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1. ABSTRACT 

Mantle cell lymphoma (MCL) remains one of the most challenging B-cell lymphomas, known 

for frequent relapses and poor outcomes in high-risk subgroups. Information about the clonal 

development of MCL and the genomic landscape of relapsed patients with MCL is still scarce, 

and such patients are in urgent need of more sophisticated therapies. Additionally, a group of 

aggressive non-Hodgkin lymphomas (NHLs) still lacks sufficiently effective preclinical 

models, and their complex characterization is of utmost importance for developing reliable 

experimental models.  

Our whole-exome sequencing study of 25 paired diagnostic and relapse samples from MCL 

patients treated with standard immunochemotherapy revealed significant clonal evolution 

during disease progression. Resistant subclones, which were enriched for harmful genetic 

lesions such as TP53 and CDKN2A inactivation, were likely present at diagnosis and were 

selected by therapy. At relapse, these clones exhibited increased genetic diversity, characterized 

by a higher mutation load, more extensive and numerous copy number alterations, and notably 

higher variant allele frequencies of TP53 mutations. We also identified new relapse-associated 

candidate drivers, including LRP1B, KMT2D, SP140, NOTCH1/2, PIK3CA, and GNA14, 

which highlights the complexity of clonal dynamics and points to potential biological mediators 

of resistance. These results also underscore the limited effectiveness of chemotherapy in 

patients with TP53 and CDKN2A inactivation and support early consideration of innovative 

treatments, such as genetically engineered T-cell immunotherapies, for this high-risk group. 

In parallel, we performed a detailed characterization of 15 newly developed patient-derived 

xenograft (PDX) models of aggressive lymphomas, including MCL, Diffuse Large B-cell 

Lymphoma, Burkitt lymphoma, and T-cell lymphomas. Whole-exome sequencing confirmed 

that PDX models accurately preserved the genetic profiles of the original lymphomas, 

maintaining both mutational patterns and copy number variations. However, detailed 

histopathological analyses revealed consistent phenotypic differences. PDX tumors showed 

more aggressive morphology, higher proliferation rates, and a significant reduction in tumor 

microenvironment (TME) complexity. Notably, human non-malignant immune cells were 

absent, murine macrophages did not infiltrate the tumors, and vascularization was limited to 

murine vessels with significantly decreased microvessel density and area compared to the 

original biopsies. These differences highlight that, while PDXs are highly relevant translational 

tools, they portray tumors with reduced dependence on human TME components and should be 
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interpreted with caution in studies focusing on angiogenesis, immune responses, or therapies 

that depend on the microenvironment. 

Taken together, these two complementary studies enhance our understanding of MCL 

pathogenesis and offer crucial insights for translational lymphoma research. They show how 

chemotherapy influences clonal evolution by selecting for genetically complex, therapy-

resistant subclones, highlighting the need to incorporate new therapeutic strategies into initial 

treatment plans. Additionally, they demonstrate that PDX models are valuable yet imperfect 

tools that retain the key genetic features of aggressive lymphomas, albeit in a different 

microenvironmental context, highlighting both their advantages and limitations for preclinical 

and clinical studies. Overall, this work offers novel insights into the pathophysiology of MCL 

and provides a strong foundation for enhancing risk stratification in MCL. Additionally, it 

increases the translational relevance of experimental models, ultimately supporting the 

development of more effective treatments for aggressive lymphomas. 

Keywords: aggressive lymphomas, mantle cell lymphoma, genomic landscape, clonal 

development, patient-derived xenografts 
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2. ABSTRAKT  

Lymfom z bunŊk pl§ġtŊ (MCL) zŢst§v§ nad§le jedn²m z nejobt²ģnŊji l®ļitelnĨch B-bunŊļnĨch 

lymfomŢ, kterĨ se vyznaļuje ļastĨmi relapsy a nepŚ²znivĨm prŢbŊhem. Zejm®na vysoce 

rizikov², relabuj²c² a refraktern² pacienti nal®havŊ potŚebuj² efektivnŊjġ² terapeutick® pŚ²stupy. 

Souļasn§ m²ra pozn§n² genetick®ho profilu a klon§ln²ho vĨvoje u relabuj²c²ch pacientŢ, jeģ by 

mohla v®st ke zlepġen² progn·zy tŊchto pacientŢ, je st§le nedostateļn§. Skupina agresivn²ch 

non-hodgkinskĨch lymfomŢ (NHL), kam patŚ² i MCL, rovnŊģ postr§d§ dostateļnŊ efektivn² 

preklinick® modely, jejichģ komplexn² charakterizace je z§sadn² pro vĨvoj spolehlivĨch 

experiment§ln²ch syst®mŢ a pozn§n² biologie choroby. 

Naġe celoexomov§ analĨza 25 p§rovĨch vzorkŢ, z²skanĨch od pacientŢ s MCL a odebranĨch 

pŚi stanoven² diagn·zy a pŚi relapsu po standardn² imunochemoterapii, prok§zala vĨznamnou 

klon§ln² evoluci bŊhem progrese onemocnŊn². Rezistentn² (sub)klony, obohacen® o z§vaģn® 

genetick® aberace, zejm®na inaktivace genŢ TP53 a CDKN2A, byly s nejvŊtġ² pravdŊpodobnost² 

pŚ²tomny jiģ v dobŊ diagn·zy a n§slednŊ selektov§ny l®ļbou. V relapsu vykazovaly tyto klony 

vyġġ² genetickou heterogenitu, vyj§dŚenou zvĨġenou mutaļn² n§loģ², rozs§hlejġ² a poļetnŊjġ² 

zmŊny v mnoģstv² genovĨch kopi², a vĨraznŊ vyġġ² alelick® frekvence mutac² TP53. 

Identifikovali jsme rovnŊģ potenci§ln² nov® kandid§tn² geny spojen® s relapsem, mimo jin® 

LRP1B, KMT2D, SP140, NOTCH1/2, PIK3CA a GNA14, coģ poukazuje na komplexn² klon§ln² 

dynamiku a naznaļuje moģn® biologick® mechanismy rezistence. Tato zjiġtŊn² souļasnŊ 

podtrhuj² omezenou ¼ļinnost souļasn® chemoimunoterapie u pacientŢ s inaktivac² TP53 a 

CDKN2A a podporuj² ļasn® zaŚazen² inovativn²ch l®ļebnĨch strategi², jako je imunoterapie 

s geneticky modifikovanĨmi autologn²mi T-lymfocyty, u t®to vysoce rizikov® skupiny.  

SouļasnŊ jsme provedli detailn² charakterizaci 15 novŊ vyvinutĨch myġ²ch modelŢ (PDX) 

odvozenĨch od pacientŢ s agresivn²mi lymfomy, reprezentovanĨmi lymfomem z bunŊk pl§ġtŊ, 

difuzn²m velkobunŊļnĨm B-lymfomem, BurkittovĨm lymfomem a T-bunŊļnĨmi lymfomy. 

Celoexomov§ analĨza potvrdila, ģe PDX modely vŊrnŊ kop²ruj² genetickĨ profil pŢvodn²ch 

lymfomŢ, vļetnŊ mutaļn²ho spektra a zmŊn poļtu genovĨch kopi². Podrobn§ histopatologick§ 

analĨza vġak odhalila nŊkter® fenotypov® odliġnosti. PDX n§dory vykazovaly agresivnŊjġ² 

morfologii, vyġġ² proliferaļn² aktivitu a vĨznamnou ztr§tu homogenity n§dorov®ho 

mikroprostŚed². V r§mci analĨzy nebyly detekov§ny lidsk® nemalign² imunitn² buŔky, n§dory 

rovnŊģ postr§daly infiltraci myġ²mi makrof§gy, a vaskularizace byla tvoŚena pouze myġ²mi 

c®vami s vĨraznŊ niģġ² hustotou a plochou c®v ve srovn§n² s pŢvodn²mi biopsiemi. Tyto rozd²ly 
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ukazuj², ģe aļkoliv jsou PDX modely mimoŚ§dnŊ cennĨm translaļn²m n§strojem, vykazuj² 

menġ² z§vislost na lidskĨch sloģk§ch mikroprostŚed² a jejich vyuģit² by proto mŊlo bĨt 

posuzov§no s opatrnost² zejm®na ve studi²ch zamŊŚenĨch na angiogenezi, imunitn² odpovŊŅ ļi 

terapie, c²l²c² na mikroprostŚed². 

ObŊ vĨġe zm²nŊn® studie, detailnŊ popsan® v t®to pr§ci, tak rozġiŚuj² naġe pozn§n² patogeneze 

agresivn²ch lymfomŢ, v ļele s MCL, a pŚin§ġej² kl²ļov® podnŊty pro jejich dalġ² translaļn² 

vĨzkum. Ukazuj², jak chemoimmunoterapie formuje klon§ln² vĨvoj selekc² geneticky 

komplexn²ch a terapii odolnĨch subklonŢ, a svĨm klinickĨm pŚesahem podtrhuj² potŚebu 

zaŚazen² novĨch terapeutickĨch strategi² jiģ v ¼vodu l®ļby. SouļasnŊ dokl§daj², ģe PDX modely 

jsou sice nepostradatelnĨm, avġak ne zcela bezchybnĨm n§strojem, kterĨ vŊrnŊ zachov§v§ 

z§sadn² genetick® charakteristiky agresivn²ch lymfomŢ, a to i pŚes zmŊny v n§dorov®m   

mikroprostŚed². Studie tak zdŢrazŔuje jejich pŚednosti i limity v preklinick®m a klinick®m 

vĨzkumu. CelkovŊ tato pr§ce poskytuje Śadu novĨch patofyziologickĨch poznatkŢ o 

genetick®m prostŚed² MCL a pevnĨ z§klad pro zdokonalen² rizikov® stratifikace t®to choroby. 

RovnŊģ dokl§d§ vysokou relevanci experiment§ln²ch modelŢ v translaļn²m a klinick®m 

vĨzkumu, s koneļnĨm c²lem urychlit vĨvoj ¼ļinnŊjġ²ch terapi² pro agresivn² lymfomy. 

Kl²ļov§ slova: agresivn² lymfomy, lymfom z bunŊk pl§ġtŊ, genetick§ krajina, klon§ln² vĨvoj, 

xenografty odvozen® od pacientŢ 
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3. LIST OF AB BREVIATIONS  

SYMBOL  NAME  

ABC Activated B-cell like 

ACTB Actin beta 

AETL Entheropathy-Associated T-cell lymphoma 

AID Activation-induced cytidine deaminase 

AITL  Angioimmunoblastic T-cell lymphoma  

AKT AKT serine/threonine kinase 

ALCL Anaplastic large cell lymphoma  

ALCL-ALK+  Anaplastic large cell lymphoma, ALK-positive 

ALDH1A1 Aldehyde dehydrogenase 1 family member A1 

ALK  Anaplastic lymphoma kinase 

ANXA1 Annexin A1 

APC Antigen-presenting cells 

ARF Alternate reading frame 

ARFGEF3 ADP ribosylation factor guanine nucleotide exchange factor 3 

ARID1A AT-rich interaction domain 1A 

ARID2 AT-rich interaction domain 2 

ASCT Autologous stem cell transplantation 

ATIC 5ïaminoimidazoleï4ïcarboxamideïribonucleotide formyltransferase/inosine 

monophosphate cyclohydrolase  

ATLL  Adult T-cell Leukemia/Lymphoma 

ATM Ataxia telangiectasia mutated 

BAD BCL2 associated agonist of cell death 

BAFF B-cell receptor activating factor 

BAK1 BCL2 antagonist/killer 1 

BATF3 Basic leucine zipper ATF-like transcription factor 3 

BAX BCL2 associated X, apoptosis regulator 

BCL10 B-cell lymphoma/leukemia type 10 

Bcl11b B-cell leukemia/lymphoma 11B 

BCL2 or BCL-2 B-cell lymphoma/leukemia type 2  

BCL6 or BCL-6 B-cell lymphoma 6 protein 

BCL-XL/BCL2L1 BCL2 like 1 

BCOR BCL6 corepressor 

BCR B-cell receptor 

BID BH3 interacting domain death agonist 

BIM/BCL2L11 BCL2 like 11 

BIRC3 Baculoviral IAP repeat containing 3 

BL Burkitt lymphoma 
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B-NHL B-cell non-HodgkinËs lymphomas 

BRAF B-Raf Proto-Oncogene, Serine/Threonine Kinase  

BRCA1 Breast cancer 1 DNA repair associated 

BTK Bruton tyrosine kinase 

CARD11 Caspase Recruitment Domain Family Member 11  

CAR-T Chimeric antigen receptor T-cell 

CASP5 Caspase 5 

CCND1/2/3 Cyclin D1/2/3 

CD Cluster of differentiation 

CD21/CR2 Complement receptor 2  

CD79B CD79b molecule 

CDC27 Cell division cycle 27 

CDK2/4/6 Cyclin-dependent kinases 2/4/6 

CDKN2A Cyclin dependent kinase inhibitor 2A 

CDKN2C Cyclin dependent kinase inhibitor 2C 

CLL Chronic lymphocytic leukemia 

cMCL Conventinal MCL 

CNA Copy number alterations 

CNN-LOH Copy number neutral loss of heterozygosity  

CNV Copy number variations 

COO Cell of origin 

CR Complete remission 

CREB cAMP responsive element binding protein 1 

CREBBP CREB Binding Protein  

c-Rel/REL Cellular Rel proto-oncogene 

CSR Class switch recombination 

CTCL Cutaneous T-cell lymphomas 

CTL Cytotoxic T-lymphocytes 

CXCL13 C-X-C motif chemokine ligand 13 

CXCR4 Chemokine receptor 4 

D diversity 

DDX3X DEAD-box helicase 3 X-linked 

DLBCL Diffuse large B-cell lymphoma 

DNMT DNA methyltransferase 

DNMT3A DNA Methyltransferase 3 Alpha 

DUSP22 Dual specificity phosphatase 22 

DZ Dark zone 

EATL Enteropathy-associated T-cell lymphoma 

EBER Epstein-Barr encoded RNA 

EBNA Epstein-Barr nuclear antigen 
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EBV Epstein-Barr virus 

EFS Event free survival 

ENKL Extranodal natural killer/T-cell lymphoma 

ENKTL Extranodal NK/T-cell lymphoma, nasal type  

Eomes Eomesodermin 

EP300 E1A-interacting protein of 300 kDa  

ETNK1 Ethanolamine kinase 1 

EZH2 Methyltransferase Enhancer Of Zeste 2 Polycomb Repressive Complex 2 Subunit 

EZH2 Enhancer of zeste 2 polycomb repressive complex 2 subunit 

FAK Focal adhesion kinase 

FAS Fas cell surface death receptor  

FISH Fluorescence in situ hybridization  

FL Follicular lymphoma 

FLNA Filamin A 

FOXP1 Forkhead Box 1 

FTCL Follicular T-cell lymphoma 

GATA-3 or GATA3 GATA binding protein 3 

GC Germinal center 

GCB Germinal center B-cell like 

GNA13 G Protein Subunit Alpha 13 

GNA14 G protein Subunit Alpha 14 

GZMB Granzyme B 

H2AX H2A.X variant histone 

HGBL High-grade B-cell lymphomas 

HL HodgkinËs lymphoma 

HOXD9 Homeobox D9 

HSCT Hematopoietic stem cell transplantation 

HSTCL Hepatosplenic T-cell lymphoma 

HTCL Hepatosplenic ɔŭ T-cell lymphoma 

CH Constant region 

CHD2 Chromodomain helicase DNA binding protein 2 

CHK1/2 Checkpoint kinases 1/2 

ICOS Inducible T-cell costimulator 

Id2 Inhibitor of DNA binding 2 

ID3 Inhibitor of DNA binding 3 

IDH2 Isocitrate dehydrogenase (NADP(+)) 2 

IFN Interferon 

IFN-ɔ Interferon gamma 

Ig Immunoglobulin 

IgH Immunoglobulin heavy chain 
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IGHV Immunoglobulin heavy chain variable region 

IGK Kappa immunoglobulin light-chain genes 

IGL Lambda immunoglobulin light-chain gene 

IkB/IKK  I kappa B kinase 

IL  Interleukin 

IRF4 Interferon regulatory factor 4 

IRF8 Interferon regulatory factor 8 

J Joining 

JAK1/2/3 Janus Kinase 1/2/3 

JAK-STAT Janus kinase/signal transducers and activators of transcription  

KMT2A Lysine methyltransferase 2A 

KMT2D Lysine methyltransferase 2D  

LMP Latent membrane protein 

LOH Loss of heterozigosity 

LRP1B LDL receptor related protein 1B 

LRRIQ1 Leucine rich repeats and IQ motif containing 1 

LZ Light zone 

MALT1 Mucosa-associated lymphoid tissue lymphoma translocation protein 1  

MAP3K14 Mitogen-activated protein kinase 14 

MAPK Mitogen activated protein kinase 

Mb Megabase 

MCL Mantle cell lymphoma 

MCL1 MCL1 apoptosis regulator, BCL2 family member 

MDM2 Mouse double minute 2 homolog 

MEF2B Myocyte enhancer factor 2B  

MEITL Monomorphic epitheliotropic intestinal T-cell lymphoma 

MF Mycosis Fungoides 

MHC Major histocompatibility complex 

MIR15A MicroRNA 15a 

MIR16-1 MicroRNA 16-1 

MIR17HG/MIHG1  miR-17-92a-1 cluster host gene  

MM Multiple myeloma 

MUM1 Multiple myeloma oncogene 1 

MYC Myelocytomatosis viral oncogene homolog 

MYD88 Myeloid differentiation primary response 88  

MZL Marginal zone lymphoma 

NEGR1 Neuronal growth regulator 1 

NFATC1 Nuclear factor of activated T cells 1 

NF-kappaB/NF-əB Nuclear factor kappa-light-chain-enhancer of activated B cells 

NFKBIE Nuclear factor of kappa light polypeptide gene enhancer in B-cells inhibitor, epsilon  



17 
 

NFKBIZ NFKB inhibitor zeta 

NGS Next-generation sequencing 

NIK NF-kB inducing kinase  

NK Natural killer 

NKG7 Natural killer cell granule protein 7 

nnMCL Non-nodal MCL 

NOD/SCID Non-obese Diabetic/Severe Combined Immunodeficiency  

NOTCH1 Neurogenic locus notch homolog protein 1 

NOTCH2 Neurogenic locus notch homolog protein 2  

NOXA NADPH oxidase activator 1 

NPM Nucleophosmin 

NSD2 Nuclear receptor binding SET domain protein 2 

NSG NOD scid gamma 

OS Overall survival 

P2RY8 P2Y receptor family member 8 

PAX5 Paired box 5 

PCR Polymerase chain reaction 

PD-1 or PD1 Programmed cell death protein 1 

PDGFA Platelet-derived growth factor A 

PD-L1 Programmed death-ligand 1 

PD-L2 Programmed death-ligand 2 

PDX Patient-derived xenograft 

PFS Progression-free survival 

PHLPP-1/-2 PH domain and leucine-rich repeat protein phosphatase-1/-2 

PI3K/AKT/mTOR  Phosphatidylinositol 3-kinase/Protein Kinase B (Akt)/Mammalian Target of 

Rapamycin signaling pathway 

PIK3CA Phosphatidylinositol 3'-kinase catalytic subunit alpha  

PIM1 Pim-1 proto-oncogene, serine/threonine kinase 

PLCG1 Phospholipase C gamma 1 

PMBL Primary mediastinal B-cell lymphoma 

POT1 Protection of telomeres 1 

PR Partial remission 

PRDM1/BLIMP1  PR/SET domain 1/B lymphocyteïinduced maturation protein 1 

PRDM1 Positive regulatory domain containing 1  

PRKDC Protein Kinase, DNA-Activated, Catalytic Subunit 

PTCL Peripheral T-cell lymphoma 

PTCL-NOS Peripheral T-cell lymphoma ï not otherwise specified 

PTCL-TFH PTCL with T-follicular helper phenotype 

PTEN Phosphatase and tensin homolog 

RAG1/2 Recombination-activating gene 1/2  
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RAS Rat arcosarcoma virus 

RB1 RB transcriptional corepressor 1/Retinoblastoma 1 

RHOA Ras Homolog Family Member A  

RHOBTB2 Rho-related BTB domain-containing 2 

RIMS2 Regulating synaptic membrane exocytosis 2 

RORC/RORɔt RAR-related orphan receptor C/thymocyte isoform  

RUNX3 RUNX family transcription factor 3 

RYR2 Ryanodine receptor 2 

S1PR1 Sphingosine-1-phosphate receptor 1 

SD Stable disease 

SEM Standard error of the mean 

SGK1 Serum/glucocorticoid-regulated kinase 1 

SHM Somatic hypermutation 

SMARCA4 SWI/SNF-related BAF chromatin remodeling complex subunit ATPase 4 

SNP Single-nucleotide polymorphisms 

SNV Single-nucleotide variant 

SORBS3 Sorbin and SH3 domain-containing 3 

SOX11 SRY-box transcription factor 11/Sex determining region Y-box 11 

SOX2 SRY-box transcription factor 2 

SP140 SP140 nuclear body protein 

SPEN Spen Family Transcriptional Repressor 

SPTCL Subcutaneous Panniculitis-Like T-cell lymphoma 

SS S®zary syndrome 

STAT Signal transducer and activator of transcription 

SV Structural variant 

T-bet/TBX21 T-box transcription factor 21 

TCF1/3 Transcription factor 1/3 

TCL T-cell lymphoma 

TCM  Central memory T-cell 

TCR T-cell receptor 

TE Effector T-cell 

TEM Effector memory T-cell 

TET2 Tet Methylcytosine Dioxygenase 2  

TFG TRK-fused gene 

Tfh T-follicular helper 

TFH T-follicular helper 

TGF Transforming growth factor 

Th T-helper cell 

Th1 T-helper 1 cell 

Th2 T-helper 2 cell 
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ThPOK Thymocyte selectionïassociated high mobility group box protein  

TLR2 Toll-like receptor 2 

TMEM30A Transmembrane protein 30A 

TMP Memory precursor T-cell 

TNFAIP3 Tumor necrosis factor alpha inducible protein 3 

TNFRSF10B TNF receptor superfamily member 10b 

TNFRSF14 TNF receptor superfamily member 14 

TNFSF14 TNF superfamily member 14 

T-NHL T-cell non-HodgkinËs lymphomas/T-cell lymphomas 

TP53 Tumor protein p53 

TP63 Tumor protein p63 

TPM3 Tropomyosin 3 

TRAF2/3 TNF Receptor Associated Factor 2/3  

Treg Regulatory T-cell 

TRM Tissue-resident memory T-cell 

TYK2 Tyrosine kinase 2 

UTR Untranslated region 

V Variable 

VEGF Vascular endothelial growth factor 

WHO World Health Organization 

ZBTB7B Zinc finger and BTB domain containing 7B 
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4. INTRODUCTION  

 

This work combines two interconnected topics, based on two core papers published during my 

Ph.D. studies [1, 2]. The first part discusses lymphomagenesis, focusing on the molecular-

cytogenetic background and pathophysiological aspects of aggressive lymphomas, with a 

particular interest in Mantle Cell Lymphoma (MCL), its genomic landscape, and clonal 

development. In the era of next-generation sequencing methods (NGS), numerous studies have 

contributed to the molecular-cytogenetic classification, prognostication, and understanding of 

lymphoma pathophysiology. New NGS technologies are currently being utilized to establish 

predictive and prognostic genomic markers, which are essential for the individualized tailoring 

of effective therapies. A significant part of my work was therefore focused on expanding 

knowledge in the field of pathophysiology of aggressive lymphomas, with a particular emphasis 

on mantle cell lymphoma as a rare and heterogeneous disease, utilizing these methods. The 

second part provides an overview focused on patient-derived xenograft (PDX) models derived 

from patients with aggressive lymphomas. The genomic landscape of lymphomas significantly 

impacts the disease biology, its prognosis, and the therapeutic efficacy of treatment strategies. 

Characterization studies focusing on PDX models enhance our understanding of these complex 

topics. As they are used in various translational and experimental treatment studies, the genomic 

profiling and similarity of these models to actual patient cases are vital for their future 

application as relevant experimental systems. This characterization contributes to a deeper 

understanding of the lymphoma pathophysiology and the development of targeted and efficient 

therapies. 

 

5. Aggressive Lymphomas: Development of healthy B-and T-cells, lymphomagenesis 

 

Aggressive lymphomas are a heterogeneous group of hematological malignancies arising from 

lymphoid tissues. They are characterized by rapid proliferation and early dissemination into 

various body compartments and tissues, including immune-privileged sites such as the central 

nervous system, eyes, or testicles. Fast and efficient treatment of these malignancies is of utmost 

importance. Otherwise, the prognosis of patients with these malignancies is generally poor. The 

development of a specific type of lymphoma or leukemia involves multiple factors that 

influence processes such as cell cycle regulation, apoptosis, proliferation, and cell signaling. 

Initially, it depends on the cell of origin (COO), i.e., whether it is a B-cell or a T-cell, as well 
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as the developmental stage of the ancestral cell and the molecular processes associated with B-

cell and T-cell receptor formation, development, and cell differentiation (Figure 1) [3, 4].   

 

Figure 1: This figure illustrates the development of B- and T-cell lymphomas. (a) The 

progression of major B-cell non-Hodgkinôs lymphoma (B-NHL) subtypes begins with naive B-

cells forming germinal centers (GCs) after antigen interaction. In the dark zone, centroblasts 

proliferate and undergo somatic hypermutation (SHM). In contrast, in the light zone, 

centrocytes are selected based on B-cell receptor (BCR) affinity and undergo class switch 

recombination (CSR). GC cells are precursors to follicular lymphoma (FL), Burkittôs 

lymphoma (BL), and the germinal center subtype of diffuse large B-cell lymphoma (GCB). 

Activated B-cell subtype DLBCL (ABC) originates from post-GC cells, and multiple myeloma 

(MM) derives from differentiated plasma cells. Chronic lymphocytic leukemia (CLL) can 

develop from naive or memory B-cells. Mantle cell (MCL) and marginal zone lymphoma 

(MZL) originate from B cells in the mantle and marginal zones of lymphoid follicles, 

respectively. (b) Intrinsic or extrinsic factors may promote T-cell lymphomas (TCLs) through 

mechanisms such as immune evasion, alterations in T cell receptor (TCR) signaling pathways, 

and the activation of transcription factors and proto-oncogenes. These mechanisms lead to 

various T-cell entities during differentiation from the thymus to lymph nodes, including AITL 

(angioimmunoblastic T-cell lymphoma), ALCL-ALK+ (anaplastic large cell lymphoma, ALK-

positive), EATL (enteropathy-associated T-cell lymphoma), ENKL (extranodal natural 

killer/T-cell lymphoma), FTCL (follicular T-cell lymphoma), HTCL (hepatosplenic ɔŭ T-cell 

lymphoma), MEITL (monomorphic epitheliotropic intestinal T-cell lymphoma), and PTCL 

(peripheral T-cell lymphoma). Figure reprinted and text adapted from: Ribeiro, Marcelo Lima, 
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et al. "Epigenetic targets in B-and T-cell lymphomas: latest developments." Therapeutic 

Advances in Hematology 14 (2023)[3] . 

