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2 Detailed description of the methods 

Preprocessing of microarray data 

Firstly, raw probe intensity values of the Affymetrix HG-U133A arrays were calibrated and 

summarized into one expression value per probe set using the hook method [1, 2]. Secondly, 

the expression values of each gene were transformed into log10-scale and quantile-normalized 

conforming the distributions of expression values into one common distribution [3] This step 

corrects for possible outlier samples, batch effects and for sample- and transcript-specific 

background in cancer data [4, 5] (Figure S 1). Then, the expression values of each gene were 

translated into fold change units by centering them with respect to each gene’s mean expression 

value averaged over the samples collective studied.  

 

 
Figure S 1: Normalization of the expression data: Boxplots represent all raw expression values of the samples 

stratified according to the sample classes (panel a). After quantile normalization, the samples’ values follow one 

common distribution, correcting for systematic biases and outlying samples (b). Comparison of independent 

component analysis (ICA) on raw (c) and quantile normalized expression data (d) reveals very similar scatter of 

the samples from different classes.  
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SOM expression portraying 

Preprocessing provides a matrix of expression values of dimension N × M where N denotes the 

number of genes measured and M the number of cases in the study. Throughout the paper, we 

will address a row of this matrix as ‘expression profile’ of the respective gene, and the columns 

as ‘expression landscape’ or ‘state’ of the respective sample. The expression values are 

clustered using self-organizing map (SOM) machine learning [6]. It translates the expression 

data matrix into a K × M metagene data matrix of reduced dimensionality (K << N, K is the 

number of so-called metagenes). This reduces the dimensionality of the data by about one order of 

magnitude from N = 22,283 probe sets to K = 2,500 metagenes. The metagene expression data 

are visualized in a sample-specific fashion by arranging the metagenes in a two-dimensional 

grid of quadratic size (K = 50 × 50) and by appropriately color coding their expression values. 

The mosaic images obtained serve as fingerprint portraits of the transcriptional activity of each 

sample. Importantly, the expression portraits of different samples can be directly compared 

each with another because a pattern at a certain position of the images refers to the same genes 

in all portraits. Subtype-specific mean portraits are generated by averaging the metagene 

landscapes of all cases belonging to one subtype. These subtype-specific expression landscapes 

level out the heterogeneity of the individual cases. 

Sample diversity analysis 

Diversity analysis aims at characterizing the heterogeneity of the tumors by means of similarity 

patterns of their expression landscapes. As standard, we use a graph representation called 

correlation network which intuitively displays multivariate relations between the expression 

landscapes based on their mutual Pearson’s correlation coefficients (see refs. [4, 5, 7] for 

details). As a complementary method, we visualize the similarity relations between the samples 

as a radial dendrogram by applying the neighbor-joining algorithm [8] (R-package ‘ape’ [9]). 

The distance between pairs of samples in the obtained tree scales with the Euclidian distance 

between their expression landscapes. 

Importantly, both methods were applied to the metagene data and not to the original ‘single 

gene data’ to compare the expression landscapes as characterized by the SOM portraits. The 

use of metagene data improves representativeness and resolution of the methods as shown 

previously [7, 10–12]. 

Detection of expression modules 

SOM machine learning arranges metagenes with similar expression profiles in neighboring 

positions in the two-dimensional grid, whereas dissimilar ones are located more distantly. In 

consequence, the expression portraits display smooth color textures with disjoint red and blue 

spot-like regions. They represent clusters of correlated metagenes over- and under-expressed in 

the respective samples, respectively. ‘Over-expression’ spot-clusters were determined in two 

steps: Firstly, metagenes exceeding a given expression threshold (here: 90% of maximum 

expression) were selected in each of the subtype-specific mean expression portraits. Then, spot 

module clusters were extracted as joint areas of over-expressed metagenes. Theses spot clusters 

can be interpreted as functional modules of co-regulated genes [10, 13].  

The over-expression criterion chosen ensures the selection of a sufficient number of candidate 

genes per module on the one hand and a reasonable number of relevant spot modules on the 

other hand [4, 5, 10, 13, 14]. Note also, that the algorithm is robust with respect to moderate 

modifications of the selection criteria. It is also intuitive because it collects potential marker 

genes with mutually correlated expression profiles and strong over-expression in, at minimum, 

one of the subtypes. Importantly, our method extracts the spot modules in an unsupervised 
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fashion because their number is not predetermined and hence they can be interpreted as an 

intrinsic measure of the complexity of expression patterns observed in the data. 

All spot modules detected were transferred into the expression landscape overview map shown 

in the main article. It represents an integrative master map which visualizes the global spot 

patterns observed. The underlying ‘spot expression matrix’ of dimension S × M (S: number of 

spot modules identified; M: number of samples) contains the expression profiles of the modules 

which were calculated as average over the single genes’ profiles mapped in the respective spot.  

Gene set enrichment analysis 

The co-expressed genes of each spot module are assumed to be functionally related according 

to the ‘guilt-by-association’ principle [15]. We applied gene set enrichment analysis to the lists 

of single genes in each of the modules to discover their functional context. 

In total, we included 9,769 pre-defined gene sets from the following categories in our analysis: 

(i) GO-sets (3,325 gene sets) were derived from the Gene Ontology (GO) annotation database 

[16] using the ‘biomaRt’ interface [17]. They subdivided into the GO-terms ‘biological process’ 

(2,226 sets), ‘molecular function’ (642 sets) and ‘cellular component’ (457 sets). (ii) Pathway-

related sets were included using the Biocarta (217 sets), KEGG (186 sets) and Reactome (674 

sets) databases. (iii) Literature-curated gene sets were extracted from publications describing, 

for example, disease signatures and biomarkers (‘literature sets’, 5,343 sets). (iv) Tissue-

specific gene sets (24 sets) were derived from a gene expression study on healthy human tissues 

[13]. 

The degree of enrichment of a selected gene set among the genes included in a given spot 

module is estimated using right-tailed Fisher’s exact test as described previously [18, 19]. In 

addition, we used the gene set enrichment z-score (GSZ) to evaluate the profile of the respective 

gene sets across the study (see [13, 20] for details). Systematic changes of GSZ values between 

the subtypes indicate potential functional relevance of the respective gene set with respect to 

the molecular classes studied. 

The GSZ profiles are complemented by gene set (population) maps which visualize the 

distribution of the member genes of a selected set within the SOM grid. The gene set population 

map enables to identify highly populated regions of the map and to compare their positions with 

that of the over-expression spots detected. Accumulation of genes of a set within a spot reflects 

functional associations between the gene set and the spot module.  

Reference samples: Lymphoma cell lines, B-cells and tonsils 

Our study considers reference expression data obtained from normal (healthy) B-cells, 

lymphoma cell lines and tonsils. They comprise lymphoma cell line types (32 samples), B-cell 

types (30 samples) and tonsils (10 samples) as specified in Table S1. Tonsillar tissue samples 

were prepared as whole tissue RNA extracts. Naïve, post GC, and memory B-cells were isolated 

from peripheral blood samples of healthy individuals. GC B-cells were isolated from suspended 

tonsillar cells. For isolation of the B-cell subsets, FACS sorting employing antibodies against 

CD19 and IgD (naïve B-cells), CD20 and CD38 (tonsillar GC B-cells), and CD19 and CD27 

(post GC memory B-cells) was used. Lymphoma cell lines were described in [21]. 
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3 Supplementary results 

Supporting maps characterize the SOM metagene space: Population, variance and 

significance maps 

We implemented a series of so-called supporting maps and profiles, which provide additional 

information about the SOM metagene space to assess the population of metagenes with genes, 

the variability of metagene profiles, the significance of differential expression with respect to 

the mean expression value of each gene and the correlation between metagene and single gene 

expression (see [7, 10]). The population map visualizes the number of single genes mapped to 

each metagene (Figure S 2a). It reveals that the single genes heterogeneously distribute among 

the map forming densely populated regions along the edges (red and brown colors) separated 

by empty and lowly populated areas (dark and light blue).  

The variance map in Figure S 2b illustrates the variability of the metagene expression profiles. 

Most variable metagenes are found in the corners and along the edges of the SOM (red and 

brown) while invariant genes accumulate in the center of the map (blue regions). The 

significance map color codes the significance of differential expression with respect to the mean 

expression for each of the metagenes using an adjusted t-test [13] (Figure S 2c). Significance 

and variability are correlated properties because highly variable genes mostly show a more 

significant degree differential expression and also stronger coefficients of correlation between 

the metagene and single gene profiles (Figure S 2d).  

The supporting maps clearly illustrate that the spot-modules of co-regulated genes selected for 

further analysis mostly agree with highly-populated areas of the map. They also refer to highly 

variant and thus significantly differentially expressed genes (compare the supporting maps with 

the over-expression overview map shown in the main article).  

 

 
 
Figure S 2: Supporting maps: (a) The population map illustrates the number of single genes mapped to each 

metagene. (b) The variance map shows the variance of the metagene expression profiles. (c) The significance map 

illustrates the mean p-value for differential expression averaged over all metagene member genes. (d) The gene-

metagene correlation map shows the mean correlation between the metagene expression profile and the member 

genes’ profiles. 
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Portraying of lymphoma strata and cell types 

We generated mean expression portraits averaged over the histological subgroups in each 

sample class under study (Figure S 3). Intermediate lymphoma split into two complementary 

subgroups with almost orthogonal module activation patterns (strong over-expression of 

module L and D, respectively). BL-like intermediate lymphomas show a complex expression 

pattern with multiple over-expressed spots, while D is specific for the other intermediate 

lymphoma. Note that the mBL signature genes as defined in [22] accumulate strongly in spot 

B as described below. Activation of B hence supports classification of the BL-like intermediate 

lymphoma. 

DLBCL split into GCB and ABC classes, which both show F and, partly, G as marker spots. 

Additionally, spot module E is specific for ABC DLBCL and will be evaluated below. We 

further subdivided DLBCL cases according to their morphology determined by haemato-

pathological review as described in [23–25]. The resulting subgroup portraits of anaplastic and 

centroblastic DLBCL are nearly identical showing the DLBCL specific spots F and G. The 

immunoblastic and plasmoblastic cases reveal a slightly altered gene activity pattern with more 

activated spot modules, among them also F and G. 

Cases assigned as FL mostly feature a t(14,18) translocation (BCL2 break), however portraits 

and activated modules are virtually independent of presence or absence of this aberration: The 

resulting portraits consistently show the FL-specific spot I, in case of BCL2-break FL in 

combination with increased gene activities in the areas of spots K and A also found in B-cells 

and BL, respectively. With increasing grade, the FL specific spot I partly transforms into spot 

F paralleled by decreasing gene activities in the regions of spots B, C and K. Grade 3b FL, 

which constitute the class FL/DLBCL, show an intermediate pattern combining FL and DLBCL 

specific spots I and F. These changes are compatible with the continuous transformation from 

FL into DLBCL. 

Few lymphomas in the data could not be assigned to one of the former subtypes. Multiple 

myelomas consistently show a specific spot module H located in the center of the map. The H 

spot harbors the PRDM1 gene which becomes activated at late stages of plasma-cell maturation 

paralleled by deactivation of spot K including MHC II genes in agreement with [26].  

PMBL and IRF4-break positive lymphoma strongly resemble GCB and ABC DLBCL, 

respectively. mnBLL-11q lymphomas resemble BL as expected, with A and D activated. 

The lymphoma cell lines show very similar expression patterns (over-expression of spot 

modules A, B, C, and D) with additional spots selectively activated in double hit BL cell lines 

(M) and myeloma cell lines (H, in agreement with the myeloma samples), which confirms the 

respective cell of origin characteristics. 

