogenomic marker is 
“absent.” The forest plot shows 
the hazard ratios derived using 
Cox regression (d). A sum-
mary of the univariate analysis 
(logrank) and multivariate (cox) 
analysis with a set of covariates 
are shown in (e)
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of highly multivariate prediction models as prognostic bio-
marker (Fig. 5).

Our findings encourage the utilization of senescence-
derived radiogenomic markers for the prognostic stratifica-
tion of HNSCC patients into clinically meaningful groups. 
Prognosis is certainly one of the most important, yet most 
difficult issues to address in clinical oncology, not only for 
the patients but also for their relatives. Prognostic markers, 
like the ones presented in the present study, can play a vital 
role in clinical decision-making. They allow for an accurate 
estimation of prognosis, enabling physicians to anticipate 
disease progression and, thus, aiding the selection of the 
most suitable treatment and follow-up scheme and allowing 
for an optimized allocation of healthcare resources. In addi-
tion, the prognostic markers identified in this study provide 

a primer for research into the mechanistic causes of the sur-
vival differences depending on the state of radiogenomic 
markers.

In our study, mutational tumor DNA was used, deliver-
ing a stable and easily reproducible ground truth compared 
to transcriptomics data deployed in similar radiogenomic 
studies [44, 45]. In addition, pathway-level genetic markers 
were used not only integrating information about multiple 
genes but also deriving information closer to the functional 
state of the cell. Furthermore, most studies used CT imaging 
alone [44, 45] while in this study, anatomical information 
from CT and metabolic information from [18F]FDG PET 
were integrated.

Since we used genetic data derived from solid biop-
sies, subclonal populations of the tumor cells may not be 

Fig. 6   Machine learning–
derived feature ranking (% 
importance) for the three classi-
fication models. a Performance 
metrics for the classification 
models include area under the 
receiver operating characteristic 
curve (AUC), accuracy (ACC), 
sensitivity (SNS), specificity 
(SPC), positive predictive value 
(PPV), and negative predictive 
value (NPV). b The heatmap 
shows the feature contribu-
tion for each model. The bar 
chart shows the importance of 
each feature as mean over the 
models. Darker colors indicate 
higher values. The dashed lines 
indicate the mean importance 
over all features belonging to 
one of the three feature catego-
ries, radiomics, genomics, and 
radiogenomics. Feature impor-
tance was calculated based on 
R-squared ranking
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adequately reflected. To overcome this issue and avoid the 
drawbacks of surgical interventions, future radiogenomic 
studies may therefore focus on the use of cell-free DNA 
(cfDNA) from liquid biopsies to obtain genetic data. Follow-
up studies involving DNA sequencing could be greatly sim-
plified, accelerated, and cheapened since panel sequencing 
focusing on senescence and nitrogen metabolism signaling 
pathways would be sufficient.

Our study is based on a limited cohort size, which 
restricted the ML approach to features selected based on 
the prognostic value in the overall cohort. Since the semi-
automated segmentation procedure led to only one segmen-
tation, we were not able to assess the segmentation’s reliabil-
ity. Furthermore, we were not able to validate our findings 
using public data since we did not find [18F]FDG PET/CT 
and matched WES data available online. The cohort used in 
this study is highly heterogeneous, including different clini-
cal subtypes and tumors from multiple locations and stages. 
Together, this presents a limitation for the translation to clin-
ics since not all findings might be true for all subgroups. 
The cohort is derived from a single center, requiring an 
independent, multi-centric validation to account for center-
specific biases introduced, for example, through different 
imaging protocols. Next to imaging protocols, radiomic 
features are generally sensitive to variations in segmenta-
tion protocols and scanner types, creating a challenge when 
applying radiomic features to other centers.

Conclusions

In this work, we compared and correlated radiomic with 
genomic data from HNSCC patients using classical statistics 
as well as machine learning and were able to find a sig-
nificant impact of genomic alterations on the corresponding 
radiomic imaging markers. We demonstrate that combining 
and unifying PET/CT radiomic and pathway-level genomic 
features into radiogenomic markers radically improves 
prognostic performance. In addition, our experiments have 
revealed the essential role of cellular senescence and derived 
radiogenomic markers in patient outcome, which may be 
essential for prognostic stratification of HNSCC patients 
in the future. Future studies can potentially validate our 
approach by induction of the presented genetic patterns 
in preclinical models to investigate the resulting imaging 
patterns found to be associated with genetic patterns. More 
research is needed focusing on the investigation of additional 
data types such as proteomic, epigenomic, and microscopy 
data to further add to a holistic, personalized picture of can-
cer patients and improve prognostic biomarkers.
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A B S T R A C T

Despite significant improvement in the survival of pediatric patients with cancer, treatment out-
comes for high-risk, relapsed, and refractory cancers remain unsatisfactory. Moreover, prolonged
survival is frequently associated with long-term adverse effects due to intensive multimodal
treatments. Accelerating the progress of pediatric oncology requires both therapeutic advances
and strategies to mitigate the long-term cytotoxic side effects, potentially through targeting
specific molecular drivers of pediatric malignancies. In this report, we present the results of
integrative genomic and transcriptomic profiling of 230 patients with malignant solid tumors (the
“primary cohort”) and 18 patients with recurrent or otherwise difficult-to-treat nonmalignant
conditions (the “secondary cohort”). The integrative workflow for the primary cohort enabled the
identification of clinically significant single nucleotide variants, small insertions/deletions, and
fusion genes, which were found in 55% and 28% of patients, respectively. For 38% of patients,
molecularly informed treatment recommendations were made. In the secondary cohort, known or
potentially driving alteration was detected in 89% of cases, including a suspected novel causal gene
for patients with inclusion body infantile digital fibromatosis. Furthermore, 47% of findings also
brought therapeutic implications for subsequent management. Across both cohorts, changes or
refinements to the original histopathological diagnoses were achieved in 4% of cases. Our study
demonstrates the efficacy of integrating advanced genomic and transcriptomic analyses to identify
therapeutic targets, refine diagnoses, and optimize treatment strategies for challenging pediatric
tates& Canadian Academy of Pathology. This is an open access article
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and young adult malignancies and underscores the need for broad implementation of precision
oncology in clinical settings.