 

5.1. B-cell development 

B-cell development is a multi-step process that involves various stages of DNA modification 

necessary for a normal immune response. However, these modifications may be prone to errors, 

resulting in genetic aberrations and an increased risk of lymphoma cell development. B-cell 

evolution begins in primary lymphoid organs, specifically the bone marrow, where the 

recombination of genes for the variable regions of heavy and light antibody chains occurs ð a 

process vital for B-cell receptor formation, known as V(D)J recombination. The recombination 

of immunoglobulin heavy chain genes (IgH) involves variable (V), diversity (D), and joining 

(J) segments. In contrast, the recombination of light chain genes occurs only with V and J 

segments. Successful recombination leads to the formation of complete heavy and light chains, 

with variable region genes, that can be translated into proteins. Every healthy lymphocyte 

requires multiple recombination events, which are carried out through chromosomal DNA 

double-strand breaks. This is a precarious process, requiring strict regulatory and control 

mechanisms for break repairs. In the event of a failure, young lymphocytes are doomed to 

follow apoptotic pathways and undergo programmed cell death. However, defects in control 

and regulatory mechanisms can occur, and genetic aberrations, primarily represented by 

chromosomal translocations, may arise, marking the first step in the evolution of leukemias and 

lymphomas.  Two essential proteins are involved in the initiation of V(D)J recombination: the 

recombination-activating genes 1 and 2 (RAG1, RAG2) proteins, which form a recombinase 

assembly that cleaves the DNA at specific recombination signal sequences surrounding each 

V, D, and J segment, deleting or inverting hundreds to millions of DNA base pairs. RAG 

proteins, expressed in high concentrations only during the early stages of lymphocyte 

development, are directed explicitly towards the recombination signal sequences. The three-

dimensional structure of chromosomes and chromatin modeling during recombination is also 

essential for targeting and precise regulation of this process. An ensemble of DNA repair 

enzymes and pathways is then involved in repairing the DNA double breaks formed by this 

cleavage, ideally leaving no mistakes behind. If everything proceeds correctly, the lymphocyte 

expressing the B-cell receptor matures into a naive B-cell, which produces the initial repertoire 

of antibodies, primarily represented by IgM antibodies with low affinity. The development of 

lymphocytes continues in secondary lymphoid organs, such as the spleen or lymph nodes, 

where B-cell activation is induced by specific antigens [5-7]. The germinal center reaction of 
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secondary lymphoid tissues is necessary for further diversification and receptor affinity 

maturation. The germinal center (GC) is formed after the antigen-stimulated activation of 

lymphocytes. It is divided into two zones, which lymphocytes repeatedly re-enter: the dark zone 

(DZ) and the light zone (LZ). Within these zones, two critical processes occur, namely, somatic 

hypermutation and class switch recombination. The dark zone serves as a location within the 

follicle where these essential events occur, while the light zone is a testing area where a 

collection of variable antigens is presented on the surface of antigen-presenting cells. Here, 

with the help of T-cells and antigen-presenting cells, the positive selection of lymphocytes with 

more potent affinity antibodies takes place [8]. SHM is crucial for modifying the 

immunoglobulin (Ig) variable region and facilitating affinity maturation, requiring enzymatic 

activity ot the activation-induced cytidine deaminase (AID) enzyme.  High mutational activity 

of AID induces the rapid and targeted deamination of cytidine DNA residues to uracyl residues 

in single-strand DNA, finally resulting in the conversion of single-strand DNA breaks to 

double-strand breaks, where rearranged Ig genes are localized. Mutations arising after the 

reparation of double-strand breaks, represented by single-nucleotide polymorphisms (SNPs), 

small deletions, and insertions, ensure the receptor's affinity and variability for specific 

antigens. AID is crucial for SHM, as well as for the CSR process, in which the antibody class 

is determined by the heavy chain constant region (CH) recombinations, which further influence 

the affinity and stability of the antibody. CSR occurs in increasingly proliferating cells within 

the heavy chain locus, specifically in highly repetitive switch region sequences located 

upstream from the CH region. Gene recombination processes within those regions provide the 

change in expression from fundamental antibody isotypes (IgM and IgD) to downstream 

isotypes (IgG, IgA, and IgE). After successful V(D)J recombination, SHM, and CSR, the 

memory B-cell or plasma cell is finally developed, possessing a highly sensitive receptor with 

increased affinity for various antigens and the ability to produce targeted antibodies for 

numerous exogenous and endogenous antigens [7, 9, 10].   

 

5.2. T-cell development 

T-cell development copies one of the B-cells, but with specific differences. The thymus serves 

as a primary lymphoid organ, where the differentiation and development of various T-cell 

subsets occur. Once the thymocyte progenitors are produced in the bone marrow, they migrate 

to the thymus for their final stages of development. Construction of the T-cell receptor (TCR) 

begins in double-negative (cluster of differentiation CD4 and CD8 negative) thymocytes 

through the recombination of the TCRɓ locus. Once the TCRɓ protein is produced, it must be 
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capable of generating a TCR signal in cooperation with its pre-TCRŬ partner. If successful, the 

TCRŬ gene is formed, resulting in the expression of double-positive (CD4+, CD8+) 

thymocytes, which are being tested for host self-determinants [11]. Random VJ and V(D)J 

recombination in the TCRŬ and TCRɓ genes, respectively, enables the production of T-cells 

with enormous diversity of T-cell receptors [8]. The majority of produced T-cells are Ŭɓ T cells, 

but the recombination process can also involve TCRɔ and ŭ genes, leading to the production of 

a population of ɔŭ T-cells. The ultimate player in the T-cell diversification is the Notch signaling 

pathway and pre-TCR signaling, both of which are strongly influenced by various cytokines. 

Together with GATA binding protein 3 (GATA3) and B-cell leukemia/lymphoma 11 B 

(Bcl11b) transcription factors, it facilitates the development and diversification of the T-cell 

lineage. Double-positive T-cells can then undergo different scenarios depending on the antigens 

presented to them by antigen-presenting cells (APCs) in the thymus, evolving further into either 

CD4 or CD8 single-positive T-cells.  APCs in the thymus express major histocompatibility 

complex I or II molecules (MHC), which can bind diverse peptide complexes with varying 

affinities, and present them to developing T-cells. If the self-peptide is recognized as a 

dangerous one, those T-cells succumb to destruction and undergo cell death in a process called 

negative selection. Moderate affinity leads to the preservation of T-cells that are tuned just 

enough not to be harmful to the host. Additional transcription factors, such as Thymocyte 

selectionïassociated high mobility group box protein (ThPOK), i.e., zinc finger and BTB 

domain containing 7B (ZBTB7B), and RUNX family transcription factor 3 (RUNX3), regulate 

the development of either CD4 single-positive or CD8 single-positive T-cells. The final step in 

diversification into different T-cell subtypes relies on the action of various cytokines produced 

by immune cells, such as IFN-ɔ, IL-12, IL-3, IL-5, IL-13, and GATA3, as well as 

eomesodermin (Eomes), B-cell lymphoma 6 protein (BCL-6), and inhibitor of DNA binding 2 

(Id2), among others, which serve as transcription factors [12]. Provided below, Figures 2 and 

3 give a detailed overview of T-cell subtypes development under different stimuli.  
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Figure 2: Cytokine signaling regulates CD4+ Th-cell differentiation. Upon TCR stimulation, 

naµve CD4+ T cells can differentiate into various effector Th subsets, depending on the 

cytokines and costimulatory signals present. IFN-ɔ and IL-12 promote Th1 cell differentiation 

by inducing the master transcription factor T-bet, i.e., T-box transcription factor 21 (TBX21), 

through signal transducer and activator of transcription 1 (STAT1) and STAT4, respectively. 

Th2 cells are induced by the activation of TCR-stimulated transcription factor 1 (TCF1) and 

cytokines IL-2 and IL-4, leading to the expression of the key transcription factor GATA3. Th9 

cells develop under TCR stimulation with IL-4 and TGF-ɓ, with further enhancement via 

STAT5 activation. While IL-6 and TGF-ɓ promote Th17 cell differentiation, IL-21 and IL-23 

stabilize the Th17 lineage by inducing RAR-related orphan receptor C/thymocyte isoform 

(RORC/RORɔt). Cytokines IL-6 and IL-21 promote T-follicular helper (Tfh) cell 

differentiation, whereas IL-2 inhibits it. Costimulatory signals from CD28 and inducible T-cell 

costimulator (ICOS) have opposing roles in Tfh cell development. Treg cells differentiate upon 

TCR/CD28 stimulation in the presence of TGF-ɓ and IL-2, which induce Foxp3 expression. 

Shared cytokines are shown between cell types: IL-4 for Th2 and Th9, TGF-ɓ for Th9 and 

Th17, IL-6 for Th17 and Tfh, and IL-2 for Tfh and Treg cells. The same cytokines can trigger 

different downstream signaling pathways and fate decisions. For example, IL-6-induced 

STAT3 activation leads to RORɔt expression in Th17 cells but BCL-6 in Tfh cells. The formed 

signaling complexes are shown within the dashed squares. Figure reprinted and text adapted 

from Sun, Lina, et al. "T cells in health and disease." Signal transduction and targeted 

therapy 8.1 (2023)[12] . 
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Figure 3: Temporal dynamics of CD8+ T cell response in acute infection. The population size 

of the virus (red line) and CD8+ T-cells (blue line), as well as the CD8+ T-cell response along 

with the infection course, are indicated. Upon infection, CD8+ T-cells undergo robust 

proliferation and reach their peak expansion on day 8, at which point pathogens are rapidly 

cleared. CD8+ T-cells at this stage can be separated into TE (effector) and TMP (memory 

precursor) populations with distinct surface markers and differentiation potential. Different 

transcriptional factors and cytokines regulate the differentiation of effector and memory 

CD8+ T-cells. The majority of CD8+ TE cells undergo apoptosis at the contraction phase (8ï15 

days) and leave a subpopulation differentiating into TEM (effector memory), whereas 

TMP (memory precursor) cells keep self-renewal and give rise to TCM (central memory), TEM, 

and TRM (tissue-resident memory) cells over 30 days post-infection. Figure reprinted and text 

adapted from Sun, Lina, et al. "T cells in health and disease." Signal transduction and targeted 

therapy 8.1 (2023)[12] .  

 

5.3. Lymphomagenesis: general mechanisms and examples 

Lymphomagenesis is a complex, transformative process in which healthy lymphocytes are 

transformed into malignant lymphoma cells. The development of lymphocytes, which involves 

essential processes such as V(D)J recombination, SHM, and CSR, can go awry, serving as a 

primary source of changes that predispose individuals to lymphomas. Other factors, including 

genetic, epigenetic, and environmental influences, disrupt critical cellular processes essential 

for cell survival, differentiation, proliferation, and apoptosis. Malignant transformation of 

lymphocytes is often driven by specific genomic and chromosomal aberrations, which lead to 
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the activation of oncogenes and the inactivation of tumor suppressor genes. V(D)J 

recombination is a strictly controlled step in the development of lymphocytes, where, in case 

of failure, chromosomal translocations can develop.  Chromosomal translocations commonly 

found in aggressive lymphomas result in the juxtaposition of oncogenes adjacent to highly 

active promoters or enhancers. In DLBCL, the translocation t(14;18)(q32;q21) positions the 

apoptotic regulator B-cell lymphoma/leukemia type 2 (BCL2) in proximity to the 

immunoglobulin heavy chain (IGH) enhancer, leading to the overexpression of BCL2 and the 

blockade of apoptosis. The hallmark of MCL, translocation t(11;14)(q13;q32), potentiates the 

overexpression of cyclin D1, promoting uncontrolled cell cycle progression and proliferation 

[6, 13]. However, other genetic aberrations are also necessary for the final development of 

lymphomas. Somatic hypermutation is facilitated by the AID enzyme, which exhibits 

significant mutational activity, primarily targeting immunoglobulin (Ig) genes. However, other 

genes can also be affected in aberrant somatic hypermutation in nonïIg loci [14]. This 

mechanism is well described as a potential source of lymphomagenesis in DLBCL and 

Follicular lymphoma, where the 5Ë-region of the BCL6 gene can be aberrantly targeted [15]. 

Somatic hypermutation was found to be responsible for mutations of other proto-oncogenes 

(e.g., Myelocytomatosis viral oncogene homolog MYC, paired box 5 PAX5, etc.). It can 

facilitate further genomic aberrations, represented by copy number alterations, e.g., 

amplifications and deletions [14]. Another critical change promoted by aberrant recombination, 

SHM, or CSR involves gain and loss-of-function mutations of specific oncogenes and tumor 

suppressor genes. These mutations can also be facilitated by aberrant DNA repair pathways and 

errors in DNA replication [16, 17].  

For example, myeloid differentiation primary response 88 (MYD88) mutations, commonly 

found in DLBCL subtypes, result in the constitutive activation of the Nuclear factor kappa-

light-chain-enhancer of activated B cells (NF-kappaB) pathway, which is critical for cell 

survival and proliferation. Notably, one of the most aggressive malignancies worldwide, Burkitt 

lymphoma, harbors mutations in the MYC gene, an extremely potent oncogene that drives the 

rapid proliferation of BL cells. Its overexpression also inhibits apoptotic pathways of BL cells.  

Mutations of the tumor suppressor protein p53 gene (TP53), the Ăguardian of the genomeñ, are 

the most frequent mutations in human malignancies. Dysfunction of the TP53 disturbs cell cycle 

arrest, DNA repair mechanisms, and apoptosis, and is responsible for therapy resistance and 

genomic instability. TP53 mutations are observed across various hematological malignancies, 

including MCL and DLBCL, and are predominantly associated with unfavorable prognosis and 

disease progression [18, 19]. Further mechanisms of lymphomagenesis involve epigenetic 
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modifications, represented by DNA methylation and histone modifications. Methyltransferase 

Enhancer Of Zeste 2 Polycomb Repressive Complex 2 Subunit (EZH2) induces histone 

methylation and silencing of genes, and its mutations are frequently discovered in DLBCL, 

where they promote oncogenic pathways and repress tumor suppressor genes. Another example 

of epigenetic modifications is the observation of mutations in Tet Methylcytosine Dioxygenase 

2 (TET2) and DNA Methyltransferase 3 Alpha (DNMT3A) in various T-cell lymphomas. 

Alterations of DNA methylation are commonly observed in myeloproliferative diseases and 

can be effectively modulated by hypomethylating agents used in therapy [3]. Another 

successful therapeutic approach affects B-cell receptor signaling in lymphoma cells. 

Dysregulation of B-cell receptor signaling in lymphomas via mutations of CD79B molecule, 

TNF Receptor Associated Factor 3 (TRAF3), and Caspase Recruitment Domain Family 

Member 11 (CARD11) induces constitutive activation of signaling pathways, including NF-

kappaB and PI3K/AKT/mTOR pathways.  Both pathways are involved in pro-survival 

signaling. This mechanism, commonly observed in DLBCL and MCL subtypes, ensures cell 

survival and proliferation of lymphoma cells and can be effectively inhibited using Bruton 

tyrosine kinase (BTK) inhibitors [20, 21]. Uncontrolled cell proliferation, disruption of 

cytokine signaling, apoptosis, and cell growth are also typical for the Janus kinase/signal 

transducers and activators of transcription (JAK-STAT) pathway interference observed in T-

cell and certain B-cell aggressive lymphomas due to mutations of Janus kinase 1 (JAK1), Janus 

kinase 3 (JAK3), or signal transducer and activator of transcription 3 (STAT3) genes [22]. 

Lastly, disturbances of the tumor microenvironment can lead to the immune escape of tumor 

cells from the immune systemôs surveillance [23, 24].  

Lymphomagenesis is a highly complex and complicated process, involving various 

mechanisms. In the next part of the thesis, the mechanisms and specific inter-subtype 

differences will be discussed in detail for selected lymphoma subtypes, with special focus on 

mantle cell lymphoma. Examples where molecular cytogenetic analysis, including NGS 

technologies, helped with the classification, prognostication, and understanding of 

pathophysiology will be mentioned.  

 

5.4. Aggressive lymphomas: classification, pathogenesis, and genomic landscape 

The group of aggressive lymphomas predominantly includes so-called non-Hodgkin 

lymphomas, which represent approximately 90% of NHLs. The most common subtypes of 

NHLs are represented by Diffuse Large B-cell lymphoma (DLBCL), Burkitt lymphoma (BL), 
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Mantle Cell lymphoma (MCL), and T-cell lymphomas (T-NHL). B-cell lymphomagenesis 

typically occurs during the antigen stimulation of a mature naive B-cell. Genomic aberrations 

often target processes such as immunoglobulin heavy chain rearrangement, somatic 

hypermutation, and class-switch recombination of immunoglobulin genes during B-cell 

development, ultimately leading to the formation of malignant clones. In the case of T-cell 

lymphomas, key pathogenic events involve aberrations of T-cell receptor signaling [4, 23, 25]. 

Each NHL subtype exhibits distinct molecular, genetic, and clinical features, and its aggressive 

nature necessitates an in-depth understanding of its pathophysiology to provide highly efficient 

and targeted therapeutic strategies. Detailed knowledge of molecular and cytogenetic 

mechanisms responsible for lymphoma development, a sense of clonal evolution, and 

recognition of additional key genetic alterations will enable personalized therapy in the future. 

 

6. Subtypes of Aggressive Lymphomas and Their Pathogenesis  

 

6.1. Diffuse Large B-cell Lymphoma 

The most common type of aggressive NHL is DLBCL, which accounts for approximately 30-

40% of all NHL cases. The median age for DLBCL is between 60 and 70 years. It is a 

heterogeneous disease with multiple molecular subtypes, which can be classified according to 

its cell of origin, gene expression, and mutational profile [26, 27]. DLBCL arises from mature 

B-cells and encompasses two principal subtypes, each originating from a distinct cell of origin 

at a different developmental stage, characterized by unique genetic and expression profiles, and 

demonstrating different clinical behaviors and prognostic outcomes [28, 29]. One of the first 

insights into the classification of DLBCL was achieved through the use of 

immunohistochemistry and DNA microarray techniques, which enable the analysis of genetic 

expression profiles in specifically selected genes. The previous algorithm for classification of 

DLBCL, invented by Hans et al., used immunohistochemistry biomarkers CD10, BCL6, and 

MUM1 (multiple myeloma oncogene 1) to distinguish between GCB and non-GCB subtypes, 

where CD10 and BCL6 positivity was associated with the GCB pattern. In contrast, MUM1 

positivity was typically observed in the non-GCB subtype and was connected with poor survival 

outcomes [30].  Using specially designed microarrays, Alizadeh et al. identified two distinct 

expression patterns, each corresponding to a different COO [31].  

 

The germinal center B-cell-like subtype (GCB) maintains the expression pattern of germinal 

center B-cells, as represented by the cell-surface molecule CD10, as well as high expression of 
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the BCL6 protein. In comparison with the activated B-cell-like subtype (ABC), two recurrent 

genomic aberrations were identified in the GCB subtype, namely, t(14;18)(q32;q21) 

translocations leading to juxtaposition of the BCL2 oncogene into the proximity of the highly 

expressed immunoglobulin heavy-chain locus, and amplifications of the cellular Rel proto-

oncogene (c-Rel/REL) locus  [32-35].  The BCL2 gene is one of the most critical anti-apoptotic 

genes, essential for the maturation and development of B-cells. Its overexpression, resulting 

from translocations, amplifications, or mutations, leads to pro-survival signaling and is critical 

for the survival of DLBCL and FL cells, where it is also associated with an unfavorable survival 

outcome [34, 36]. The REL gene belongs to the NF-əB family of proteins and is essential for 

B-cell activation before the formation of germinal centers and for maintaining the GC reaction. 

Its signaling is also involved in the proliferation and inflammation, and is necessary for the 

development of T-cells in response to such stimuli. The destabilization of c-Rel signaling 

promotes cell survival, as well as the malfunction of anti-apoptotic and cell cycle genes, thereby 

facilitating lymphomagenesis [37, 38]. GCB subtype often depends on alternate oncogenic 

mechanisms, including deregulated PI3K/AKT signaling or impairment of genes essential for 

chromatin structure. Loss-of-function mutations and deletions in the Phosphatase and Tensin 

Homolog (PTEN) locus frequently lead to destabilization of the PI3K/AKT pathway in 

DLBCL. Loss of PTEN activity leads to acceleration of PI3K/AKT signaling, promoting cell 

survival, proliferation, migration, and angiogenesis [39]. PTEN dysregulation and an increase 

of PI3K/AKT signaling were detected in more than one quarter of DLBCL and are associated 

with worse overall survival [39, 40].  Mutations in the histone methyltransferase gene EZH2, 

which modifies chromatin structure and regulates gene expression critical for terminal B-cell 

differentiation, GC formation, and apoptosis, contribute to the survival and proliferation of the 

GCB subtype and the maintenance of the GCB phenotype [41]. Another genetic aberration 

frequently detected in the GCB subtype includes amplifications of the miR-17-92a-1 cluster 

host gene (MIR17HG/MIHG1) locus on chromosome 13, encompassing the miR-17-92 

microRNA region, which influences MYC oncogene functions, as well as gains of a 7.6-Mb 

region on chromosome 12 [42-44].   

 

The activated-B-cell-like (ABC) subtype of DLBCL arises from post-germinal center B-cells, 

where the development is generally directed toward plasma cell stages. One of the genes 

essential for plasmacytic differentiation is the PR/SET domain 1/B lymphocyte-induced 

maturation protein 1 (PRDM/BLIMP1) gene. If loss-of-function mutations or deletions decrease 

the expression of this transcriptional repressor, plasmacytic differentiation is blocked [45]. Part 
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of the ABC DLBCLs typically harbor inactivating genomic aberrations of the PRDM1 gene, 

marking these changes as one of the critical pathogenetic mechanisms in the development of 

ABC DLBCL subtypes [46]. Like GCB, the ABC subtype also exhibits a unique genomic 

pattern, characterized by aberrant B-cell receptor signaling (resulting from changes in CD79A 

and CD79B) and constitutive activation of the NF-əB pathway, which is caused by mutations 

in the NF-əB regulator genes MYD88, CARD11, and CD79B [47]. As a result, chronic B-cell 

receptor signaling is triggered, which enhances resistance to apoptosis and promotes cell 

survival. Amplifications of the BCL2 locus are frequently observed in the ABC subtype, in 

contrast with translocations of the BCL2 locus, which are exclusively detected in the GCB 

subtype [35, 48]. Further genomic aberrations in the ABC subtype include trisomy of 

chromosome 3 and its amplification, with upregulation of the oncogene Forkhead Box 1 

(FOXP1) and the NFKB inhibitor zeta (NFKBIZ) gene, marking the dysregulation of the NF-

əB pathway. Frequent losses and deletions of the tumor suppressor Cyclin-dependent kinase 

inhibitor 2A (CDKN2A), deletions of chromosome arm 6q, gains of the region on chromosome 

arm 18q containing BCL2 and Nuclear factor of activated T cells 1 (NFATC1) genes, and 

amplifications of a 9-Mb region on chromosome 19 were also predominantly detected in the 

ABC subtype [42, 43, 49].  The ABC DLBCL is considered a more aggressive variant compared 

to the GCB subtype, with a poorer prognosis and a shorter overall survival rate [50].  

Adjacent to ABC and GCB subtypes is primary mediastinal B-cell lymphoma (PMBL), a 

distinct variant of diffuse large B-cell lymphoma (DLBCL) that arises from a thymic B-cell, 

exhibiting genetic and molecular characteristics similar to those observed in Hodgkinôs 

lymphoma (HL), such as constitutive activation of the NF-əB and JAK-STAT pathways [28]. 

Chromosomal aberrations typical for PMBL include amplifications of the telomeric region of 

the 9p24 arm of the chromosome, monosomy of chromosome 10, and gains of the chromosome 

arm 20 [43]. The genes for tyrosine kinase JAK2, programmed cell death protein 1 (PD-L1), 

and PD-L2, which encode T-cell ligands, are also typically upregulated in PMBL, as well as in 

HL [6, 43]. Upregulation of PD ligands in PMBL suggests modulation of the T-cell immune 

response, leading to inhibition of TCR signaling and potentially facilitating immune escape of 

PMBL cells. Increased expression of PD ligands is linked with poorer outcomes in patients with 

PMBL [51, 52]. 

Another diverse group of large B-cell lymphomas is high-grade B-cell lymphomas (HGBL), 

encompassing various entities defined by the presence of MYC and BCL2 rearrangements 

(DLBCL/HGBL-MYC/BCL2), which share gene expression signatures typical of the germinal 
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center phenotype [53]. MYC is a highly potent oncogene, located on the long arm of 

chromosome 8, which is involved in vital processes such as proliferation, apoptosis, cell 

growth, and differentiation [54]. Its translocation from chromosome 8 to the BCL2 and/or BCL6 

locus results in the deregulation of oncogene expression, leading to markedly aggressive disease 

behavior. These subtypes are called Ădouble-hitñ or Ătriple-hitñ lymphomas if all three genes 

are rearranged and are associated with resistance and chemo-refractoriness. B-cell lymphomas, 

which harbor rearrangements of the MYC, BCL2, and/or BCL6 genes, commonly exhibit 

proliferative behavior and poorer clinical outcomes compared to other types of diffuse large B-

cell lymphomas [55-57].  

R-CHOP-based chemoimmunotherapy, i.e., a combination of anti-CD20 monoclonal antibody 

rituximab, cyclophosphamide, doxorubicin, vincristine, and prednisone, is the therapeutic 

standard reaching long-term remissions in approximately two-thirds of DLBCL cases; the rest 

remain refractory or relapse early after the treatment [58]. A detailed understanding of other 

molecular and cytogenetic predictive and prognostic markers is therefore essential for the future 

improvement of their outcomes.   

In the era of next-generation sequencing, further DLBCL subtypes with distinct molecular 

patterns have been identified, making the classification of DLBCL significantly more complex. 

NGS methods are used not only for the classification and prognostication of lymphomas but 

also to identify patients with complex genomic landscapes who require innovative therapeutic 

approaches. Especially patients with the ABC subtype, relapsed and refractory DLBCLs, or 

patients harboring specific unfavorable genetic alterations mentioned above, face an adverse 

prognosis and are in urgent need of more sophisticated targeted therapies. Such patients are 

referred to specialized hematological centers for clinical trials and inventive therapies [58-60]. 

A few examples will be provided where NGS techniques were utilized to classify and identify 

patients with poor overall survival who may benefit from novel therapeutic strategies.  