All lymphoma cell line samples show very low expression of spot modules F and G (see also 

the spot profiles in Figure S 5) due to the absence of inflammatory and stromal bystander cells 

in the cell cultures. Because of the min-max normalization of the color scale of the portraits, 

this low expression of modules F and G gives rise to a ‘red shift’ of the remaining part of the 

map which appears mostly colored in red. This color-shift slightly masks the underlying spot 

patterns in the ‘red part’ of the map. Nevertheless, the plasma-cell of origin characteristics of 

the MM-cell line portrait becomes evident by the strong expression of spot H harboring, e.g., 

the plasma cell marker gene PRDM1 as mentioned above. Note also that the DLBCL cell line 

portraits differ from the respective DLBCL tissue specimen due to the absence of inflammatory 

bystander cells. A more detailed evaluation using adjusted portraits and zoom-in SOM analysis 

reveals subtle details of the different cell lines, which allows for further characterization of their 

transcriptomic landscapes (see below). 

The B-cell reference samples divide into groups defined by their maturation grade. The mean 

portrait of the B-cell class simultaneously expresses the spot modules s J (tonsil signature spot), 

and K, L, and M (B-cell specific). This expression pattern is virtually identical in the portraits 
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of pre- and post-germinal center (GC) B-cells. Interestingly, these cells under-express module 

D, whereas GC-B-cells over-express these genes reflecting activated proliferation in the 

germinal center (see below). The B-cell specific spot modules K, L, and M differ in their activity 

in the lymphoma subtypes: For example, K is up in FL but down in BL and DLBCL, L is up in 

BL-like intermediate lymphomas only, and M is strongly deactivated in DLBCL but activated 

on high and moderate levels in the other subtypes. Hence, modules K-M collect regulatory 

modes activated in B-cells and selectively deactivated in the different lymphoma subtypes. 

Also the B-cell specimen show low expression of spot modules F and G (Figure S 5) due to the 

absence of inflammatory and stromal cells in the cell cultures, which gives rise to an analogous 

color shift as observed in the lymphoma cell-line portraits. Nevertheless, cell of origin 

characteristics of GC-B and pre-/post GC-B-cells are still evident in the different expression 

patterns of the proliferation module D (see above). Adjusted portrait and zoom-in analysis 

provide more details of the B-cell portraits studied (see below). Note that the portrait of tonsils 

is characterized by the strong over-expression of spot J (Figure S 5) reflecting a specific 

transcriptomic signature of this tissue enriched in keratin-related compounds [5]. This one-spot 

over-expression characteristic leads to a ‘blue-shifted’ coloring of the remaining part of the 

portrait. 

In summary, stratification of the molecular subtype portraits with respect to histological and 

genetic diagnosis reveals subtle differences between the subclasses in accordance with the 

associated functional changes (e.g. transformation from FL into DLBCL with increasing grade 

or increased proliferative activity in GC-B-cells compared with pre- and post-GC-B cells).  

 



9 

 

 
 

Figure S 3: Mean expression portraits of histologically defined subgroups in each class: The left portrait in each 

row shows the mean class portrait, which is decomposed into the corresponding histological subgroups. 

Recurrently activated spot modules are indicated within the portraits by capital letters. 
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Portraying of double hit lymphomas and recurrent FL cases 

We stratified the double hit lymphomas (DHLs) in our data set to portray the specifics of their 

expression landscapes. In DHLs, a MYC translocation is accompanied by a second 

chromosomal break targeting the BCL2 or BCL6 gene. Chromosomal translocations affecting 

the MYC oncogene are the biological hallmark of BLs, but also occur in a subset of other mature 

B-cell lymphomas. Following the tumor selection strategy applied in [27], we focused on the 

latter tumors and excluded BLs. Firstly, we generated mean expression portraits of single hit 

lymphomas carrying either an IG-MYC, non-IG-MYC or IGH-BCL2 (t14,18) translocation 

(Figure S 4a). The latter cases are FL showing their typical expression pattern which is 

dominated by spot module I (compare with Figure S 3). The IG-MYC and non-IG-MYC cases 

are DLBCL or intermediate lymphomas expressing module D in combination with B and C 

typically over-expressed in BL (IG-MYC cases). DHLs carrying the BCL2 translocation and 

the IG-MYC or non-IG-MYC both show similar portraits with over-expressed spot A and 

under-expressed spot F. This spot patterns are not a combination of the patterns of the respective 

single hit lymphomas. Instead, they represent a novel feature of these DHLs which express spot 

A as a hallmark. The analogous analysis of lymphomas combining the MYC- and BCL6-

translocation shows, that these DHLs are characterized by expression portraits which combine 

the spot patterns of the respective single hit lymphomas including the ‘inflammation module’ 

F and the ‘proliferation module’ D (Figure S 4b). Next, we analyzed two IGH-BCL2/-MYC 

signatures in our data (Figure S 4c) [27, 28]. These signatures are very similar in upregulating 

genes which accumulate in spot A and which show high expression also in BL and BL-

resembling intermediate lymphomas, but not in the majority of DLBCL. Accordingly, BCL2-

DHLs downregulate genes in the spots E, F, H and, partly, K in both signatures. Note that the 

signatures of Aukema et al. and of Ennishi et al. do not contain overlapping genes. Their joint 

accumulation in the same spot patterns, however, reflects their almost identical expression 

profiles and demonstrates the power of gene-mapping for comparison of gene sets. 

Finally, we selected four paired lymphoma samples of primary lymphomas diagnosed as FL 

grade II or III carrying the IGH-BCL2 translocation, and relapsed tumors from the same patients 

(Figure S 4d). Two of the secondary tumors were hit by IG-MYC or non-IG-MYC during 

relapse while the two others are not. The DHL cases show the hallmark spot A while the MYC-

negative single hit recurrent lymphoma show clear indications of transformation into DLBCL 

or intermediate lymphomas. The latter example illustrates the capabilities of SOM portraying 

for studying changes in the expression patterns for individual cases. Taken together, SOM 

portraying comprehensively characterizes expression patterns before and after acquiring a 

second hit in DHL combining MYC with BCL2 or BCL6 translocations for matched and non-

matched tumor pairings. 
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Figure S 4: SOM portraying of double-hit lymphomas and of recurrent FL: (a) Mean expression portraits of single 

hit IG-MYC DLBCLs, non-IG-MYC DLBCLs and IGH-BCL2 FLs, and of DHL showing combinations of the 

aberrations. Notably, spot A appears in the DHL as a new feature not observed in the single hit lymphomas. (b) 

Portraits of IG-MYC and non-IG-MYC DLBCL (as in part a) and of BCL6-break DLBCL single hit lymphomas, 

and of DHL showing combinations of the aberrations. The DHL virtually combine the expression features of the 

respective single hit lymphoma types. (c) Expression profiles and gene maps of DHL signatures taken from [27, 

28]. The two different DHL up and DHL down signatures closely resemble each other as indicated by the 

accumulation of the gene set genes in the same spot regions (see red circles and spot letters) and by the nearly 

identical profiles. (d) The portraits of four FL IGH-BCL2 cases (grade I or II) and of the paired tumors after 

recurrence (see arrows) are analyzed in terms of phylogenetic-tree similarity comparison. Two recurrent cases 

showed a second hit (IGH-MYC and non-IGH-MYC). The portraits of the recurrent DHL show upregulated spots 

A and D as the typical features of DHL (see part a). The two other recurrent lymphomas reflect the transformation 

of FL into either DLBCL or into intermediate lymphoma types. 
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Expression profiles of the spot modules 

Figure S 5 shows the spot module expression profiles which are calculated as mean expression 

values averaged over all genes of the module for each sample studied. Most of these profiles 

show a subtype-specific maximum in agreement with the spot-assignments given in the main 

article. The samples were sorted according to their PAT-assignments which partly results in the 

systematic modulation of the profile amplitudes.  
 

 

 
Figure S 5: Spot expression profiles across all samples: The profiles are generated as the mean expression profile 

averaged over all genes contained in the respective expression module. Each bar represents one sample. The signs 

indicate strong over- (+) and under (-) –expression according to the standard deviation threshold indicated by 

dashed horizontal lines. 
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Association between PATs and lymphoma subtypes 

For association of PATs with lymphoma subtypes, we used right-tailed Fisher’s exact test. The 

resulting p-values are given in terms of a heatmap (Figure S 6). It reveals, that BLs exclusively 

enrich in PATs ‘A B D’, ‘A D’, and, to a less degree, in PAT ‘A’. Intermediate lymphomas 

associate with PAT ‘D’ solely. ABC DLBCLs mainly associate to E- and F-type PATs, in 

contrast to GCB DLBCLs, which enrich in PATs ‘A’ and ‘F G’. FLs consistently associate with 

I-type PATs and also with PAT ‘I J’. Interestingly, PAT ‘G’ only enriches in GCB DBCLs and 

in FL/DLBCLs, reflecting the similarity of these two subtypes. Some PATs correspond to a low 

number of samples only, e.g. ‘A J’, ‘E G’ or ‘L M’, and therefore lack of significant enrichment 

in the subtypes. In summary, this analysis supports our assertion that certain PATs associate 

consistently with certain disease types. 

 

 

 
 
Figure S 6: Association between PATs and lymphoma subtypes was estimated in enrichment p-values (Fisher’s 

exact test). 
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Functional profiling using gene set-maps and -profiles 

Gene set enrichment Z- (GSZ-) profiles and population maps were generated for a series of 

gene sets related to specific activation in BL, DLBCL FL and cell line samples (Figure S 7), to 

previous lymphoma marker sets and selected pathways (Figure S 8) and to B-cell and immune 

system characteristics (Figure S 9). The gene set maps allow to identify regions of increased 

local density of genes (see dots) and to compare their localization with selected over-expression 

spot areas. The GSZ-profiles show subtype-specific activation and de-activation of the related 

cellular programs. Gene set maps and profiles thus supplement the spot-related enrichment 

analysis and enable a more detailed functional analysis of the map. 

Proliferation-related processes such as cell cycling and DNA repair were upregulated in BL and 

cell line samples (Figure S 7a), whereas immune response and inflammation were activated in 

DLBCL and partly also FL (Figure S 7b). The population maps reveal that the member genes 

of the sets mostly accumulate in the regions of the respective signature spots (compare with 

Figure 3 in the main article). We also evaluated the mBL-vs-non-mBL differential signatures 

provided by Hummel et al. [22] (top panels in Figure S 7a and b). The signature genes 

accumulate in the spots ‘B’ (up in mBL) and ‘F’ (down) which cover only part of the gene 

activation patterns of lymphomas. Stromal signatures [29] upregulate mainly in FL while the 

signature genes accumulate in spots G and I (Figure S 8). Signature genes of B-cell activation 

and –proliferation accumulate in the regions of spots M, A and K, respectively (Figure S 7c). 

T- and B-cell receptor signaling pathways accumulate in modules I and K, respectively, 

showing low GSZ values in BL and high values in FL (Figure S 7d). Interestingly, PAT ‘E’ 

shows antagonistic activities of T- (down) and B- (up) cell receptor signaling thus representing 

a differential feature between both pathways.  
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Figure S 7:  GSZ-profiles and population maps: Gene sets activated in (a) BL and cell line samples, (b) in DLBCL 

and FL, and (c) in B-cells and tonsils. The bars correspond to the samples and are colored according to their PAT 

classification (see legend on bottom). The population maps illustrate the distribution of gene set members across 

the SOM landscape. Highest to lowest population is depicted as big red to small blue circles, white areas indicate 

areas not containing genes from the respective set.  
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Next we analyzed further marker sets published previously (Figure S 8): GCB-ABC-signature 

genes [30], immune response signatures [29, 31], targets enhanced and repressed by 

transcription factors [32], targets of TP53 [33], genes up- and down-regulated by PI3K [34], as 

well as genes involved in IL21 [35], NFκB [36], toll-like receptor signaling and MAPK 

pathways. Most of these gene sets reveal characteristics as described in the main article. The 

immune signature sets are highly activated in DLBCL (except PAT ‘E’) and FL subtypes and 

deactivated in the BL subtype. The ABC-signature is maximally expressed in PAT ‘E’, mainly 

associated with ABC DLBCL. 