© 2024 THE AUTHORS. Published by Elsevier Inc. on behalf of the United States & Canadian
Academy of Pathology. This is an open access article under the CC BY license (http://

creativecommons.org/licenses/by/4.0/).
Table
Demographic and clinicopathological overview of primary and secondary cohorts.

Primary cohort n

Total no. of enrolled patients 248

Age range (y) 0-36

Sex

Women 108

Men 140

Disease status

High-risk primary tumor 135

Relapsed/refractory tumor 109

Secondary malignancy 4

Diagnosis

CNS 101

Diffuse pediatric-type high-grade gliomas 38

Circumscribed astrocytic gliomas 14

Ependymal tumors 14
Introduction

Over the past several decades, we have observed a significant
increase in the overall survival rates for pediatric patients with
cancer, now reaching up to 85% within 5 years from diagnosis.1

Despite these encouraging results, the pace of progress in treat-
ment outcomes for specific groups of patients, consisting of
relapsed, refractory, or high-risk primary tumors, has slowed
down, and their clinical management remains challenging. The
expanding understanding of the molecular mechanisms under-
lying carcinogenesis, combined with advancements in sequencing
and bioinformatics, now allows for detailed molecular character-
ization of a patient's tumor tissue and the host itself under the
paradigm of precision oncology.

Precision oncology is an evolving field that not only aims to
enhance survival rates but also to develop or facilitate access to
more effective and less-toxic treatment options. In pediatric pre-
cision oncology, implementing comprehensive high-throughput
techniques, such as whole-exome, whole-genome, and RNA
sequencing, is particularly crucial, as these methods offer more
thorough analysis, addressing the unique molecular characteris-
tics of pediatric tumors. Several initiatives have explored the
feasibility of this approach and demonstrated significant, although
varied, success rates in identifying actionable mutations in pedi-
atric tumors, as well as treatment outcomes upon administration
of targeted treatment.2-10 Here, we present the molecular findings
obtained by implementing comprehensive molecular profiling in
a mixed cohort of pediatric and young adult patients with solid
tumors within a real-world clinical setting.
Medulloblastoma 12

Atypical teratoid/rhabdoid tumor 7

Others 16

Sarcoma 84

Ewing sarcoma 24

Osteosarcoma 13

Alveolar rhabdomyosarcoma 11

Embryonal rhabdomyosarcoma 9

Undifferentiated small round cell sarcoma (Ewing sarcoma
excluded)

5

Synovial sarcoma 4

Others 18

Other solid tumor 63

Peripheral neuroblastic tumors 18

Hematolymphoid disorders (lymphomas) 16

Nephroblastoma 8

Epithelial liver tumors 6

Others 15

Secondary cohort

Total no. of enrolled patients 18

Age range (y) 0-25

Sex

Women 7

Men 11

Diagnosis

Fibroblastic and myofibroblastic tumors 12

Histiocytic and dendritic cell neoplasms 3

Other benign tumors 3
Material and Methods

Patient Cohort

Between August 2016 and June 2023, 248 pediatric and young
adult patients with relapsed, refractory, or high-risk primary
solid tumors, as well as secondary malignancies (hereafter
referred to as the "primary cohort"), were prospectively enrolled
in the Pediatric Precision Oncology Program at the Department
of Pediatric Oncology at University Hospital Brno to undergo
comprehensive molecular profiling. Two hundred twenty-four
patients were referred for testing directly from the Department
of Pediatric Oncology at University Hospital Brno, and 24 pa-
tients were referred through a collaboration with the Depart-
ment of Pediatrics and Adolescent Medicine at the Medical
University of Vienna. In addition to the primary cohort, 18 pa-
tients with benign recurrent tumors or other difficult-to-treat
nonmalignant conditions enrolled at the Department of Pediat-
ric Oncology at University Hospital Brno were included as well
(subsequently referred to as the "secondary cohort"). Basic de-
mographic and clinicopathological information for both cohorts
is summarized in the Table.

In this study, the primary cohort was subdivided into 3 diag-
nostic categories. Central nervous system (CNS) tumors consti-
tuted the largest subgroup, representing 41% of the cases. This was
2

closely followed by sarcomas, which accounted for 34%, and a
heterogeneous group of other solid tumors comprising 25%.

The secondary cohort predominantly consisted of patients
with fibroblastic and myofibroblastic tumors, making up 67% of
this group. This subgroup comprised tumors diagnosed as des-
moid fibromatosis (n ¼ 4), infantile fibromatosis/lipofibromatosis
(n¼ 3), infantile myofibromatosis (n¼ 2), inclusion body infantile
digital fibromatosis (n ¼ 2), and plantar fibromatosis (n ¼ 1).
Additional conditions in this cohort included histiocytic neo-
plasms, schwannoma, hemangioendothelioma, and myxoma.

http://creativecommons.org/licenses/by/4.0/
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Whole-Exome Sequencing

For whole-exome sequencing, DNA from peripheral blood was
extracted using QIAamp DNA Micro Kit (Qiagen). Matched tumor
samples were extracted from either formalin-fixed paraffin-
embedded (FFPE) or frozen tissues using either the QIAmp FFPE
Tissue Kit or DNeasy Blood & Tissue Kit (Qiagen). Sequencing li-
braries were prepared using the TruSeq DNA Exome (Illumina) for
233 cases and the KAPA HyperExome (Roche) for 33 cases.
Sequencing was performed using NextSeq 500/550 Mid Output
Kit (150 cycles) on the NextSeq 500 (Illumina) platform in a
paired-end setting with read lengths of 2 � 75 bp. Obtained reads
were aligned to the GRCh37 reference genome for libraries pre-
pared with the TruSeq DNA Exome kit and to GRCh38 for libraries
prepared with the KAPA HyperExome panel, using the BWA-MEM
(v0.7.17) algorithm11 with default settings. PCR duplicates were
removed using Picard tools (v2.27.1).12 Aligned BAM files were
sorted and processed using SAMtools (v1.12).13 The alignment
quality was assessed using Qualimap (v2.2.2)14 and Picard tools
(v2.27.1).12 The codes for DNA alignment and alignment quality
control can be found within the repository at https://github.com/
orgs/BioIT-CEITEC/repositories. Apart from the mean coverage
metric, quality assessment focused on the percentage of the target
regions with at least the given depth of coverage as per the Cu-
mulative genome coverage feature of the Qualimap tool, aiming
for over 90% of the captured regions to achieve at least �20
coverage. Germline variant calling involved an integrative
approach using 3 variant callers: GATK HaplotypeCaller
(v4.2.4.0),15 VarDict (v1.8.3),16 and Strelka (v2.9.10).17 The default
settings for variant detection were used with defined targeted
regions. The detected variants were normalized using the bcftools
norm command.13 The variants' VCF files weremerged using GATK
MergeVcfs18 and annotated with Ensemble Variant Effect Predic-
tor (v95).19 The code is available at https://github.com/BioIT-
CEITEC/germline_small_var_call. For somatic variant calling, the
SomaticSeq (v3.6.2) pipeline20 was employed, with the use of
VarDict (v1.8.3),16 Strelka (v2.9.10),17 GATK Mutect2 (v4.2.4.0),21