Using whole-exome sequencing on 304 primary DLBCLs, Chapuy et al. (2018) identified five 

distinct molecular subtypes characterized by unique genomic patterns and highly different 

overall survival rates. Cluster C1 commonly harbors BCL6 structural variants in combination 

with mutations of Neurogenic locus notch homolog protein 2 (NOTCH2) signaling pathway 

members, e.g., its negative regulator Spen Family Transcriptional Repressor (SPEN), or B-cell 

lymphoma/leukemia type 10 (BCL10), tumor necrosis factor alpha inducible protein 3 

(TNFAIP3), and Fas cell surface death receptor (FAS) genes. The majority of the C1 cluster 

was classified as ABC-type tumors. Cluster C2 was typical with mutations and 17p copy loss 
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leading to bi-allelic inactivation of TP53. Copy loss of 9p21.13/CDKN2A and 13q14.2/RB1 

(RB transcriptional corepressor 1/Retinoblastoma 1) was also common, leading to 

chromosomal instability and perturbation of the cell cycle. The C2 cluster contains ABC, as 

well as GCB subtypes. Cluster C3 harbors frequent BCL2 mutations and chromatin modifiers 

lysine methyltransferase 2D (KMT2D), CREB Binding Protein (CREBBP), and EZH2 

mutations. Other typical alterations for the C3 cluster are B-cell transcription factor mutations 

of Myocyte Enhancer Factor 2B (MEF2B) and interferon regulatory factor 8 (IRF8) genes, 

mutations of indirect modifiers of BCR, and PI3K signaling pathway, i.e., Tumor Necrosis 

Factor Superfamily Member 14 (TNFSF14) and G Protein Subunit Alpha 13 (GNA13), PTEN 

inactivation alterations. The majority of the C3 cluster is of GCB origin. Cluster C4 consists 

primarily of GCB subtypes, harboring mutations in four linker and four core histone genes and 

immune evasion molecule genes, e.g., CD83 or CD70, BCR/PI3K, NF-kappaB, and RAS (Rat 

arcosarcoma virus)/JAK/STAT signaling pathway genes, namely, Ras Homolog Family 

Member A (RHOA), GNA13, CARD11, Nuclear factor of kappa light polypeptide gene 

enhancer in B-cells inhibitor, epsilon (NFKBIE), B-Raf Proto-Oncogene, Serine/Threonine 

Kinase (BRAF), etc. Cluster C5 exhibits an almost uniform 18q gain, thus increasing BCL2 and 

Mucosa-associated lymphoid tissue lymphoma translocation protein 1 (MALT1) gene 

expression. Mutations of the CD19B and MYD88 genes associated with the ABC subtype were 

also observed in the C5 cluster. Additional alterations included gains of 3q and 19q13.42, as 

well as inactivating alterations of the Positive regulatory domain containing 1 (PRDM1) gene, 

which involves the zinc finger domain associated with differentiation. Specific genomic 

aberrations were also identified as having an unfavorable impact on overall survival and 

progression-free survival, including loss of 1q42.12, MYC structural variants, gains of 

18q21.33/BCL2, 13q31.3/mir-17-92, and 18p [26]. Translational studies involving thousands 

of DLBCL patients have also identified multiple recurrently mutated genes associated with 

different clinical behaviors and prognoses. Ren et al. carried out genomic and transcriptomic 

meta-analysis containing 2805 patients using published data from seven unique cohorts of 

DLBCL patients (including theirs) [26, 61-66]. All patients received R-CHOP-like regimens. 

Of 2805 patients, 887 were relapsed/refractory within two years after the treatment and were 

classified as poor-outcome patients. The second analyzed cohort consisted of 1,918 patients 

who achieved remission within two years and were classified as good-outcome patients. 

Overall, 24 genes mutated in Ó 10% of patients were identified, including KMT2D, Pim-1 proto-

oncogene, serine/threonine kinase (PIM1), TP53, BCL2, MYD88, CREBBP, and others. The 

genomic landscape of poor-outcome patients was enriched in mutations of TP53, MYD88, 
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SPEN, and MYC genes, while depleted in mutations of CD83, BCL6, Serum/glucocorticoid 

regulated kinase 1 (SGK1), Actin beta (ACTB), Transmembrane protein 30A (TMEM30A), 

CARD11, P2Y receptor family member 8 (P2RY8), and TNFRSF14 when compared with good-

outcome cohort. Pathways affected in DLBCL patients with poor outcome were represented by 

cell adhesion/migration, T-cell activation/regulation, PI3K, and NF-kB signaling [67]. DLBCL 

cases with poor-outcome genomic characteristics thus need new therapeutic approaches to 

reach remissions similar to those responding to standard of care therapy. Therefore, genomic 

profiling using novel NGS technologies reveals a highly efficient tool for classifying DLBCL 

lymphoma subtypes, with an impact on prognostic stratification of patients and the selection of 

therapeutic approaches. 

 

6.2. Burkitt Lymphoma: pathogenesis and genomic landscape 

Burkitt lymphoma (BL) is recognized as one of the most aggressive cancers worldwide, 

characterized by the rapid proliferation of germinal center B-cells and swift tumor growth. The 

hallmark of this malignancy is the juxtaposition of the MYC oncogene close to immunoglobulin 

genes, specifically the IGH gene or the kappa (IGK) and lambda (IGL) immunoglobulin light-

chain genes. The juxtaposition is typically driven by specific chromosomal translocations, 

including the translocation t(8;14)(q24;q32) involving the IGH gene, and either t(8;22) or t(2;8) 

involving the IGK or IGL genes, respectively [68, 69]. The proximity of the c-MYC gene to the 

IGH, IGK, or IGL loci results in the constitutive activation of the MYC gene, which is involved 

in regulating cell cycle progression, the proliferation of BL cells, and the dysregulation of 

apoptosis. Surprisingly, the MYC gene is not only potent in increasing the proliferation rate, as 

frequently mentioned, but it can also trigger fast and efficient apoptosis via the TP53 signaling 

pathway, depending on the critical balance between pro- and antiapoptotic protein 

concentrations [70, 71]. Further genomic aberrations cooperate with the rearranged MYC gene, 

supporting the lymphomagenesis of Burkitt lymphoma. NGS techniques identified driving 

events, targeting apoptotic pathways via TP53 aberrations, BCR signaling, the PI3K/AKT 

signaling pathway, or cell cycle and epigenetic regulation [72-75]. Burkitt lymphoma is also 

one of the first human malignancies, where a viral infection is the leading mechanism of its 

development [72]. Epstein-Barr virus (EBV) is closely associated with the pathogenesis of 

Burkitt's lymphoma due to its oncogenic potential. EBV is a ubiquitous virus, infecting a large 

majority of the global population and establishing a lifelong asymptomatic infection. This virus 

possesses oncogenic potential and the ability to incorporate its viral genome into the host cell, 

contributing to the transformation of lymphoid and epithelial cells [69, 76]. The EBV virus 
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typically enters the body through saliva, initiating mucosal transmission and targeting epithelial 

cells of the oropharynx, where it spreads into surrounding immune tissues and infects naµve B 

lymphocytes by binding to the complement receptor 2 (CD21/CR2) [76]. After initial infection, 

EBV establishes lifelong latency predominantly in memory B cells, persisting as episomes ð 

multiple copies of episomal circular DNA bound to host chromosomes through the viral nuclear 

antigen EBNA1, thereby evading host immune surveillance [77]. The expression of Epstein-

Barr nuclear antigens (EBNA) and latent membrane proteins (LMP) not only evades immune 

system control but also promotes B-cell survival and proliferation [78].  While MYC activation 

alone can trigger apoptosis or cellular senescence as protective mechanisms, EBNA1, the highly 

abundant non-coding EBERs (Epstein-Barr encoded RNAs), and, less commonly, LMP2A 

counteract these safeguards by inhibiting apoptosis and sustaining cell survival through 

activation of pathways such as PI3K/Akt [79]. Additional molecular-cytogenetic mechanisms, 

including mutations and alterations in the inhibitor of DNA binding 3 (ID3) gene and 

transcription factor TCF3, further exacerbate the dysregulation of cell cycle progression and 

disrupt B-cell differentiation. This process is also driven by the activation of the PI3K pro-

survival pathway, which ultimately enhances BCR signaling and further promotes 

lymphomagenesis [78, 80].  Because of the complex interplay between the genomic, immune, 

viral, and environmental factors, the historical classification recognized three types of Burkitt 

lymphoma: Ăendemicñ, Ăsporadicñ, and Ăimmunodeficiency-associatedñ. According to the 

World Health Organization's (WHO) 2022 classification, the status of Epstein-Barr virus (EBV) 

has surpassed the historical classification, and only two subtypes of Burkitt lymphoma are 

currently recognized: EBV-positive and EBV-negative. Thus, EBV-driven or mutational-

driven mechanisms are suspected to be the cause of disease development [53, 72, 74, 81, 82].  

 

6.3. Genomic landscape of BL: NGS insights 

The genomic landscape typical of BL reveals a unique mutational pattern. Except for MYC 

translocations, which are the key event in the pathogenesis of BL, other mutational markers 

have been identified in translational studies, also with the help of NGS technologies. Extensive 

genomic studies have consistently identified frequent mutations in ID3, TCF3, Cyclin D3 

(CCND3), AT-rich interaction domain 1A (ARID1A), SWI/SNF-related BAF chromatin 

remodeling complex subunit ATPase 4 (SMARCA4), and TP53 genes, which disrupt B-cell 

receptor signaling and cell cycle control [74, 75, 80, 83, 84]. Copy number variations (CNVs) 

are also present in the BL, with gains of chromosome arm 1q and loss of 13q and 17p being the 
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most prevalent events, contributing further to oncogene activation and tumor suppressor loss 

[85, 86]. 

Due to its rapid growth, BL is a highly chemotherapy-sensitive disease, reaching high remission 

rates if treated vigorously. Clonal development is typically limited and reserved for cases that 

are relapsed or refractory to standard therapies. There is also an association with TP53 mutated 

status and complex karyotype in those who relapse or progress rapidly. Not surprisingly, 

resistance to chemotherapy is common in TP53 mutants. Research performed in the area of 

clonal development also suggests that the genomic landscape of primary BL can remain mostly 

unchanged during relapse, which could be caused by primary resistance to the therapy. 

Conversely, new subclones harboring novel mutations and genomic aberrations, such as those 

in the RB1 or PTEN genes, also occur in relapse or refractory settings, possibly in response to 

the selective pressure of therapy [87]. This increase in genomic heterogeneity and higher 

mutational burden in relapsed and refractory settings increases the aggressiveness of the 

disease, making it a difficult therapeutic challenge.  Due to its rapid growth and aggressiveness, 

intensive multi-agent chemotherapeutic regimens, comprising combinations of 

chemotherapeutic and targeted drugs (e.g., anti-CD20 monoclonal antibody Rituximab), are 

utilized to induce remission. However, relapsed or refractory BL remains a persistent 

therapeutic hurdle, having extremely unfavorable outcomes. Discovering the genomic 

landscape and mutational profile of BL can offer new therapeutic targets desperately needed 

for the efficient treatment of such patients [80]. 

 

6.4. T-cell lymphomas 

T-cell lymphomas (T-NHL) are a diverse group of lymphoid malignancies, accounting for 

approximately 10-15 % of all NHLs in Europe. Aggressive clinical behavior and poor prognosis 

of the majority of aggressive T-cell lymphomas are common, and intensive treatment 

approaches are needed to sustain remission of the disease. Major subtypes of aggressive 

peripheral T-cell lymphomas are represented by peripheral T-cell lymphoma ï not otherwise 

specified (PTCL-NOS), angioimmunoblastic T-cell lymphoma (AITL), and anaplastic large 

cell lymphoma (ALCL). Other rare subtypes of T-cell lymphomas recognized are, e.g., NK/T-

cell lymphomas, adult T-cell leukemia/lymphoma, enteropathy-associated T-cell lymphomas, 

and rare types of cutaneous T-cell lymphomas (CTCL), which are generally considered to have 

an indolent clinical behavior. Two-thirds of cutaneous T-cell lymphomas are represented by 

Mycosis Fungoides (MF) and S®zary syndrome (SS). Early stages of MF have an excellent 

prognosis, with mostly indolent behavior and an expected median survival of more than 10 



37 
 

years. In contrast, S®zary syndrome is a more aggressive variant of CTCL, with a median 

survival of 2-4 years [53, 88-92].  

The pathophysiology of T-NHL is a complex process involving a sophisticated interplay 

between genetic, epigenetic, immune, and microenvironmental factors. The initial and crucial 

event in the pathophysiology of T-cell lymphomas is the alteration in the T-cell receptor (TCR) 

ensemble, because TCR signaling is essential for T-lymphocyte survival,  proliferation, and 

differentiation [93]. Mutations in epigenetic regulators frequently follow dysregulation of TCR 

signaling, disrupting gene transcription across nearly all subtypes of T-cell lymphomas. 

Notably, mutations in DNA methyltransferases (DNMTs), particularly DNMT3A and Tet 

methylcytosine dioxygenase 2 (TET2), lead to the transcriptional repression of genes. Other 

epigenetic alterations, such as mutations of histone-modifying enzymes, deregulate the 

posttranslational modifications of histones, further disrupting the transcription process. 

Deregulation of the JAK-STAT signaling pathway, marked by mutations in cytoplasmic 

tyrosine kinases (JAK1, JAK2, JAK3, TYK2) and the STAT family proteins (STAT3, STAT5B), 

is a common feature in the majority of T-cell malignancies. Constitutive activation of the JAK-

STAT pathway results in uncontrolled cell growth and the survival of malignant cells [22, 25, 

93, 94].  

Further text will focus solely on PTCLs, as experimental models of specific subtypes mentioned 

below have been used and genetically analyzed in my publications, which will be discussed 

later.  

 

6.5. Subtypes and genomic landscape of peripheral T-cell lymphomas 

Peripheral T-cell lymphomas are a heterogeneous group of T-cell lymphomas that are generally 

rare and aggressive, arising from different cell types of origin and exhibiting distinct 

pathogenetic mechanisms. PTCL-NOS lymphomas represent the majority of PTCLs. This 

group of mostly aggressive T-cell lymphomas encompasses all nodal PTCLs that do not fit into 

a specified category and do not share a clear molecular pattern typical of other subtypes. PTCL-

NOS prognosis is generally poor, with 5-year overall survival around 30ï40 % using standard 

anthracycline-based therapy [95, 96]. Genomic profiling and immunohistochemistry assays are 

currently successfully used as tools for identifying new pathologic features, which could be 

helpful in better stratification, as well as prognostic and therapeutic assessment within this vast 

group of entities. Recent genomic profiling and immunohistochemistry analysis revealed two 

distinct subtypes of PTCL-NOS with different clinical outcomes and distinct molecular 
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patterns. The PTCL-GATA3 subtype accounts for approximately 33% of PTCL-NOS and is 

characterized by the overexpression of GATA3 and activation of the PI3K-mTOR pathway. 

GATA3 is a transcriptional factor regulating T-helper 2 (Th2) cell differentiation and 

expression of interleukins 4, 5, and 13. It is hypothesized that the PTCL-GATA3 subtype 

evolves from the T-helper 2 subset of T-cells [97]. The second type is PTCL-TBX21, 

representing approximately 49 % of PTCL-NOS lymphomas. Its hallmark is the increased 

expression of the T-box 21 transcription factor (TBX21) and activation of the NF-əB pathway. 

As a master transcription factor, TBX21 (T-bet) critically promotes the differentiation of naive 

CD4+ T cells into the T-helper 1 (Th1) subset of T-cells, and the acquisition of effector 

functions by cytotoxic T-lymphocytes (CTLs) derived from CD8+ T cells. This transcription 

factor orchestrates the lineage commitment and functional programming of these cells by 

regulating the robust expression of key effector molecules such as Interferon-gamma (IFN-ɔ) 

and granzyme B, thereby shaping crucial aspects of cell-mediated immunity [98-100]. 

Compared with the PTCL-GATA3 subtype, which is associated with an inferior prognosis and 

reduced overall survival, the PTCL-TBX21 subtype generally exhibits a better clinical 

outcome, often demonstrating improved progression-free and overall survival rates [101].  

Beyond these well-defined PTCL-NOS subtypes, NGS technologies have revealed the 

molecular complexity of the entire PTCL spectrum, providing a deeper understanding of their 

pathophysiology, classification, and management strategies.   

For instance, the second aggressive type of peripheral T-cell lymphoma is 

Angioimmunoblastic T-cell lymphoma (AITL) , characterized by a T-follicular helper (TFH) 

cell phenotype and a highly inflammatory tumor microenvironment with immune dysregulation 

[102]. The majority of AITL lymphomas harbor mutations in epigenetic-modifying genes, with 

TET2 mutations found in up to 80% of cases, often co-occurring with mutations in the DNMT3A 

gene and a specific Isocitrate dehydrogenase (NADP(+)) 2 (IDH2) R172 mutation. These 

epigenetic defects result in aberrant DNA methylation and histone modification patterns, 

leading to the dysregulation of gene expression that is crucial for AITL pathogenesis [102, 103]. 

T-cell receptor signaling is another target, often dysregulated in the AITL environment. 

Namely, the Ras homolog family member A (RHOA) G17V mutation is a highly recurrent 

aberration found in approximately 50 ï 70% of AITLs [104, 105]. RHOA is a crucial GTPase 

that plays a key role in T-cell receptor signaling, orchestrating the dynamic reorganization of 

the actin cytoskeleton, which is essential for the formation of the immunological synapse, T-

cell activation, and efficient cellular migration [106-108]. Other commonly mutated TCR 
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signaling genes include Phospholipase C gamma 1 (PLCG1) gene (11-14%), which typically 

carries gain-of-function mutations leading to constitutive activation of PLCɔ1 and augmented 

TCR signaling, and CD28 (9-11%), with activating mutations that enhance T-cell activation 

and proliferation [109, 110]. AITL typically presents itself with aggressive behavior and an 

unfavorable prognosis despite current treatment strategies. According to Advani et al., the 5-

year overall survival (OS) and progression-free survival (PFS) rates for AITL patients are 

estimated at 44% and 32%, respectively. These figures are consistent with the generally 

aggressive nature and relatively poor survival observed across other aggressive PTCLs, 

including the previously mentioned survival data for PTCL-NOS in general [111].   

Another significant aggressive subtype of PTCLs is anaplastic large cell lymphoma (ALCL) , 

typically characterized morphologically by large pleomorphic cells and overexpression of the 

CD30 molecule. There are two clinically and genetically defined categories of ALCL, based on 

the presence of translocations affecting the anaplastic lymphoma kinase (ALK) gene: ALK-

positive (ALK +) and ALK-negative (ALK -) [53]. In the ALK+ subtype, the disease is primarily 

driven by the translocation t(2;5), with recurrent gene fusions involving the ALK tyrosine 

kinase gene and the nucleophosmin (NPM) gene, present in 75-80% of cases [112]. Less 

frequent gene partners include tropomyosin 3 (TPM3), 5ïaminoimidazoleï4ïcarboxamideï

ribonucleotide formyltransferase/inosine monophosphate cyclohydrolase (ATIC), and TRK-

fused gene (TFG) [113]. These translocations lead to the constitutive activation of ALK tyrosine 

kinase, contributing to the aberrant activation of various pathways, including the JAK/STAT3, 

PI3K/AKT/mTOR, and RAS/MAPK (Mitogen-activated protein kinase) pathways, which drive 

the proliferation and survival of ALCL lymphoma cells [114, 115]. The lack of translocations 

described above is typically observed in the ALK- subtype. While maintaining a morphological 

appearance similar to ALK+ cases, the ALK- subtype exhibits typically a more complex 

genomic landscape [53]. The most common genetic alterations include mutations in epigenetic 

modifiers, specifically the cyclic AMP response element binding protein (CREB)-binding 

protein (CREBBP) and the E1A-interacting protein of 300 kDa (EP300), which are involved in 

histone acetylation and contribute to the dysregulation of gene expression and chromatin 

remodeling [116]. Other recurrent gene fusions and rearrangements involve Dual specificity 

phosphatase 22-Interferon regulatory factor 4 (DUSP22-IRF4), TP53 homolog TP63, and 

mutations in JAK1, STAT3, and TP53 genes, resulting in dysregulation of cell cycle control, 

apoptosis, and immune responses [53, 90, 117-119]. ALK+ cases are generally considered to 

have a favorable prognosis and are more frequent in children, with 5-year OS ranging from 
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70% to 90%. Conversely, the ALK- subtype is common in older adults and is associated with 

an unfavorable prognosis, ranging from 35% to 50%, similar to PTCL-NOS [120].   

Extranodal NK/T -cell lymphoma, nasal type (ENKTL), is another clinically aggressive 

peripheral T-cell lymphoma characterized by a strong association with Epstein-Barr virus 

infection. It typically arises in extranodal locationsðmost commonly the nasal cavityðand 

exhibits a distinctive angiocentric and angioinvasive pattern of growth. The most common 

recurrent aberrations involve the JAK-STAT pathway, with its constitutive activation, 

specifically activating mutations in the STAT3 and JAK3 genes. Mutations in epigenetic 

modifiers, such as KMT2D, BCL6 corepressor (BCOR), and DEAD-box helicase 3 X-linked 

(DDX3X), in conjunction with TP53 tumor suppressor mutations, further contribute to the 

lymphomagenesis driven by EBV infection [121, 122].  Its prognosis is highly associated with 

the disease stage, where early stages have a 5-year overall survival reaching 80%. Conversely, 

in advanced disease, the 5-year OS remains less than 40% [123, 124].  

Additional rare subtypes of PTCL lymphomas are recognized, including Adult T-cell 

Leukemia/Lymphoma (ATLL), Enteropathy-Associated T-cell Lymphoma 

(EATL)/Monomorphic Epitheliotropic Intestinal T-cell Lymphoma (MEITL), Hepatosplenic 

T-cell lymphoma (HSTCL), and Subcutaneous Panniculitis-Like T-cell Lymphoma (SPTCL) 

[53]. These subtypes are discussed in more detail elsewhere, and none of them has been 

analyzed during my research.  

6.6. NGS insights into the pathogenesis, classification, and prognostication of PTCLs  

The era of NGS technologies brought more profound insight into the understanding of the PTCL 

milieu. Using the NanoString platform, i.e., a highly-throughput gene expression profiling 

method, Rodr²guez et al. were able to identify specific sets of genes associated with various 

histological subtypes of PTCL, including AITL, PTCL with T-follicular helper phenotype 

(PTCL-TFH), and PTCL-NOS. The most striking difference was observed in the frequency of 

RHOA G17V mutations, which were almost twice as frequent in AITL as in PTCL with T-

follicular helper phenotype, and were not present in the PTCL-NOS subtype. AITL exhibited 

upregulated gene signatures associated with follicular dendritic cells, dendritic cells, mast cells, 

and MHC-related pathways, along with elevated B-cell, T-cell, and vascular scores, indicating 

a complex inflammatory microenvironment characterized by prominent immune cell 

infiltration and vascular proliferation. Peripheral T-cell lymphomas with a T-follicular helper 

phenotype exhibited elevated expression of hallmark TFH-related genes, includingPD1, C-X-

C motif chemokine ligand 13 (CXCL13), ICOS, and GATA3, suggesting derivation from or 
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commitment to the TFH cell lineage. PTCL-NOS showed increased expression of a neutrophil-

associated gene set and exhibited higher expression of genes such as granzyme B (GZMB), 

Natural killer cell granule protein 7 (NKG7), Basic leucine zipper ATF-like transcription factor 

3 (BATF3), and IL10, suggesting a cytotoxic signature in some PTCL-NOS cases. Rodr²guez 

et al. also revealed mutations in genes associated with several pathways, including the 

Epigenetic and Chromatin Remodeling pathway, the T-Cell Differentiation pathway, the 

PI3K/AKT/mTOR pathway, and the NF-əB pathway. This study made a direct contribution to 

improved classification and prognostication, identifying new markers and defining distinct risk 

groups [125]. Another translational study by Bouska et al. performed whole-exome sequencing 

on 119 AITL patients, followed by transcriptomic and methylation profiling, which was 

conducted on 78 and 40 cases, respectively. Beyond identifying known epigenetic drivers, such 

as TET2, DNMT3A, or IDH2 R172 mutations, novel epigenetic drivers, including TET3 and 

KMT2D, have been described.  Mutations in the genes mentioned above were associated with 

an unfavorable prognosis. Aberrant TCR signaling and PI3K signaling were also identified, 

represented by mutations involved in the dysregulation of these pathways (CD28, 

Phospholipase C gamma 1 (PLCG1), PTEN, PH domain and leucine-rich repeat protein 

phosphatase -1/2 (PHLPP-1/-2), etc.), and supported by methylation analysis revealing 

epigenetic alterations in genes associated with these pathways. Interestingly, low mRNA 

expression of PHLPP2 was predictive of poor prognosis [126]. This study is another example 

of a comprehensive analysis, where NGS technologies have enabled the refinement of 

prognostic markers and the identification of novel potential therapeutic targets that encompass 

the PI3K pathway. 

 

The following section of my dissertation provides an in-depth focus on mantle cell lymphoma, 

with a particular interest in its genomic landscape and clonal evolution. Detailed genomic 

analysis is provided in the original research article, which forms a core component of my work 

and will be discussed later. 

 

7. Mantle Cell Lymphoma 

 

Mantle cell lymphoma (MCL) is an aggressive subtype of NHL, representing 3-10 % of all 

NHL cases. It is characterized by significant genomic heterogeneity and a wide range of diverse 

clinical manifestations. Due to its aggressive nature, MCL presents a considerable clinical 

challenge, particularly in relapsed and refractory settings, which remain incurable and 
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therapeutically challenging, with the median overall survival (OS) for relapsed and refractory 

MCL typically ranging from 1-3 years [127-130].  

 

7.1. Cell of origin and SRY-box transcription factor 11 (SOX11) 

MCL originates from a subset of mature B-cells, which typically express CD5 positivity on 

their cell surface. According to the current literature, MCL originates from naive, pre-germinal 

center B-cells residing in the marginal zone of lymphoid follicles. However, in some cases of 

MCL, there is evidence suggesting the presence of features characteristic of antigen-

experienced B-cells, accompanied by somatic mutations in the immunoglobulin heavy chain 

variable (IGHV) region [131].  The hallmark of MCL is the translocation t(11;14)(q13;q32), 

leading to the overexpression of cyclin D1 (CCND1), a crucial regulator of cell cycle 

progression. This error occurs in the immature pre-B cell during differentiation in the bone 

marrow, where an essential process called V(D)J recombination of the IGH variable region 

takes place. As the MCL cells exhibit a mature phenotype, this single hit accident during the 

first developmental stages is therefore insufficient to reveal the full oncogenic potential of MCL 

cells. It requires further genomic aberrations to drive the lymphomagenesis of MCL, which is 

fully  acquired later during the differentiation process [132, 133]. The most common subtype of 

MCL is the conventional MCL (cMCL), which typically expresses the transcription factor sex-

determining region Y-box 11 (SOX11), has no or low IGHV somatic mutations, and originates 

from pre-germinal center or naive-like B-cells. It is an aggressive variant of MCL, with nodal 

and systemic involvement and often a poor clinical outcome. On the other hand, approximately 

10% of MCL lymphoma cases, referred to as non-nodal MCLs (nnMCL), exhibit an indolent 

behavior, are SOX11-negative, and have a highly mutated IGHV region. These tumors are 

derived from postgerminal center B-cells and present clinically with leukemic involvement and 

splenomegaly but without, or with mild nodal infiltration [131, 132]. SOX11 is consistently 

expressed in the majority of MCL cases, even in the rare scenario of cyclin-D1-negative MCLs, 

where it serves as a crucial diagnostic marker for cyclin-D1-negative MCLs [134]. It is a critical 

and independent driver of MCL lymphomagenesis, functioning as an oncogene that actively 

promotes MCL proliferation, aggressive growth, and survival of MCL cells. Molecular 

processes deregulated by SOX11 overexpression are characterized by a block in mature B-cell 

differentiation, modulation of the cell cycle, and alterations in apoptosis and stem cell 

development. One of the target genes, PAX5, which is involved in B-cell differentiation, is 

upregulated in SOX11-positive MCLs. At the same time, BLIMP1 expression is downregulated, 

promoting the shift of B-cells into the plasmacytic differentiation [135]. SOX11 is also involved 
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in the homing and invasion of MCL cells, regulating the expression of CXCR4 (chemokine 

receptor 4) and FAK (focal adhesion kinase) genes. Consequently, SOX11 overexpression in 

MCL promotes cell migration, adhesion to stromal cells, increased cell proliferation, and 

transmigration through endothelial cells. Both genes are essential for microenvironmental 

cancer signaling via the activation of the FAK/PI3K/AKT pathway [136]. As a transcriptional 

factor, SOX11 activates platelet-derived growth factor A (PDGFA) and promotes angiogenesis, 

further supporting the aggressiveness of MCL disease [137]. SOX11 overexpression also 

promotes BCR/BTK signaling, which BTK inhibitors, such as ibrutinib, can successfully target. 