Additionally, we included signature gene sets into our enrichment analysis corresponding to 

different stages of healthy B-cells and to different components of the immune system (Figure 

S 9). In particular, signatures of plasmoblasts, plasma cells, mature plasma cells, and B-cells 

were taken from Tarte et al. [37]. Interestingly, these different B-cell signature genes 

accumulate in different PATs as indicated in the figure. Accumulation of plasmablast signature 

genes in spot D is attributed to the dominating proliferative activity of these cells. Plasma cell 

signature genes clearly cluster in spot H. This spot module is activated in multiple myeloma. 

The mature plasma cell signature genes accumulate in spots F and G, strongly over-expressed 

in DLBCL and also FL. The B-cell signature genes accumulate in spot K activated in the B-

cells used as controls. 

We included signature gene sets activated in dark (DZ) and light zone (LZ) of germinal centers 

taken from [38]. As expected, these sets are associated with BL (DZ), and to DLBCL and FL 

(LZ). Interestingly, the LZ and DZ expression signatures change in anti-concert with the 

signatures of CD40-targets repression and activation, respectively, which were taken from [39]. 

Hence, CD40 deactivation obviously associates with LZ functionality and, in turn, CD40 

activation with DZ function. This observation supports the view that CD40 signaling modulates 

the GC reaction and the development of B-cells [39]. Note that CD40 deactivation 

antagonistically regulates with the LZ signature for all subtypes except healthy B-cells and parts 

of FL. CD40-targets decouple from the LZ/DZ-signature suggesting that FL remain ‘locked’ in 

LZ state. 

Signatures of diverse components of the immune system were taken from Angelova et al.[40]: 

Signature genes of T-helper cells accumulate in spot I and partly F. They are consistently 

activated in FL (recall that module I is the FL specific module), but only in DLBCL related 

PATs involving module F (‘F’, ‘E F’, ‘F G’). Activated CD4 and CD8, and memory CD4 

signatures show very similar GSZ profiles across the samples with activation in BL and 

DLBCL, and deactivation in FL. Contrary, the profile of memory CD8 resembles the T-helper 

cells with deactivation in BL and activation in F and I related PATs of DLBCL and FL. 

Dendritic cells and monocytes also show a similar profile with subtle differences. 

In summary, most of the signatures show PAT specific profiles, which are partly consistent 

with regard to the different lymphoma subtypes. Some of the PATs however, first of all ‘E’ and 

‘A’ for DLBCL, show opposing characteristics compared to the other PATs of the subtype. 
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Figure S 8: Gene set profiling of selected gene sets related to previous lymphoma classifications, selected pathway 

activities, and biological functions. The bars in the GSZ profile plots correspond to the samples. The population 

maps illustrate the distribution of gene set members in the map. Highest to lowest population is depicted as big red 

to small blue circles. White areas indicate metagenes not containing genes from the respective set. 



18 

 

 
Figure S 9: Gene set profiling of signatures related to B-cell signatures, to GC-biology and to selected immune 

cells. See caption of Figure S 8.  
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Genomic DLBCL classification (Schmitz et al. 2018, and Chapuy et al. 2018) 

Two recent publications presented a classification of DLBCL based on genetic data. Schmitz 

et al. distinguish the subtypes MCD (based on the co-occurrence of MYD88 and CD79B 

mutations; it collects mostly ABC DLBCL), BN2 (based on BCL6 fusions and NOTCH2 

mutations), N1 (based on NOTCH1 mutations, mostly ABC DLBCL), and EZB (based on 

EZH2 mutations and BCL2 translocations, mostly GCB DLBCL) [41]. Chapuy et al. split 

DLBCL into five consensus clusters C1 – C5 assigned mostly to BCL6 structure variants and 

ABC-DLBCL (C1), TP53 mutations and large scale copy number aberrations (C2), BCL2 

mutations and structural variants of predominantly GCB DLBCL (C3), SGK1 and HISTH1 

mutations and mostly GCB DLBCL (C4) and high level gains on Chr. 18q and Chr. 3q and 

mutations of MYD88, PIM1 and CD79B of mostly ABC DLBCL (C5) [42].  

Genes showing mutations and/or copy number aberrations in the respective subtypes were taken 

from the original publications, collected into subtype-related gene sets and analyzed by mean 

of their GSZ-profile and gene maps (Figure S 10). In addition, we counted lymphomas of our 

study as ‘present’ in each of the classes (GSZ exceeding one standard deviation above the 

mean), and then provided the composition of all present cases in terms of pie diagrams of the 

PAT types and hallmark types (Figure S 10).  

We find that the expression profiles of the aberrant genes of the classes C2 and, to a less degree, 

N1 show a BL-resembling characteristics with largest amounts of PAT types ‘A and D’ (red) 

and ‘F’ (blue), and HTs ‘proliferative’ (red) and ‘balanced proliferative’ (rose). The C5 cluster 

group contains highest amounts of ‘balanced proliferative’ HT and of E-type PATs which 

confirms its predominant ABC DLBCL characteristics established in [41]. The MCD group and 

clusters C1 and C4 show largest expression for ‘F‘, ‘G’ and ‘I’-type PATs and ‘contain large 

amounts inflammatory HTs thus reflecting GCB DLBCL and partly FL resemblance. FL 

resemblance further increases for groups BN2, EZB and cluster 3 which show largest amounts 

of the balanced inflammatory HT. Notably, nearly all genetic classes (except N1 and C3) 

accumulate aberrant genes (among them BCL2, BCL6, CD79A) in and around spot K assigned 

to B-cell functions which reflects their impact for lymphoma biology (see also Figure 3).  

Taken together, genetic classes cover the expression spectrum of HTs ranging from 

proliferative, balanced proliferative, inflammatory, balanced inflammatory and weakly 

carcinogenic HTs referring to lymphoma with BL-like, ABC- and GCB-DLBCL and FL-like 

resemblance, respectively. In other words, genetic characteristics associate with transcriptome 

strata and support the wide and continuous spectrum of DLBC expression phenotypes described 

here. 
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Figure S 10: Profiling of genetic groups provided by Schmitz et al. [41] and Chapuy et al. [42]. The gene sets were 

characterized by means of GSZ-profiles, gene maps showing the location of the set genes in the map, and 

percentages of PAT types and hallmark types.  
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Pathway signal flow analyses 

The activity of selected KEGG-pathways was estimated using the pathway signal flow (PSF) 

method which takes into account the expression level of the genes which form the nodes in the 

pathway graph, and their mutual interactions [43]. The genes of both, the B-cell receptor (BCR) 

and of the NF-kappa-B pathways accumulate in and near spot K, which relates to B-cell 

function, but also in/near the spots F and I (NF-kappa-B-pathway) upregulated in DLBCL and 

FL, respectively (see gene maps in Figure S 11). Part of the pathway genes, however, are found 

also in regions of other spots reflecting different types of subtype-specific interactions 

(activating and inhibiting) between them. The barplot of the mean maximum pathways signal 

flow (PSF) value per PAT provides an overview of the pathway activities. The NF-kappa-B 

pathway is on higher activity level in DLBCL and FL related PATs and in healthy B-cells in 

contrast to BL-related PATs. The coloring of the genes in the pathways according to their PSF-

value (red and blue stand for high and low, respectively) indicates PAT-specific activation 

patterns.  

Especially the MAPK-, NF-kappa-B- and PIK3-AKT-branches of the BCR-pathway become 

activated in part of the DLBCL and FL compared with BL and MM (H-type PAT) because of 

activation of the CD79A/B and CD19 receptors. Inspection of the PSF-patterns of the NF-

kappa-B pathway indicates activation of the toll-like-receptor (TLR) branch with MYD88 in 

DLBCL and FL compared with BL and MM. These data support the notion of ‘chronic active’ 

BCR in part of DLBCL cases due to mutation of genes in these pathways such as MYD88 and 

CD79A/B (gain of function) and LYN (loss of function) [44] (these genes are indicated in 

Figure S 11). 
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Figure S 11: Pathway signal flow (PSF) analysis of the B-cell receptor signaling pathway (BCR) (part a) and of 

the NF-Kappa-B- pathway (part b). The figure shows the pathway graph, the map of the pathway genes, the mean, 

group-averaged maximum activity of a node as boxplot in the part above. In the part below the nodes are colored 

according to their PSF-activity in selected PATs.  
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Mapping of GWAS gene loci associated with lymphoma susceptibility  

We mapped selected gene loci susceptible for lymphoma into our SOM. These genes were 

identified recently by genome-wide association studies (GWAS) [45, 46]. These hereditary risk 

genes for FL and/or DLBCL accumulate near the spots K and E, and thus in similar regions as 

the somatic mutations associated with these lymphoma types discussed in the main article. 

These genetic defects in final consequence disturb the same or at least similar expression 

modules.  

 

 
Figure S 12: Mapping of hereditable gene loci susceptible for lymphoma [45, 46]. 

 

 

Cancer hallmark types 

We defined eight hallmark signatures using GO- and literature-gene sets (Table S 3). Figure S 

13 shows their GSZ profiles in terms of subtype-related boxplots. Basically, the profiles reveal 

largest differential activation for the hallmarks ‘inflammation’ in DLBCL and ‘proliferation’ in 

BL, respectively (p-values < 10−16 compared to healthy B-cells using the Wilcoxon rank-sum 

test). These results agree with well-known differences between BL and DLBCL physiology: 

while BLs are fast growing (hallmark ‘proliferation’) and genomically relatively stable due to 

their activated DNA repair mechanisms (hallmark ‘controlling genomic instability’), DLBCL 

were characterized by enhanced perfusion (hallmarks ‘inflammation’ and ‘angiogenesis’). The 

hallmark activation patterns were visualized as polar diagrams where each polar coordinate 

scales with the GSZ-score of one hallmark signature (Figure S 13b). The shape of these 
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diagrams intuitively reflects the basal character of each subtype and of each PAT in terms of 

cancer hallmark activities. The subtypes roughly divide into more ‘inflammatory’ (DLBCL and 

partly FL), and more ‘proliferative’ (BL) entities in terms of the hallmark characteristics. The 

large amplitude of the hallmark ‘proliferation’ in the latter tumor type is accompanied by large 

amplitudes of the hallmarks ‘controlling genomic instability’ and ‘metastasis and invasion’, 

whereas the inflammatory subtype also shows large amplitudes of the hallmark ‘angiogenesis’.  

Next, we analyzed the distribution of hallmark activity across the map by calculating the 

enrichment of hallmark set member genes in the spot modules. Figure S 13c annotates enriched 

hallmarks to different spot areas of the lymphoma expression landscape. As expected, hallmarks 

activated in BL enrich in the BL-related spot A, B and C while DLBCL and FL related 

hallmarks enrich in the areas of spots F, G and I. The distribution of subtype composition of the 

HTs is in correspondence with their spot expression patterns and the subtype distribution as 

discussed above (Figure S 13d). 

 

 
 
Figure S 13: Cancer hallmark characteristics of lymphomas: (a) Class specific boxplots of the GSZ-enrichment 

score of the cancer hallmarks meta-gene sets. Reference activity of healthy B-cells are highlighted with a horizontal 

line (b & d) Mean hallmark diagrams of the lymphoma subtypes: The polar coordinates are scaled in units of the 

GSZ-score of the different hallmark-sets as indicated in the legend. The icons are taken from ref. [47] (c) The 

hallmark association map relates spot modules to the cancer hallmark sets. Over-represented hallmarks are given 

in the figure beside the spots (p-value < 0.05 in Fisher’s exact test). (d) The subtype composition of the HTs reveals 

that the proliferative HT mainly contains BL, while the other HTs contain a wider distribution of subtypes in an 

HT-specific way. 