Lofreq (v2.1.5),22 and VarScan (v2.4.4).23 Similar to germline
variant calling, the defined targeted regions were used for somatic
variant calling as well. The following additional parameters were
used for the respective variant callers: lofreq (–call-indels), MuSE
(-D -E), GATK Mutect2 (default), Strelka (–disableEVS -exome),
varscan (–strand-filter 0 –P value .95 –min-var-freq 0.05). The
variants were merged within the SomaticSeq pipeline with ar-
guments (–minimum-num-callers 0.4 paired). The code is avail-
able at https://github.com/BioIT-CEITEC/somatic_small_var_call.
Identified variants were initially filtered to include only non-
synonymous single nucleotide variants (SNVs), insertions, and
deletions in coding and adjacent noncoding regions with a pop-
ulation frequency of <1%, as per the gnomAD database.24 Subse-
quent analysis was specifically focused on variants within 354
cancer-related genes for germline exome and 780 cancer-related
genes with a variant allele frequency exceeding 5% for the so-
matic exome. Manual inspection to exclude false-positive variant
calls was performed using Integrative Genomics Viewer (IGV)
software.25 Germline variants were classified according to the
American College of Medical Genetics guidelines,26 and their
significance was assessed using the HGMD database27 and Clin-
Var.28 Somatic variants were deemed clinically significant and
were reported if they were annotated in databases of genetic
variants (including the OncoKB database,29 The Clinical Knowl-
edgebase by Jackson’s Laboratory,30 MD Anderson’s Personalized
Cancer Therapy Knowledgebase,31 and COSMIC32), described in
scientific literature, resulted in the truncation of a tumor
3

suppressor gene or altered a recurrently mutated residue even if
the variant itself was not thoroughly characterized. Tumor
mutational burden (TMB) was calculated from somatic SNVs
found in coding sequences as previously described.33 Synonymous
variants and variants with <5% VAF were filtered out. Small in-
sertions and deletions were not included in the calculations
because they tend to be called with high false-positive rates and
could potentially lead to TMB overestimation. The sum of the
remaining SNVs was then divided by the size of the capture panel
in megabases. The code is available at https://github.com/BioIT-
CEITEC/somatic-tumor-mutational-burden.
Targeted RNA Sequencing

RNA was extracted from either frozen or FFPE tissue using
miRVana miRNA Isolation Kit (ThermoFisher Scientific) and sub-
sequently treated with the DNA-free DNA Removal Kit (Thermo-
Fisher Scientific). Sequencing libraries were prepared using
TruSight RNA Pan-Cancer Panel covering 1358 cancer-associated
genes, loaded onto NextSeq 500/550 Mid Output Kit (150 cy-
cles), and sequenced on the NextSeq 500 platform in a paired-end
setting with read lengths of 2 � 75 bp. Sequencing reads were
aligned to the GRCh38 reference genome using STAR aligner
(v2.7.3a),34 with parameters set to allow the detection of fusion
genes. The alignment quality was assessed using Qualimap
(v2.2.2)14 and Picard tools (v2.25.6).12 Fusion calling was per-
formed using the Arriba (v2.1.0)35 and STARfusion (v1.10.0)36

tools, and manual verification of identified fusions was conduct-
ed using the IGV software.25 If at least 3 soft-clipped reads were
present, fusion genes were reported as true positives. The code for
fusion genes detection is available at https://github.com/BioIT-
CEITEC/fusion_genes_detection. Fusion genes were deemed clin-
ically significant and reported if theywere annotated in previously
listed databases of genetic variants or the scientific literature.
Moreover, novel in-frame fusions involving recognized cancer-
related genes were also considered to hold clinical significance.
In such cases, an independent verification was performed using
RT-PCR.
Whole-Transcriptome Profiling

In 117 cases, whole-transcriptome profiling was performed
using a microarray-based approach. Subsequently, this approach
was replaced by RNA sequencing, which was performed in 81
cases. For both techniques, RNA was extracted from frozen tissue
samples using the miRVana miRNA Isolation Kit (ThermoFisher
Scientific) and treated with the DNA-free DNA Removal Kit
(ThermoFisher Scientific).

For microarray profiling, RNA samples were processed with the
GeneChipWT PLUS Reagent Kit and hybridized onto the GeneChip
Human Gene 1.0 ST Array (ThermoFisher Scientific). GeneChips
with hybridized and labeled cDNA fragments were placed in the
GeneChip Fluidics Station 450 (ThermoFisher Scientific) and
washed. Scanning was performed with GeneChip Scanner 3000
7G (ThermoFisher Scientific). After a quality control check, array
data from each patient were combined with control array data
composed of a heterogeneous sample of 408 nondisease tissues
obtained from the ArrayExpress database,37 which composed a
control background set. Combined data were processed using a
robust multichip average algorithm implemented in the R package
oligo (version 1.62.2).38 Fold changes of genes from the patient
sample against the control background set were computed along
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with one sample t test and displayed using volcano plots. A region
of interest for overexpressed genes was considered beyond the
95th percentile of the gene’s fold change. In patients with me-
dulloblastoma, microarray data were used to predict 1 of 4 mo-
lecular subtypes defined by the 4th edition of the WHO
Classification of CNS Tumors.39 Gene expression data published by
Northcott et al40 were used to create a regression model, which
was subsequently used for subgroup prediction in a total of 7
patients.