As there are patients who do not benefit from the BTK therapy and who relapse early despite 

the inhibition, SOX11 targeting could have potential in future translational research focused on 

innovative therapeutic approaches [138-140]. Ferrando et al. further demonstrated the 

oncogenic potential of SOX11 in MCL, including cases with cyclin-D1 negativity, and through 

in vitro and in vivo experiments with SOX11 gene knockdown, proved the impairment of its 

oncogenic behavior [141].  

 

7.2. Aberrant pathways in MCL  

 

7.2.1. Cell cycle dysregulation via INK4a-CDK4-RB1 pathway  

Under normal conditions, Cyclin D1 regulates cell-cycle progression by binding to and 

activating the cyclin-dependent kinases CDK4 and CDK6. The active Cyclin D1ïCDK4/6 

complexes phosphorylate the retinoblastoma protein (RB1), releasing the transcription factor 

E2F from RB1-mediated inhibition. This release activates E2F-dependent transcription, 

including the expression of cyclin E, which leads to the activation of cyclin E/CDK2 and 

subsequent entry into the S phase of the cell cycle [132, 142]. This process is carefully 

controlled by the tumor suppressor p16INK4a, encoded by the CDKN2A gene, which acts as a 

CDK inhibitor by inactivating CDK4 and CDK6, thereby preventing RB1 phosphorylation 

[143]. Cell cycle dysregulation represents one of the most recurrent pathogenic events in MCL. 

Progressive and aggressive disease forms frequently harbor alterations affecting two key 

regulatory axes: the INK4aïCDK4ïRB1 pathway and the ARFïMDM2ïp53 pathway [132].  

 

7.2.2. Translocation t(11;14)(q13;q32), cyklin D1, D2, and D3 

As previously mentioned, MCL typically harbors the t(11;14)(q13;q32), which juxtaposes the 

proto-oncogene CCND1 in proximity to the enhancer of the immunoglobulin heavy chain locus 

on chromosome 14q32, thereby forcing the overexpression of cyclin D1 and deregulating the 
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G1-S transition during cell cycle progression. Other factors can also contribute to the 

overexpression of CCND1, including amplifications of the CCND1 locus [144]. Cyclin-D1 

positivity is typically found in more than 95% of MCLs; however, cyclin-D1-negative cases 

remain a diagnostic challenge [53, 145]. These cases predominantly exhibit SOX11 positivity; 

however, they also harbor additional genomic rearrangements and aberrations involving the 

CCND2 and CCND3 genes. The underlying mechanism driving the overexpression of cyclin 

D2 and cyclin D3 parallels that observed in cyclin D1-positive cases. Specifically, 

chromosomal translocations juxtapose the CCND2 gene, located at chromosomal band 12p13, 

with enhancer regions of the immunoglobulin light chain loci (IGK or IGL), or less commonly, 

the CCND3 gene, located at chromosomal band 6p21, with enhancer elements of the 

immunoglobulin heavy chain locus (IGH). These rearrangements result in the constitutive 

activation and subsequent overexpression of the respective cyclin genes [146, 147]. In support 

of this, Martin-Garc²a et al. demonstrated that virtually all cyclin D1-negative cases harbor 

rearrangements involving CCND2 or CCND3, including novel cryptic insertions of 

immunoglobulin light-chain enhancers (IGK or IGL) that serve as critical regulatory elements 

driving cyclin gene overexpression [148]. Furthermore, mutations or rearrangements of 

CCND1 non-coding regions, represented by modifications in the 3 'untranslated region (3' UTR) 

of the CCND1 gene, affect mRNA stability and lead to increased levels of CCND1 mRNA and 

subsequent increased protein production. These alterations can remove microRNA binding sites 

or other regulatory elements that normally suppress the expression of CCND1 [149, 150]. 

Additionally, mutations in the N-terminal region of the CCND1 gene have been shown to 

deregulate the turnover of CCND1, leading to increased protein levels and resistance to ibrutinib 

(a BTK inhibitor), which is commonly used in the treatment of relapsed and refractory MCLs 

[151]. There is also evidence of cryptic Ig-light chain enhancer insertions, similar to those 

described for CCND2 and CCND3 above, where the cryptic insertions of immunoglobulin light-

chain enhancers IGK or IGL near the CCND1 gene lead to the overexpression of CCND1 [152]. 

However, the overexpression of cyclin D1, D2, or D3 alone is insufficient to drive 

lymphomagenesis in mantle cell lymphoma (MCL).  

 

7.2.3. CDKN2A (p16INK4A)  

The CDKN2A gene, a critically important tumor suppressor gene located on chromosome 9p21, 

encodes two distinct proteins: p16INK4A and p14ARF. It contributes to the regulation of the 

cell cycle, preventing cells from growing and dividing uncontrollably. Protein p16INK4a serves 

as an essential checkpoint by binding and inhibiting cyclin-dependent kinases CDK4 and 
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CDK6, which are responsible for the phosphorylation of retinoblastoma protein Rb. By 

inhibiting CDK4 and CDK6, it maintains Rb in its unphosphorylated form, thereby preventing 

cell cycle progression and inducing cell cycle arrest. This acts as a preventive measure against 

the proliferation of damaged and senescent cells. Loss of function caused by focal or broad 

deletions leads to increased phosphorylation of the Rb protein, ultimately accelerating cell cycle 

progression and cell proliferation [153, 154]. In MCL, the CDKN2A function is frequently 

altered as a secondary event in lymphoma development. Delfau-Larue et al. analyzed 135 MCL 

patients treated by standard immunochemotherapy and autologous stem cell transplantation 

(ASCT) with or without high-dose cytarabine. Deletion of CDKN2A was detected in 25% of 

samples. It was associated with a significantly shorter OS in both patient cohorts, proving that 

standard therapeutic regimens do not overcome its dismal impact on the patientsó outcome 

[155]. This work was further supported by the study of Malarikova et al., which was performed 

on 223 MCL patients. The frequency of CDKN2A deletion in this study was 33%, and, in 

conjunction with concomitant TP53 deletion, it was the most significant predictor of 

unfavorable survival outcomes. The CDKN2A deletion was detected exclusively in the context 

of other events, including t(11;14) or TP53 and ATM aberrations, supporting the notion that 

loss of CDKN2A function represents a later event [156]. Together with TP53 alterations 

mentioned below, CDKN2A aberrations indicate a group of patients for whom new, 

sophisticated therapies are urgently needed. Other inactivating mechanisms can contribute to 

the CDKN2A dysregulation.  

   

7.2.4. CDK4/CKD6  

Overexpression of cyclin D1, as described above, leads to an excess of cyclin D1-CDK4/CDK6 

complexes, making it a potential therapeutic target for MCL. Amplifications of CDK4 kinase 

are a known mechanism of cell cycle dysregulation in MCL, leading to the overexpression of 

CDK4. The excess of the kinase overpowers any remaining p16INK4 protein, ensuring robust 

Rb phosphorylation and progression of the cell cycle. Not surprisingly, the overexpression of 

CDK4 detected in MCL is associated with a more aggressive and proliferative behavior, 

commonly observed in blastoid MCLs [157]. Targeting the CDK4/CDK6 in MCL alone, or in 

combination with other targeted therapies, e.g., BCL2 inhibitors, which regulate apoptotic 

pathways, was studied among others also by Che et al., proving to be a reasonable and efficient 

therapy, especially under relapsed and refractory settings in MCL [158-160]. Malarikova et al. 

also analyzed the CDK4/6 inhibitor palbociclib in combination with the BCL2 inhibitor 
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venetoclax, showing promising efficacy and supporting further research on this combination in 

MCL cases without RB1 deletion [161].  

 

7.2.5. RB1 

This master tumor suppressor gene encodes the retinoblastoma protein pRB, which acts as a 

key gatekeeper for the cell cycle, preventing uncontrolled cell division and blocking the 

transition from the G1 phase to the S phase [162]. RB1 inactivation is commonly observed in 

aggressive MCLs and is typically mediated by genomic deletions, point mutations, or small 

insertions/deletions [132, 163]. MCL cases with deletions of RB1, as well as cases with 

deletions of CDKN2A or TP53, were associated with shorter overall survival, despite treatment 

with standard immunochemotherapy and ASCT, with or without high-dose cytarabine [155]. 

Deletion of the RB1 gene is also associated with resistance to the CDK4/6 inhibitor palbociclib, 

as mentioned above. Thus, RB1 deletion serves as a predictive marker of palbociclib resistance, 

and possibly other CDK4/6 inhibitors [161].   

 

7.2.6. Cell cycle dysregulation via ARF-MDM2 -p53 pathways 

Another frequently disabled pathway in MCL is represented by the ARF/MDM2/p53 pathway, 

which serves as a critical stress response system that can trigger cell cycle arrest or apoptosis 

in response to DNA damage and oncogenic stimuli. The p53 protein, further discussed below, 

regulates essential processes, such as DNA repair, cell cycle, senescence, apoptosis, and 

angiogenesis. It is not surprising that aberrations of the TP53 gene, leading to loss of function 

of such a strong tumor suppressor gene, are one of the most common events in tumorigenesis, 

detected in more than 50% of human primary tumors [164-166].   

 

7.2.7. TP53 in MCL 

The TP53 gene encodes the tumor suppressor protein p53, often referred to as the "guardian of 

the genome." Under normal physiological conditions, p53 maintains genomic integrity and 

prevents the uncontrolled proliferation of cells. During B-cell development, particularly in 

processes such as V(D)J recombination and somatic hypermutation, there is an inherent risk of 

DNA damage and chromosomal rearrangements. In response to DNA double-strand breaks 

induced by recombination-activating gene (RAG) and activation-induced cytidine deaminase 

(AID) enzymes, p53 becomes activated. It subsequently enforces the G1-S checkpoint, 

temporarily halting cell-cycle progression to allow sufficient time for accurate DNA repair and 

to prevent the propagation of damaged DNA. If the DNA damage is extensive and irreparable, 
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p53 induces apoptosis, thereby eliminating potentially malignant B-cells. Thus, p53 functions 

as a critical checkpoint protein, ensuring that cells harboring oncogenic lesions are removed 

before they can transform into lymphoma cells [167, 168].  

Not surprisingly, a frequently observed alteration in MCL is the inactivation of the TP53 tumor 

suppressor gene, either through mutation or deletion (17p deletion), found in a significant subset 

of MCL cases, particularly in more aggressive and blastoid variants. Analysis, which utilized 

various NGS technologies, verified that TP53 is one of the most frequently altered genes in the 

aggressive MCL setting, with frequencies ranging from 10% to 30% [169-173]. Eskelund et al. 

analyzed 183 patients from Nordic MCL2 and MCL3 trials and identified a high-risk subgroup 

of patients with TP53 mutations and deletions, marking TP53 alterations as a critical prognostic 

marker in MCL. These patients experienced a dramatic reduction in survival despite intensive 

chemoimmunotherapy regimens, highlighting the need for novel therapeutic approaches for this 

high-risk subgroup of MCL. The frequency of detected TP53 mutations was 11%. TP53 

deletions were observed in 16% of patients, but some patients had biallelic inactivation, i.e., 

mutation and deletion (20% when considering both), which was associated with notably inferior 

outcomes. Median OS for mutated TP53 MCLs compared to unmutated ones was horrific, 1.8 

years and 12.7 years, respectively, despite all of them being treated by intensive 

chemoimmunotherapy. While TP53 deletions were more prevalent than mutations in this 

analysis (16% vs 11%) and were associated with inferior outcomes, only TP53 mutations had 

a prognostic impact for OS and time to relapse [174]. Similar findings of adverse effects of 

TP53 disruptions on the prognosis of MCL patients were also confirmed by other studies [175-

177]. Delfau-Larue et al. evaluated, among other things, the impact of the TP53 deletion in 135 

patients who were treated by immunochemotherapy and autologous stem cell transplantation 

(ASCT) with or without high-dose cytarabine, and proved that deletions of TP53 were 

associated with shorter OS. Together with CDKN2A deletions, these two adverse genetic events 

cannot be overcome even with high-dose cytarabine-containing immunochemotherapy and 

ASCT [155]. A recent meta-analysis included 28 studies, including newly diagnosed or 

relapsed/refractory TP53-mutated MCL patients. Patients were treated with targeted therapy, 

targeted therapy combined with chemotherapy, hematopoietic stem cell transplantation 

(HSCT), and chimeric antigen receptor T-cell (CAR-T) therapy, which has become the flagship 

of novel anti-lymphoma treatments in recent years. Among others, the most therapeutically 

challenging patients ði.e., relapse/refractory TP53-mutated patients treated with CAR-T cell 

therapy ðachieved the highest complete remission (CR) rate of 84% and the highest overall 

response (OR) rate of 95%. Still, the 2-year OS rate was only 44% [178]. Not only the presence 
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of TP53 mutation, but also its high mutational load, has been linked to primary refractory MCL. 

Thus, the mutational load, as expressed by variant allele frequency (VAF), should be considered 

if a TP53 mutation is detected [179]. Suboptimal survival rate, mentioned above, underscores 

the pressing need for innovative therapeutic strategies. It highlights the need for comprehensive 

translational studies in the future to acknowledge the genetic heterogeneity of TP53-mutated 

and/or deleted cases, thereby developing more effective therapies for this high-risk patient 

group. One of the first promising results could be a combinatorial approach, for example, 

utilizing targeted agents such as zanubrutinib (a BTK inhibitor), obinutuzumab (an anti-CD20 

antibody), and venetoclax (a BCL-2 inhibitor). This combination was recently used in a 

multicenter, phase 2 study involving 25 untreated TP53-mutated patients, achieving 2-year OS 

and PFS rates of 72% and 76%, respectively [180]. Even with recent therapeutic progress, 

TP53-positive patients still pose a major therapeutic challenge. Therefore, diligent research 

must continue to discover an approach that can guarantee long-term patient survival. 

 

7.2.8. CDKN2A (p14ARF) and MDM2 

The CDKN2A gene is located on the 9p21 locus of chromosome 9, encoding two distinct 

proteins: p16INK4a, as described above, and p14ARF. The role of p14ARF is no less 

significant, as it exerts its tumor suppressive function by stabilizing the p53 protein [181]. 

Stabilization is achieved through interaction with the MDM2 oncogene, an E3 ubiquitin ligase 

responsible for p53 degradation. By sequestering MDM2, p14ARF prevents the destruction of 

p53, causing the accumulation and activation of p53 [182, 183].  The occurrence of CDKN2A 

deletion and consecutive loss of p14ARF function thus leads to unchecked negative regulation 

of p53, promoting proliferation and survival of MCL cells. MDM2 gene amplification or 

upregulation, resulting from transcriptional or post-transcriptional mechanisms, is commonly 

observed in MCL and is associated with unfavorable outcomes, or, in general, with resistance 

to rituximab (an anti-CD20 antibody) in leukemia and lymphoma cell lines [184, 185]. 

Amplifications of the 12q13 locus, involving the MDM2 and CDK4 genes, may also contribute 

to the more aggressive behavior and higher proliferation of MCL cells [157]. In conclusion, 

loss of CDKN2A function and p53 disruption are strong prognostic and predictive factors and 

should undoubtedly be included in the initial examination of all newly diagnosed MCL patients. 
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7.2.9. DNA damage response pathway dysregulation 

The two most frequently altered genes in MCL are ATM and TP53, both of which play crucial 

roles in the DNA damage response pathway and the regulation of apoptosis [132, 186]. As the 

TP53 gene was discussed in detail above, I will focus on the role of ATM in MCL. 

 

7.2.10. ATM  in MCL  

ATM is a master tumor suppressor gene, located on chromosome 11q22-q23. It is a key detector 

for DNA double-strand breaks, capable of initiating a cascade of events that leads to cell cycle 

arrest, during which DNA repair occurs. When the ATM is activated, it phosphorylates multiple 

targets downstream. One of the first targets is the cell cycle checkpoint pathway, which includes 

the activation of Checkpoint kinase 2 and 1 (CHK2, CHK1), which prevent the activation of 

cyclin-dependent kinases (CDK), thereby halting the cell cycle and allowing time for DNA 

repair. The second is the p53 pathway, where ATM activation leads to the phosphorylation, 

stabilization, and ultimately, accumulation of the p53 protein, thereby enforcing cell cycle arrest 

through the activation of the p21 protein, which can inhibit CDKs. Protein p21 also activates 

the BCL2-associated X, apoptosis regulator (BAX) gene, a pro-apoptotic gene, that triggers 

programmed cell death if the DNA damage is too severe. Another key target regarding the DNA 

damage response is the activation of Breast Cancer 1 DNA repair-associated (BRCA1) and 

H2A.X variant histone (H2AX) proteins, followed by the recruitment of other DNA repair 

factors to the site of damage, where efficient and accurate DNA repair of double-strand breaks 

can occur. Finally, if the damage is too severe, the p53 pathway prevails, leading to activation 

of apoptosis and destruction of potentially harmful cells [187, 188]. ATM alterations in MCL 

have a significant impact on pathogenesis, clinical course, and treatment response. Specifically, 

mutations of the ATM gene are one of the most frequent in MCL, being present in more than 

40% of patients, and are mostly unique for the conventional type of MCL [189, 190]. Its 

inactivation via deleterious events or mutations plays a role in the development and progression 

of MCL [191]. A previous analysis by Mareckova et al. showed a mutual exclusivity of ATM 

and TP53 mutations, with only the TP53 mutation having a significant impact on OS and PFS 

[192]. Another study, performed on a larger cohort of 252 MCL patients, demonstrated that in 

TP53-wild-type MCLs, mutations of the ATM gene are associated with inferior PFS and OS 

[193]. Nevertheless, inactivating alterations, such as deletions or mutations of the ATM gene, 

play an essential role in MCL pathogenesis. 
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7.2.11. Dysregulation of apoptosis 

Programmed cell death is a carefully controlled and balanced process that removes potentially 

harmful or senescent cells [194]. Dysregulation of apoptotic pathways leads to the development 

of various diseases, including autoimmune diseases, neurological disorders, cardiovascular 

disorders, and cancer [195]. The ultimate effort of a cancer cell is to overpower this process, 

survive, and proliferate indefinitely. A family of BCL2 proteins regulates this process by 

balancing pro- and anti-apoptotic signals, which are carried out by various protein members of 

this family [190, 196, 197]. The group of pro-survival proteins is primarily represented by 

BCL2, MCL1, and BCL-XL proteins, while the pro-apoptotic proteins include, for example, 

BAX, BAK1, BIM/BCL2L11, BID, BAD, and NOXA proteins. B-NHLs, including MCL, 

represent a vast group of entities where the balance between pro- and anti-apoptotic signals is 

commonly altered [198, 199]. In MCL, the overexpression of the anti-apoptotic BCL-2 protein 

is frequently observed and is often caused by amplifications, as detected in 24% of MCL cases, 

analyzed by Yi et al. [144, 200, 201]. The overexpression of BCL2 is therefore a potential target 

for targeted therapy, including BCL2 inhibitors, such as venetoclax, which appears to be 

effective in both relapsed and refractory settings [202]. One of the pro-apoptotic proteins, BIM, 

also plays a crucial role in MCL, as demonstrated in cyclin D1-transgenic mice. In the context 

of cyclin-D1 overexpression and BIM deletion in B-cells, mice developed lymphomas that were 

histopathologically and molecularly similar to human MCL. Deletions of BIM are rarely found 

in newly diagnosed MCLs, and BIM, together with other pro-apoptotic partner NOXA protein, 

mediates a proapoptotic activity of BCL2 inhibitor venetoclax [203, 204]. Overexpression of 

the BIM protein has been shown to impact overall survival, indicating that patients with high 

BIM levels are more likely to achieve a complete therapeutic response [205]. These alterations, 

thus, may have an impact on the development of resistance to apoptosis [204]. For example, 

the overexpression of the anti-apoptotic protein MCL-1 was detected in aggressive, highly 

proliferative variants of MCL, accompanied by overexpression of the p53 protein. Indeed, the 

combination of MCL-1 inhibitor S63845 with BCL-2 inhibitor venetoclax demonstrated lethal 

activity in patients with relapsed and refractory MCL [204, 206].  

 

7.2.12. Dysregulation of the Nuclear Factor-kappa B (NF-kB) pathway 

The NF-əB pathway comprises a family of transcription factors that are involved in essential 

processes, including cell survival, apoptosis, immune, inflammatory, and stress responses, as 

well as cell growth and proliferation [207]. The pathway has two main branches: canonical and 
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non-canonical pathways, both of which are frequently dysregulated in MCL [208]. The 

canonical pathway is activated by signals from B-cells and other receptors in the tumor 

microenvironment, leading to the activation of the IkB kinase (IKK) complex, which 

phosphorylates IkB proteins. Phosphorylation of IkB leads to its degradation by the proteasome, 

ultimately resulting in the translocation of the NF-kB dimers, typically formed by p65/p50 

proteins, to the nucleus, which causes the activation of target genes. In MCL, altered and 

chronic BCR signaling is a sufficient stimulus for activating the canonical pathway, providing 

survival and proliferative signals. This activation could be targeted by BTK inhibitors, making 

it another potential target for individualized MCL therapy [209, 210]. The non-canonical 

pathway is activated by signals from the B-cell receptor-activating factor (BAFF) and CD40. 

This provides stabilization and activation of NF-əB-inducing kinase (NIK), which 

phosphorylates the IKKŬ subunit. Activation of IKKŬ leads to the processing of the p100 

protein into p52, allowing p52/RelB dimers to move into the nucleus. Activating mutations of 

the TRAF2 and Baculoviral IAP repeat-containing 3 (BIRC3) genes can trigger the non-

canonical pathway in some MCL cases, providing resistance to B-cell receptor inhibition [208, 

211, 212].  

 

7.2.13. Phosphoinositide 3-kinase/protein kinaseB/mammalian target of rapamycin 

(PI3K/AKT/mTOR) pathway dysregulation  

Another frequently altered key pathway in MCL is the PI3K/AKT/mTOR pathway, involved 

in cell cycle regulation, survival, proliferation, and apoptosis [213]. Mechanisms involved are 

represented by constitutive activation via increased phosphorylation of AKT kinase, loss of 

negative regulator and tumor suppressor phosphatase and tensin homolog PTEN, which can 

dephosphorylate products of PI3K, shutting the pathway down, and phosphatidylinositol 3'-

kinase catalytic subunit alpha (PIK3CA) amplifications, encoding the catalytic subunit of PI3K 

with increased transcription and activation of PI3K  [214-216]. Thus, pathological activation of 

the PI3K/AKT/mTOR pathway is associated with increased cell growth and resistance to 

therapy. Loss of PTEN, as well as overactivation of the PI3K pathway via PIK3CA gains, is 

indeed associated with resistance to targeted therapy, as well as lower dependence on BCR 

signaling and better metabolic and hypoxic adaptation [217]. Amplifications or mutations in 

the PIK3CA gene, leading to overactivation of this pathway, have been observed in MCL and 

are linked to disease progression and relapse, making them viable targets for molecular 

therapies. Inhibitors targeting the PI3K pathway have shown therapeutic efficacy in MCL [216, 

218].  
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7.2.14. Other aberrant pathways 

Other frequently altered pathways include the NOTCH signaling pathway, the JAK/STAT 

pathway, epigenetic and environmental alterations, and the BCR signaling pathway. It has been 

documented that mutations of the NOTCH1 and NOTCH2 genes are frequent in MCL [170]. 

Both genes encode transmembrane receptors, which are involved in B-cell differentiation and 

development. In case of activating mutations, constitutive activation of NOTCH signaling 

occurs, leading to promotion of cell survival, proliferation, and resistance to therapy [219, 220]. 

NOTCH1-mutated MCLs were also associated with an unfavorable overall survival when 

compared with NOTCH1 wild-type cases [221]. The Janus Kinase (JAK) and Signal Transducer 

and Activator of Transcription (STAT) pathway is another potential target in MCL, promoting 

survival, proliferation, and drug resistance. The activation of the JAK/STAT pathway can also 

be initiated through the engagement of BCR signaling and autocrine stimulation by interleukin-

6 (IL-6). Therefore, the development of targeted therapies focused on blocking these pathways 

could be effective [222-224]. Mentioned dysregulation of BCR signaling, often via CD79B and 

CARD11 mutations, is common in lymphomas, including MCL. This dysregulation supports 

the use of BTK inhibitors, such as Ibrutinib, in therapeutic regimens [210, 225]. Epigenetic and 

environmental alterations also contribute to the pathogenesis of MCL. Mutations of EZH2 or 

KMT2D alter epigenetic modifications and are associated with poorer overall survival [226, 

227].  

 

7.3. Clonal development and genomic landscape of Mantle cell lymphoma 

Understanding the genomic landscape and clonal development of malignant diseases is of 

utmost importance, as it is a massive source for novel therapeutic strategies. Clonal 

development refers to the evolution of cancer cells from their progenitors, involving additional 

genomic aberrations that contribute to disease progression, resistance, and heterogeneity. Two 

mechanisms are believed to be involved in the clonal evolution of lymphomas. The first is linear 

evolution, characterized by the development of additional mutations within a single dominant 

clone that is present from the onset of the disease. The second mechanism is branching 

evolution, where multiple subclones develop in parallel from the common ancestor [66, 190]. 

One of the factors contributing to the development of new mutations is the selective pressure 

exerted by the therapy used in therapeutic regimens during the disease [228]. It is well 

established that a single translocation is not sufficient to drive the malignant transformation of 

MCL. As the disease progresses, additional aberrations of lymphoma cells develop, increasing 

the intratumoral heterogeneity and causing the coexistence of different subclones within the 
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same tumor environment [132, 170]. The presence of various subclones with different 

sensitivity to the used therapies contributes to the resistance and relapse of the disease. Due to 

next-generation sequencing technologies, large cohorts of patients with MCL have been 

described from a genomic perspective, enabling the discovery of driver genomic aberrations 

and the diversification of MCL into different genetically defined subgroups. The complexity of 

genomic aberrations such as single-nucleotide variants (SNVs), copy number variations 

(CNVs), and other structural variants (SVs) shapes the genomic environment and often predicts 

disease behavior [144, 170, 172-174, 176, 189, 190, 192, 221, 229-239]. As mentioned above, 

multiple genes are involved in the development of MCL and many recurrent alterations are part 

of the complex genomic environment. Landmark exome sequencing studies have defined a 

genomic landscape of MCL and identified recurrent mutations in established genes, e.g., ATM, 

TP53, KMT2D/MLL2, NSD2, RB1, POT1, SMARCA4, BIRC3, TLR2, MEF2B, and NOTCH2 

as reported by Zhang et al., or Bea et al. [170, 172]. Bea et al. also successfully described two 

possible patterns of clonal evolution in MCL.  First, it represents the survival and evolution of 

the primary major clone, which acquired new mutations and copy number alterations during 

the progression stage. Notably, this case remained stable without treatment for three years. 