25 

 

We generated hallmark diagrams for each of the PATs (Figure S 14). One can distinguish five 

distinct hallmark-types: (i) The proliferative hallmark type with activated hallmarks 

proliferation, controlling genetic instability, invasion, and metastasis and, partly, regenerative 

immortality; (ii) The balanced-proliferative hallmark type with a moderate activation of the 

hallmarks proliferation and inflammation; (iii) The inflammatory type with activated hallmarks 

inflammation, and to a less degree proliferation and metastasis; (iv) The balanced-inflammatory 

type which partly resembles the inflammatory type however with further reduced activity of 

‘proliferation’ and ‘controlling genetic instability’; and (v) the weak hallmark type with 

generally low overall hallmark activities. 

 

 
Figure S 14: Cancer hallmark characteristics of the PATs: Polar diagrams visualize activation of cancer hallmarks 

(see legend) for each of the PATs. They are divided into five groups of similar cancer hallmark activation, where 

each is characterized by the mean expression portrait of the corresponding samples. 
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Prognostic maps of the subtypes 

In the main article, we provided a prognostic HR-map which considers all lymphoma cases of 

the MMML-data set (also shown in Figure S 15a for direct comparison). In addition, we 

calculated the subtype-specific prognostic ‘hazard ratio’ maps using the same algorithm as 

described in the materials and methods section. Therefore we stratified the data according to 

the lymphoma subtypes BL, intermediate lymphoma, DLBCL, and FL or DLBCL/FL in order 

to extract subtype specifics of the HR-map (Figure S 15b - e).  

On the one hand side, we find differences between these subtype-specific maps, showing, for 

example, that DLBCLs expressing module H (hallmark of ABC-DLBCL) or module B (feature 

of BL-resembling DLBCLs) associate with poor prognosis, while DLBCLs expressing modules 

F and G (feature of GCB-DLBCLs and FL-transformed DLBCLs) associate with better 

prognosis. A similar pattern is observed for intermediate lymphomas where, however, the HR 

range (7.1 to 0.15) is much larger than for DLBCL (2.2 – 0.4). The HR-map of FL and 

FL/DLBCL indicates that the prognosis of these subtypes obviously worsens upon expression 

of proliferative spot D, while BLs with poor prognosis express genes located in and around the 

B-cell related spot L.  

On the other hand, the different subtype specific HR-maps all reflect a common underlying 

pattern of genes which associate with better and worse prognosis as subsumed in the overall 

HR-map. Particularly, plasma cell (spot H), proliferative (spot D), BL-resembling (spots C and 

B) and certain B-cell (spot L) properties associate with higher HRs, while inflammatory (spot 

F), stromal (spot G) and FL-resembling (spot I) characteristics associate with lower HRs in 

most of the subtypes. These findings suggest that different molecular phenotypes associate with 

similar prognostic trends partly independent of the respective subtype. 
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Figure S 15: Prognostic maps were calculated considering all lymphomas (part a) or only selected subtypes as 

indicated in the figure (b – e). The maps show a common trend, namely the better prognosis for tumors with 

activated inflammatory and stromal DLBCL-like characteristic (blue regions in the upper part of the map), and 

worse prognosis for tumors with activated proliferative and BL-like characteristics (red regions in the lower part 

of the map). The letters in the maps indicate the spot regions. Note that the individual color scale used in each of 

the maps refers to the corresponding HR range. 
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Phylogenetic trees with sample, subtype and PAT resolution 

We apply the neighbor-joining algorithm to visualize similarity relations between the samples 

in terms of a phylogenetic cluster tree. We performed phylogenetic clustering on three levels, 

namely on the individual samples, on the lymphoma subtypes and classes of reference samples, 

and on the PATs (see Figure S 16a, b, and c, respectively). The finest resolution on sample level 

provides a bush-like dendrogram where the vast amount of cases, however, hampers its detailed 

evaluation. On the other hand, the subtype level is obviously too rough and over-simplifies the 

similarity relations between data. The intermediate, PAT level provides an optimal resolution 

of the intra-subtype variability (Figure S 16c).  

 
 

 
 

Figure S 16: Phylogenetic cluster trees of (a) all 914 individual cases, (b) the nine subtypes and control groups, 

and (c) the 36 pattern-types. The distances between leaves are scaled proportionally to their mutual dissimilarity 

measured in terms of the Euclidian distances. 
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Zoom-in SOM analysis of lymphoma cell lines and of B-cells 

Lymphoma cell lines and B-cells densely accumulate in relatively narrow regions in the 

similarity network (Figure 1b) what reflects the very similar SOM portraits of both classes 

(Figure S 3). For a more detailed evaluation of the transcriptomic landscapes of lymphoma cell 

lines and B-cells, we trained zoom-in SOMs separately for each of the reference cell systems 

[10]. They make use of the respective subset of samples instead of the whole set of samples 

used for the SOM described in the main article. This ‘zoom-in’ approach reduces the 

transcriptomic state space and thus is expected to provide an increased resolution of the 

expression landscape of lymphoma cell lines (Figure S 17) and of the B-cells (Figure S 18), 

respectively.  

Similarity analysis of the SOM portraits of the lymphoma cell line samples reveals three major 

regions, enriched either by BL-like (including BL-, BCL- and mnBLL-11q cells), by DLBCL-

like (including DLBCL-, PMBL- and DH BL-cells), or by MM-like (including MM- and 

plasma cell myeloma cells), respectively (Figure S 17a). Their mean (‘zoom-in’-) SOM-

portraits show that these three types are characterized by activation of specific spot patterns 

which were visualized in the spot over-expression summary map together with the functional 

context of the spots (Figure S 17b) and selected key genes (Figure S 17c). Note that the spot 

patterns of the zoom-in SOM is different from that of the original full SOM and it, therefore, 

requires separate annotations. As expected, it expresses details of the transcriptome landscape 

with higher resolution (compare with the mean portraits of the cell line types in Figure S 3). 

For example, BL cell lines upregulate the BL tumor signature [22] together with the ID3 gene 

expression as their hallmarks while MM cell lines activate the plasma cell signature [37] 

together with PRDM1. The DLBCL-like cells upregulate a more diverse spot pattern including 

functions related to inflammation (MHC-class II and interferon response) and to epigenetic 

effects (EZH2- and histone-deacetylases (HDAC)-targets). Interestingly, the EZH2 gene 

upregulates in DLBCL-like and BL-like (especially mnBLL-11q) cells as well. In contrast, the 

PIM1 gene links MM-like and DLBCL-like cells, a relation which was also found in lymphoma 

with ABC-characteristics sharing partly features of GCB and plasma cells. PMBL cells express 

an interferon response signature in combination with BCL6 repression and STAT6 activation 

in agreement with [48]. Double hit BL cells show a specific spot enriching genes of pre/post B 

cells. 

The B-cell samples essentially divide into GCB-cells and pre/post GCB-cells with regard to the 

similarity tree (Figure S 18a) and the spot expression patterns (Figure S 18b, c). Pre-GCB-cells 

show a deactivated signature of mature B-cells expressing MYC and BCL2 compared with 

post-GCB cells. GCB-cells upregulate BCL6 and EZH2 and the BL signature [22]. Epstein-

Barr virus infected GCB-cells, in addition, upregulate interferon response genes in agreement 

with [49].  

Notably, the respective similarity sub-trees derived from the complete data show a very similar 

structure to the trees derived from the zoom-in analyses (Figure S 17d and Figure S 18d). This 

agreement reflects the fact, that the original SOM already resolves essential details of the 

transcriptional landscapes of the lymphoma cell lines and of the B-cell samples. Their spot 

patterns are partly masked in the corresponding expression portraits because of the red cross-

fading effect discussed above. To better resolve the fine structure of the transcriptomic 

landscape, we generated class-related difference portraits by subtracting the mean portrait of 

lymphoma cell lines or B-cells, respectively, from the portraits of the different cell types. In 

consequence, this step removes the cross-fading effect (see the SOM portraits in Figure S 17d 

and Figure S 18d). Importantly, the class-related difference SOM portraits obtained can be 

directly compared and interpreted in terms of the spot patterns annotated in the original ‘full’ 

map. We find clear differences, e.g., between BL and DLBCL cell lines over-expressing either 

spot A or F, respectively, corresponding to the expression patterns observed in the BL and 
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DLBCL tumor samples (Figure S 17d). The portraits of the MM- and plasma cell myeloma cell 

lines show strong expression of spots K and H reflecting their cell of origin. In conclusion, the 

SOM map of the complete data set clearly resolves details of the expression landscapes after 

appropriate adjustment. The same result is obtained for the B-cell samples (Figure S 18d). The 

GC-B-cells over-express the proliferative spot D, contrary to the pre- & post-GC-B-cells. Note 

also that EBV-infected cells express the inflammatory spot F harboring a series of interferon 

response markers.  

In summary, the zoom-in analyses reveal specific details of the transcriptomes of lymphoma 

cell line and B-cell specimen with high resolution. A similar resolution is however already 

obtained from the SOM of the complete data set after appropriate adjustment. 
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Figure S 17: Zoom-in SOM analysis of lymphoma cell lines: (a) The similarity tree divides into three major areas 

which contain mainly BL, DLBCL, and MM cell lines, respectively (from top to bottom). Mean portraits of the 

cell line types were shown near the respective leaves. Each cell line type is indicated by differently colored areas 

at the end of the respective branches. (b) The over-expression spot map of the zoom-in SOM divides into three 

areas referring to spots upregulated in DLBCL- BL- and MM- cell lines, respectively. The functional context of 

the spots was estimated by means of gene set enrichment analysis. (c) The gene map shows the location of selected 

key genes in the zoom-in SOM (see also Figure 3a). (d) The similarity tree of the cell line samples based on the 

original ‘full’ data SOM analysis as presented in the main article closely resembles the similarity of the zoom-in 

SOM (compare with part a). This reflects the fact that both metagene-expression landscapes are nearly identical 

regarding the cell line samples. This result is further illustrated by mean portraits of the different cell line types 

referring to the original SOM. To correct for the red cross-fading effect we generated class-related difference 

portraits by subtracting the mean portrait averaged over all cell line samples from each of the individual portraits. 

These class-related differences show up- and down-regulated spots more clearly (compare with the respective 

portraits in Figure S 3), and their patterns can be interpreted using their functional annotations as described in the 

main article.  
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Figure S 18: Zoom-in SOM analysis of sorted B-cells: (a) The similarity tree divides into two major sample groups 

which contain mainly GCB and pre/post-GCB cells, respectively. Mean portraits of the B-cell types were shown 

near the respective leaves. Each B-cell type is illustrated by differently colored areas at the end of the respective 

branches. (b) The over-expression spot map of the zoom-in SOM divides into two areas referring to spots 

upregulated in GCB- and pre/post GCB cells, respectively. The functional context of the spots was estimated by 

means of gene set enrichment analysis. (c) The gene map shows the location of selected key genes in the zoom-in 

SOM (see also Figure 3a and Figure S 17). (d) Similarity tree of the B-cell samples based on the original ‘full’ 

data SOM analysis. The class-related difference portraits better resolve the spot patterns after subtracting the mean 

portrait averaged over all B-cell portraits, virtually removing the cross-fading effect in the original portraits shown 

in Figure S 3. 
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Zoom-in SOM analysis of Burkitt’s Lymphomas 

A ‘zoom-in’ SOM analysis of BL was performed taking into account only the transcriptomic 

data of tumors of this subtype. The resulting similarity tree splits into three major parts differing 

in the expression landscapes of the respective BL-tumors included (Figure S 19a). The first 

group of tumors can be assigned to cases showing high expression of the BL expression 

signature and of proliferative markers (Figure S 19b and c). The second group of BL tumors 

reveals a relatively high activity of inflammatory signatures and reduced expression of the BL 

signature. The third group upregulates target genes of the polycomb repressive complex 2 

(PRC2) usually activated in weakly differentiated cells, and genes also upregulated in healthy 

pre-/post-GCB B-cells. For comparison with the spots identified in the original ‘full’ SOM, we 

mapped the respective spot-genes into the zoom-in SOM (Figure S 19d). Most of these genes 

accumulate in the spot-regions of the zoom-in SOM. Based on this local accumulation we 

established a virtually one-to-one correspondence between most of the spots in the two different 

maps as indicated by the letters in Figure S 19b referring to the modules A - M in the full SOM. 