For RNA sequencing, messenger RNA was purified using the
NEBNext Poly(A) mRNA Magnetic Isolation Module (New England
Biolabs). Sequencing libraries from the polyA-selectedmRNAwere
prepared using NEBNext Ultra II Directional RNA Library Prep Kit
(New England Biolabs) and sequenced on the NextSeq 500 plat-
form using NextSeq 500/550 Mid Output Kit (75 cycles) (Illumina)
in a single-end setting with a read length of 75 bp. Raw
sequencing reads were quality checked with FastQC and then
aligned against the GRCh37 reference genome using the R package
Rsubread (v2.12.2)41 and annotated using Gencode (v19) defini-
tions.42 A random set of 498 nondisease tissue-specific samples
(v6) from the GTEx database43 was generated and used as a con-
trol background. Read counts from the patient sample and the
control background set were combined, then normalized using
the trimmedmean of M-values method, and fold changes of genes
were calculated along with 1-sample t tests. Overexpressed genes
were generally considered those beyond the 95th percentile of
their fold change value, similar to GeneChip data. The code for
differential expression is available at https://github.com/
robinjugas/transcriptome_analysis.
Copy Number Variation Analysis

Copy number variation (CNV) analysis was initially performed
in only selected cases and was eventually integrated into the
workflow in 2019. CNV detection was primarily conducted using
array comparative genomic hybridization (aCGH), which was
performed in 113 cases. In 34 cases, multiplex ligation-dependent
probe amplification (MLPA) was employed. The remaining 5 cases
were analyzed through low-coverage whole-genome sequencing
(lcWGS). For aCGH and lcWGS, DNA was isolated from frozen
tissue using the DNeasy Blood & Tissue Kit (Qiagen). For MLPA,
DNA was isolated either from frozen or FFPE tissue using the
DNeasy Blood & Tissue Kit and the QIAmp FFPE Tissue Kit (Qia-
gen), respectively.

Oligonucleotide aCGH was performed using the SurePrint G3
Cancer CGH þ SNP Microarray Kit, 4�180K (Agilent). Sample DNA
and sex-matched control DNA (Human Genomic DNA, Agilent)
were restricted, labeled, and purified with the SureTag Complete
DNA Labeling Kit according to the manufacturer’s protocol (Agi-
lent). The quality of DNA was assessed using a NanoDrop 2000c
Spectrophotometer (ThermoFisher Scientific) to ensure that it was
within an optimal range for both the patient and reference sam-
ple. Hybridization was performed with Oligo aCGH/ChIP-Chip
Hybridization Kit (Agilent) according to the manufacturer’s pro-
tocol and conducted for 24 hours at 67�C. Arrays were scanned
using the SureScan High Resolution Microarray Scanner (Agilent).
Data were imported using the Feature Extraction V.5.0.2.1 soft-
ware, and results were analyzed using CytoGenomics Analysis
software v5.1.2.1 (Agilent). All genomic coordinates were estab-
lished using the human reference genome GRCh38.

MLPA was performed using SALSA MLPA Probemix P175-B1
Tumour Gain and SALSAMLPA Probemix P294-C1 Tumour Loss, in
conjunction with FAM-labeled SALSA MLPA Reagent Kit (MRC).
4

Capillary electrophoresis was carried out on the ABI 3130XL device
(Applied Biosystems). Data were evaluated using the Coffalyser.
Net software.

Libraries for lcWGS were prepared using the TruSeq DNA PCR-
Free kit (Illumina) and quantified with the KAPA Library Quanti-
fication Kit (Roche). Sequencing was performed using the NextSeq
500/550 Mid Output Kit (300 cycles) on the NextSeq 500 (Illu-
mina) platform in a paired-end setting with read lengths of 2 �
150 bp, aiming at a �3 mean coverage. Obtained reads were
aligned to the GRCh38 reference genome using the BWA-MEM
(v0.7.17)11 algorithm with default parameters and subsequently
processed by SAMtools (v1.12).13 CNVs were called using the
ControlFREEC (v11.6) tool44 with parameters set to almost default
settings (window ¼ 50,000, ploidy ¼ 2, breakPointThreshold ¼
0.8). The code for the analysis is available at https://github.com/
BioIT-CEITEC/cnv_analysis.
Expert Evaluation of the Molecular Findings

All findings from individual cases were routinely reviewed by a
multidisciplinary panel of experts, the molecular tumor board, at
the Department of Pediatric Oncology of University Hospital Brno,
Czech Republic. Actionable findings were defined as specific ge-
netic changes with clinical or preclinical evidence indicating their
potential as predictive biomarkers for response to regulatory-
approved targeted inhibitors or alterations resulting in analo-
gous effects on protein function.
Methylation Profiling

Methylation profiling was introduced toward the end of 2022
and, for the cohort discussed in this manuscript, was applied
retrospectively as an additional method in 18 cases. DNA was
extracted from frozen tissue samples using the DNeasy Blood &
Tissue Kit (Qiagen) and then subjected to bisulfite conversionwith
the EZ DNA Methylation Kit (Zymo Research). Subsequently,
samples were processed using the Infinium Methylation EPIC
BeadChip Kit and loaded onto MethylationEPIC v1.0 BeadChip
(Illumina). BeadChips were scanned using the NextSeq 550 device
(Illumina), and generated IDAT files were uploaded and processed
through the MolecularNeuropathology.org brain tumor classifier
version 12.5.45
Results

In the primary cohort, 18 subjects were excluded due to either
insufficient cancer cell content in the tumor samples (n ¼ 6) or
inadequate sequencing data quality (n ¼ 12). Consequently,
whole-exome sequencing (WES) was successfully completed in
230 patients. During the program's duration, 1 patient afflicted
with hereditary cancer-predisposing syndrome developed a sec-
ondary malignancy, augmenting the total number of successfully
analyzed tumors to 231 across the cohort of 230 patients. Addi-
tionally, targeted RNA sequencing focused on fusion transcript
detectionwas performed in 220 cases (95%), whole-transcriptome
profiling in 198 cases (86%), and CNV analysis in 152 cases (66%)
(see Fig. 1A and Supplementary Table S1). The application of these
methodologies largely depended on the availability of suitable
tumor tissue material and the integrity of the nucleic acids
necessary for successful library preparation. Selected de-
mographic data for patients from the primary cohort are
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Figure 1.
(A) Cohort flow chart illustrating patient enrollment along with a visualization of performed molecular analyses. (B) Histogram showing the distribution of patient ages
and their categorization into diagnostic groups within each age bracket. (C) Pie chart depicting the stage of disease at the time of enrollment in the respective diagnostic
groups.
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presented in Fig. 1B, C. In the secondary cohort, WES was con-
ducted on all samples, with targeted RNA sequencing additionally
performed in 16 individuals (see Fig. 1A and Supplementary
Table S2). Notably, 1 patient initially enrolled with hemangioen-
dothelioma developed a juxtaglomerular cell tumor over the
course of the study, increasing the total number of analyzed
samples to 19.
Molecular Findings in the Primary Cohort