Second, a patient treated with intensive immunochemotherapy at the primary diagnosis, who 

progressed after 3 years. In this case, the major clone was eradicated by therapy, but a new 

subclone, harboring new genetic aberrations, emerged at relapse [170]. Another example of 

analysis, where NGS technologies helped establish four distinct molecular clusters, was 

published by Yi et al. They classified MCL into four distinct molecular clusters, each with 

specific genomic aberrations that have implications for clinical behavior and outcome. Many 

of those alterations have been mentioned above. According to this classification, the C1 cluster 

harbors mutations of the immunoglobulin heavy variable (IGHV) gene, CCND1 mutations, 

amplifications of 11q13, and active BCR signaling. C2 cluster featured del(11q)/ATM 

mutations and upregulation of NF-kappaB and DNA repair pathways. The C3 cluster was 

enriched by mutations in SP140, NOTCH1, and Nuclear Receptor Binding SET Domain Protein 

2 (NSD2) genes, with downregulation of BCR signaling and MYC targets. The C4 cluster was 

characterized by prognostically unfavorable genomic changes, including del(17p)/TP53 

mutations, del(13q), and del(9p), along with an activated MYC pathway and hyperproliferative 

signatures. Not surprisingly, the C4 cluster had the worst 5-year OS, at only 14.2% [169]. 

Finally, a systematic review comprising 32 articles and a total of 2,127 MCL cases focused on 

the mutation profile in MCL. Hill et al. identified the ATM gene as the most frequently altered 

(43.5%), followed by TP53 (26.8%), CDKN2A (23.9%), and CCND1 (20.2%) at diagnosis or 
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baseline. Other frequent mutations at baseline included NSD2, KMT2A, S1PR1, and CARD11. 

Aberrations of IGH and MYC were also detected in 38.4% and 20.8% of cases, respectively. At 

progression, the genes with the highest mutational frequency differences (> 5%) included TP53, 

ATM, KMT2A, MAP3K14, BTK, TRAF2, CHD2, TLR2, ARID2, RIMS2, NOTCH2, TET2, 

SPEN, NSD2, CARD11, CCND1, SP140, CDKN2A, and S1PR1 [189]. Copy number alterations 

are another vital aspect of genomic heterogeneity in MCL. Analysis of 100 MCL cases by Le 

Bris et al. and the LYSA group demonstrated deletions of 17p (TP53) and 9p (CDKN2A) being 

more frequent in refractory and early relapsing patients. It also mentioned gains at 7p22 being 

associated with better PFS, and gains at 11q (CCND1), proposing a CCND1/IGH fusion, being 

associated with worse OS and PFS [230]. Another frequently altered regions in MCL include 

1q32, 1p33 (CDKN2C), 1q42, 12q14 (CDK4), and 2q13 (BCL2L11), 11q23 (ATM), as well as 

losses of 8p or 13q. Recurrent regions of copy number neutral loss of heterozygosity (CNN-

LOH) are also frequent in MCL, mostly in regions where deletions occur, such as 6p, 9p, 9q, 

11q, and 17p, marking it as another mechanism for potential inactivation of various tumor 

suppressor genes, located in these regions [240]. 

The standard first-line treatment for MCL involves a combination of chemoimmunotherapy and 

targeted therapies. Therapeutic regimens commonly include rituximab (an anti-CD20 antibody) 

combined with CHOP or Hyper-CVAD (cyclophosphamide, vincristine, doxorubicin, and 

dexamethasone), followed by autologous stem cell transplantation as consolidation therapy. 

The inclusion of high-dose cytarabine and rituximab maintenance therapy has notably improved 

outcomes in MCL patients [241-244]. Recent advances have introduced novel agents such as 

Venetoclax, a BCL2 inhibitor, and Ibrutinib, a BTK inhibitor, which have demonstrated 

efficacy in MCL. These novel agents, when used in combination with other treatments, offer 

promising options for patients with resistant and refractory MCL, particularly those with 

unfavorable genomic profiles [130, 202, 245, 246].  

Despite achieving partial therapeutic successes, MCL continues to pose significant clinical 

challenges, and in the majority of cases, it is still considered to be an incurable disease. The 

prognosis for relapsed and refractory patients, particularly those with adverse genomic profiles, 

remains poor. This highlights the need for a deeper understanding of the pathophysiological 

mechanisms underlying relapse and disease progression to enhance therapeutic outcomes. In 

conclusion, the genomic heterogeneity of MCL is extreme, connected with multiple aberrations 

in essential pathways mentioned in the text above. Therefore, further translational studies 

exploring new mechanisms and therapeutic targets are undoubtedly needed to ensure better 

survival outcomes and a deeper understanding of the disease.  
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During my research, I examined the genomic landscape and clonal development of mantle cell 

lymphoma, which helped deepen understanding of the disease's progression over time and 

highlighted its clinical and therapeutic implications for patient survival. This primary focus was 

supported by genetic characterization of experimental models, mainly represented by patient-

derived xenografts from patients with aggressive lymphomas, including MCL. These models 

serve as an invaluable and accurate substitute for real patients. Their genetic similarity to actual 

patients' genomes facilitates translational research, enabling the exploration of new pathogenic 

mechanisms and therapeutic targets. The second research focus involves characterizing 

experimental models of aggressive lymphomas. The final section of the introduction provides 

a brief overview of their development, discussing their advantages and disadvantages. 

 

8. Patient-derived xenograft (PDX) models of aggressive lymphomas 

 

Patient-derived xenografts from tumor tissues of patients with aggressive lymphomas mimic 

tumor biology and are invaluable tools for preclinical cancer research and translational studies. 

They help improve the understanding of tumor development, support the testing of 

experimental treatments, and aid in the development of new therapies. These models keep the 

genetic makeup, intratumoral heterogeneity, and phenotype of the original patient tumor, while 

also reflecting the complexity of the lymphoma's microenvironment. Many drugs that are 

effective in vitro have failed in complex in vivo settings, emphasizing the need for advanced 

experimental models. PDX models closely match the genomic landscape of primary lymphoma 

cells, making them a valuable alternative for research [247-257]. Multiple studies also 

demonstrate that PDX models retain the histopathologic and immunophenotypic characteristics 

of the original lymphoma cells. However, challenges such as loss of heterogeneity, clonal 

evolution, absence of microenvironmental and immune interactions, and selection bias exist. 

The development of patient-derived organoids can address some of these issues, as can the 

humanization of PDX modelsðespecially important in light of new therapies like co-

stimulatory molecule blockade or CAR-T therapy [258-262]. In these therapeutic contexts, 

simulating immune interactions is essential and can be achieved with humanized PDX models 

[263]. PDX models are created from a broad range of lymphoma types by engrafting primary 

lymphoma cells into immunodeficient mice [2, 257, 264, 265]. Detailed genomic analysis, their 
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development process, and incorporation of other components of the human tumor 

microenvironment further enhance their similarity to actual patient tumors.  

8.1. Derivation and establishment of PDX models 

PDX models are created by directly implanting tumor cells or tissue from a patient into an 

immunocompromised mouse. Several key steps are involved, utilizing highly immunodeficient 

mice, such as Non-obese Diabetic/Severe Combined Immunodeficiency (NOD/SCID) or NSG 

(NOD scid gamma) mice. These mice have impaired T, B, and natural killer cell immunity. The 

NOD background is characterized by a defect in the innate immune system, with reduced 

function of NK cells, defective macrophage activity, and an absence of circulating complement 

component C5. Severe combined Immunodeficiency (SCID) mutation in the PRKDC (Protein 

Kinase, DNA-Activated, Catalytic Subunit) gene prevents the development of mature T and B-

cells. NSG mice are even more immunodeficient, implementing a critical mutation, Gamma, 

i.e., IL2rɔnull or IL2rgnull. It is a knockout gene mutation encoding Interleukin-2 Receptor 

gamma chain, known as the common gamma chain. This chain is essential for the signaling of 

multiple interleukins, e.g., IL-2, IL-7, or IL-15. Specifically, the loss of IL-15 signaling results 

in the complete absence of functional NK cells, a key difference compared to NOD/SCID mice 

[266]. Briefly, the fresh tumor tissue or tumor cells are obtained from a patient via resection or 

a biopsy from a lymph node or the lymphoid tumor itself. If leukemized or if the bone marrow 

is infiltrated, it can be isolated directly from peripheral blood or bone marrow. The obtained 

material is immediately homogenized into small tissue fragments or a single-cell suspension 

and implanted into the immunodeficient mouse. In the case of lymphoma PDX models, this is 

often done via subcutaneous, intraperitoneal, or intravenous injection. Engraftment of the tumor 

and passaging follow, with the first generation of mice being monitored for tumor growth. Once 

it reaches a sufficient size, it is homogenized again and transferred to the next generation of 

mice. Aggressive subtypes of lymphomas generally engraft more successfully [267]. A 

substantial amount of evidence currently supports the use of PDX models in translational 

research focused on hematological malignancies.  

 

8.2. Advantages and disadvantages of PDX models derived from aggressive 

lymphomas 

As mentioned above, PDX models retain the histological architecture, genetic landscape, and 

molecular signature of the original patient tumor. PDX models of aggressive lymphomas often 

retain hallmark alterations, such as TP53 mutations, and the highly proliferative behavior of the 

disease, which is ideal for studying drug resistance. They are more sufficient in capturing the 
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clonal diversity and heterogeneity within the patientËs tumor. This is often lost in 2D cell 

culture. Aggressive lymphomas are highly heterogeneous, and PDX models enable testing 

therapies against both major and minor clones present. This better predicts real-world patient 

response. When compared with cell line models, PDX models show a higher concordance rate 

between the drug response observed in the mouse model and in the patient. As the tumor grows 

in a 3D environment, it allows interactions with the murine stroma and vasculature, mimicking 

the physiological environment. Despite the human stroma being replaced by mouse stroma, the 

initial environment is more physiologically relevant than plastic flasks with cell lines. A lack 

of human immune components and original human tumor stroma represents a limitation of PDX 

models, as they are typically generated using immunodeficient mice. This is an obstacle, 

especially for testing modern immunotherapies, such as CAR-T cells or checkpoint inhibitors. 

This can be partly overcome by humanized PDX models, as mentioned above. The low 

engraftment rate is variable, depending on the tumor type, which limits the ability to create 

large and diverse PDX collections that represent the heterogeneity of lymphoma subtypes. This 

results in the successful establishment of more aggressive and resistant tumors, as well as the 

underrepresentation of more indolent tumor types. Lastly, the establishment of the PDX model 

can be time-consuming and expensive, requiring specialized facilities and trained personnel, 

which limits the utility of PDX models for rapid, high-throughput drug screening or immediate 

personalized treatment decisions [248, 268-270].  

The second major part of my research was, therefore, focused on genomic characterization and 

validation of PDX models of aggressive lymphomas. Genetic characterization of PDX models 

in comparison with corresponding patient tumors is a crucial step in validating these models. It 

ensures their clinical relevance. Confirmation of the accurate representation of the patientËs 

tumor and elimination of potential genetic drift during engraftment and subsequent passaging 

in mice are essential for making the PDX model a reliable tool for preclinical research and 

personalized medicine. As the PDX model serves as a Ăreplicañ of the patientËs tumor, genetic 

characterization serves as proof of fidelity by comparing the genomic landscape of the PDX 

tumor with the original patientËs tumor. Advanced techniques, including NGS technologies 

such as whole-exome sequencing or CNV analysis, are employed to confirm that the key 

alterations are conserved in the model. Genetic characterization also aids in identifying newly 

acquired alterations that may have arisen due to selection pressure or genetic drift during 

passaging. Monitoring these changes is essential for ensuring that the model remains relevant 

and that any experimental findings are not a result of tumor biology that differs from that of the 

patient. It also enables researchers to confirm that the PDX model has retained its intratumor 
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heterogeneity, which is crucial for drug resistance studies. It is a non-negotiable step for 

establishing a trustworthy PDX library, as PDX libraries allow selection of the most appropriate 

model for specific research questions [247, 257, 271, 272].  
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9. HYPOTHESIS 

 

1. Standard immunochemotherapy drives the clonal evolution of MCL, leading to the 

expansion of pre-existing genetically diverse subclones and subsequent clinical 

relapse. 

 

2. PDX models of aggressive lymphomas share the majority of genetic aberrations 

despite failing to recapitulate the tumorËs microenvironment (namely, its non-

malignant components). 
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10.  AIMS  

 

1. To investigate and describe the genomic landscape, molecular features, and clonal 

evolution of patients with aggressive lymphomas, focusing primarily on those with 

mantle cell lymphoma, using next-generation sequencing technologies. 

  

2. To characterize the molecular and genetic profiles of PDX models derived from 

tumor tissues of patients with aggressive lymphomas, and to further validate the 

relevance of these models for preclinical translational and experimental studies. 
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11. MATERIALS AND METHODS  

 

The methodology presented here is fully reproduced and expanded upon from my previous 

publications, which form the core of this work. These two fundamental papers analyzed clonal 

evolution in MCL patients and, among others, provided the genetic characterization of PDX 

models (Karolov§ et al., 2023; Jakġa et al., 2022) [1, 2]. 

 

1) Methods and materials for: Karolov§, Jana, et al. "Sequencing based analysis of 

clonal evolution of 25 mantle cell lymphoma patients at diagnosis and after failure of 

standard immunochemotherapy." American journal of hematology 98.10 (2023): 1627-

1636. [1] 

Note: In the context of the mutational landscape, the terms variant or mutation are used 

interchangeably throughout the text. The same applies to "newly detectedñ and "gained," as 

well as "newly undetectedñ and "lost," when describing the genomic landscape of variants. Full 

names of genes, etc., mentioned in the text above and below, are provided in the List of 

abbreviations above if not directly mentioned. 

 

11.1.  MCL patients, collection of samples, diagnostic work-up 

Lymphoma samples from 25 patients with newly diagnosed mantle cell lymphoma were 

collected after obtaining informed consent from patients and in accordance with the Declaration 

of Helsinki. Tumor tissue samples were obtained at the time of initial lymphoma diagnosis 

through various methods during diagnostic procedures, including biopsy of the lymphoma 

tumor, lymph node excision, core needle biopsy, or collection of peripheral blood, bone 

marrow, effusions, or cerebrospinal fluid containing tumor cells. Among these patients, 75% 

were male. Non-tumorous (germline) samples were collected from all patients using buccal 

smears, peripheral blood, or trephine biopsies, excluding those with tumor infiltration, to 

account for common polymorphisms during analysis. All samples underwent standard 

diagnostic procedures at the hematology laboratories of the Department of Medical 

Biochemistry and Laboratory Diagnostics at the General University Hospital in Prague (VFN), 

including immunophenotyping analysis. Only samples with tumor infiltration of 30% or greater 

were included in the study. This study received approval from the Ethics Committee of the 

General University Hospital at Prague (No. 60/20). Patients were assigned unique codes (P01ï

P25) to maintain anonymity. Data such as age, sex, MIPI (Mantle Cell Lymphoma International 
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Prognostic Index), tumor morphology, Ki-67 proliferation index, initial therapy, information 

about ASCT, best response to treatment, event-free survival (EFS), overall survival (OS), last 

follow-up date (LFD), or death were used for further analysis and correlation with genomic 

data. Patient characteristics are summarized in Table 1.  

 

 

Table 1:  Therapy: 1A = Czech lymphoma study group (CLSG)-MCL1 observational protocol 

[244], that is, alternation of R(ituximab)-CHOP (cyclophosphamide, doxorubicin, vincristine, 

and prednisone), and R-high-dose cytarabine (HDAC, 2 g/m2, 2 doses every 24 h), 3 + 3 cycles, 

and rituximab maintenance (RM); 1B = modification of CLSG-MCL1 protocol, that is, 

alternation of R-CHOP and R-DHAOx-senior (dexamethasone, HDAC, reduced oxaliplatin), 

3 + 3 cycles, and RM; 2A = Nordic protocol, that is, alternation of R-Maxi-CHOP, and R-

HDAC (2ï3 g/m2, 4 doses every 12 h), 3 + 3 cycles, autologous stem cell transplant (ASCT), 

and RM; 2B = modified Nordic protocol [273], that is, alternation of R-Maxi-CHOP, and R-

DHAOx, 3 + 3 cycles, and RM; 3 = R-COP. Abbreviations: 0, no; 1, yes; ASCT, autologous 

stem cell transplantation; CR, complete remission; EFS, event-free survival; F, female; HD, 

high dose; M, male; N, no; N/A, not analyzed; OS, overall survival; P, patient; PR, partial 

remission; SD, stable disease; Tx, therapy; Y, yes; N, no. This table is adapted from Karolov§ 

J, et al. American Journal of Hematology (2023) 98(10):1627-1636, with minor modifications 

for clarity. 

 

Code Age Sex MIPI Morphology Ki-67 (%) Therapy ASCT Best response to front-line TxEFS (months)OS (months) Death
P01 74 M 6,4 Pleomorphic 80 1A 0 PR 5 11 Y
P02 66 M 6,9 N/A N/A 2A 1 CR 50 82 N
P03 60 M 5,7 Blastoid 60 2A 1 CR 10 15 Y
P04 47 F 7,3 Classic 90 2A 1 CR 7 10 Y
P05 79 F 7,0 Blastoid 75 1A 0 SD 1 26 Y
P06 79 M 6,8 N/A <5 1A 0 CR 35 37 Y
P07 74 M 6,1 N/A N/A 1A 0 CR 10 29 Y
P08 48 M 5,4 Classic ΝΜтΞΜ2A 1 CR 91 104 N
P09 78 F 6,6 Classic 25 1A 0 CR 16 33 Y
P10 73 F 6,9 N/A 15 1A 0 CR 66 102 N
P11 68 M 6,8 N/A 7,5 1A 0 PR 15 29 Y
P12 74 M 7,9 Blastoid 75 1A 0 CR 12 12 Y
P13 69 M 7,0 Blastoid 80 1A 1 PR 7 10 Y
P14 67 M 6,3 Blastoid 85 2B 1 PR 8 17 Y
P15 62 M 7,0 Classic 25 1A 0 PR 6 70 Y
P16 68 M 8,0 Pleomorphic 90 1B 0 PR 4 31 Y
P17 69 F 6,4 Pleomorphic 60 3 0 PR 3 10 Y
P18 63 M 7,0 Blastoid 100 2A 0 CR 4 10 Y
P19 65 M 6,2 Pleomorphic 40 2A 0 CR 53 110 N
P20 76 M 7,3 N/A 100 1A 0 CR 10 12 Y
P21 81 M 7,5 Classic 5 1A 0 SD 1 33 Y
P22 68 M 5,9 N/A 5 1A 0 CR 25 42 Y
P23 66 M 7,1 Classic 70 2A 1 PR 9 11 Y
P24 70 M 6,4 N/A 40 1A 0 CR 30 104 N
P25 55 M 5,5 Classic 5 2A 1 PR 10 20 Y
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11.2.  Processing of samples, isolation of DNA 

All described steps were performed under sterile conditions at the laboratory of our Institute of 

Pathological Physiology, First Faculty of Medicine, Charles University, Prague. Biological 

samples with sufficient infiltration from lymphoid tumors or lymph nodes (approximately 10-

25mg) were mechanically dissociated using a 40-micrometer nylon mesh (Falcon, Corning 

Incorporated, NY, USA). The resulting cell suspension was centrifuged at 300 Ĭ g for 5 minutes 

at 4ÁC to prepare dry cell pellets for DNA isolation. For peripheral blood and bone marrow, 

PBMCs (peripheral blood mononuclear cells) were isolated using the Ficoll-Paque protocol 

(Cytiva, GE Healthcare). This standard density gradient centrifugation method separates cells 

based on their density. Bone marrow or peripheral blood (10 ï 20 ml, anticoagulated with 

EDTA or heparin) was diluted with an equal volume of PBS, and slowly layered on 15-20ml 

of the Ficoll in a 50ml conical tube (TPP, Switzerland). The tube was centrifuged at 800 Ĭ g for 

25 minutes with the brake-off setting, allowing the centrifuge to slow down gradually and 

prevent the mixing of the layers. After centrifugation, a thin cloudy layer between the top and 

bottom layer was pipetted into a new sterile conical tube. The tube was filled with PBS and 

centrifuged at 300 x g for 10 minutes to prepare a pellet. The supernatant was discarded, and 

the pellet was resuspended in a fresh volume of PBS to remove residual Ficoll and platelets. 

The washing step was repeated one more time. The purified PBMC pellets, in a 1.5 ml 

centrifuge tube containing 3-5 Ĭ 10^6 cells, were further used for DNA isolation. 

 

11.2.1. Isolation of DNA  

The DNeasy Blood & Tissue Kit (Qiagen, Germany) was used to extract genomic DNA from 

prepared dry pellets and buccal smears according to the manufacturerËs protocol. Briefly, this 

kit isolates DNA using a silica-based spin-column process involving steps such as lysis, 

binding, washing, and elution. All necessary buffers, Proteinase K, and spin columns are 

included. The extraction is performed at room temperature. Proteinase K is added along with 

Buffer ATL to digest proteins (200 ɛL of cell suspension, 20 ɛL of Proteinase K, 200 ɛL of 

Buffer AL), including DNases. Buffer ATL is a lysis buffer that breaks down cell membranes. 

The mixture is incubated at 56ÁC for 10 minutes to ensure complete cell lysis and protein 

digestion. During binding and washing, the silica property of the membrane is used to separate 

DNA from other cellular components. To the lysed samples, 200 ɛL of Buffer AL and 200 ɛL 

of ethanol are added. Buffer AL, a chaotropic salt, disrupts hydrogen bonds and noncovalent 

interactions, creating an environment in which DNA binds to the silica membrane of the spin 

column. Ethanol helps facilitate this binding by altering the hydration shell around DNA 
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molecules. The mixture is then loaded onto the DNeasy Mini spin column and centrifuged. 

DNA selectively binds to the silica membrane, while contaminants such as proteins and salts 

pass into the collection tube. The column is washed with Buffer AW1 and then Buffer AW2, 

which are designed to remove remaining proteins, salts, and other impurities without dislodging 

the bound DNA. After the final wash, the column is centrifuged at high speed to dry the 

membrane, and then it is placed in a new tube. Elution is performed by adding preheated (65 

oC) elution buffer (Buffer AE) directly to the center of the membrane (75ï150 ɛL). The low-

salt conditions of Buffer AE disrupt the DNA's binding to the silica, allowing it to be released. 

A final centrifugation step then transfers the purified DNA, dissolved in the elution buffer, into 

a new collection tube.  

The quality and concentration of the isolated DNA were measured using a NanoDrop 

spectrophotometer (Thermo Fisher Scientific, Wilmington, DE, USA). DNA purity was 

assessed by evaluating the absorbance ratios at A260/280 and A260/230. Samples with an 

A260/280 ratio between 1.8 and 2.0 and an A260/230 ratio above 2.0 were deemed to have high 

purity and were considered suitable for subsequent applications.     

 

11.3.  Whole-exome sequencing (WES) and copy number variant analysis 

 

11.3.1. Library preparation and sequencing 

DNA samples were transported to the CLIP facility (Childhood Leukaemia Investigation 

Prague), Department of Pediatric Hematology and Oncology, 2nd Faculty of Medicine, Charles 

University, and University Hospital Motol, Prague, Czech Republic. They were sequenced on 

the NextSeq 500 instrument (Illumina, San Diego, CA), with sequencing libraries prepared 

using the SureSelect QXT Target Enrichment kit and the SureSelect XT Human All Exon 

V6+UTR kit (Agilent Technologies, Santa Clara, CA), following the manufacturerôs protocol 

(Agilent Technologies, 2021), SureSelectQXT Target Enrichment for the Illumina Platform 

Featuring Transposase-Based Library Prep Technology Protocol (Version F2, p/n G9681-

90000). This kit is a targeted enrichment solution for WES, designed to capture and enrich 

protein-coding exons and untranslated regions (UTRs) from the human genome. 

 

The QXT workflow is a streamlined process comprising three main phases: initial library 

preparation, target enrichment, and post-capture amplification and indexing. 
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Phase 1: Initial Library Preparation  

The first step involves preparing a whole-genome sequencing library from the input genomic 

DNA (gDNA). The initial gDNA (50 ng; in cases of samples with lower concentrations, a 

maximum of nanograms in 2 ɛL volume was used) is enzymatically fragmented into smaller, 

uniform pieces, typically around 180-250 base pairs, and undergoes end repair to create blunt 

ends (all in one step). An adenine (A) base is added to the 3' ends of the fragments, a process 

called A-tailing. This ensures the fragments have a single-base overhang for subsequent 

ligation. This initial library is purified using magnetic beads (Ampure XP beads, Beckman 

Coulter) to remove unwanted reagents and fragments. End repair and amplification of these 

fragments (8 cycles of PCR according to the protocol) follow. Additionally, another purification 

using magnetic beads (Ampure XP beads, Beckman Coulter) is performed.  

 

Phase 2: Target Enrichment 

The prepared library is combined with SureSelect XT Human All Exon V6 + UTR baits, which 

are biotinylated RNA probes designed to be complementary to the targeted exonic and UTR 

regions of the human genome. The mixture is incubated (95 ÁC for 5 minutes, 65 ÁC for 10 

minutes), the probes are added, and another incubation follows for a designated period (60 

cycles: 65ÁC for 1 minute, 37ÁC for 3 seconds) at a high temperature (65ÁC) to allow the baits 

to hybridize with their target DNA. Incubation takes 2 hours. The hybridized DNA-bait 

complexes are then captured using streptavidin-coated magnetic beads (DynabeadsTM 

MyOneTM Streptavidin T1, Invitrogen by Thermo Fisher Scientific). Streptavidin has a high 

affinity for biotin, so it binds strongly to the biotinylated RNA baits, pulling the entire DNA-

bait complex out of the solution. The magnetic beads are washed multiple times to remove non-

target, unbound DNA fragments. 

 

Phase 3: Post-Capture Amplification and Indexing 

The third and final step prepares the enriched library for sequencing. The captured, target-

enriched library is amplified using PCR (10 cycles) to generate enough material for sequencing. 

During this amplification, unique barcodes (indexes) are added for multiplexing. The final 

library is purified using magnetic beads (Ampure XP beads, Beckman Coulter) to eliminate any 

remaining reagents, primers, and unwanted fragments. The quality and concentration of the 

final library are then evaluated using the Agilent 2100 Bioanalyzer (Agilent Technologies, 

Santa Clara, CA) with the Agilent High Sensitivity DNA kit to assess fragment size distribution 
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(approximately 350-450 bp). Library concentration was measured using a Qubit 4 Fluorometer 

and the Qubit dsDNA HS Assay Kit (Thermo Fisher Scientific, Wilmington, DE, USA). 

The resulting enriched and indexed libraries can undergo sequencing, which in our case was 

performed using the NextSeq 500 instrument (Illumina, San Diego, CA) according to the 

manufacturer's protocol, available at:  

https://support.illumina.com/sequencing/sequencing_instruments/nextseq-

500/documentation.html), with the NextSeq500/550 High Output Kit v2.5 (150 cycles).  

The sequencing method used a paired-end approach, where DNA fragments were sequenced 

from both ends. The "2x75" setup indicates that two separate reads, each 75 base pairs long, 

were produced for each fragment. To facilitate multiplexing and data demultiplexing, two 

unique 8-base pair indexes were ligated to each sample, enabling multiple samples to be 

sequenced in a single run. With a target depth of 50 million paired reads per sample, the total 

raw data output was estimated at 7.5 gigabase pairs (Gbp) per sample. This large data volume 

is essential for high-quality variant calling and provides a solid foundation for downstream 

genomic analysis. The sequencing results, in the form of FASTQ files, contain a large amount 

of data, including millions of short DNA sequencesðreadsðalong with quality scores for each 

base (explained below). 