The spot module expression profiles differ systematically between the three BL groups 

identified (Figure S 19d). A similarity tree of the SOM portraits of the BL tumors taken from 

the original SOM shows a very similar structure as the tree of the zoom-in SOM (Figure S 19f). 

This agreement indicates that the full SOM expresses details of the respective transcriptomic 

landscapes of the BLs already with sufficient resolution, as also shown above for cell line and 

B-cell samples. Detailed inspection of the spot module profiles of the full SOM supports this 

conclusion (Figure S 5). For example, the profiles of the proliferative spot D and of the 

inflammatory spot F reveal a gradient within the BLs, which is simply amplified in the zoom-

in SOM. These profiles also show that the expression level of the inflammatory spot F in BLs 

is markedly smaller than in DLBCL and FL. Hence, the annotation of the ‘inflammatory’ BL 

group means that it includes tumors with activated inflammatory characteristics (e.g. of HLA 

type I and II genes, Figure S 19e) on a relative scale, but still on markedly lower levels 

compared to DLBCL (Figure S 5).  

Summarizing, we find that detailed analysis of the relatively homogeneous molecular entity of 

BL can be split into subgroups with distinct expression characteristics regarding proliferative, 

inflammatory and developmental B-cell programs in agreement with a previous gene 

expression study of BL [50]. It reported subgroup differences regarding cell cycle control, B-

cell and TNF-kappaB signaling. We also found that the resolution of the full SOM is sufficiently 

high for detailed subtype-specific analyses.  
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Figure S 19: Zoom-in SOM analysis of BL cases: (a) The similarity tree reveals three major subgroups of BL 

which are characterized as ‘proliferative’, ‘inflammatory’ and ‘PRC2-repressed’ according to their expression 

patterns. (b) The over-expression summary map roughly divides into three major spot groups which upregulate in 

the respective BL-groups. The capital letters indicate spot module correspondence with the modules annotated in 

the full SOM. (c) The molecular BL signature [22] upregulates in the proliferative BL-group while it 

downregulates in the two other groups. (d) Module genes identified in the full SOM were mapped into the zoom-

in map to visualize their distribution (dots mark metagenes which contain at minimum one spot gene). Most of the 

module genes accumulate in areas of the map which are identified also as spots in the zoom-in map. The spot 

profiles reveal BL-group specific up- and down-regulation. Not all spots are shown. (e) Mapping of selected genes 

into the zoom-in SOM. (f) The similarity tree of the SOM portraits of the full SOM closely resembles that of the 

zoom-in SOM. This agreement indicates that the full SOM ensures sufficient resolution to study details of the BL 

transcriptomes. 
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4 Tables 

Stratification of the MMML cohort 

Table S 1: Stratification of the MMML-cohort 

913 specimen Description 

 32 cancer cell lines, see [21, 51] for details Samples of different cancer cell lines used as references 

  11 BL cell line samples Burkitt's lymphoma cell lines: 

   
BL-41, BLUE-1, CA-46, DG-75, Daudi, Gumbus, Ramos, Namalwa 

(2x), Raji (2x) 

  8   DLBCL cell line samples Diffuse large B-cell lymphoma cell lines: 

   DoHH2, Ly3, Ly10, Su-DHL-4, Su-DHL-6 (2x), Karpas-422 (2x) 

  5   MM cell lines Multiple myeloma cell lines: 

   LP-1, OPM2, RPMI8226, U266, L363 

  2   PMBL cell lines Primary mediastinal B-cell lymphoma cell lines 

   Karpas1106, MedB1 

  2   DH-BL cell lines Double-hit BL cell lines: 

   DoGKit, DoGum 

  2   mnBLL-11q cell lines Burkitt‐like cell line with 11q aberration  

   Su-DHL-5, HT 

  1   T-ALL cell line T-cell acute lymphoblastic leukemia cell line: JM1 

  1   BCL cell line B-cell non-Hodgkin lymphoma cell line: MC-116 

   

 40 Reference tissues  

  30 B-cell specimen Healthy B-cell and Epstein-Barr-Virus (EBV) B-cell specimen 

   10 Germinal center (GC) B-cells  

   8   Post GC B-cells  

   7   Pre GC B-cells  

   3   EBV positive GC B-cells   

   1   Naive B-cells  

   1   Memory B-cells  

    

  10 Tonsils Healthy reference specimen 

   

 841 Lymphoma specimen Tumor specimen collected within the MMML-consortium classified 

according to histopathological panel review 

  430 DLBCL Diffuse large B-cell lymphoma 

   245 centroblastic Histopathological classification according to [24, 25] 

   29   immunoblastic  

   12   plasmoblastic  

   11   anaplastic  

   133 unclassified  

    

  145 FL Follicular lymphoma without DLBCL or FL3b component 

   69 grade 1 Histopathological classification 

   35 grade 2  

   32 grade 3a  

   9   unclassified  

    

  81   intermediate lymphoma Hummel classification ‘intermediate’ or ‘mBL’, but no prototypical 

Burkitt’s lymphoma and no double hit 

   11 BL-like IG-MYC positive and Burkitt morphology, or IG-MYC positive and 

age<40 years and BL-Score > 0.5 

   70 other all other intermediate cases 
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  74   prototypical BL Classified as molecular Burkitt’s lymphoma (mBL) and IG-MYC 

positive and no t(14;18) and no BCL6-break 

  48   FL/DLBCL FL grade 3b, or DLBCL and FL components; no double hit 

  23   PMBL Primary mediastinal B-cell lymphoma; no double hit 

  20   Multiple myeloma Plasmacytoma or multiple myeloma 

  10   IRF4-break positive lymphoma Interferon regulatory factor 4 -break positive, see [52] 

  6     mnBLL-11q   Burkitt‐like lymphoma with 11q aberration, see [53] 

  4     MCL Mantle cell lymphoma 

   

 Alternative molecular classification according to 

Hummel et al. [22] 

 

  602 non-mBL non-molecular Burkitt’s lymphoma with low BL-Score 

  156 intermediate intermediate BL-Score 

  83   mBL molecular Burkitt’s lymphoma with high BL-Score 

   

 Alternative molecular classification according to 

Rosolowski et al. [54] 

 

  189 HiGA-Sir High gene activity with stromal and immune response cluster 

  106 HiGA-Pro High gene activity with proliferative phenotype cluster 

  69   LowGA Low gene activity cluster 

  477 unclassified  

   

 Alternative molecular classification according to 

Bentink et al. [55] 

 

  78   BL-PAP Burkitt-like expression pattern 

  345 PAP-1 DLBCL-like expression patterns 1 – 4 

  63   PAP-2  

  71   PAP-3     

  81   PAP-4  

  203 mind-L Molecularly individual lymphomas 

   

 Alternative molecular classification according to 

Wright et al. [30] 

 

  506 GCB Cell of origin: germinal center B-cell 

  166 ABC Cell of origin: activated B-cell 

  169 unclassified  

   

 Alternative genomic classification according to 

IG-MYC translocation 

 

 
 134 IG-MYC translocation positive Aberration detected by fluorescence in situ hybridization 

  35   non-IG-MYC translocation positive  

  672 MYC translocation negative  

   

 Alternative genomic classification according to 

IG-BCL2 translocation 

 

 
 204 IG-BCL translocation positive Aberration detected fluorescence in situ hybridization 

  637 IG-BCL translocation negative  

   

 Alternative genomic classification according to 

BCL6 break 

 

 
 179 BCL6 break positive Aberration detected fluorescence in situ hybridization 

  662 BCL6 break negative  

   

 Alternative genomic classification according to 

IGH break 

 

  448 IGH break positive Aberration detected fluorescence in situ hybridization 

  393 IGH break negative  
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 Alternative genomic classification of single-hit 

lymphomas 

 

 
 170 IG-BCL2 positive Aberration detected fluorescence in situ hybridization 

  117 IG-MYC positive  

  18   non-IG-MYC positive  

  536 negative  

   

 Alternative genomic classification of double-hit 

lymphomas 

 

 
 17 IG-BCL2 & IG-MYC positive Aberration detected fluorescence in situ hybridization 

  17 IG-BCL2 & non-IG-MYC positive  

  807 negative  
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Phenotypic and molecular characterization of the lymphoma subtypes 

Table S 2: Phenotypic and molecular characterization of the lymphoma subtypes. Enriched characteristics are 

highlighted using bold typeset (p-value <0.001 in Fisher’s exact test). 

 

Characteristic a Total Lymhoma subtype  

   BL Intermed. DLBCL FL/DLBCL FL other 

Total 
number of 

cases 
842 74 (8 %) 81 (10 %) 430 (51 %) 48 (6 %) 145 (17 %) 63 (8%) 

Age ≤18 y 86 (9% ) 43 (58% ) 13 (16% ) 18 (4% ) 1 (2% ) 1 (1% ) 10 (16% ) 
 19-59 y 359 (39% ) 26 (35% ) 28 (35% ) 160 (37% ) 24 (50% ) 94 (65% ) 27 (43% ) 
 ≥ 60 y 370 (40% ) 5 (7% ) 37 (46% ) 242 (56% ) 23 (48% ) 46 (32% ) 16 (25% ) 

Gender Male 439 (48% ) 54 (73% ) 43 (53% ) 223 (52% ) 25 (52% ) 67 (46% ) 27 (43% ) 
 Female 388 (42% ) 20 (27% ) 37 (46% ) 205 (48% ) 23 (48% ) 75 (52% ) 27 (43% ) 

Ann Arbor  I or II 229 (25% ) 22 (30% ) 27 (33% ) 118 (27% ) 14 (29% ) 32 (22% ) 16 (25% ) 

stage III or IV 283 (31% ) 17 (23% ) 20 (25% ) 152 (35% ) 14 (29% ) 70 (48% ) 9 (14% ) 

Molecular mBL 83 (9% ) 74 (100% ) 2 (2% ) 3 (1% ) 1 (2% ) 0 (0% ) 3 (5% ) 

classification Intermediate 156 (17% ) 0 (0% ) 79 (98% ) 29 (7% ) 12 (25% ) 25 (17% ) 11 (17% ) 

Hummel et al. non-mBL 603 (66% ) 0 (0% ) 0 (0% ) 398 (93% ) 35 (73% ) 120 (83% ) 49 (78% ) 

GCB-ABC 

classification 

Activated B-

cells 166 (18% ) 0 (0% ) 11 (14% ) 138 (32% ) 7 (15% ) 5 (3% ) 5 (8% ) 

Wright et al. 
Germinal 

center B-cells 507 (55% ) 69 (93% ) 59 (73% ) 188 (44% ) 32 (67% ) 120 (83% ) 38 (60% ) 