Based on the results of somaticWES, 302 variants with known
or potential clinical significance in cancer-associated genes were
reported in 55% of cases (n ¼ 128, see Supplementary Table S3).
Among these, TP53 variants were the most prevalent and were
found in over 38% of cases. Other commonly observed alterations
were found in genes encoding for proteins involved in epigenetic
regulation or chromatin remodeling (H3-3A or other genes
encoding for H3 isoforms, ATRX, BCOR, ARID1A, CREBBP,
SMARCB1), members of the Ras/MAPK pathway (NF1, NRAS, KRAS,
and BRAF), receptor kinases (FGFR1, PDGFRA, and ACVR1), and
PI3K/Akt/mTOR pathway members (PIK3CA and PIK3R1). Genes
altered in at least 2 patients are summarized in Figure 2, whereas
comprehensive results are presented in Supplementary
Figure S1. Consistent with previous studies indicating low TMB
in pediatric tumors,46 the median TMB was 0.62 (range, 0-
263.64, see Supplementary Table S4). Four patients had a TMB
exceeding 10 mut/Mb, including 2 siblings with constitutional
mismatch repair (MMR) deficiency syndrome, who exhibited
particularly high TMB.47 In the other 2 cases, no germline pre-
disposition was identified. However, MMR deficiency was
assessed using immunohistochemistry staining for MMR pro-
teins, revealing an absence of MSH2 expression and abnormal
MSH6 expression in one case. In the other case, due to poor
cancer cell viability, the tissue was considered unsuitable for
assessment.
5

Germline predisposition analysis was carried out using WES
data; therefore, only SNVs, insertions, or deletions (InDels) were
evaluated. Pathogenic or likely pathogenic variants in zygosity
consistent with the mode of inheritance of the associated germ-
line predisposition syndromes were identified in 11% of patients
(n¼ 26, see Supplementary Table S5). Additionally, 10% of patients
(n ¼ 24) carried pathogenic or likely pathogenic variants in genes
linked to cancer predisposition syndromes inherited in an auto-
somal recessive manner. Three patients harbored pathogenic or
likely pathogenic variants in recognized susceptibility genes for
breast and ovarian cancer, including PALB2, RAD51D, and BRIP1. All
patients with confirmed germline findings and their families
received genetic counseling.

Clinically relevant fusion genes or structural variants were
identified in 28% of analyzed cases (n¼ 61), with the vast majority
having primarily diagnostic relevance (see Fig. 3A and
Supplementary Table S6). Fusion gene status was preferentially
evaluated using targeted RNA sequencing data. However, certain
rearrangements, such as CIC::DUX4, highlighted limitations in this
method as the targeted RNA panel did not adequately cover the
fusion breakpoint, resulting in false-negative results. Additionally,
the detection of specific lymphoma-associated fusions such as
IGH::MYC was constrained by this approach, necessitating their
assessment through DNA-based detection methods outside of this
study. Notably, several novel translocations involving recognized
fusion partners were identified, including a DVL3::TFE3 fusion in a
patient with renal cell carcinoma (Fig. 3B) and SRGAP3::NTRK2
fusion in a patient with neuroblastoma (Fig. 3C).

Aberrant gene expression levels were primarily used as sup-
porting evidence for concurrent genomic events (eg, gene am-
plifications) or to indicate the expression of specific gene sets,
including those related to immune checkpoints. Additionally,
increased expression of genes encoding for targetable kinases
exceeding a fold change of 0.5 was reported. However, kinase
overexpression without corresponding genomic alteration, or
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generally any specific gene expression that could not be verified at
the protein level, was approached as having a low level of evi-
dence for therapeutic planning and was deemed insufficient for
subsequent clinical decision making. Therefore, such findings are
not further reflected within the diagnostic yield of this manu-
script. Moreover, transcriptomic microarray profiling was
employed to differentiate among the 4 subtypes of medulloblas-
toma as defined by the 4th edition of the WHO classification of
CNS tumors.39 Since the end of 2022, this approach has been
replaced with methylation profiling.45

Copy number changes were detected in 85% of analyzed cases
(n ¼ 129). The majority (n ¼ 110) presented with complex kar-
yotypes characterized by whole-chromosomal or segmental gains
and losses across multiple chromosomes. Sixteen patients showed
changes involving only a single chromosome, and a polyploid
genomewas identified in 3 patients. Given their significant clinical
implications, the analysis of CNVs focused particularly on onco-
gene amplifications, defined as 5 or more copies of the respective
genes, and biallelic deletions of tumor suppressor genes. Although
the majority of identified chromosomal aberrations involved
single-copy changes, 19 patients exhibited amplifications, some of
which affected critical oncogenes such as MYCN, MYC, CDK4,
MDM2, PDGFRA, KIT, MET, or SMO. Additionally, 10 patients
harbored biallelic tumor suppressor deletions, 5 of which included
the CDKN2A/B locus (see Supplementary Table S7).