 

11.3.2. Bioinformatic s processing of WES data and analysis of variants 

The resulting reads were aligned against the human reference genome (build GRCh37), which 

is a digital, representative sequence of the human genome. It is a composite created from the 

DNA of a small number of anonymous donors. It serves as a universal standard for mapping 

and comparing genetic data [274, 275].  All alignments were performed using the BWA 

(Burrows-Wheeler Alignment) tool, a fast and accurate read alignment program. It is a read 

alignment package based on backward search with the Burrows-Wheeler Transform (a robust 

data compression algorithm), which efficiently aligns short sequencing reads against an 

extensive reference sequence, such as the human genome, allowing for mismatches 

(substitutions) and gaps (insertions or deletions) [276].  

The mean coverage in our study was 66 reads, which is generally regarded as a sufficient and 

dependable level of coverage for standard research purposes. It means that each base in targeted 

exome regions was sequenced 66 times. Genomic variants were identified using SAMTools 

and VarScan 2. SAMtools is a popular program for processing and analyzing high-throughput 

sequencing data, including tools for format conversion, manipulation, sorting, querying, 

statistical analysis, variant calling, and effect analysis [277]. VarScan 2 is a bioinformatics tool 

https://support.illumina.com/sequencing/sequencing_instruments/nextseq-500/documentation.html
https://support.illumina.com/sequencing/sequencing_instruments/nextseq-500/documentation.html
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used to detect somatic mutations and copy number alterations (CNAs) in exome data from 

tumor-normal pairs. It processes data from both samples simultaneously, identifying sequence 

variants and classifying them by somatic status (germline, somatic, or loss of heterozygosity, 

i.e., LOH). A comparison of normalized read depth helps to delineate relative copy number 

changes [278].  

Annotations for variants were performed using SnpEff, a bioinformatics tool used for 

classifying the effects of variants in genome sequences. SnpEff can annotate variants based on 

their genomic location, including intronic, untranslated regions, upstream, downstream, splice 

site, or intergenic regions, and can predict their coding effects, such as synonymous, non-

synonymous, start codon gains and losses, stop codon gains and losses, or frame shifts [279].  

In our analysis, only non-synonymous variantsðthose that change the amino acid sequence of 

a proteinðlocated in gene coding regions with at least 10 reads coverage and with mapping 

and base quality scores above 20 in related samples from each patient were compared based on 

their frequency. Mapping, also known as alignment, is the process of computationally aligning 

a sequencing read to a specific location on a reference genome. Mapping quality (MAPQ) 

reflects the probability that a read is mapped to the wrong location. MAPQ > 20 indicates that 

the likelihood of an incorrect alignment is less than 1 in 100. Base quality score represents the 

confidence of a base call at a specific position in a sequencing read. It indicates the probability 

that a particular base (adenine, thymine, cytosine, or guanine) was called incorrectly by the 

sequencing instrument. A base quality score > 20 corresponds to a 1 in 100 chance of the base 

being called incorrectly, which means 99% accuracy. 

To filter out inherited polymorphisms that are not considered disease drivers, variants present 

in the patientËs germline DNA at a frequency higher than 0.05 were excluded from the analysis 

in all cases.   

Comparison of variants with an allele frequency of Ó0.1 in at least one of the compared samples, 

which were present in at least three reads in both the diagnostic and relapsed samples, was 

performed. The filtering of variants according to the filters mentioned above, and plotting of 

counts and frequencies of variants, was done with R version 4.2.1 and RStudio 2022.07.1 (R 

Core Team 2021. R: A language and environment for statistical computing. R Foundation for 

Statistical Computing, Vienna, Austria, https://www.R-project.org/).  

We specifically focused on detected variants that were shared between both samples (diagnostic 

and relapsed), newly detected at relapse (gained, N/D), or newly undetected (lost, N/U) at 

relapse. 

https://www.r-project.org/
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All the filtered variants were manually reviewed in Integrative Genomics Viewer (IGV) to 

exclude sequencing artifacts or variants that are present but not called in the germline sample. 

It is a high-performance viewer capable of efficiently visualizing large, heterogeneous data sets 

at all levels of genome resolution [280, 281].  

RStudio, as mentioned above, was used for visualization of detected variants using the 

ĂOncoprintñ function from the ComplexHeatmap R package, and resulting plots, i.e., hetmaps, 

show variants present in at least two patients [282]. A lollipop plot, using the Maftools package, 

was used to plot the mutations of the TP53 gene [283]. The section dedicated to results will 

provide more details for all the mentioned plots. The variants filtered out during this 

bioinformatics procedure are available in the Supporting Information section here: 

https://onlinelibrary.wiley.com/doi/full/10.1002/ajh.27044. The provided table includes a 

complete list of variants that passed the filtering described in detail above, found in both 

diagnostic samples and relapsed samples (i.e., shared variants, sheet 1A). It includes variants 

that were newly detected ï N/D (sheet 1B) or newly undetected ï N/U (sheet 1C). A curated 

gene list for selecting genes of interest with potential CNV changes is included in sheet 1D. It 

is also referenced below in Table 2, in the section dedicated to bioinformatics processing of 

WES data and analysis of Copy number variants (CNV). Sheet 1E contains specifications and 

a target gene list for targeted sequencing. The following abbreviations are used in the table: Chr 

- Chromosome, REF - Reference allele, ALT - Alternative allele, AA change - Amino acid 

change, DG_AF ï Variant allele frequency in the diagnostic sample, DG_Depth - Read depth 

in the diagnostic sample, REL_AF - Variant allele frequency in the relapsed sample, 

REL_Depth - Read depth in the relapsed sample. 

 

11.3.3. Bioinformatics processing of WES data and analysis of Copy number variants 

(CNVs) 

Copy number variants (CNVs) were predicted from WES sequencing data, utilizing CNVkit 

and a pooled reference from normal (non-infiltrated) samples. CNVkit is a bioinformatics tool 

for copy number detection that utilizes both targeted reads and nonspecifically captured off-

target reads to infer copy number changes evenly across the genome [284]. The Ăfused lassoñ 

regression method was utilized for the detection of CNV changes. It is a statistical technique, 

specifically a type of penalized regression, that is well-suited for segmenting genomic data. It 

identifies segments with altered copy numbers and forces the boundaries of these segments to 

be well-defined and sharp. It is a robust way to Ăsegmentñ noisy genomic data, smoothing out 

random fluctuations while preserving actual copy number breakpoints [285]. We used the 

https://onlinelibrary.wiley.com/doi/full/10.1002/ajh.27044
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Ăweightñ value obtained from the CNVkit output as a metric that combines both segment length 

and sequencing coverage. The ĂGenomic Identification of Significant Targets in Cancerñ 

(GISTIC) was utilized for assigning the statistical significance to the amplified and deleted 

segments identified by the CNVkit. GISTIC is a computational method used to identify 

statistically significant regions of somatic copy number alterations across a set of cancer 

samples. It can separate driver CNVs from passenger CNVs, which occur as a byproduct of 

genomic instability. A broad GISTIC algorithm was employed to identify regions with 

significantly altered copy numbers at the levels of chromosome arm and specific gene levels. 

Events, predicted by GISTIC with frequency score > 0.15, and q-value < 0.25 were considered 

significant, and are further mentioned in the results. Briefly, a frequency score > 0.15 serves as 

a threshold for predicted CNV events, which were present in more than 15% of patients. The 

second threshold, q-value, is similar to the p-value, which is commonly used for statistical 

analyses, and is adjusted for genomic data. A q-value < 0.25 indicates that the frequency of 

predicted CNV events occurring in our dataset may be significant. In other words, it means a 

false discovery rate, where we expect that  < 25% of our findings are falsely positive [286, 287]. 

CNVkit was also used for data visualization and the generation of color-coded heatmaps. Genes 

in color-coded heatmaps were filtered out using a CNV gene list of 22 frequently altered genes 

in aggressive lymphomas, including MCL (Table 2), as reported in the literature [66, 144, 169, 

170, 172, 173, 189, 190, 229-234, 238, 239]. 

 

 

Table 2: List of the CNV genes selected for generating color-coded heatmaps.  

 

Note: Patient P25 was sequenced in Atlas Biolabs (Berlin, DE) with libraries prepared using 

Nimblegen SeqCap ERZ Human Exome Library v 2.0 (Roche Nimblegen, Madison, WI) on 

the HiSeq 2000 (Illumina, San Diego, CA) instrument. Data for the CNV analysis from this 

patient were not available for the analysis. Therefore, the CNV analysis was done on 24 patients 

(P01-P24). 

A complete overview of data processing is visualized below. 

CNV genelist

PIK3CA CDK4 FOXO3 RHOBTBT2 MIR15A GNA14

SOX2 CHEK2 PRDM1 CDKN2A MIR16.1 TP53

MYC ATM TNFRSF10BCDKN2B ALDH1A1

BCL2 TNFAIP3 SORBS3 RB1 ANXA1
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Overview of data processing during WES analysis. WES = whole exome sequencing, 

SNV/indel = single nucleotide variations/insertions or deletions, VAF = variant allele 

frequency, CNV = copy number variations, GISTIC = Genomic Identification of Significant 

Targets in Cancer. 

 

11.3.4. Targeted next-generation sequencing 

DNA libraries for capture-based next-generation sequencing (NGS) were prepared using the 

KAPA HyperPlus Kit (Roche) with KAPA Universal Adaptors (Roche) and KAPA UDI Primer 

Mixes (Roche), following the manufacturerôs KAPA HyperCap Workflow v3.2 protocol with 

minor modifications. A total of 300 ng of DNA was used as input. The DNA was enzymatically 

fragmented for 24 minutes, and libraries were amplified with 6 PCR cycles. For targeted region 

enrichment, libraries were equimolarly pooled and hybridized with a custom KAPA 

HyperChoice MAX probe panel, which comprises 788 genes or gene parts (2.44 Mbp total, 

1.99 Mbp coding sequence). A list of panel genes is available in Supplementary Table 1, sheet 

1E, in the Supporting Information section. Provided below is a link to this table: 

https://onlinelibrary.wiley.com/doi/full/10.1002/ajh.27044). This was performed according to 

the KAPA HyperCap Workflow v3.2. After enrichment, the libraries were amplified with 10 

PCR cycles. The quality of the final pooled library was analyzed using a Fragment Analyzer 

system (Agilent), which showed an average fragment length of approximately 540 bp. The final 

library concentration was measured using a Qubit fluorometer with the Qubit HS Kit (Thermo 

Fisher). The prepared libraries were sequenced on an Illumina NextSeq 500 platform using a 

https://onlinelibrary.wiley.com/doi/full/10.1002/ajh.27044
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High Output Kit v2.5 (300 cycles). The sequencing run was designed to achieve a target of 4 

Gbp per sample, resulting in an average coverage depth that varied between 425x and 804x 

across the analyzed samples. Following sequencing and demultiplexing of raw FASTQ files 

using Illumina's BaseSpace software, a custom bioinformatics pipeline was used for data 

analysis. This pipeline was constructed within CLC Genomics Workbench v23.0.2 (CLC GW; 

Qiagen). The GRCh38 genome build was used for mapping and variant annotation. For variant 

filtering, several public databases were utilized, including ClinVar (version 230115), Cosmic 

v95, dbSNP v151, and ExAC. Therefore, the bioinformatic workflow involved the following 

key steps: Quality Control and Mapping, where raw reads were trimmed for quality and adapter 

sequences. High-quality reads were then mapped to the reference genome, and consensus reads 

were generated from duplicate reads. Variant Calling, where both structural variants and low-

frequency variants were identified. Artifact Removal, where sequencing artifacts and known 

false positives were removed, and Variant Filtering, where variants were filtered against the 

aforementioned external databases. 

Only variants with a variant allele frequency (VAF) of Ó5% were assessed. The inclusion 

criteria included: all truncating variants (InDels, nonsense, splice, no-start, no-stop), missense 

variants with low population frequency in ExAC or lacking a benign record in ClinVar, and 

same-sense or non-coding variants with a known pathogenic or likely pathogenic record in 

ClinVar. Particular attention was given to comparing TP53 variants and their variant allele 

frequencies.  

 

11.4. TaqMan copy number assays 

The CNV analysis of the PIK3CA and CDKN2A genes was performed using the TaqMan Copy 

Number Reference Assay RNase P (ThermoFisher Scientific), according to the manufacturer's 

instructions. The specific probes employed were PIK3CA (Hs02661768_cn) and CDKN2A 

(Hs01354804_cn).  

Genomic DNA was initially diluted to a working concentration of 5 ng/ÕL in nuclease-free 

water and stored at ī20ÁC until use. Each reaction was prepared in a final volume of 20 ÕL, 

comprising 10 ÕL of TaqMan Genotyping Master Mix, 1 ÕL of the target assay (either PIK3CA 

or CDKN2A), 1 ÕL of the RNase P reference assay, 4 ÕL of nuclease-free water, and 4 ÕL of 

the diluted DNA sample. The reporter dye for the target copy number assays was 6-

carboxyfluorescein, known as FAM (without a quencher). The reporter dye for the RNase P 

reference assay was a dye developed by Thermo Fisher Scientific, called VIC, with a 6-

carboxytetramethylrhodamine TAMRA probe quencher. 
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The assay was conducted using a QuantStudio 7 Pro Real-Time PCR System (Thermo Fisher 

Scientific). The thermal cycling protocol consisted of the following steps: an initial denaturation 

at 95ÁC for 10 minutes to activate the enzyme, followed by 40 cycles of a two-step process: 

denaturation at 95ÁC for 15 seconds and combined annealing/extension at 60ÁC for 60 seconds. 

Data analysis was performed using QuantStudio Software. The relative copy number for each 

target gene was determined by comparing its signal to that of the RNase P gene, a known diploid 

reference. The cycle threshold (CT) value, which indicates the cycle number at which 

fluorescence exceeds a set threshold, was measured for both the target and reference genes in 

each sample. The cycle threshold difference (ȹCʪ) was then calculated using the following 

formula: ȹCT=CT, targetīCT, reference. 

The relative copy number (CN) for each gene was determined using the formula CN=2Ĭ2īȹCT.. 

This method assumes that the reference gene has two copies. A calculated copy number near 2 

indicates a normal diploid state, while values above 2 suggest gene duplication or amplification, 

and values below 2 indicate a deletion. 

 

11.5. Fluorescence in situ hybridization  

To screen for common genetic abnormalities, interphase fluorescence in situ hybridization 

(FISH) analysis was performed on patient samples at the time of diagnosis as a part of standard 

baseline diagnostic procedures. This included detecting deletions on chromosomes 9p and 17p. 

The study used two specific probe sets. First, the Vysis LSI CDKN2A/CEP 9 FISH Probe Kit 

(Abbott Molecular, Des Plaines, IL, USA) is a dual-color probe set used to detect deletions of 

the CDKN2A gene, located at 9p21.3. The kit includes a locus-specific identifier (LSI) probe 

for CDKN2A and a centromeric probe (CEP) for chromosome 9, which serves as an internal 

control for chromosome counting. Second, XL ATM/TP53 Deletion Probe (MetaSystems, 

Altlussheim, Germany), which is a probe set used to detect deletions of the ATM gene on 

chromosome 11q22.3 and the TP53 gene on chromosome 17p13. The probes are labeled 

differently, allowing for the simultaneous assessment of both gene loci. All FISH procedures 

were performed according to the manufacturer's protocols. For each probe set, at least 200 

interphase nuclei were carefully analyzed by two independent, trained observers to ensure 

accuracy and reliability. To establish a baseline for what defines a clinically significant finding, 

a negative control group of ten cytogenetically normal individuals was used. The background 

signal for signal loss (which indicates deletions or monosomies) was determined from these 

samples. A sample was considered positive for a deletion if the percentage of cells with a single-

copy signal exceeded a cut-off threshold of 5%. This threshold was calculated as the mean 
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percentage of signal loss in the control group plus three standard deviations (mean Ñ 3SD), a 

common method for identifying a statistically significant deviation from the normal population. 

 

11.6. Statistical analyses 

Statistical analyses were performed with GraphPad version 5 (GraphPad Prism version 5.00 for 

Windows, GraphPad Software, La Jolla, CA, USA, www.graphpad.com) and with R version 

4.2.1 and RStudio 2022.07.1 (R Core Team2021. R: A language and environment for statistical 

computing. R Foundation for Statistical Computing, Vienna, Austria, https://www.R-

project.org/).  

P values less than 0.05 were considered statistically significant. If not included here, specific 

statistical tests are always mentioned in the figure legends below the graphs and figures, with 

more detailed explanations. 

Means and counts of detected shared, N/D, and N/U variants were compared using a non-paired 

Student's t-test with p values adjusted with the Holm method. The means of CNV weights for 

amplifications and deletions at relapse were compared to those at diagnosis using the same test. 

A paired Student's t-test was performed to compare the means of variant counts at diagnosis 

and at relapse. Means of variant counts at relapse in patients with and without LRP1B mutation 

were compared using a non-paired Student's t-test. 

Event-free survival (EFS) was defined as the time from the start of treatment to the date of 

lymphoma relapse, progression, death from any cause, or the initiation of new anti-lymphoma 

treatment. If a patient had not experienced progression, death, or started new anti-lymphoma 

treatment by the analysis cut-off date, EFS was censored on the date of last contact. Overall 

survival (OS) was defined as the time from treatment initiation to the date of death from any 

cause. If a patient had not died by the analysis cut-off date, OS was censored on the date of last 

contact. Both EFS and OS were estimated using Kaplan-Meier statistics.  

 

2) Methods and materials for: Jakġa, Radek, et al. "Complex genetic and 

histopathological study of 15 patient-derived xenografts of aggressive lymphomas." 

Laboratory Investigation 102.9 (2022): 957-965. [2]  

 

This chapter's methodology section will mainly outline my contributions, specifically the 

methods used for genomic characterization and the development of PDX models. It is important 

to note that my co-authors performed additional experiments, including immunohistochemical 

http://www.graphpad.com/
https://www.r-project.org/
https://www.r-project.org/
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analysis and the assessment of microvascular density and area, which are thoroughly detailed 

in the referenced publications provided. 

 

11.7.  Patients and samples processing for PDX derivation 

Lymphoma samples for the derivation of PDX models were obtained with informed consent 

from all patients in accordance with the Declaration of Helsinki. This study received approval 

from the Ethics Committee of the General University Hospital in Prague under No. 48/18.  

To perform WES, B-NHL, and T-NHL lymphoma samples were sorted for CD19-positive B 

cells using CD19 MicroBeads (Miltenyi Biotec, Great Britain) and for CD45-positive cells 

using CD45 MicroBeads (Miltenyi Biotec, Great Britain), respectively. Preparation of samples 

for sorting follows the same principles as described above. 

Cell sorting was performed using the MACSÈ (Magnetic-Activated Cell Sorting) system 

(MidiMACSÊ Separator, Miltenyi Biotec, Great Britain), following standard protocols. 

Briefly, a prepared cell suspension (approximately 50ï150 x 10^7 cells) is centrifuged at 300 x 

g for 10 minutes, and the supernatant is completely aspirated. The cell pellet is resuspended in 

a corresponding volume of PBS and mixed with an equivalent amount of CD19 or CD45 

MicroBeads, following the protocol.  Incubation for 15 minutes at 2-8 ÁC follows. After 

incubation, the cell suspension is mixed with an equivalent volume of PBS and centrifuged at 

300 Ĭ g for 10 minutes. The supernatant is discarded, and the resulting cell pellets (10^8 cells) 

are resuspended in 500 ɛL of PBS. Magnetic separation follows. The column is placed in the 

magnetic field (separator magnet) and washed with 3 mL of PBS. The cell suspension is applied 

to the column, and the column is washed with 3 mL of PBS for every 500 ɛL of cell suspension. 

Then, the column is removed and placed in a new collection tube. Five milliliters of PBS are 

added to the column, and magnetically labeled cells are flushed out using the columnËs plunger. 

The resulting cell suspension was used for downstream procedures. 

 

Note: Lymphoma cell infiltration of every patient sample was verified during standard 

diagnostic procedures at the hematology laboratories of the Department of Medical 

Biochemistry and Laboratory Diagnostics at the General University Hospital in Prague (VFN), 

including immunophenotyping analysis. Only samples with tumor infiltration of Ó30% 

underwent further processing, including WES.  
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11.8.  Establishment of PDX models 

The Animal Care and Use Committee approved this study under No. MSMT-21527/2017-8. 

Only female immunodeficient mice NOD.CD-Prkdcscid Il2rgtm1Wjl/SzJ, purchased from the 

Jackson Laboratory in Bar Harbor, Maine, USA, were used. These mice are commonly referred 

to as NSG mice. For detailed information on NSG mice, see the introduction section on PDX 

models above. Mice were housed in individually ventilated cages at the Center for Experimental 

Biomodels, First Faculty of Medicine, Charles University, Prague, Czech Republic.  

Primary lymphoma samples were cut into small pieces, homogenized through a 40-micrometer 

nylon mesh, suspended in phosphate-buffered saline (PBS), sorted, and injected subcutaneously 

into adult mice (10-30 Ĭ 10^6 cells/mouse) in the left abdominal flank. Alternation was used, 

where pieces (approximately 2 Ĭ 2 Ĭ 2 mm) of lymphoma tissue, and/or a homogenized 

lymphoma cell suspension in BD Matrigel Matrix (BD Biosciences), were surgically implanted 

into the subrenal capsule of anesthetized mice. When tumors in the subcutaneously injected 

mice reached 2 cm in the largest dimension, or when engraftment of tumors in the subrenal 

capsule became visible by ultrasound examination (Vevo 3100/LAZR-X), the animals were 

euthanized. The tumors were then excised and used for subsequent analyses.  

Together with lymphoma samples, from which they have been derived, they underwent 

immunohistochemical analysis, quantification of microvessel density and area (MVD, MVA, 

respectively), and WES.     

 

11.9.  Next-generation exome sequencing and copy number variant analyses 

A detailed methodology for NGS WES analysis, completely adhering to the same principles, 

methods, and materials, is described above. For the PDX model analysis, minor adjustments 

were made to filter out the resulting variants. Specifically, curated gene lists for each lymphoma 

subtype in our PDX models (DLBCL, MCL, PTCL, BL) were created based on recent 

publications highlighting frequently and recurrently mutated genes in these diseases [27, 29, 

60, 66, 74, 80-82, 84, 90-92, 109, 170, 172, 173, 233, 238, 239, 288-298]. Regarding this 

analysis, the threshold for variant allele frequency (VAF) of detected mutations in at least one 

sample was set at a VAF of 10% or greater. 

Variants in these genes were then identified and marked in the diagrams and tables that 

followed. A comprehensive list of filtered variants, along with lists of frequently and recurrently 

mutated genes in DLBCL, MCL, T-NHL, and BL, as well as a pre-compiled CNV gene list 
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(refer to the CNV analysis procedure above for the gene Table 2), can be downloaded from the 

following URL:  https://doi.org/10.5281/zenodo.6035345. 

The table presents variants that passed the filtering criteria described in the methods, which 

were found in both the PDX model sample and the original patient sample (sheet S1A). It also 

includes variants that were newly detected (N/D) (sheet S1B) or newly undetected (N/U) (sheet 

S1C) during PDX model derivation. Lists of genes for filtering variants of particular interest 

are included in the table (sheet S1D), along with a list for filtering CNV changes in these genes 

(sheet S1E). The following abbreviations are used: Chr (Chromosome), REF (Reference allele), 

ALT (Alternative allele), AA change (Amino acid change), Patient AF (Allele frequency in the 

patientôs sample), Patient Depth (Read depth in patientôs sample), PDX AF (Allele frequency 

in PDX model sample), PDX Depth (Read depth in PDX sample).  

CNV analysis, completely adhering to the same principles, methods, and materials, is described 

above. Variants with copy numbers higher or lower than 2, i.e., amplifications and deletions in 

selected genes, were plotted for each patient sample and corresponding PDX model using the 

circlize package for R [299].  

Immunohistochemical analysis of patient lymphoma biopsies and their corresponding PDX 

models, and quantification of microvessel density (MDV) and microvessel area (MVA) was 

performed by my colleagues. A detailed methodology, along with all necessary citations, is 

provided in Jakġa et al. (2022) [2].   

 

 

 

 

 

 

 

 

 

 

 

 

 

 

https://doi.org/10.5281/zenodo.6035345
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12. RESULTS 

 

12.1.  Characteristics of MCL patients and their clinical outcome 

Table 1, presented in the Methods and Materials section, provides essential details of patients 

with MCL (P01-P25), which are necessary for further correlations with genomic data. As 

mentioned above, 75 % of patients were male. The age range of the patients was between 47 

and 81 years, with a median of 68 years. The male representation and average age of our 

patients, therefore, corresponded to the traditional and repeatedly cited distribution in the 

population [300-302]. According to the Mantle Cell Lymphoma International Prognostic Index 

(MIPI), 84 % of patients suffered from highïrisk disease, 59 % of patients presented with 

adverse lymphoma morphology (pleomorphic or blastoid), and 56 % of patients had a high 

proliferation index expressed by the Ki-67 marker (Ó30%), analyzed in lymphoid tissues during 

standard immunohistochemical analysis [303-306].  

Patients were treated with R-CHOP-like regimens (56%), while 44% received intensified 

treatments, as detailed in Table 1. The optimal response to initial therapy was assessed using 

CT (computed tomography) or PET/CT (positron emission tomography/computed tomography) 

scans, which are standard diagnostic and monitoring tools for staging and ongoing evaluation 

during treatment [307].   

Out of 25 patients, 23 achieved either complete remission (CR) or partial remission (PR). This 

means the tumor signs disappeared and the PET/CT scan was negative (CR), or the tumor size 

was reduced by at least 50 % with a positive PET/CT scan showing a significant decrease in 

tumor size (PR). Stable disease (SD), where the tumor did not shrink more than 50 % nor grow 

more than 20 %, was observed in two patients. The median EFS for the entire group was 10 

months, ranging from 1.3 to 90.6 months, while the median OS was 29 months, ranging from 

9.5 to 109.5 months. Overall, the described parameters suggest that this cohort is prognostically 

adverse, as evidenced by unfavorable outcomes represented by the EFS and OS mentioned 

above. 

 

12.2.  Resulting counts of genomic aberrations, represented by variants, and 

identified by WES  

Processing and complex filtering of WES data of our 25 patients, described in the methods, 

identified a total of 922 non-synonymous variants. Ninety percent of these were SNVs, while 

small insertions and deletions accounted for 10%. Of the 922 variants, 616 were shared between 
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diagnostic and relapsed samples, 236 were newly detected (N/D, or gained) at relapse, and 70 

variants were newly undetected at diagnosis (N/U, or lost). Comparison of variants (mean Ñ 

SEM) between diagnostic and relapsed samples revealed 24.6 Ñ 1.7 shared variants, 9.8 Ñ 1.9 

N/D variants, and 3.5 Ñ 0.8 N/U variants per patient. The number of gained variants at relapsed 

samples was significantly lower compared to the number of lost variants at the diagnostic 

samples, as indicated by p < 0.05, as shown in Figure 4. The same conclusion applies when 

comparing shared to N/D and shared to N/U variants. Figure 5 presents a significant difference 

with p-values < 0.001 observed when comparing the total mean number of variants per patient 

at relapse (34.1 Ñ 2.9) and in the diagnostic samples (27.4 Ñ 1.8). A statistically significant 

increase was observed in general relapsed samples, with a minority of variants being lost. The 

majority of variants detected by WES were shared between the diagnostic and corresponding 

samples. 