MYC  IG-MYC 134 (15% ) 71 (96% ) 26 (32% ) 32 (7% ) 2 (4% ) 3 (2% ) 0 (0% ) 

translocation non-IG-MYC 35 (4% ) 0 (0% ) 4 (5% ) 24 (6% ) 1 (2% ) 4 (3% ) 2 (3% ) 
 Negative 639 (70% ) 0 (0% ) 50 (62% ) 360 (84% ) 40 (83% ) 137 (94% ) 51 (81% ) 

BCL6 BREAK Positive 179 (20% ) 0 (0% ) 3 (4% ) 130 (30% ) 11 (23% ) 26 (18% ) 9 (14% ) 
 Negative 623 (68% ) 70 (95% ) 76 (94% ) 283 (66% ) 32 (67% ) 117 (81% ) 44 (70% ) 

IGH BREAK Positive 446 (49% ) 66 (89% ) 40 (49% ) 172 (40% ) 20 (42% ) 121 (83% ) 27 (43% ) 
 Negative 337 (37% ) 5 (7% ) 37 (46% ) 229 (53% ) 21 (44% ) 19 (13% ) 25 (40% ) 

t(14;18) Positive 202 (22% ) 0 (0% ) 10 (12% ) 64 (15% ) 13 (27% ) 114 (79% ) 1 (2% ) 
 Negative 605 (66% ) 71 (96% ) 70 (86% ) 352 (82% ) 30 (62% ) 29 (20% ) 52 (83% ) 

CD10  Low b 373 (41% ) 4 (5% ) 24 (30% ) 284 (66% ) 12 (25% ) 14 (10% ) 35 (56% ) 

expression High 416 (46% ) 67 (91% ) 54 (67% ) 127 (30% ) 31 (65% ) 122 (84% ) 14 (22% ) 

BCL2  Low 188 (21% ) 57 (77% ) 25 (31% ) 80 (19% ) 6 (12% ) 8 (6% ) 12 (19% ) 

expression high 607 (66% ) 13 (18% ) 53 (65% ) 331 (77% ) 41 (85% ) 131 (90% ) 37 (59% ) 

BCL6  Low 104 (11% ) 1 (1% ) 12 (15% ) 72 (17% ) 5 (10% ) 2 (1% ) 12 (19% ) 

expression high 573 (63% ) 67 (91% ) 59 (73% ) 281 (65% ) 32 (67% ) 101 (70% ) 32 (51% ) 

MUM1  Low 284 (31% ) 39 (53% ) 35 (43% ) 117 (27% ) 21 (44% ) 60 (41% ) 11 (17% ) 

expression high 359 (39% ) 24 (32% ) 33 (41% ) 237 (55% ) 15 (31% ) 18 (12% ) 32 (51% ) 

HLADR  Low 124 (14% ) 19 (26% ) 9 (11% ) 74 (17% ) 3 (6% ) 6 (4% ) 13 (21% ) 
expression high 487 (53% ) 43 (58% ) 56 (69% ) 251 (58% ) 30 (62% ) 78 (54% ) 28 (44% ) 

KI67  Low 557 (61% ) 5 (7% ) 44 (54% ) 299 (70% ) 42 (88% ) 127 (88% ) 39 (62% ) 
expression high 242 (26% ) 66 (89% ) 36 (44% ) 117 (27% ) 5 (10% ) 6 (4% ) 12 (19% ) 

 

a Parameters are not available for all cases. Data are taken from ref [56].  
b Thresholds for classification of IHC markers in high and low groups are described in ref. [56]. 
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Meta gene sets characterizing hallmarks of cancer 

Cancer hallmarks provide a reductionist view on processes involved in tumor genesis and 

progression [47]. We generate meta-genesets from different GO- and literature-sets according 

to functions and processes related to the respective cancer hallmark. These so-called hallmark 

sets are used in enrichment analyses analogous to the ‘single’ gene sets. Table S 3 summarizes 

the hallmark sets in terms of number of genes and the individual gene sets included. Please note 

that there are no meta-genesets defined for the hallmarks ‘evading growth suppression’ and 

‘evading immune detection’ due to the lack of specific processes attributed to those capabilities. 

 
Table S 3: Cancer hallmark gene sets are assembled from diverse predefined GO and literature gene sets. Number 

of genes and individual member gene sets are given for the eight hallmark sets. 

 

 
a Number of Ensembl gene ids / Affymetrix gene ids in the hallmark set 

  

Hallmark Number of Genes a Contained Gene Sets 

Angiogenesis 141 / 258 GO: blood vessel development 

GO: positive regulation of angiogenesis 

GO: sprouting angiogenesis 

Controlling Genomic 

Instability 

358 / 575 GO: DNA repair 

GO: response to DNA damage stimulus 

GO: response to ionizing radiation  

GO: response to UV 

Glucose Energetics 49 / 78 GO: glycolytic process 

GO: positive regulation of  glycolytic process 

Inflammation 279 / 416 GO: inflammatory response 

GO: positive regulation of inflammatory response 

Invasion and 

Metastasis 

165 / 336 GO: cell motility 

GO: negative regulation of cell adhesion 

GO: negative regulation of cell-cell adhesion 

GO : negative regulation of cell-matrix adhesion 

Alonso et al.: metastasis UP [57] 

Alonso et al.: metastasis EMT UP [57] 

Bidus et al.: metastasis UP [58] 

Cromer et al.: metastasis UP [59] 

Jaeger et al.: metastasis UP [60] 

O’Donnell et al.: metastasis UP [61] 

Ramaswamy: metastasis UP [62] 

Vicent et al.: metastasis UP [63] 

Proliferation 685 / 1129 GO: cell cycle 

GO: DNA replication 

GO: positive regulation of cell growth 

GO: positive regulation of cell proliferation 

Replicative 

Immortality 

102 / 154 GO: chromosome, telomeric region 

GO: telomere maintenance 

Reactome: extension of telomeres [64] 

Dairkee et al.: TERT targets UP [65] 

Kang et al.: immortalized by TERT UP [66] 

Resisting Death 435 / 752 GO: negative regulation of apoptotic process 

GO: negative regulation of autophagy 
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Survival curve comparisons 

Table S 4: Hazard ratios and p-values derived from Cox models for all pairwise comparisons of the survival curves 

given in the main article. Models were additionally adjusted by inclusion of co-factors ‘chemotherapy’ (yes/no) 

and ‘Rituximab’ (yes/no). Cases without information about therapy were removed from the multivariate model. 

Pairs of strata which are significant with p-value < 0.01 after adjustment for therapy are marked with an asterisk 

and bold style.  

 
Hallmark types  

Weakly 
carcinogenic 

Proliferative Balanced 
proliferative 

Inflammatory Balanced 
inflammatory 

Weakly 
carcinogenic 

 
0.9 ( 0.65 )  0.5 ( < 0.01 )  0.96 ( 0.85 )  1.47 ( 0.16 )  

Proliferative 1.11 ( 0.65 )  
 

0.58 ( 0.01 ) 1.1 ( 0.61 )  1.6 ( 0.07 ) 

Balanced 
proliferative 

1.98 ( < 0.01 )   1.72 (  0.01 ) 
 

1.96 ( < 0.01 ) 2.82 (< 0.01 ) * 

Inflammatory 1.04 ( 0.85 )  0.91 ( 0.61 )  0.51 ( < 0.01 ) 
 

1.47 ( 0.10 )  

Balanced 
inflammatory 

0.68 ( 0.16 )  0.62 ( 0.07 )  0.36 ( < 0.01 ) * 0.68 ( 0.10 )   

 

 
Subtypes  

BL intermediate DLBCL FL/DLBCL FL other 

BL 
 

0.76  
( 0.30 )  

0.63  
( 0.02 ) 

1.43  
( 0.30 )  

1.2  
( 0.46 )  

1.74  
( 0.11 )  

intermediate 1.31  
( 0.30 )  

 0.85  
( 0.38 ) 

2.11  
( 0.03 )  

1.74  
( 0.02 ) 

2.28  
( 0.02 ) 

DLBCL 1.6  
( 0.02 ) 

1.18  
( 0.38 ) 

 
2.38  
( < 0.01 ) 

2.19  
( < 0.01 ) * 

2.87  
( < 0.01 ) * 

FL/DLBCL 0.7  
( 0.30 )  

0.47  
( 0.03 )  

0.42  
( < 0.01 )  

 
1.01  
( 0.97 )  

1.29  
( 0.54 )  

FL 0.83  
( 0.46 )  

0.57  
( 0.02 )  

0.46 
( < 0.01 ) * 

0.99  
( 0.97 )  

 
1.55  
( 0.19 )  

other 0.57  
( 0.11 )  

0.44  
( 0.02 )  

0.35  
( < 0.01 ) * 

0.77  
( 0.54 )  

0.65  
( 0.19 )  

 

 

 
DLBCL ABC vs. GCB                BL in children vs. adults 

 ABC GCB   Child Adult 

ABC  2.2 (< 0.01 ) *  Child  0.4 ( 0.02 )  

GCB 0.45 (< 0.01 ) *   Adult 2.52 ( 0.02 )  
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PAT types  
AD E F G FIJ I L H IJ 

AD 
 

0.55  
( 0.03 ) 

0.74  
( 0.22 )  

1.38  
( 0.23 )  

1.35  
( 0.31 )  

1.86  
( 0.03 ) 

1.04  
( 0.91 )  

0.51 
( 0.15 )  

1.13  
( 0.71 )  

E 1.81  
( 0.03 ) 

 
1.3  
( 0.23 ) 

2.41 
(<0.01 ) 

2.39  
(<0.01 ) 

3.42  
(<0.01 ) * 

1.86  
( 0.04 )  

0.87  
( 0.75 )  

2.04  
( 0.02 )  

F 1.35  
( 0.22 )  

0.77  
( 0.23 ) 

 
1.89  
(<0.01 ) * 

1.98  
(<0.01 )  

2.8  
(<0.01 ) * 

1.48  
( 0.17 )  

0.74  
( 0.49 )  

1.56  
( 0.12 )  

G 0.73  
( 0.23 )  

0.41  
(<0.01 ) 

0.53  
(<0.01 ) * 

 
1  
( 0.99 )  

1.39  
( 0.20 )  

0.79  
( 0.45 )  

0.35 
( 0.02 )  

0.84  
( 0.57 )  

FIJ 0.74  
( 0.31 )  

0.42  
(<0.01 ) 

0.51  
(<0.01 ) 

1  
( 0.99 )  

 
1.57  
( 0.12 )  

0.81  
( 0.52 )  

0.35  
( 0.02 )  

0.85  
( 0.61 )  

I 0.54  
( 0.03 )   

0.29  
(<0.01 ) * 

0.36  
(<0.01 ) * 

0.72  
( 0.20 )  

0.64  
( 0.12 )  

 
0.56  
( 0.07 )  

0.18  
(<0.01 ) 

0.6  
( 0.11 )  

L 0.96  
( 0.91 )  

0.54  
( 0.04 )  

0.68  
( 0.17 )  

1.26  
( 0.45 )  

1.24  
( 0.52 )  

1.79  
( 0.07 )  

 
0.48  
( 0.13 )  

1.06  
( 0.88 )  

H 1.95  
( 0.15 )  

1.15  
( 0.75 )  

1.35  
( 0.49 )  

2.82  
( 0.02 )  

2.84  
( 0.02 )  

5.64  
(<0.01 ) 

2.07  
( 0.13 )  

 
2.78  
( 0.04 )  

IJ 0.89  
( 0.71 )  

0.49  
( 0.02 )  

0.64  
( 0.12 )  

1.19  
( 0.57 )  

1.18  
( 0.61 )  

1.65  
( 0.11 )  

0.95  
( 0.88 )  

0.36  
( 0.04 )  

 

 

 
DLBCL related PATs  

DLBCL 
reference 

DLBCL A DLBCL E DLBCL EF DLBCL F DLBCL FG DLBCL G DLBCL 
none 

DLBCL 
reference 

 
0.46  
( 0.06 )  

