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DLBCL: A heterogeneous and 

aggressive cancer deriving from B cells 

Images from Staudt & Dave, 2005 

• DLBCL subtype is currently assigned 

using Affymetrix arrays or 

Immunohistochemistry (less accurate) 

• Subtype is thought to reflect cell of 

origin 

    -GCB = Germinal Center B cell 

    -ABC = Activated B cell  

• Any mutation that is restricted to one 

subtype is automatically a potential 

prognostic biomarker 



The standard paradigm in cancer 
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The Data 
• NHL tumour transcriptomes:  

• 89 DLBCL, 10 DLBCL cell lines, 13 FL, 8 assorted NHL (120 total) 

• Tumour genomes: 1 FL, 1 DLBCL (tumour/normal) 

• Tumour exomes: 2 DLBCL(tumour/normal) 

• Normal transcriptomes (6 tonsil-derived centroblasts/germinal center B 

cells) 

• All DLBCL and FL primary samples have associated clinical data (survival 

data) 

• Subtype information can be determined using RNA-seq data (RPKM) 
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The Questions 

1. What are the undiscovered targets of somatic mutation in DLBCL 

2. Which mutated genes drive disease progression (oncogenes, tumour 

suppressors) 

3. How can knowledge of these mutations impact treatment? 

• Subtype-restricted mutations 

• Novel drug targets 

• Prognostic mutations 

• Tumour-specific proteins (isoforms, mutant epitopes) 

 

 



Analysis of RNA-seq or genomic sequence 
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Examples of how RNA-seq adds further 

complications 

Recurrent RNA edit in COG3 Junction reads misaligned 

Skewed expression 

Image from: Shah et al, 2010. PMID: 19812674 



General approach to identify 

candidate driver mutations in NHL 
Discovery set (n=4) 

Recurrence 

set (n=120) 

Expanded 

Cohort 

(n=261+320) 

• RNA-seq data inherently 

„rich‟ in artifacts, germline 

variants and other 

distractions 

• First identified interesting 

genes by finding somatic 

mutations in tumour-normal 

pairs (“discovery set”) 

• Used RNA-seq to identify 

recurrence of candidate 

mutations in these genes in 

a large “recurrence set” 

• Performed additional 

validation/screening for 

some highly mutated genes 
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Recurrently/repeatedly mutated 

genes identified using RNA-seq 

• Significant enrichment for genes involved in transcription (p=7.8x10-4) 

• Also enriched for genes involved in chromatin modification (p=4.2x10-2) 

OK. A list of 283 has been reduced to 129.   

Great, but now where do we start looking? 

Here? 

Here? Over here? 



Beyond recurrence: comparing mutation 

type between genes 

Rodrigo Goya 

Of 129 recurrently  

mutated genes, 

29 have strong 

evidence for being 

under selection 

(“drivers”) 

• Many genes have mutations in a tumour, not all are important („drivers‟) 

• Cancer genes are subject to Darwinian selection 

• Should have different distribution of nonsynonymous and synonymous 

changes when compared to genes not under selection  
• Two major classes of driver mutation 

 -Activating point mutations in oncogenes, usually at hotspots 

 -Inactivating mutations in tumour suppressors (nonsense, indels etc)  

Oncogenes? 



Is the histone methyltransferase 
EZH2 an oncogene in lymphoma? 

Tesa Severson 

Maybe… 



Codon 
Number of 
Sam ples 

Disti nct 
m uta ti ons 

Gene 
Nam e 

602;646;  30  4 EZH2  

83;  9 2 MEF2B 

1;  8 5 BCL 7A  

59;  7 3 BCL2*  

92;196;197;  5 4 CD79B  

69;  4 2 MEF2B 

73;160;  4 2 IKZF3  

164;255;  3 2 PIM1  

97;188;  3 2 PIM1  

18;  3 2 IRF 4  

587;  3 2 BCL 6  

45;  3 2 BTG2 

141;234;  3 2 TP53  

1;  3 3 FOXO1 

	

Other genes have mutational hotspots 

• Codons with nonsynonymous 

changes caused by different base 

substitutions not likely germline 

•12 genes had at least 1 codon with 

distinct mutations in more than 2 

libraries 

•Three of these genes are known 

targets of “somatic hypermutation” 

in DLBCL (PIM1, BCL2, BCL7A) 

and another three have known 

mutational hot spots documented 

(EZH2, TP53 and CD79B) 

• Are the other genes new 

oncogenic drivers? 
 



Mapping MEF2B mutations onto the protein structure 
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Maria Mendez-Lago 



Identifying association between mutation 

and disease aggressiveness 
• Used Kaplan-meier survival analysis (log-rank test) to identify genes that may 

correlate with (alter?) survival in DLBCL 

• Four of the genes with confirmed somatic mutations had significant 

correlation between mutation presence and PFS (p<0.05) in the GCB subtype 

    -FOXO1, GNA13, MPHOSPH1, RBM39 

• Using all RNA-seq data, regardless of validated/somatic SNVs, 49 (of 762) 

Genes had significant PFS 
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Histone modifier mutations may point to 

new therapeutic options   

*assumes EZH2 Y641 mutations are gain-of-function 

EZH2 

inhibitor? 

HDAC 

inhibitors 

• Presence of certain mutations might reveal candidates for targeted therapy 

• Mutation status may also facilitate identification of high-risk patients 

Nucleosome 



Summary 

1. Cancer genome and transcriptome sequencing 

provides many „leads‟ 

2. Multiple approaches to reduce to „hottest‟ genes 
• Recurrently „hit‟ genes 

• Mutational hot spots 

• Darwinian selection 

• Leveraging survival data („aggressive mutational signature‟) 

3. New cancer „drivers‟ may enable new, rationally-

designed drugs 
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