 

 

Figure 4: A bar plot, presenting the Mean Ñ Standard error of the Mean (SEM) and total variant 

count of filtered variants, which were shared, N/D, and N/U at relapse and diagnosis. For 

statistical comparison, we used an unpaired t-test, and p-values were adjusted using the Holm 

method. 
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Figure 5: Number of variants visualized by dotplot and boxplot per patient. This figure shows 

the Mean variant count change between variants present in the diagnostic sample and those in 

the relapsed sample. P-value was calculated using a paired t-test. 

To compare differences among individual patients, a stacked bar plot displaying counts (N) of 

shared, gained (N/D), and lost (N/U) variants of the diagnostic and corresponding relapsed 

samples for each patient is shown below in Figure 6. 

 

 

Figure 6: A stacked bar plot of shared, N/D, and N/U variants at each patient. 
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12.3.  Comparison of mutational patterns in diagnostic and corresponding 

relapsed samples 

A similar mutational pattern was observed between diagnostic and relapsed samples, as 

represented by a comparison of percentages of detected variant types in Table 3.  

 

Type of 

variant  

Diagnostic sample 

(%) 

Relapsed sample 

(%) 

missense 82.7 83.1 

stop-gained 7.1 7.0 

frame-shift 6.9 6.6 

 

Table 3: Comparison of percentages of detected variant types.  

 

Note: Missense variants typically involve a single change in a DNA base pair within a codon, 

resulting in the substitution of one amino acid for another. This may or may not lead to the 

production of an altered protein with modified functions. Stop-gained variants, also known as 

nonsense variants, are characterized by a single DNA base pair change that creates a premature 

stop codon, commonly resulting in a non-functional protein. In cases of small insertions or 

deletions (< 3 bases) of nucleotides, frameshift variants occur, shifting the entire reading frame 

of all codons and altering the amino acid sequence downstream of the change. This typically 

results in a non-functional protein.  

Diagnostic and relapsed samples harbored substitutions, represented mainly by transitions. 

Transitions, i.e., substitution of one purine base for another purine, or pyrimidine base for 

another pyrimidine base, e.g., Adenine and Guanine, or Cytosine and Thymine, reached 57.3% 

and 55.2% at diagnostic and relapsed samples, respectively. Transversions, i.e., substitutions of 

one purine for a pyrimidine base, or vice versa, are generally less common. Indeed, 

transversions were observed in a lower percentage, 33.4% at diagnosis, and 35.9% in relapsed 

samples [308, 309].  

Another analysis was performed to examine the impact of variants, as predicted by the SnpEff 

toolbox, which was explained in the Methods and Materials section. High-impact and moderate-

impact variants that could disrupt gene and protein function were identified. For high-impact 

variants, such as nonsense or frame-shift mutations, 97 were observed at diagnosis, and 117 at 

relapse, representing a 20.6% increase in high-impact variants in relapsed samples. The 

majority of variants had a moderate impact. These variants are supposed to have less significant, 
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but still potentially harmful effects on the gene and protein production, and are represented by 

missense or in-frame deletions. We identified 583 of them at diagnosis and 727 at relapse, 

showing a 24.7% increase in relapsed samples.  

 

12.4.  Genomic landscape of patients with MCL at diagnosis ï analysis of variants 

and CNV changes 

In this section, we focused on analyzing the most frequently mutated genes, as well as studying 

copy number alterations at the time of diagnosis. The tumor suppressor TP53 gene was mutated 

in 48% of patients, making it the most frequently mutated gene in our cohort of 25 patients at 

the time of diagnosis. The second most commonly altered gene was ATM, mutated in 32% of 

patients, followed by KMT2D, CCND1, SP140, and LDL receptor-related protein 1B (LRP1B) 

genes (28%, 20% for CCND1 and SP140, and 16%, respectively). Another six mutated genes 

were observed in 12% of patients, specifically NFKBIE, ARFGEF3, NOTCH1, TRAF2, CASP5, 

and SMARCA4. The spectrum of altered genes comprised 36 additional genes that were mutated 

in two or more patients. Visualization of the mentioned changes is provided using the Oncoprint 

method in Figure 7.  

 

An analysis of TP53 variants was performed, focusing on their locations. A total of 12 variants 

in the TP53 gene were identified, with 75% located in the p53 DNA binding domain, 17% in 

the p53 tetramerization domain, and one in the untranslated region. Variants in the p53 binding 

and tetramerization domains have the most significant effect on the TP53 gene function. 

Variants in the p53 binding domain are the most prevalent, occurring in over 95% of human 

cancers, and have the most significant impact on p53 protein function [310-312].  Figure 8 

illustrates the localization of detected variants in the aforementioned domains using a lollipop 

plot. 

 



82 
 

 

Figure 7: Variants, predicted by WES in  Ó2 patients at diagnosis, visualized by Oncoprint 

function. The upper bar plot represents counts and variant types per patient, and the right-sided 

bar plot presents the percentage and variant type in the specified gene. Types of variants are 

color-coded and pattern-coded, with the legend provided on the right side of the Oncoprint. 
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Figure 8: Localization of TP53 variants predicted by WES. No. 1, blue box is ap53-

transactivation motif; No. 2, orange boxis a p53 DNA binding domain; No. 3, yellow boxis a 

p53-tetramerisation motif. Reprinted and adjusted from the paper Karolov§ et al. (2023).  

Further, the analysis of copy number variants (CNV) at diagnosis was performed. We focused 

on arm-level events and identified significant deletions (frequency score > 0.15, q-value < 0.25) 

localized to chromosomal arms 9p, 9q, 13q, and 17p, as well as amplification on chromosomal 

arm 3q. Figure 9 provides an overview of these events in diagnostic and relapsed samples. 

Relapsed samples and their genomic landscapes will be discussed below.  
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Figure 9: Detected chromosomal arm-level copy number events at diagnosis and relapse, q-

values Ò0.25 (false positive ratio) means the results were statistically significant. Reprinted 

from the paper Karolov§ et al. (2023). 

Filtration against our assembled CNV gene list, containing 22 genes, was positive for 20 of the 

22 genes, which were altered (deleted or amplified) in two or more patients. Namely, 50% of 

patients were positive for deletions of one of the regulators of the PI3K-AKT pathway, GNA14 

(guanine nucleotide binding protein alpha 14), 46% of patients had predicted deletions of TP53, 

ANXA1, ALDH1A1, MIR15A, and MIR16-1, and 42% of patients harbored deletions of 

CDKN2A, RB1, NOTCH1, RHOBTB2, SORBS3, and TNFRSF10B genes, respectively. Another 

16 genes from our assembled CNV gene list, which were predicted to have deletions, were 

identified in more than six patients. Amplifications, observed in our dataset, were present in the 
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PI3K and SOX2 genes, detected in 46% of our patients. In our cohort, 37.5% and 20% of 

patients were also positive for amplifications of the MYC and BCL2 genes, respectively.  

A complete overview of events mentioned above is provided in Figure 10. 

 

 

 

Figure 10: Gene-level CNV events heatmap of diagnostic samples. The presented events are 

specific to certain genes, filtered using our pre-assembled CNV gene list, as described in the 

methods. GISTIC was used to determine thresholds of copy number (CN) values, which are 

expressed as amplitudes of divergence from the control. CNV amplitude > 0, i.e., 1 or 2, 

typically indicates mono- or biallelic amplification. Conversely, CNV amplitude < 0, i.e., -1 or 

-2, indicates mono- or biallelic deletions. The number of patients, positive for amplifications or 

deletions in specified genes, is visualized on the right side of the heatmap. Reprinted from the 

paper Karolov§ et al. (2023). 

 

To verify the reliability of the predicted CNV changes identified by WES, independent 

validation of TP53 and CDKN2A deletions was performed using FISH. Verification of these 

deletions by FISH was consistent with the WES predicted results in 91% of cases. The TP53 

mutations or deletions were, therefore, detected in 64% of patients, with 29% of them having 

co-occurrence of both events.  
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12.5.  Genomic landscape of patients with MCL at relapse ï analysis of variants 

and CNV changes 

The mutational profile of the relapsed samples showed the persistence of variants already 

identified in the diagnostic samples, with TP53 gene variants found in 48% of the relapsed 

cases. Notably, all TP53 variants present at diagnosis were also detected at relapse. Although 

no new TP53 mutations appeared in the relapsed samples, there was a significant increase in 

the variant allele frequency (VAF) of the known TP53 variants. Figure 11 illustrates the 

evolution of VAF from the diagnostic time point to the relapse time point. The median VAF of 

TP53 mutations at diagnosis was 0.35, rising to 0.76 at relapse.  

 

 

 

Figure 11: VAF of TP53 variants (red spots). The grey spots represent shared, N/D, and N/U 

variants (light gray), identified in diagnostic and corresponding relapsed samples in all cases. 

Reprinted from the paper Karolov§ et al. (2023). 

 

Another frequently detected variant in relapsed samples involved mutations in the ATM (36%), 

KMT2D (32%), and LRP1B (24%) genes, followed by mutations in SP140 and CCND1 in 20% 

of patients. An additional nine genes were found in 12% of cases and are shown alongside the 
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previously mentioned ones in Figure 12. This figure also displays other mutated genes 

identified in two or more relapsed cases. 

 

Figure 12: Variants, predicted by WES in  Ó2 patients at relapse, visualized by Oncoprint 

function. The upper bar plot represents counts and variant types per patient, and the right-sided 
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bar plot presents the percentage and variant type in the specified gene. Types of variants are 

color-coded and pattern-coded, with the legend provided on the right side of the Oncoprint. 

We identified several candidate genes in the relapse dataset that were not found in diagnostic 

samples, indicating they were newly discovered at the time of lymphoma relapse (N/D 

variants). Three patients carried new variants of the LRP1B gene that were absent in their 

corresponding diagnostic samples, raising the total number of LRP1B mutations at relapse to 

six (24%). Notably, one patient had two variants of the LRP1B gene. The correlation between 

LRP1B mutation, mutational burden, and overall survival (OS) revealed that relapsed MCL 

patients with LRP1B mutations have a significantly higher mutational burden and display a 

trend toward decreased OS at diagnosis. Visualization of the mentioned correlations is provided 

in Figures 13 and 14, respectively. A significant association between higher mutational burden 

and LRP1B mutation has been reported in other cancers, as discussed further below in the 

discussion section.  

 

 

Figure 13: Mutational burden in correlation with the presence of LRP1B mutation at 

relapse. LRP1B mutation was observed in six patients at the time of relapse. For statistical 

analysis of correlation with mutational burden at relapse, an unpaired t-test was performed, 

showing a significant increase in mutational burden compared with wild types (WT, 19 cases), 

with a calculated p-value of 0.0276. Mut at REL = presence of LRP1B mutation at relapse. 
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Figure 14: Univariate analysis of overall survival (OS) in patients with LRP1B mutation at 

diagnosis compared to wild types (WT). Median OS (median survival) is provided in months.  

Newly detected variants, which were acquired and identified by WES in at least two patients at 

relapse, were represented by mutations in the genes KMT2D, HOXD9, CDC27, RYR2, and 

FLNA. Figure 15 illustrates an overview of these newly gained variants at relapse. Notably, 

variants in five genes, observed at diagnosis in Ó2 patientsðspecifically in the ATM, CASP5, 

ETNK1, LRRIQ1, and NOTCH2 genesðwere also found at relapsed samples in one additional 

case.  

 

 

Figure 15: Newly detected variants, predicted by WES in  Ó2 patients at relapse, visualized by 

Oncoprint function. The upper bar plot represents counts and variant types per patient, and the 

right-sided bar plot presents the percentage and variant type in the specified gene. Types of 
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variants are color-coded and pattern-coded, with the legend provided on the right side of the 

Oncoprint. 

 

CNV analysis of relapsed samples followed the same principles as described in the previous 

section on diagnostic samples results. Arm-level chromosomal events predicted in the 

diagnostic samples were all present in the relapsed samples, too, except for 1p and 19p 

chromosomal arm deletions. However, additional changes were identified only in the relapsed 

samples. New arm-level events included one newly gained and three newly lost chromosomal 

arms. Specifically, a new amplification of the 7p chromosomal arm and new deletions of the 

6q, 8p, and 21p chromosomal arms were identified, as shown in Figure 9.  

Relapsed samples were positive for most CNV events, including amplifications and deletions 

that were also identified in the diagnostic samples. However, the frequency and magnitude of 

these changes at relapse were notably higher, meaning the amplified and deleted regions had 

significantly bigger weight, with a p-value < 0.05 as visualized in the combined violin and box 

plot in Figure 16.  Easily described, more amplifications occurred and increased at relapse, and 

deletions were more frequent and more serious at relapse.  
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Figure 16: Violin and box plot of CNV weights for amplifications and deletions of diagnostic 

(DG) and relapsed (REL) samples. P-value was calculated using an unpaired t-test. The Y-axis 

is on a logarithmic scale, representing the relative frequency score of CNV changes at different 

chromosomal regions. The violin shape illustrates the distribution density of values, where wide 

parts indicate a high frequency of samples with that value. A box plot displays the median, 

interquartile range, and whiskers to illustrate the spread of data. Reprinted from the paper 

Karolov§ et al. (2023).  

At the gene level in relapsed samples, we found a similar range of gene deletions and 

amplifications as described in diagnostic samples (see Figure 17). However, most gains and 

losses observed at diagnosis were more common at relapse. The most frequent predicted 

abnormality in relapsed samples was deletion of CDKN2A and CDKN2B. This alteration was 

newly detected in 8 relapsed samples compared to diagnosis and was present in 75% of patients 

(18/24). Univariate analysis revealed that the presence of CDKN2A deletion at diagnosis was 

linked to overall survival (OS). Although all patients were primarily selected based on 

confirmed relapses, CDKN2A deletion at diagnosis was significantly associated with shorter 

OS (p-value = 0.001), as shown in Figure 18. 

 

 

 

Figure 17: Gene-level CNV events heatmap of relapsed samples. The presented events are 

in specific genes, filtered using our pre-assembled CNV gene list, as described in the 

methods. GISTIC was used to determine thresholds of CN values, which are expressed as 
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amplitudes of divergence from the control. CNV amplitude > 0, i.e., 1 or 2, typically 

indicates mono- or biallelic amplification. Conversely, CNV amplitude < 0, i.e., -1 or -2, 

indicates mono- or biallelic deletions. The number of patients, positive for amplifications 

or deletions in specified genes, is visualized on the right side of the heatmap. Reprinted 

from the paper Karolov§ et al. (2023). 
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Figure 18: Univariate analysis of overall survival (OS) in patients with CDKN2A mutation at 

diagnosis compared to wild types. Median OS (median survival) is provided in months. 

Another prognostically adverse genomic abnormality, the deletion of the TP53 gene, was 

observed in four new cases, resulting in a 58% relapse rate, a 12% increase from diagnosis. One 

patient lost the TP53 deletion in the relapsed sample. When combined with mutations of the 

TP53 gene, inactivation was found in 76% of relapsed samples, with seven patients having both 

mutation and deletion, five patients having only mutation, and seven patients having only 

deletion.  

Regarding the ATM gene deletion, three patients acquired it at relapse, indicating that 37.5% of 

cases were positive for this event. Seven had both deletion and mutation of the ATM gene, two 

had only a mutation, and three had only a deletion. We observed that the presence of either an 

isolated ATM mutation or an ATM mutation and/or deletion in the diagnostic sample displayed 

a trend toward increased OS, as shown in Figures 19 and 20. 
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Figure 19: Univariate analysis of overall survival (OS) in patients with ATM mutation at 

diagnosis compared to wild types. Median OS (median survival) is provided in months.  
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Figure 20: Univariate analysis of overall survival (OS) in patients with ATM mutation and/or 

deletion at diagnosis compared to wild types. Median OS (median survival) is provided in 

months.  
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At the level of significant amplifications, filtered using our pre-assembled CNV gene list, we 

identified several amplified genes in relapsed samples, including PIK3CA, SOX2, MYC, and 

BCL2, in 50%, 46%, 37.5%, and 29%, respectively. All of them were detected more frequently 

than in the diagnosis. For the details about the predictions mentioned above, see Figures 17 

and 12.  

Validation of predicted CNV events at relapse, explicitly CDKN2A deletions and PIK3CA 

amplifications, was conducted using the DNA copy number assay TaqMan. Patients with 

available DNA were analyzed for CDKN2A loss in 14 out of 25 samples, and for PIK3CA gain 

in 14 out of 25 samples. A high correlation was observed between predicted CNV events and 

the TaqMan assay results, specifically 86% and 88% of samples with predicted CDKN2A 

deletion and PIK3CA amplification, respectively, matched the TaqMan assay results, as shown 

in Figure 21.  
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Figure 21: Validation of CNV predictions, PIK3CA amplification (part A) and CDKN2A 

deletion (part B), using TaqMan Assay. The presented bar plots show the total number of 

detected alleles per patient for both control and relapsed samples. The table below each bar plot 

provides TaqMan copy number values, their conversion to dCN values (with 0 representing the 

control), and their relation to amplitude values predicted by WES analysis. N = number, CTRL 

= control sample (i.e., non-tumorous patient's sample), REL = relapse. P = patient. We report 

the results of two independent experiments. 1 = positive match. 
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12.6.  Establishment of patient-derived xenografts (PDX) of aggressive 

lymphomas 

Tumor samples from fifteen patients with aggressive Non-Hodgkin lymphomas were used to 

develop PDX models. The male-to-female ratio was 9:6. Derivation was performed using 

samples either from primary diagnostic tumor tissues (5/15) or from tumor tissues obtained at 

lymphoma relapse (10/15). We obtained tumor samples from seven patients with DLBCL, one 

patient with transformation of marginal zone lymphoma into DLBCL, one double-hit 

lymphoma positive for MYC and BCL2 gene rearrangements, one BL, two MCLs, two AITLs, 

one PTCL-NOS, one ALCL-ALK -positive, and one ALCL-ALK -negative lymphoma. The 

available details, which contain information about each patient and the corresponding PDX 

model, are provided in Table 4. 

  

Pt Gender Diagnosis Subtype 
Disease 

status 

Sample 

origin  
WES Therapy PDX 

1 F DLBCL non-GC Dg LN Yes Untreated VFN-D3 

2 M DLBCL non-GC Dg LN Yes Untreated VFN-D6 

3 M DLBCL non-GC R/R LN Yes G-CHOP VFN-D1 

4 M DLBCL GC R/R 
EN (soft 

tissues) 
Yes 

R-CHOP + venetoclax; 

R-ESHAP; R-GIFOX; 

RT 

VFN-D4 

5 F DLBCL non-GC R/R LN Yes 
R-CHOP; R-ESHAP; 

R-GIFOX; RT 
VFN-D5 

6 M tDLBCL 
GC, transformed 

from MZL 
Dg LN No R-COP VFN-D12 

7 F DLBCL double-hit R/R LN Yes R-CHOP / R-ESHAP VFN-D20 

8 M Burkitt   R/R 
EN 

(stomach) 
Yes 

R-Hyper-CVAD, R-

MTX-HD-araC 
VFN-B3 

9 M MCL   R/R LN Yes Nordic protocol VFN-M5R1 

10 F MCL   R/R LN Yes Nordic protocol VFN-M1 

11 M AITL    R/R LN Yes CHOEP VFN-T3 

12 F AITL    R/R LN No Untreated VFN-T7 

13 F 
PTCL, 

NOS 
  R/R LN Yes CHOEP VFN-T6 

14 M ALCL ALK -negative Dg LN Yes Untreated VFN-T5 

15 M ALCL ALK -positive Dg LN Yes Untreated VFN-T4 

 

Table 4: Characteristics of patients with aggressive lymphomas and their corresponding 

PDX models: AITL = angioimmunoblastic T-cell lymphoma; ALCL = anaplastic large cell 

lymphoma; ALK = anaplastic lymphoma kinase; araC = cytarabine; COP = cyclophosphamide, 

vincristine, prednisone; CHOP = COP + doxorubicin; CHOEP = CHOP + etoposide; DLBCL = 

diffuse large B-cell lymphoma; EN = extra-nodal; ESHAP = etoposide, solumedrol, high-dose 

araC, cisplatin; F = female; G-CHOP = obinutuzumab + CHOP; GC = germinal center; GIFOX 
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= gemcitabine, ifosfamide, oxaliplatin; HD-araC = high-dose araC; hyperCVAD = 

hyperfractionated cyclophosphamide, doxorubicin, vincristine, dexamethasone; LN = lymph 

node; M = male; MCL = mantle cell lymphoma; MZL = marginal zone lymphoma; MTX = 

methotrexate; NOS = not otherwise specified; Pt = patient; PTCL = peripheral T-cell 

lymphoma; t = transformed; R = rituximab; RM = rituximab maintenance; R/R = 

relapsed/refractory; RT = radiotherapy; tDLBCL = transformed DLBCL. Reprinted from Jakġa 

et al. (2022).  

The majority of PDX models (13/15) underwent WES following the principles described in the 

Methods and Materials section. Two PDX models could not be analyzed due to a lack of 

available DNA. To eliminate common gene polymorphisms, non-tumorous samples, i.e., buccal 

smears or trephine biopsies without tumorous infiltration, were obtained from patients in each 

case. Analysis of shared mutations between the lymphoma patients' samples and the 

corresponding PDX models confirmed that PDX models retain the majority of somatic variants 

detected by WES. A complete list of filtered variants for each patientËs sample and its 

corresponding PDX model is provided in the Excel table, available at this web link: 

https://zenodo.org/records/6035345. Briefly, the provided table includes a list of variants shared 

between the PDX model and its corresponding patientôs sample (S1A), a list of newly detected 

(N/D) variants found in the PDX model after derivation (S1B), and a list of newly undetected 

(N/U) variants lost during the derivation of the PDX model (S1C). Gene lists, which were pre-

assembled based on current literature for each lymphoma subtype and used for filtering variants, 

along with the CNV pre-assembled gene list containing genes of special interest (as described 

in the Methods and Materials section), are provided in the S1D and S1E sheets, respectively.  

Figure 22 presents a stacked bar plot of the amounts of shared, N/D, and N/U variants for each 

PDX model and its corresponding lymphoma type. As visualized in this figure, the majority of 

somatic variants were shared between the PDX and lymphoma samples, with a minimum of 

gained and lost variants detected after the derivation.  

https://zenodo.org/records/6035345
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Figure 22: A stacked bar plot with counts (N) of shared, gained (N/D), and lost (N/U) variants, 

detected by WES across all available PDX models derived from patients with aggressive 

lymphomas. N = count of variants. 

 

Analysis of median allele frequencies (VAF) of shared variants confirmed that VAFs in PDX 

models are similar to those in corresponding lymphoma samples. Details are provided in Table 

5.  

 

List   

Median VAF of 

shared mutations 

in PDXs 

Median VAF of 

shared mutations 

in patient samples 

All  0.39 0.27 

DLBCL 0.44 0.36 

MCL 0.45 0.44 

T-NHL 0.41 0.27 

BL*  0.42 0.44 

VFN-D3 vs P1 0.43 0.38 

VFN-D6 vs P2 0.44 0.26 

VFN-D1 vs P3 0.47 0.38 

VFN-D4 vs P4 0.44 0.3 

VFN-D5 vs P5 0.43 0.39 
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VFN-D20 vs P7 0.47 0.48 

VFN-B3 vs P8 0.42 0.44 

VFN-M5R1 vs P9 0.45 0.43 

VFN-M1 vs P10 0.47 0.44 

VFN-T3 vs P11 0.2 0.1 

VFN-T6 vs P13 0.42 0.09 

VFN-T5 vs P14 0.45 0.42 

VFN-T4 vs P15 0.38 0.16 

 

Table 5: Comparison of medians of variant allele frequencies (VAF) in aggressive lymphomas 

and their corresponding PDX models, together with comparison of median VAF of each PDX 

model derived from a specific patient lymphoma type. P1-P15 = patient primary lymphoma 

samples; T-NHL = T-cell non-Hodgkin lymphomas; VFN = PDX models derived from primary 

lymphoma samples P1-P15; * only 1 PDX model (VFN-B3). 

 

A representative example comparing the genetic landscape of each patient with a unique 

lymphoma subtype (DLBCL, MCL, BL, PTCL-NOS, AITL, ALCL-ALK -positive, ALCL-

ALK -negative) with its corresponding PDX model is provided below in Figures 23 ï 30.  

The figures presented below illustrate a complex visualization of the comparison, using a 

circular ideogram provided in part A of the figure (described in the Methods and Materials 

section), along with predicted CNV events. Three circular tracks are included. The outer track 

represents CNV chromosomal positions, while the two inner tracks display the predicted CNVs 

in specific chromosomal regions of the patient and its established PDX model. At the center of 

each circular ideogram is a color-coded table, where gene amplifications and deletions specific 

to each lymphoma subtype are filtered based on our CNV gene list. Detected amplifications 

and deletions are highlighted with shades of red and blue, and the numbers of predicted gains 

and losses (CN = copy number) are shown next to the color-coded table of detected events. 

Specifically, number two indicates a normal CN, number three indicates a gain of one allele, 

and a value greater than 3 indicates a gain of more than one allele. The darker the red, the more 

gains are present. For deletions, number one indicates a predicted monoallelic deletion (lighter 

blue shade), and number two indicates a predicted biallelic deletion (darker blue shade).  Below 

the circular ideogram in part B, a scatter plot is displayed that shows the VAF of all shared, 

N/D, and N/U variants of the PDX model compared to the corresponding patients' lymphoma 

sample. Each figure comprises a stacked bar plot (part C) of shared, gained (N/D), and lost 

(N/U) variants between the PDX model and a lymphoma sample, from which it was derived.  
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Figure 23: WES analysis of a PDX model VFN-D1, derived from a patient (P3) with DLBCL 

(non-GC). GC = germinal center. Reprinted from Jakġa et al. (2022). 
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Figure 24: WES analysis of a PDX model VFN-D4, derived from a patient (P4) with DLBCL 

(GC). GC = germinal center. 
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Figure 25: WES analysis of a PDX model VFN-B3, derived from a patient (P8) with BL. 
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Figure 26: WES analysis of a PDX model VFN-M5R1, derived from a patient (P9) with 

relapsed MCL. 
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Figure 27: WES analysis of a PDX model VFN-T3, derived from a patient (P11) with AITL. 
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Figure 28: WES analysis of a PDX model VFN-T4, derived from a patient (P15) with ALCL 

ALK -positive. 
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Figure 29: WES analysis of a PDX model VFN-T5, derived from a patient (P14) with ALCL 

ALK -negative. 
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Figure 30: WES analysis of a PDX model VFN-T6, derived from a patient (P13) with PTCL-

NOS. 
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Each circular ideogram presented above represents a unique type of aggressive lymphoma. 

The remaining ideograms of established PDX models are available in the Supplementary 

Materials of the paper by Jakġa et al. (2022). 

An analysis of N/D and N/U variants was conducted, focusing on the distribution of VAFs 

across patient samples and corresponding PDX models.  