0.77  
( 0.22 )  

1.66  
( 0.12 )  

0.74  
( 0.08 )  

2.17  
( 0.02 )  

1.48  
( 0.25 )  

0.72  
( 0.05 )  

DLBCL A 2.18  
( 0.06 ) 

 
1.58  
( 0.32 )  

3.65  
( 0.01 )  

1.66  
( 0.25 )  

4.39  
( < 0.01 )  

3.38  
( 0.03 )  

1.65  
( 0.26 )  

DLBCL E 1.3  
( 0.22 ) 

0.63  
( 0.32 )  

 
2.08  
( 0.05 )  

0.98  
( 0.94 ) 

2.97  
( < 0.01 )  

2  
( 0.08 )  

0.93  
( 0.76 )  

DLBCL EF 0.6  
( 0.12 ) 

0.27  
( 0.01 ) 

0.48  
( 0.05 )  

 
0.45  
( 0.02 )  

1.27  
( 0.60 )  

0.98  
( 0.96 )  

0.44  
( 0.02 )  

DLBCL F 1.35  
( 0.08 ) 

0.6  
( 0.25 )  

1.02  
( 0.94 )  

2.24  
( 0.02 )  

 
2.98  
( < 0.01 ) * 

2.1  
( 0.05 )  

0.98  
( 0.92 )  

DLBCL FG 0.46 
( 0.02 ) 

0.23  
( < 0.01 )  

0.34  
( < 0.01 )  

0.79  
( 0.60 )  

0.34  
( < 0.01 ) * 

 
0.65  
( 0.37 )  

0.3  
( < 0.01 ) 

DLBCL G 0.68  
( 0.25 ) 

0.3  
( 0.03 ) 

0.5  
( 0.08 )  

1.02  
( 0.96 )  

0.48  
( 0.05 )  

1.54  
( 0.37 )  

 
0.43  
( 0.03 )  

DLBCL 
none 

1.4  
( 0.05 ) 

0.6  
( 0.26 )  

1.08  
( 0.76 )  

2.29  
( 0.02 )  

1.02  
( 0.92 )  

3.3  
( < 0.01 ) 

2.31  
( 0.03 )  
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Table S 5: Hazard ratios and p-values derived from adjusted Cox models are given for co-factors ‘groups’ (rows 

labelled with ‘G:’), ‘chemotherapy’ (‘C:’), and ‘Rituximab therapy’ (‘R:’).  

 
Hallmark types  

Weakly 
carcinogenic 

Proliferative Balanced 
proliferative 

Inflammatory Balanced 
inflammatory 

Weakly 
carcinogenic 

 
G: 1.20 ( 0.54 ) 
R: 1.20 ( 0.67 ) 
C: 1.28 ( 0.60 ) 

G: 0.68 ( 0.17 ) 
R: 0.46 ( 0.14 ) 
C: 1.07 ( 0.85 ) 

G: 1.08 ( 0.75 ) 
R: 0.55 ( 0.04 ) 
C: 1.38 ( 0.27 ) 
 

G: 2.26 ( 0.01 ) 
R: 0.51 ( 0.22 ) 
C: 1.89 ( 0.16 ) 

Proliferative G: 0.84 ( 0.54 ) 
R: 1.20 ( 0.67 ) 
C: 1.28 ( 0.60 ) 
 

 
G: 0.67 ( 0.14 ) 
R: 0.80 ( 0.65 ) 
C: 0.33 ( < 0.01 ) 

G: 0.9 ( 0.62 ) 
R: 0.73 ( 0.27 ) 
C: 0.75 ( 0.32 ) 

G: 2.07 ( 0.03 ) 
R: 1.23 ( 0.68 ) 
C: 0.41 ( 0.06 ) 

Balanced 
proliferative 

G: 1.47 ( 0.17 ) 
R: 0.46 ( 0.14 ) 
C: 1.07 ( 0.85 ) 
 

G: 1.48 ( 0.14 ) 
R: 0.80 ( 0.65 ) 
C: 0.33 ( < 0.01 ) 

 
G: 1.62 ( 0.02 ) 
R: 0.50 ( 0.03 ) 
C: 0.74 ( 0.24 ) 

G: 3.1 ( < 0.01 ) 
R: 0.30 ( 0.10 ) 
C: 0.46 ( 0.03 ) 

Inflammatory G: 0.93 ( 0.75 ) 
R: 0.55 ( 0.04 ) 
C: 1.38 ( 0.27 ) 
 

G: 1.11 ( 0.62 ) 
R: 0.73 ( 0.27 ) 
C: 0.75 ( 0.32 ) 

G: 0.62 ( 0.02 ) 
R: 0.50 ( 0.03 ) 
C: 0.74 ( 0.24 ) 

 
G: 1.93 ( 0.02 ) 
R: 0.55 ( 0.06 ) 
C: 0.94 ( 0.82 ) 

Balanced 
inflammatory 

G: 0.44 ( 0.01 ) 
R: 0.51 ( 0.22 ) 
C: 1.89 ( 0.16 ) 

G: 0.48 ( 0.03 ) 
R: 1.23 ( 0.68 ) 
C: 0.41 ( 0.06 ) 

G: 0.32 ( < 0.01 ) 
R: 0.30 ( 0.10 ) 
C: 0.46 ( 0.03 ) 

G: 0.52 ( 0.02 ) 
R: 0.55 ( 0.06 ) 
C: 0.94 ( 0.82 ) 

 

 
Subtypes  

BL intermediate DLBCL FL/DLBCL FL other 

BL 
 

G: 0.77 ( 0.39 ) 
R: --- 1 
C: 0.67 ( 0.43 ) 

G: 0.63 ( 0.05 ) 
R: --- 1 
C: 0.37 (<0.01) 

G: 1.26 ( 0.59 ) 
R: --- 1 
C: 0.84 ( 0.82 ) 

G: 1.09 ( 0.77 ) 
R: --- 1 
C: 0.77 ( 0.44 ) 

G: 2.15 ( 0.10 ) 
R: --- 1 
C: 0.34 ( 0.18 ) 
 

inter- 
mediate 

G: 1.31 (0.39)  
R: --- 1 
C: 0.67 (0.43) 
 

 G: 0.65 ( 0.06 ) 
R: 0.63 ( 0.05 ) 
C: 0.48 (<0.01) 

G: 1.67 ( 0.26 ) 
R: 1.19 ( 0.74 ) 
C: 1.02 ( 0.97 ) 

G: 1.51 ( 0.16 ) 
R: 0.54 ( 0.26 ) 
C: 0.79 ( 0.44 ) 

G: 2.21 ( 0.07 ) 
R: 1.52 ( 0.52 ) 
C: 0.70 ( 0.48 ) 

DLBCL G: 1.59 ( 0.05 )  
R: ---  1 
C: 0.37 (<0.01) 
 

G: 1.54 ( 0.06 ) 
R: 0.63 ( 0.05 ) 
C: 0.48 (<0.01) 

 
G: 2.10 ( 0.04 ) 
R: 0.61 ( 0.04 ) 
C: 0.49 ( 0.01 ) 

G: 2.79 (<0.01) 
R: 0.56 ( 0.02 ) 
C: 0.53 (<0.01) 

G: 3.87 (<0.01) 
R: 0.59 ( 0.03 ) 
C: 0.45 (<0.01) 

FL/DLBCL G: 0.8 ( 0.59 ) 
R: --- 1 
C: 0.84 ( 0.82 ) 
 

G: 0.6 ( 0.26 ) 
R: 1.19 ( 0.74 ) 
C: 1.02 ( 0.97 ) 

G: 0.48 ( 0.04 ) 
R: 0.61 ( 0.04 ) 
C: 0.49 ( 0.01 ) 

 
G: 1.28 ( 0.54 ) 
R: 0.52 ( 0.24 ) 
C: 1.11 ( 0.76 ) 

G: 1.92 ( 0.27 ) 
R: 1.13 ( 0.88 ) 
C: 2.47 ( 0.38 ) 

FL G: 0.91 ( 0.77 ) 
R: --- 1 
C: 0.77 ( 0.44 ) 
 

G: 0.66 ( 0.16 ) 
R: 0.54 ( 0.26 ) 
C: 0.79 ( 0.44 ) 

G: 0.36 (<0.01) 
R: 0.56 ( 0.02 ) 
C: 0.53 (<0.01) 

G: 0.78 ( 0.54 ) 
R: 0.52 ( 0.24 ) 
C: 1.11 ( 0.76 ) 

 
G: 1.98 ( 0.11 ) 
R: 0.18 ( 0.10 ) 
C: 0.91 ( 0.79 ) 

other G: 0.46 ( 0.1 ) 
R: --- 1 
C: 0.34 ( 0.18 ) 

G: 0.45 ( 0.07 ) 
R: 1.52 ( 0.52 ) 
C: 0.70 ( 0.48 ) 

G: 0.26 (<0.01) 
R: 0.59 ( 0.03 ) 
C: 0.45 (<0.01) 

G: 0.52 ( 0.27 ) 
R: 1.13 ( 0.88 ) 
C: 2.47 ( 0.38 ) 

G: 0.5 ( 0.11 ) 
R: 0.18 ( 0.10 ) 
C: 0.91 ( 0.79 ) 

 

1: no data on BL cases with Rituximab treatment available 
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DLBCL ABC vs. GCB                BL in children vs. adults  

ABC GCB   Child Adult 

ABC 
 

G: 2.38 ( < 0.01 ) 
R: 0.48 ( 0.02 ) 
C: 0.70 ( 0.40 ) 
 

 Child  G: 0.40 ( 0.02 )  
R: --- 1 
C: --- 2 

GCB G: 0.42 ( < 0.01 ) 
R: 0.48 ( 0.02 )  
C: 0.70 ( 0.40 ) 

 
 Adult G: 2.52 ( 0.02 ) 

R: --- 1 
C: --- 2 

 

            1: no data on BL cases with Rituximab treatment 
            2: no data on BL cases without chemotherapy  

 
 

 

PAT types  
AD E F G FIJ I L H IJ 

AD  G: 0.56  
    ( 0.07 )  
R: 0.96  
    ( 0.94 )  
C: 0.37  
    ( 0.03 ) 

G: 0.64  
    ( 0.11 ) 
R: 0.83  
    ( 0.60 ) 
C: 0.39  
    ( 0.03 ) 

G: 1.25  
    ( 0.47 ) 
R: 1.06  
    ( 0.91 ) 
C: 0.30  
    ( 0.02 ) 

G: 1.19  
     ( 0.61 ) 
R: 1.81  
     ( 0.17 ) 
C: 0.81  
    ( 0.73 ) 

G: 2.03  
    ( 0.06 ) 
R: 1.05  
    ( 0.93 ) 
C: 0.58  
    ( 0.18 ) 

G: 0.99  
    ( 0.98 ) 
R: 1.26  
    ( 0.62 ) 
C: 0.53  
    ( 0.31 ) 

G: 0.42  
    ( 0.14 ) 
R: --- 1 

 
C: 0.84  
    ( 0.80 ) 

G: 0.88  
     ( 0.74 ) 
R: 3.36  
    ( 0.04 ) 
C: 1.65  
    ( 0.44 ) 
 

E G: 1.78  
    ( 0.07 )  
R: 0.96  
    ( 0.94 )  
C: 0.37  
    ( 0.03 ) 
 

 
G: 1.06  
    ( 0.82 ) 
R: 0.46  
    ( 0.06 ) 
C: 0.44  
    ( 0.03 ) 

G: 2.11  
    ( 0.01 ) 
R: 0.31  
    ( 0.10 ) 
C: 0.37  
    ( 0.02 ) 

G: 2 .00 
    ( 0.03 ) 
R: 0.57  
    ( 0.30 ) 
C: 0.72  
    ( 0.50 ) 