A multidisciplinary panel of experts routinely reviewed all
findings from individual cases, and actionable findings were found
6

in 38% of patients (n ¼ 87, see Supplementary Table S8). The
prevalence of actionable findings varied across diagnostic groups,
with CNS tumors showing the highest rate at 53%, followed by
other solid tumors at 37% and sarcomas at 20%. The most common
actionable alterations were SNVs and InDels, found in 61 patients
either as isolated events or in combinationwith other events, such
as copy number loss or loss of heterozygosity that inactivated the
second allele. Gene fusions or other structural variants were the
second most common actionable finding (n ¼ 11), followed by
CNVs as standalone events (n ¼ 7) and high TMB (n ¼ 4). In 4
additional cases, a concurrent presence of SNV or InDel with a CNV
in different genes was identified. Overall, WES was proven as the
most effective approach for generating actionable findings across
most diagnostic units in our cohort, with the exception of astro-
cytic gliomas exhibiting predominantly actionable gene fusions
(see Fig. 4A). Therapeutic recommendations based on these find-
ings included MEK inhibitors (n ¼ 26), receptor tyrosine kinase
inhibitors (n ¼ 15), EZH2 inhibitors (n ¼ 13), combinations of
various agents (n ¼ 11), PI3K inhibitors (n ¼ 6), and other treat-
ments (n ¼ 16) (see Fig. 4B, C).
Sequential Tumor Samples

Over the stipulated study interval, 31 subjects from the cohort
underwent multiple biopsies due to relapse or progression of the
disease, with the total number of consecutive biopsy samples



Figure 3.
(A) Results of fusion gene analysis showing the respective findings in each disease category. The analysis yielded several newly identified rearrangements with known fusion
partners, including DVL3::TFE3 (B) in a patient diagnosed with renal cell carcinoma and SRGAP3::NTRK2 (C) in a patient diagnosed with neuroblastoma.
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ranging from 2 to 5 (2 biopsies: n ¼ 25, 3 biopsies: n ¼ 3, 4 bi-
opsies: n ¼ 2, 5 biopsies: n ¼ 1). For 2 patients, prior biopsy
specimens were additionally analyzed to track the evolution of the
tumor. Of these 33 patients, 15 were diagnosed with sarcomas, 14
with CNS tumors, and the remainder with other solid tumors.

In cases with 2 consecutive biopsies, the proportion of shared
SNVs and InDels varied between 2% and 66% (see Fig. 5A). For
patients with 3 or more biopsies, the number of consistent vari-
ants across all samples ranged from 1 to 52, with an additional 1 to
25 variants shared between various biopsy time points (see
Fig. 5B). Similarly, qualitative differences in the spectrum of
chromosomal aberrations were observed in cases with available
CNV data, with the exception of 2 cases where no chromosomal
aberrations were detected in any of the analyzed samples. The
median change in TMB was an increase of þ0.34 mut/Mb from the
previous biopsy, with changes ranging from�2.19 to þ85.95 mut/
Mb (visualized in Fig. 5C). Despite the low observed overlap, most
patients with tumors characterized by a single or few driver al-
terations retained these alterations in subsequent biopsies (see
Supplementary Table S9). This suggests that the changesmay have
primarily impacted passenger variants. Moreover, 10 of these pa-
tients harbored additional known or potentially significant SNVs
or InDels, indicating that some of these newly acquired variants
may also contribute to tumor evolution or treatment resistance.

A key point of interest was whether tumor evolution might
reveal new therapeutic opportunities. Initially, 11 patients pre-
sented with therapeutically actionable genomic alterations. In 9 of
these cases, the alteration was retained in subsequent biopsies. In
1 patient, the initially detected targetable alteration in the PIK3CA
gene was no longer detectable after targeted therapy and was
7

replaced by a mutation in a different gene within the same
signaling pathway, namely, PIK3R1. In another, a targetable KRAS
alteration was absent at relapse despite not being previously tar-
geted for treatment. Among patients who initially lacked action-
able alterations, only 2 later developed potentially targetable
changes; one involved a CDKN2A/B deletion, potentially unde-
tected in earlier biopsies due to the absence of CNV data, and the
other a splicing variant in the ATR gene at disease progression. In
the remaining patients, no new predictive biomarkers were
identified.
Molecular Findings in the Secondary Cohort

Patients in the secondary cohort presented with diverse con-
ditions, which are often driven by a single molecular alteration. In
19 analyzed samples, a well-established or suspected driving
alteration was identified in 89% of cases (n ¼ 17). The results and
information on whether their presence holds potential thera-
peutic implications are summarized in Figure 6A and
Supplementary Table S10. The identified alterations were thera-
peutically actionable in 47% of cases (n ¼ 9), leading to recom-
mendations for matched targeted treatments (see Fig. 6B, C).

In the subgroup of fibroblastic and myofibroblastic tumors,
common CTNNB1 variants affecting codons Thr41 and Ser45
were found in patients with desmoid and plantar fibromatosis.
In infantile fibromatosis/lipofibromatosis cases, molecular
findings were more varied, revealing somatic findings of EGFR
exon 20 in-frame insertion and NTRK1 fusion, as well as
germline variant in the ACVR1 gene. The identification of the
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ACVR1 variant subsequently had an impact on diagnosis
assessment, as discussed in the following section of the
manuscript. The 2 patients with infantile myofibromatosis were
siblings who harbored a pathogenic PDGFRB variant with an
additional somatic mutation in the Asn666 residue, as detailed
in a separate case report.49 Notably, in 2 cases of inclusion body
infantile digital fibromatosis, identical somatic mutations in the
FLNA gene, FLNA(NM_001110556.2):c.2326G>A p.(Gly776Ser),
were found (see Fig. 6D). Patients with histiocytic neoplasms
presented alterations in the Ras/MAPK pathway, including 2
BRAF variants and 1 MAP2K1 variant. Additionally, an IDH2
variant was detected in a case of hemangioendothelioma, and
concurrent inactivating variants in SMARCB1 and NF2 were
found in a patient with schwannoma.
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Refinements of Original Histopathological Diagnoses Based on
Molecular Findings

In the primary cohort, the use of WES and RNA sequencing
resulted in refinements to the initial histopathological diagnoses
in 4% of cases (n ¼ 10) (see Supplementary Table S11), largely due
to emerging updates introduced in either the fourth or the fifth
edition of the WHO classification of CNS tumors. In 9 of 10 cases,
identified alterations informed diagnostic evaluation and treat-
ment decision making prospectively. The remaining case was
reclassified 3 years after the discovery of a previously unknown
EWSR1::PLAGL1 fusion gene, which was later established by
Sievers et al50 as a hallmark alteration for a newly identified entity
known as PLAGL1 fusion-driven neuroepithelial tumor. Toward
7 5 5 3 2 2 2 2 2 2 2 2 1 1 1 1 1 1 1 1 1 1 1

24

129

127

132

354

101

31

15

65

98

23

89

35

83

109

32

66

84

82

124

254

131

Variants per sample

isualizing an overlap between the respective samples in patients with 3 or more
ic category. TMB, tumor mutational burden.