The list of N/U variants detected in the lymphoma sample but not in the matching PDX model 

mainly included mutations with low variant allele frequency. Notably, only a small portion of 

these variants involved genes from the pre-assembled gene lists. The median VAF of N/U 

variants across all patient samples was 0.15. N/D variants, found in PDX models but not in the 

matching patient samples, appeared more often than N/U variants, and the majority of them 

were not detectable in corresponding primary lymphoma samples (VAF in primary sample = 

0). In general, most N/D mutations had low VAFs, with a median VAF of 0.18 across all PDX 

models. Additionally, variants in genes from our pre-assembled lists were more common 

compared to the N/U variants mentioned earlier. Details, containing information about VAFs 

and variants in specific genes of interest, are provided in Table 6 below.  

 

A. 
Median VAF of N/D 

mutations in PDXs 

Median VAF of N/U mutations in 

patient samples 

All PDX models 0.18 0.15 

DLBCL 0.27 0.14 

MCL 0.18 0.36 

T-NHL 0.15 0.14 

BL (1 model) 0.17 0.11 

B. N/D from the Gene-list N/U from the Gene-list 

VFN-D1 vs P3 ETV6 RUNX1 

VFN-D3 vs P1 PDGFRA 0 

VFN-D4 vs P4 NF1, HIPK3 0 

VFN-D5 vs P5 ITPKB, ENAM 0 

VFN-D6 vs P2 

IRF4, RNF213, MYC, 

FOXO1, KLHL14, KLHL14, 

OSBPL10 

0 

VFN-D20 vs P7 0 0 

VFN-M1 vs P10 0 0 

VFN-M5R1 vs P9 0 0 

VFN-T3 vs P11 STAT1, ZNF708, RHOA 0 

VFN-T4 vs P15 SPEN, FSIP2, DCC, ZNF532 0 

VFN-T5 vs P14 AIRD1B, VPS13A, MYD88 0 

VFN-T6 vs P13 IRF2BP2, VAV1, TCF20 BIRC6 

VFN-B3 vs P8 0 0 
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Table 6: Representation of VAF medians for N/D mutations, identified in PDX models, and 

N/U mutations, detected in patient samples (part A). Variants in genes of special interest, 

filtered using our pre-assembled gene lists in N/D and N/U mutations, are shown in part B of 

this table. 0 = gene list mutation not detected. 

Our detection threshold was set for mutations with a VAF of 10% or higher. However, only a 

few N/D variants were detected below this threshold in patient samples, meaning more than 0% 

but less than 10% VAF, as visualized in Figure 31.  

 

 

Figure 31: The majority of N/D variants were not present in corresponding patient samples. 

The red part of the stacked barplot shows variants with VAF > 0, but < 10%. Our specified 

threshold for the analysis was set up for VAF > 10%.  

Transitions were the most frequent types of nucleotide substitutions detected in our data set of 

N/D variants, suggesting that the process of somatic hypermutation may contribute to the 

establishment and generation of PDX models. A barplot, showing the numbers of specified 

substitutions, is provided in Figure 32.  
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Figure 32: Representation of counts (N) of specific transitions and transversions in our dataset 

of N/D variants. A = Adenine; C = Cytosine; G = Guanine; T = Thymine.  

Discussion of the provided results and conclusions follows below. 
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13. DISCUSSION 

Our whole-exome sequencing analysis of MCL patients provided valuable new insights into 

the genomic landscape and clonal evolution of this rare lymphoma subtype. The mutational 

profiles of 25 MCL patients were examined, including primary diagnostic samples and 

corresponding relapsed samples after failure of standard immunochemotherapy used as first-

line treatment. Multiple sequencing studies, as mentioned above, primarily contain diagnostic 

samples. Only patients who experienced a disease relapse were included in this analysis. 

Therefore, this analysis of diagnostic and consequent relapse samples is a rare source of new 

data, and according to our knowledge, comprises one of the largest cohorts of MCL patients 

with sequential samples to date. A systematic review and meta-analysis conducted by Hill et al. 

(2020) provides information obtained from 32 articles that describe the mutational landscape 

of MCL, citing multiple examples of analyses that utilized diagnostic samples. Only a few of 

them contained consequent relapse samples [189].   

Since only patients who experienced relapse were included, it is not surprising that they 

harbored an increased amount of unfavorable prognostic factors, represented by advanced 

MIPI, aggressive pleomorphic or blastoid morphology, high proliferation index Ki-67, and 

increased rate of TP53 gene mutations. Specifically, the TP53 gene in our cohort was the most 

frequently mutated at diagnosis and detected in 48% of patients. Despite not reaching statistical 

significance, which could be caused by the relatively small number of cases included in our 

analysis (25), the occurrence of TP53 mutation at diagnosis displayed a trend toward decreased 

OS. As the TP53 mutation is a critical predictor of poor prognosis in MCL, multiple studies are 

focusing on developing treatment strategies for patients with this mutation. A recently 

published systematic review and meta-analysis of patients with newly diagnosed or 

relapsed/refractory TP53-mutated MCLs by Zhang et al. (2025) offers a comprehensive view 

of the treatment approaches currently employed, including targeted therapy, allogeneic stem 

cell transplantation, and CAR-T cell therapy. Despite these sophisticated therapies, the long-

term survival of such patients remains suboptimal, highlighting the need for further innovative 

therapies and randomized controlled trials in the future [313].     

Identified shortened EFS and OS also justified this poor prognosis in our cohort, with durations 

of 10 and 29 months, respectively. Notably, Sarkozy et al. (2025) recently published a paper 

analyzing 1280 MCL patients. They focused on patients included in randomized first-line MCL 

trials conducted in France, for whom progression of disease within two years (POD24) could 

be evaluated. Not surprisingly, patients who relapsed within 24 months had significantly lower 
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post-relapse median OS (9.3 months) compared to those who did not relapse (median OS not 

reached) or relapsed later (median OS = 49.4 months). A significant association of POD24 with 

adverse prognostic factors and shortened post-relapse OS mentioned above was identified in 

this study [314].  

Besides TP53 mutations, other high-risk events at the CNV level were detected, including arm-

level alterations such as del (9p), del (13q), and del (17p). These abnormalities involve crucial 

genes that play roles in processes like the cell cycle, apoptosis, or the DNA damage response 

pathway, as mentioned earlier. Notably, deletions of genes such as CDKN2A, CDKN2B, and 

TP53 are among them. This set of aberrations closely resembles those described in the C4 

cluster, as noted in the study by Yi et al. (2022). In that context, the C4 cluster is characterized 

by the presence of the aforementioned arm-level deletions, along with TP53 mutations and a 

hyperproliferative signature, with a 5-year OS of 14.2%. Yi et al. also described cluster C2, 

which is enriched with ATM deletions and mutations, along with upregulated NF-kB and DNA 

repair pathways, estimating a 5-year OS of 56.7% [169]. In our study, visualizing the variants 

detected at diagnosis and relapse revealed two distinct clusters, too: one with TP53 gene 

mutations and no ATM mutations, and another with ATM mutations and no TP53 mutations. 

Only one exception with both mutations was found. This may indicate the presence of different 

biological subgroups within our cohort of MCL cases. Notably, our cohort demonstrated a 

correlation between TP53 mutation and a trend toward decreased overall survival, as well as a 

correlation between ATM mutation and a trend toward increased overall survival compared to 

wild-type individuals. However, also in ATM-mutated cases, this did not reach statistical 

significance, possibly due to the small size of our cohort (25). Previous studies have mentioned 

the mutual exclusivity of these mutations and their distinct clinical impacts. Nevertheless, when 

additional aberrations are present, such as the co-occurrence of TP53 and CDKN2A alterations, 

the cumulative effect may be significantly altered [156, 192, 237].  

We compared the occurrence of resulting individual aberrations at diagnosis from our data set 

with current literature and identified a clear enrichment of prognostically adverse variants. 

Mutations of TP53 were already mentioned, but increased numbers of mutations of KMT2D, 

SP140, or NOTCH1 and NOTCH2 were found in 28%, 20%, and 24% (for both NOTCH1 and 

NOTCH2), respectively, with the previously mentioned deletion of CDKN2A/2B predicted in 

42% of patients. Table 7 below provides an overview of this comparison with the current 

literature [169, 170, 172, 173, 176, 189, 233, 235, 236, 238, 239].  
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Study Cohort TP53 ATM KMT2D SP140 NOTCH1/2 Other (%)  

Our 

results 

(%) 

25 48 32 28 20 24 LRP1B (24) 

Hill, 

H.A., et 

al. (2020) 

2127 27 44 N/A 8 6 
CDKN2A (24), WHSC1 (15), 

KMT2A (9) 

Ferrero, 

S., et al. 

(2020) 

186 

sequenced 

(out of 

300) 

8 42 12 N/A 8 WHSC1 (16) 

Yi, S., et 

al. (2022) 
134 31 34 14 8 N/A LRP1B (7) 

Be¨, S., et 

al. (2013) 

29 + 172 

targeted 

sequencing 

28 41 14 7 10 WHSC1 (10) 

Zhang, J., 

et al. 

(2014) 

56 19 42 20 N/A 14 
RB1 (11), WHSC1 (7), POT1 

(5), SMARCA4 (14) 

Yang, P., 

et al. 

(2018) 

16 31 38 N/A N/A 6 WHSC1 (31), CDKN2A (6) 

 

Table 7: Comparison of gene frequencies with published data and our findings. 

Notably, mutations in the TP53, KMT2D, SP140, NOTCH1, and NOTCH2 genes were 

overrepresented in our cohort, in contrast to unselected cohorts of newly diagnosed MCL 

mentioned in Table 7. Conversely, ATM mutations accounted for 32%, a proportion lower than 

that reported in previously published literature. 

 

Only a small proportion of newly identified variants were found in relapsed samples. We 

assume that the higher occurrence of known prognostically unfavorable alterations at diagnosis 

could promote the growth of therapy-resistant clones that lead to relapse. This might, to some 

extent, explain why fewer de novo mutations are detected in relapsed samples.  

 

The observation that most variants and CNVs present at diagnosis remain at relapse (i.e., shared 

variants) indicates that core genetic lesions persist throughout the disease course. At the same 

time, relapse is characterized by the emergence of newly identified mutations along with more 

numerous and larger CNVs, reflecting a significant increase in the genetic heterogeneity of the 

chemotherapy-resistant clones. This may occur through two different mechanisms. One is that 

chemoimmunotherapy might select for MCL subclones with frequent TP53 and CDKN2A/2B 
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inactivation, which are inherently more heterogeneous at baseline. Alternatively, these clones 

may acquire additional mutations and CNVs during relapse, as a defective DNA response 

pathway renders them more susceptible to genomic alterations. Addressing this question will 

require single-cell omics analyses. The consequences of an increased mutational burden were 

discussed in a study by Obr et al. (2020), which examined the prognostic impact of the TP53 

mutational burden (VAF and frequency of del17p) in a cohort of 114 newly diagnosed MCL 

patients. Their findings indicate that in younger patients, a high TP53 mutation burden is 

predictive of chemoresistance, irrespective of the standard treatment approach [179]. 

 

Inactivation of the TP53 gene, caused by mutations and/or deletions, along with deletions of 

CDKN2A/2B, were the most common abnormalities, detected in 76% and 75% of relapsed 

samples, respectively. Only two patients did not harbor these aberrations. However, in both 

cases, mutations in other well-known driver MCL genes were identifiedðspecifically, KMT2D 

and mutations in either NOTCH1 or NOTCH2 [176, 219, 221, 315].  

 

Although no new variants of the TP53 gene were found in the relapsed samples, the median 

VAF of existing TP53 mutations increased significantly, from 0.35 at diagnosis to 0.76 at 

relapse. The most likely explanation is the Ăselective therapeutic pressureñ hypothesis, which 

favors the survival, expansion, and dissemination of TP53-mutated subclones. An alternative 

explanation (Ăcompartmentñ hypothesis) is that MCL subclones in different compartments may 

already show variable TP53 VAFs at diagnosis. In this scenario, the preferential survival and 

expansion of cells with higher TP53 VAFs in a given compartment could account for the 

elevated VAFs observed at relapse. Targeted sequencing of TP53 across available 

compartments in patients P02, P19, and P20 revealed uniformly low VAFs at diagnosis 

compared to relapse, supporting the selective pressure hypothesis over the compartment 

hypothesis. Details are provided in Table 8. In patients P02 and P19, WES identified two 

additional variants emerging at relapse (NEGR1 and EZH2), which were subsequently added to 

the targeted sequencing panel. Targeted sequencing verified the presence of both variants in the 

relapsed samples, whereas they were absent from the corresponding diagnostic samples.  

 

Codes Sample Compartment 
TP53 VAF 

by WES (%) 

TP53 VAF 

by targeted 

NGS (%) 

VAF of N/D 

variants by 

WES (%) 

VAF of N/D 

variants by 

targeted NGS 

(%)  

P02 DG PBMC 6.25 9.7 ND ND 
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P02 DG BM NA 12.8 NA ND 

P02 REL BM 82 39.7 NEGR1 (26) NEGR1 (21) 

P20 DG BM 6.17 NA 

ND*(KMT2D 

and ATM 

variants detected 

under the 

detection limit) 

NA 

P20 DG PBMC NA ND NA 
KMT2D (12.9), 

ATM (10.4) 

P20 REL LN 97 NA 
KMT2D (16), 

ATM (36) 
NA 

P19 DG LN ND ND ND ND 

P19 DG BM NA ND NA ND 

P19 REL BM ND ND EZH2 (22) EZH2 (15.6) 

 

Table 8: Comparison of newly detected (N/D) variants and TP53 variants identified by WES 

and targeted sequencing in different compartments of patients P02, P20, and P19. P = patient; 

DG = diagnosis; REL = relapse; PBMC = peripheral blood mononuclear cells; BM = bone 

marrow; LN = lymph node; VAF = variant allele frequency; NA = not analyzed; ND = not 

detected. 

WES analysis predicted new CDKN2A/2B deletions in eight patients who had relapsed. 

However, it should be noted that WES-based CNV predictions may not be as effective in 

detecting minor subclones (less than 30%) [316]. This is consistent with our findings at 

diagnostic samples, where routine FISH analysis identified more patients with CDKN2A 

inactivation than WES-based CNV predictions (15 versus 10 cases). These CNV results suggest 

that minor subclones with CDKN2A deletions were likely missed by WES at diagnosis, but 

became detectable at relapse due to therapy-driven selection and expansion of CDKN2A-deleted 

clones. Our findings, combined with previous data, highlight the critical role of CDKN2A/2B 

deletions in conferring chemoresistance and support the view that CDKN2A/2B deletions 

represent later subclonal events, likely arising within TP53-mutated MCL clones [156]. Our 

analysis of WES data (variants and CNVs) indicates that standard front-line 

immunochemotherapy tends to select for pre-existing MCL (sub)clones with inactivated DNA 

damage response pathways (TP53mut/del, CDKN2Adel), aligning with previously published 

research [156, 174, 176, 189]. 

Along with genetic losses, CNV analysis revealed recurrent amplifications of key oncogenes, 

including PIK3CA, which codes for the p110Ŭ subunit of phosphatidylinositol 3-kinase (PI3K). 

Amplifications of PIK3CA were among the most frequent CNVs, found in 46% of patients at 

diagnosis and 50% at relapse, aligning with previously published findings [216, 218]. When 
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combined with frequent deletions of GNA14 and forkhead box O3 (FOXO3) genes, these 

PIK3CA amplifications indicate disruption of the PI3K-AKT pathway in MCL, both at 

diagnosis and to a greater extent at relapse [317, 318]. Indeed, results from Bettazova et al. 

(2024) indicate that frequent PI3K pathway aberrations can alter downstream signaling, 

resulting in decreased dependence on BCR signaling, enhanced metabolic and hypoxic 

adaptation, and resistance to targeted therapies in MCL [217]. 

One of the most commonly mutated genes we observed in our dataset of relapsed samples is 

the low-density lipoprotein receptor-related protein 1B (LRP1B), a tumor suppressor. This gene 

showed abnormal results in six patients, with three new variants appearing in two of them. 

LRP1B ranks as one of the most frequently altered genes in human cancers, with recurrent 

changes reported in several lymphoma subtypes, including DLBCL, mucosa-associated 

lymphoid tissue (MALT) lymphoma, transformation of follicular lymphoma to DLBCL, and 

primary central nervous system lymphomas (PCNSLs). Inactivation typically arises through a 

variety of genetic and epigenetic mechanisms [319-324]. Our results also demonstrated a 

correlation between LRP1B mutation and increased mutational burden in our MCL patients, 

which has been reported in the literature for other malignancies, including patients with 

PCNSL, hepatocellular carcinoma, or melanoma [323, 325, 326]. LRP1B mutations have been 

connected to poorer overall survival in primary gastrointestinal DLBCL [320]. Our analysis 

also observed a link between LRP1B mutations at diagnosis and shorter OS, though limited by 

the small number of patients affected (n = 3). While LRP1B is acknowledged as an established 

tumor suppressor gene, its exact role in MCL biology and its potential as a biomarker for 

prognosis or prediction still requires clarification in larger patient cohorts and functional 

translational studies.  

KMT2D mutations, present in a significant portion of diagnostic samples and newly emerging 

in two patients at relapse (8 of 25 relapse cases, 32% overall), have likewise been associated 

with poor prognosis in MCL, as noted above. Besides LRP1B and KMT2D, we identified 

multiple other candidate genes newly gained in at least two relapse samples (HOXD9, CDC27, 

RYR2, and FLNA). These genes have been linked to various cancers, but their ability to promote 

MCL progression remains uncertain [327-331]. 

The section below will discuss the results observed during the genetic characterization of PDX 

models. 
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To evaluate the genomic and histopathologic characteristics of fifteen newly established PDX 

models, an integrated genetic and histopathological analysis was performed. PDX models of 

aggressive lymphomas were compared with their corresponding primary tumor biopsies. Our 

cohort of PDX models included all major aggressive NHL subtypes, represented by GC- and 

non-GC DLBCL, double-hit and transformed DLBCL, MCL, BL, PTCL, AITL, ALCL ALK-

positive, and ALCL-ALK negative lymphomas. WES demonstrated that the PDX models 

largely preserved the somatic mutations and copy number alterations present in the primary 

lymphoma cells, which is consistent with previously published findings [253, 254, 257, 262].  

Our PDX models closely mirrored primary lymphomas in both the overall number of somatic 

mutations and the allele frequencies of these mutations. We also observed similar mutational 

landscapes and predicted CNV profiles between PDXs and their matched primary samples. The 

WES results suggest that most established PDXs retained their genetic diversity, rather than 

just representing subclones of the more diverse primary tumors. In most PDXs we analyzed, 

the number of shared mutations exceeded the combined counts of N/D and N/U variants. 

However, only three PDXs (VFN-D6 derived from patient P02, VFN-M1 derived from patient 

P10, and VFN-T6 derived from patient P13) showed a higher proportion of N/D and N/U 

mutations. Across nearly all models, except for VFN-T6, N/D mutations greatly outnumbered 

N/U mutations. Notably, most N/D mutations were absent from the corresponding primary 

lymphoma samples (VAF = 0) and were predominantly nucleotide transitions. These findings 

indicate that most N/D mutations likely arose de novo during sustained proliferation of PDX 

cells in the murine host, possibly driven by ongoing somatic hypermutation, which aligns with 

previous reports [7, 332]. On the other hand, most N/U mutations were likely Ălostñ due to the 

underrepresentation of disease subclones with low-frequency bystander mutations during PDX 

propagation in the murine organism. Overall, these findings align with previous reports and 

emphasize both the accuracy and the dynamic evolution of PDX models in vivo [333]. 

Below, a brief discussion of the results of histopathological analyses, mentioned explicitly in 

the paper by Jakġa et al. (2022) and carried out by my colleagues, follows to provide a full 

context for the detected changes in our PDX models [2].  

Despite largely preserved genetic profiles, histopathological analyses (conducted by my 

colleagues) revealed that PDX tumors often exhibited more aggressive features than their 

corresponding primary lymphomas, including higher proliferation rates (Ki-67). These 

phenotypic differences, in the context of overall genetic similarity, are most plausibly attributed 

to changes in the composition of the PDX tumor microenvironment. PDX tumors lacked human 
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non-malignant cells and murine macrophages, and exhibited significantly reduced microvessel 

density and area compared to the original biopsies, with vessels of exclusively murine origin. 

The vascular differences likely result from suboptimal stimulation of murine angiogenesis by 

human VEGF. They may have important implications for interpreting preclinical studies of 

anti-angiogenic therapies or drugs that rely on passive tumor accumulation, such as liposomal 

cytostatics. Beyond changes in the tumor microenvironment, PDX cells also exhibited 

immunophenotypic anomalies, including decreased SOX11 and cyclin D1 expression in MCL 

models, as well as alterations in the expression of cytotoxic granules and markers (CD20, CD3) 

in certain T-NHL models. Notably, reduced cyclin D1 expression in MCL PDXs compared 

with primary samples has also been reported by Zhang et al. [262]. PDX models are typically 

created by engrafting primary lymphoma biopsies into immunodeficient mice using methods 

such as subrenal capsule implantation or injection via intravenous, subcutaneous, or 

intraperitoneal routes [252, 257, 262, 265]. While the omental tumor xenograft (OTM) model 

developed by Burrack et al. allows for the study of specific non-malignant cell populations 

(e.g., CD4+ T cells), its capacity to support efficient serial retransplantation of PDX cells 

remains uncertain [270]. The PDX models in this study preserved the genetic profiles of the 

primary lymphomas but lost their tumor microenvironment heterogeneity, likely due to 

selection for tumors less dependent on human tumor microenvironment components; this aligns 

with our engraftment rates of only 25-30% over a decade of efforts. Notably, even successfully 

established PDX cells could not be expanded ex vivo, indicating a reliance on in vivo growth 

conditions, which may include cell-to-cell interactions, hypoxia, metabolic demands, or other 

factors. 
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14. CONCLUSIONS 

Our WES analysis of sequential MCL samples, obtained from diagnosis and subsequent 

relapses, revealed significant clonal evolution of MCL after failure of standard first-line 

immunochemotherapy. The data suggest that chemotherapy-resistant (sub)clones, enriched 

with aberrations in genes with adverse prognostic significance, were likely present at diagnosis 

in most, if not all, patients. At relapse, these resistant populations were characterized not only 

by frequent inactivation of key regulators of DNA damage response pathways (notably TP53 

and CDKN2A/2B) but also by markedly increased genetic heterogeneity, including more 

variants and larger CNVs compared with their diagnostic counterparts. These findings highlight 

the limited effectiveness of chemotherapy in patients with TP53 and CDKN2A inactivation (the 

so-called C4 cluster disease, described above) and support early use of innovative therapy 

strategies in this high-risk subgroup, such as immunotherapies with genetically modified 

autologous T-cells. Additionally, we identified several candidate drivers of MCL relapse, 

including LRP1B, KMT2D, SP140, NOTCH1, NOTCH2, PIK3CA, and GNA14, which require 

further investigation in proof-of-concept translational studies to elucidate their biological roles 

and potential therapeutic applications. Overall, our results provide a framework for enhancing 

risk stratification in MCL and underscore the pressing need for innovative treatment strategies 

that can overcome chemotherapy resistance and clonal diversification.  

To conclude the analysis of patient-derived xenografts, PDX models are among the most 

relevant and versatile tools available for translational research. They offer unique opportunities 

for preclinical evaluation of new therapeutic strategies and functional studies of lymphoma 

biology. Notably, our findings highlight that although PDX models of aggressive lymphomas 

do not fully replicate the complexity of primary tumors, particularly regarding histopathological 

features and tumor microenvironment, they closely mirror and preserve their genomic 

complexity and heterogeneity. These discrepancies, if ignored, may lead to significant biases 

in experimental results and their interpretation. Future translational studies should therefore 

include detailed genetic and phenotypic characterization of PDX models along with 

complementary experimental systems, with the ultimate goal of enhancing their predictive 

accuracy for clinical and preclinical applications. 
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15. SHRNUTĉ 

Celoexomov§ analĨza p§rovĨch vzorkŢ lymfomu z bunŊk pl§ġtŊ (MCL) odebranĨch pŚi 

stanoven² diagn·zy a n§slednŊ pŚi relapsu prok§zala vĨraznou klon§ln² evoluci po selh§n² 

standardn² prvn² linie imunochemoterapie. VĨsledky naznaļuj², ģe chemoterapii odoln® 

(sub)klony nesouc² aberace v genech se z§vaģnĨm prognostickĨm dopadem byly pŚ²tomny jiģ 

pŚi diagn·ze u vŊtġiny, ne-li vġech pacientŢ. Populace bunŊk relabovanĨch vzorkŢ byly 

charakterizov§ny nejen ļastou inaktivac² kl²ļovĨch regul§torŢ drah odpovŊdi na poġkozen² 

DNA (zejm®na TP53 a CDKN2A/2B geny), ale tak® vĨraznŊ zvĨġenou genetickou 

heterogenitou, reprezentovanou zejm®na vyġġ²m poļtem variant a rozs§hlejġ²mi CNV oproti 

diagnostickĨm vzorkŢm. Tato zjiġtŊn² podtrhuj² omezenou ¼ļinnost chemoterapie u pacientŢ s 

inaktivac² TP53 a CDKN2A (tzv. C4 cluster nemoci, popsanĨ vĨġe) a podporuj² ļasn® nasazen² 

inovativn²ch l®ļebnĨch pŚ²stupŢ u t®to vysoce rizikov® skupiny, napŚ²klad imunoterapii s 

geneticky modifikovanĨmi autologn²mi T-lymfocyty. SouļasnŊ jsme identifikovali nŊkolik 

dalġ²ch kandid§tn²ch genŢ potenci§lnŊ pod²lej²c²ch se na rozvoji relapsu, mimo jin® LRP1B, 

KMT2D, SP140, NOTCH1, NOTCH2, PIK3CA a GNA14. Tyto vĨsledky vytv§Śej² z§klad pro 

dalġ² translaļn² studie typu proof-of-concept, kter® by mŊly objasnit biologickĨ vĨznam tŊchto 

aberac² a moģnosti jejich terapeutick®ho vyuģit². Naġe pr§ce tak nab²z² moģnosti pro 

zdokonalen² rizikov® stratifikace u MCL a zdŢrazŔuje nal®havou potŚebu novĨch l®ļebnĨch 

strategi² schopnĨch pŚekonat rezistenci k chemoterapii a klon§ln² progresi onemocnŊn². 

Modely odvozen® od pacientŢ (PDX) pŚedstavuj² v souļasnosti jeden z nejrelevantnŊjġ²ch a 

nejuniverz§lnŊjġ²ch n§strojŢ translaļn²ho vĨzkumu. Poskytuj² unik§tn² moģnosti pro 

preklinick® a klinick® hodnocen² novĨch terapeutickĨch postupŢ i pro funkļn² studium biologie 

lymfomŢ. Naġe vĨsledky ukazuj², ģe pŚestoģe PDX modely agresivn²ch lymfomŢ plnŊ 

nereflektuj² komplexitu prim§rn²ch n§dorŢ, zejm®na z pohledu histopatologickĨch 

charakteristik a n§dorov®ho mikroprostŚed², vŊrnŊ uchov§vaj² jejich genomovou strukturu a 

heterogenitu. Tyto odliġnosti, nejsou-li  zohlednŊny, mohou v®st k potenci§ln²mu zkreslen² 

experiment§ln²ch vĨsledkŢ a jejich interpretace. Budouc² translaļn² studie by proto mŊly vģdy 

zahrnovat detailn² genetickou a fenotypovou charakterizaci PDX modelŢ v kombinaci s dalġ²mi 

experiment§ln²mi syst®my, aby byla zvĨġena jejich prediktivn² hodnota pro klinick® i 

preklinick® pouģit².  
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