FLNA
NM_001110556

2 G776S2

CH Calponin homology domain; actin-binding domain which may be present as ...

other putative actin binding surface [polypeptide binding]

CH Calponin homology domain

Filamin Filamin/ABP280 repeat

IG_FLMN Filamin-type immunoglobulin domains

MISSENSE, n=2

A B C

D

SMARCB1

NTRK1

NF2

MAP2K1

IDH2

EGFR

ACVR1

PDGFRB

FLNA

BRAF

CTNNB1

6%

6%

6%

6%

6%

6%

6%

12%

12%

12%

29%

0 5

Diagnosis
Treatment

missense_variant
fusion_gene
inframe_insertion

inframe_deletion
stop_gained

Actionable alteration
No treatment implications

Fibroblastic and myofibroblastic tumors
Histiocytic neoplasms
Other benign tumors

0

1

2

3

4

RTK
inhibitors

MEK
inhibitors

BRAF V600E
inhibitors

EZH2
inhibitors

IDH
inhibitors

N
um

be
r o

f p
at

ie
nt

s

Other benign tumors

Histiocytic neoplasms

Fibroblastic and
myofibroblastic tumors

0

1

2

3

4

RTK
inhibitors

MEK
inhibitors

BRAF V600E
inhibitors

EZH2
inhibitors

IDH
inhibitors

N
um

be
r o

f p
at

ie
nt

s

IDH2 p.R172S
SMARCB1 p.E31G
MAP2K1 p.F53_Q58delinsL
BRAF activating variant*
NTRK1 fusion
EGFR  p.N771_H773dup
PDGFRB p.R561C + p.N666K/T

Figure 6.
(A) Oncoplot illustrating known or potentially significant germline and somatic alterations identified in the secondary cohort, along with an indication of whether the identified
alteration holds implications for subsequent therapeutic planning. (B, C) Therapeutic recommendations derived from findings in the secondary cohort, categorized by (B)
diagnostic group and (C) identified predictive biomarkers. (D) Depiction of the FLNA p.(Gly776Ser) variant found in inclusion body infantile digital fibromatosis patients created
using ProteinPaint.48

Petra Pokorna et al. / Lab Invest 104 (2024) 102161
the end of the study period detailed in this manuscript, the
incorporation of methylation profiling enabled the retrospective
refinement of diagnoses for 2 additional patients and confirmed
the initial diagnosis reassessment based on WES or RNA
sequencing in 4 cases. In the secondary cohort, there was only 1
case for which the diagnosis was subsequently refined. In this
case, the diagnosis was changed upon the detection of an ACVR1
germline variant from infantile fibromatosis to fibrodysplasia
ossificans progressiva, which, in its early stage, morphologically
resembled infantile fibromatosis.51

Furthermore, methods utilized within the study helped in
assessing molecularly defined subgroups of various tumor
types, including embryonal and ependymal tumors. As already
mentioned, whole-transcriptome microarray profiling was
used to predict molecular subtypes of medulloblastoma, and
targeted RNA sequencing enabled the classification of prog-
nostically distinct fusion-driven subgroups of supratentorial
ependymoma. After the introduction of methylation profiling
to the study workflow, the method was applied retrospectively
to confirm or categorize subgroups in 7 cases of posterior fossa
ependymomas and 5 cases of atypical teratoid/rhabdoid tumors
(see Supplementary Table S11).
Discussion

In this report, we detailed our experience with comprehensive
genomic and transcriptomic profiling of pediatric and young adult
patients within our precision oncology program. Over nearly 7
years since its initiation, we have analyzed ~250 patients with
various malignant and benign neoplasms, contributing to the
broader literature on this topic.

Our primary methodological approach combined WES, RNA
sequencing, and various means of CNV analysis, especially aCGH.
The methodological portfolio was chosen to include methods that
allow gaining thorough clinical insights even from FFPE tissue
samples, given the routine availability of FFPE tissues and the
logistical challenges associated with parallel frozen tissue
9

biobanking, particularly for tumors situated in complex anatom-
ical locations. However, it is important to acknowledge certain
limitations inherent to this methodology. Although comprehen-
sive, it does not match the capabilities of workflows that integrate
WGS and RNA sequencing, which are more efficient in detecting
intergenic and intrachromosomal structural variations and
assessing mutational signatures.52 The practicality of WGS/RNA
sequencing, however, may be hindered by the need for substantial
representative tumor tissue and the high demands for DNA input,
sequencing capacity, computational resources, and storage ca-
pacity, which can limit its broader application.

The increasing prevalence of large scale profiling in research
and clinical settings underscores the shift towardmethods such as
WES or WGS. However, many diagnostic laboratories currently
favor multigene sequencing panels, which, if not customized, may
not be ideally suited for pediatric populations due to the focus of
commercially available solutions on alterations observed in adult
malignancies. Given the real-world setting of this study, the
transferability of its findings to clinical practice holds significant
importance for all authors involved, and recent discoveries of key
molecular alterations in pediatric tumors, some of which became
critical for accurate diagnosis,53 underscores the urgent need for
broader implementation of pediatric molecular diagnostics and
either the development of tailored multigene testing panels that
effectively capture clinically relevant information for this de-
mographic, or utilization of WES/WGS approach. Enhancing
accessibility to large scale genomic techniques necessitates
continuous improvements in bioinformatics, data analysis, inter-
pretation, and standardization. Additionally, establishing robust
financial reimbursement systems is essential to support these
advancements.

Nonetheless, the advantages of large scale approaches remain
undeniable, particularly in the identification of novel hallmark
drivers. In our study, this was exemplified in patients with inclu-
sion body infantile digital fibromatosis, where identical missense
mutations in the FLNA gene were observed. Inclusion body in-
fantile digital fibromatosis currently has no reported hallmark
somatic alterations. When of germline origin, FLNA variants are
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associated with a range of X-linked conditions, including terminal
osseous dysplasia characterized by recurrent digital fibromas
during infancy.54 This finding suggests a possible causal rela-
tionship with sporadic fibroma development in our patients.
Further investigation is warranted to validate the presence of FLNA
alterations in a broader cohort and to elucidate their role in dis-
ease pathogenesis.

In assessing the primary outcome of this program, the attain-
ment of therapeutically actionable findings, we achieved an
overall yield of 38% in the primary cohort. This rate is comparable
with rates reported in international studies such as INFORM (43%
rate when considering genetically altered actionable targets)5 and
Pediatric MATCH (31.5% rate).9 However, our findings align with
the lower spectrum of published data, where some studies have
reported yields as high as 54% to 82%.3,6-8,10 Variations in these
outcomes can be attributed to several factors, including the
composition of the primary cohort and the specific challenges
associated with pediatric oncology, such as the scarcity of
matched targeted treatments tailored to the unique molecular
profiles of pediatric tumors. These challenges are particularly
pronounced in cases where hallmark alterations may be either
poorly understood or considered nontargetable. Interestingly,
several promising approaches55,56 are emerging to address these
challenges, and new investigational medicinal products are
entering early-phase clinical trials.57,58 Nevertheless, investiga-
tional medicinal products were not included in our therapeutic
recommendations.

Furthermore, the criteria for defining the "actionability" of
genomic alterations vary significantly, which influences the
overall rate of actionable findings. For example, alterations that
were considered only prognostic within our study, such as TP53
variants or MYC and MYCN amplifications, have been explored for
their potential as predictive biomarkers for specific novel in-
hibitors59-61 and were therefore utilized by other programs for
treatment recommendations.6,8 In some studies, expanding the
scope of actionability to consider significantly overexpressed
genes dramatically increased the proportion of actionable find-
ings, as observed in the INFORM study,5 where actionable targets
increased from 43% to 85.9% when such criteria were included.
This discrepancy in the assessment of actionability highlights the
ongoing debate and lack of consensus among experts, which is
further complicated by varying target prioritization algorithms
and differing expert opinions across studies.

In the secondary cohort, a slightly higher yield of therapeuti-
cally actionable findingswas achieved, reaching 47%. Typically, the
conditions within this cohort are managed either conservatively,
by surgery, or by other means of standard treatment. However, for
cases exhibiting aggressive behavior, recurrence, or resistance to
conventional treatments, targeted therapies might offer a
considerable advantage.48,62,63 The decision to use targeted ther-
apies in these conditions always depends on individual patient
factors, including the genetic profile of the tumor and the avail-
ability of targeted therapeutic options. Nevertheless, as clinical
research advances, we might see more definitive roles for these
therapies in standard therapeutic guidelines.

Germline predisposition to cancer development was detected
in 11% of patients, which falls within the previously reported
range of 7.5% to 22%.4-8,10 Notably, several germline findings
included variants in genes that are not typically associated with
pediatric tumors but can serve as predictive markers in various
adult tumors. This ultimately requires cautious interpretations in
regard to further therapeutic planning. For instance, BRCA1/2
variants were found in 7 patients, but only 1 exhibited a loss of the
second allele, indicating possible homologous recombination
10
deficiency (HRD) in the tumor. Overall, among patients identified
with likely pathogenic or pathogenic heterozygous germline var-
iants in homologous recombination repair genes, only 2 exhibited
a second somatic hit that led to the inactivation of protein func-
tion. Recently, the KiCS study authors demonstrated that in-
dividuals with such germline predisposition might show HRD-
specific mutational signature 3 despite lacking the second so-
matic hit, pointing to potential epigenetic or other mechanisms
leading to HRD.10 Because our study did not employ WGS, we
could not provide the necessary rationale for PARP inhibitors
administration and therefore discounted those findings as thera-
peutically actionable.

One of the key aspects of molecular profiling, frequently
highlighted in precision oncology studies, is the ability to revise
original histopathological diagnoses based on molecular find-
ings. For this purpose, methylation profiling has proven effective
in reclassifying broad diagnostic groups, including CNS tumors
and sarcomas.45,64 Although methylation profiling was not
incorporated until later in the project, our comprehensive
workflow still enabled refinements to the initial histopatholog-
ical diagnoses in 4% of cases, which aligns with the rates pub-
lished within other studies.5-8,10 Many adjustments trace back to
the project's early stages when the 4th edition of the WHO
Classification of CNS Tumors39 introduced new molecular
markers as hallmarks of specific tumor types. Although those
will not be discussed further here, several notable examples
underscore the importance of this approach. These include, for
instance, a case morphologically appearing as papillary epen-
dymoma that was reclassified as astroblastoma, MN1-altered
based on the presence of the MN1::BEND2 fusion. Another case
included a tumor histologically assessed as a diffuse lep-
tomeningeal glioneuronal tumor that harbored FGFR1 and
PTPN11mutations instead of the hallmark KIAA1549::BRAF fusion
and 1p deletion. Although the 2 detected alterations are rather
common for dysembryoplastic neuroepithelial tumors (DNET),
the lack of common DNET-associatedmorphologic features led to
a provisional diagnosis of a low-grade glioneuronal tumor with
FGFR1 alteration. This reinforces the necessity for integrating
molecular analyses with histopathology and immunohisto-
chemistry to establish accurate diagnosis. Such integration,
emphasized in the 5th edition of the WHO Classification of CNS
Tumors53 and the newly published WHO Classification of Pedi-
atric Tumors,65 exemplifies the transformative role of molecular
profiling in modern pathology.

Similarly, the benefit of integrating comprehensive profiling
also applies to the discovery of previously unpublished driving
alterations in selected solid tumors. Despite data from various
studies2-10 and extensive pan-cancer pediatric cohorts,46,66 rare
patient subsets within specific diagnostic groups may still be
underrepresented. A striking example is the identification of the
SRGAP3::NTRK2 fusion gene in a neuroblastoma case, a rare
instance where this tumor is driven by NTRK2 rearrangements.
Although the expression of Trk receptor kinase isoforms has been
linked to various clinical outcomes in these patients,67 this is the
first report on the presence of NTRK genomic rearrangements in
neuroblastoma patients to our knowledge.

In summary, the integration of advanced genomic and tran-
scriptomic technologies has enabled the personalization of the
treatment of diverse malignancies. As we work to translate these
advances into broad clinical applications, it is essential to foster
collaborative efforts among researchers, clinicians, and policy-
makers, which are necessary to unlock the full potential of pedi-
atric precision oncology and ensure its successful implementation
across health care settings.
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