G: 3.22  
    (<0.01)  
R: --- 1  

 
C: 0.68  
    ( 0.29 ) 

G: 1.34  
     ( 0.44 ) 
R: 0.36  
     ( 0.11 ) 
C: 0.65  
    ( 0.38 ) 

G: 0.78  
    ( 0.64 ) 
R: --- 1 

 

C: 0.67  
    ( 0.45 ) 

G: 2.01  
    ( 0.06 ) 
R: --- 1  
 
C: 0.91 ( 
0.85 ) 

F G: 1.57  
     ( 0.11 ) 
R: 0.83  
    ( 0.60 ) 
C: 0.39  
    ( 0.03 ) 
 

G: 0.94  
    ( 0.82 ) 
R: 0.46  
    ( 0.06 ) 
C: 0.44  
    ( 0.03 ) 

 
G: 2.05  
    (<0.01) 
R: 0.58  
    ( 0.13 ) 
C: 0.39  
    ( 0.02 ) 

G: 1.91  
    ( 0.02 ) 
R: 0.72  
    ( 0.33 ) 
C: 0.66  
    ( 0.38 ) 

G: 3.5  
    (<0.01) 
R: 0.49  
    ( 0.09 ) 
C: 0.61  
    ( 0.17 ) 

G: 1.38  
    ( 0.35 ) 
R: 0.55  
    ( 0.10 ) 
C: 0.59  
    ( 0.28 ) 

G: 0.77  
    ( 0.62 )  
R: --- 1 

 
C: 0.65  
    ( 0.38 ) 

G: 1.7  
    ( 0.14 ) 
R: 0.51  
    ( 0.11 ) 
C: 0.86  
    ( 0.77 ) 

G G: 0.80 
    ( 0.47 ) 
R: 1.06  
    ( 0.91 ) 
C: 0.30  
    ( 0.02 ) 
 

G: 0.47  
    ( 0.01 ) 
R: 0.31  
    ( 0.10 ) 
C: 0.37  
    ( 0.02 ) 

G: 0.49  
    (<0.01) 
R: 0.58  
    ( 0.13 ) 
C: 0.39  
    ( 0.02 ) 

 
G: 0.92  
    ( 0.79 ) 
R: 0.90  
    ( 0.81 ) 
C: 0.67  
    ( 0.46 ) 

G: 1.75  
    ( 0.12 ) 
R: 0.34  
    ( 0.15 ) 
C: 0.56  
    ( 0.15 ) 

G: 0.71  
    ( 0.36 ) 
R: 0.58  
    ( 0.29 ) 
C: 0.55  
    ( 0.28 ) 

G: 0.32  
    ( 0.06 )  
R: --- 1  
 
C: 0.82  
    ( 0.76 ) 

G: 0.87  
    ( 0.72 ) 
R: 0.47  
    ( 0.31 ) 
C: 0.94  
    ( 0.91 ) 

FIJ G: 0.84  
    ( 0.61 ) 
R: 1.81  
    ( 0.17 ) 
C: 0.81  
    ( 0.73 ) 
 

G: 0.50  
    ( 0.03 ) 
R: 0.57  
    ( 0.30 ) 
C: 0.72  
    ( 0.50 ) 

G: 0.52  
    ( 0.02 ) 
R: 0.72  
    ( 0.33 ) 
C: 0.66  
    ( 0.38 ) 

G: 1.09  
    ( 0.79 ) 
R: 0.90  
    ( 0.81 ) 
C: 0.67  
    ( 0.46 ) 

 
G: 1.77  
    ( 0.10 ) 
R: 0.67  
    ( 0.46 ) 
C: 0.93  
    ( 0.84 ) 

G: 0.77  
    ( 0.50 ) 
R: 0.78  
    ( 0.60 ) 
C: 1.48  
    ( 0.60 ) 

G: 0.25  
    ( 0.01 )  
R: --- 1  
 
C: 2.60  
    ( 0.23 ) 

G: 0.79  
    ( 0.56 ) 
R: 0.97  
    ( 0.96 ) 
C: 2.56  
    ( 0.21 ) 
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I G: 0.49  
    ( 0.06 ) 
R: 1.05  
    ( 0.93 ) 
C: 0.58  
    ( 0.18 ) 
 

G: 0.31  
    (<0.01)  
R: --- 1  
 
C: 0.68  
    ( 0.29 ) 

G: 0.29  
    (<0.01) 
R: 0.49  
    ( 0.09 )  
C: 0.61  
    ( 0.17 ) 

G: 0.57  
    ( 0.12 )  
R: 0.34  
    ( 0.15 )  
C: 0.56  
    ( 0.15 ) 

G: 0.57  
    ( 0.10 )  
R: 0.67  
    ( 0.46 )  
C: 0.93  
    ( 0.84 ) 

 
G: 0.45  
    ( 0.04 ) 
R: 0.40  
    ( 0.15 ) 
C: 0.88  
    ( 0.75 ) 

G: 0.17  
    (0.01)  
R: --- 1  
 
C: 1.04  
    ( 0.92 ) 

G: 0.74  
    ( 0.43 ) 
R: --- 1  
 
C: 1.2  
    ( 0.64 ) 

L G: 1.01  
    ( 0.98 ) 
R: 1.26  
    ( 0.62 ) 
C: 0.53  
    ( 0.31 ) 
 

G: 0.74  
    ( 0.44 ) 
R: 0.36  
    ( 0.11 ) 
C: 0.65  
    ( 0.38 ) 

G: 0.72  
    ( 0.35 ) 
R: 0.55  
    ( 0.10 ) 
C: 0.59  
    ( 0.28 ) 

G: 1.42  
    ( 0.36 ) 
R: 0.58  
    ( 0.29 ) 
C: 0.55  
    ( 0.28 ) 

G: 1.30  
    ( 0.50 ) 
R: 0.78  
    ( 0.60 ) 
C: 1.48  
    ( 0.60 ) 

G: 2.24  
    ( 0.04 ) 
R: 0.40  
    ( 0.15 ) 
C: 0.88  
    ( 0.75 ) 

 
G: 0.38  
    ( 0.09 )  
R: --- 1  
 
C: 1.87  
    ( 0.43 ) 

G: 1.28  
    ( 0.59 ) 
R: 0.41  
    ( 0.19 ) 
C: 2.13  
    ( 0.32 ) 

H G: 2.38  
    ( 0.14 ) 
R: --- 1  
C: 0.84  
    ( 0.8 ) 
 

G: 1.29  
    ( 0.64 )  
R: --- 1  
C: 0.67  
    ( 0.45 ) 

G: 1.30  
    ( 0.62 ) 
R: --- 1  
C: 0.65  
    ( 0.38 ) 

G: 3.10  
    ( 0.06 ) 
R: --- 1  
C: 0.82  
    ( 0.76 ) 

G: 4.04  
    ( 0.01 )  
R: --- 1  
C: 2.60  
    ( 0.23 ) 

G: 6.02  
    ( 0.01 ) 
R--- 1  
C: 1.04  
    ( 0.92 ) 

G: 2.62  
    ( 0.09 ) 
R: --- 1 

C: 1.87  
    ( 0.43 ) 

 
G: 4.23  
    ( 0.01 ) 
R: --- 1 
C: 3.34  
    ( 0.12 ) 

IJ G: 1.14  
    ( 0.74 ) 
R: 3.36  
    ( 0.04 ) 
C: 1.65  
    ( 0.44 ) 

G: 0.50 
    ( 0.06 ) 
R: --- 1)  
 
C: 0.91  
    ( 0.85 ) 

G: 0.59  
    ( 0.14 ) 
R: 0.51  
    ( 0.11 ) 
C: 0.86  
    ( 0.77 ) 

G: 1.15  
    ( 0.72 ) 
R: 0.47  
    ( 0.31 ) 
C: 0.94  
    ( 0.91 ) 

G: 1.26  
    ( 0.56 ) 
R: 0.97  
    ( 0.96 ) 
C: 2.56  
   ( 0.21 ) 

G: 1.35  
    ( 0.43 ) 
R: --- 1   
 
C: 1.20 
    ( 0.64 ) 

G: 0.78  
    ( 0.59 ) 
R: 0.41  
    ( 0.19 ) 
C: 2.13  
    ( 0.32 ) 

G: 0.24  
    ( 0.01 )  
R: --- 1  
 
C: 3.34  
    ( 0.12 ) 

 

1: no sufficient data on cases with Rituximab treatment available 

 

 

DLBCL related PATs  
DLBCL 
reference 

DLBCL A DLBCL E DLBCL EF DLBCL F DLBCL FG DLBCL G DLBCL 
none 

DLBCL 
reference 

 
G: 0.51  
    ( 0.14 ) 
R: 0.62  
    ( 0.05 ) 
C: 0.4  
    (<0.01) 

G: 0.86  
    ( 0.56 ) 
R: 0.55  
    ( 0.02 ) 
C: 0.44  
    (<0.01) 

G: 1.73  
    ( 0.16 ) 
R: 0.57  
    ( 0.02 ) 
C: --- 1   

G: 0.65  
    ( 0.03 ) 
R: 0.57  
    ( 0.01 ) 
C: 0.37  
    (<0.01) 

G: 2.39  
    ( 0.04 ) 
R: 0.56  
    ( 0.02 ) 
C: 0.45  
    (<0.01) 

G: 1.48  
    ( 0.25 ) 
R: --- 2   
 
C: --- 1   

G: 0.78  
    ( 0.23 ) 
R: 0.56  
    ( 0.01 ) 
C: 0.47  
    (<0.01) 
 

DLBCL A G: 1.96  
    ( 0.14 ) 
R: 0.62  
    ( 0.05 ) 
C: 0.4  
    (<0.01) 
 

 
G: 1.66  
    ( 0.33 ) 
R: 0.54  
    ( 0.54 ) 
C: 0.41  
    ( 0.12 ) 

G: 3.75  
    ( 0.04 ) 
R: 0.93  
    ( 0.92 ) 
C: --- 1   

G: 1.27  
    ( 0.63 ) 
R: 0.69  
    ( 0.42 ) 
C: 0.13  
    (<0.01) 

G: 4.24  
    ( 0.02 ) 
R: 0.50  
    ( 0.52 ) 
C: 0.47  
    ( 0.49 ) 

G: 3.38  
    ( 0.03 ) 
R: --- 2   
 
C: --- 1   

G: 1.55  
    ( 0.37 ) 
R: 0.56  
    ( 0.28 ) 
C: 0.54  
    ( 0.21 ) 

DLBCL E G: 1.16  
    ( 0.56 ) 
R: 0.55  
    ( 0.02 ) 
C: 0.44  
    (<0.01) 

G: 0.6  
    ( 0.33 ) 
R: 0.54  
    ( 0.54 ) 
C: 0.41  
    ( 0.12 ) 

 
G: 2.02  
    ( 0.13 ) 
R: 0.38  
    ( 0.21 ) 
C: --- 1   

G: 0.69  
    ( 0.24 ) 
R: 0.43  
    ( 0.08 ) 
C: 0.32  
    (<0.01) 

G: 2.46  
    ( 0.06 ) 
R: --- 2 

 

C: 0.79  
    ( 0.71 ) 

G: 2.00  
    ( 0.08 ) 
R: --- 2   
 
C: --- 1  ) 

G: 0.9  
    ( 0.72 ) 
R: 0.33  
    ( 0.07 ) 
C: 0.65  
    ( 0.30 ) 
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DLBCL EF G: 0.58  
    ( 0.16 ) 
R: 0.57  
    ( 0.02 ) 
C: --- 1   
 

G: 0.27  
    ( 0.04 ) 
R: 0.93  
    ( 0.92 ) 
C: --- 1   

G: 0.50  
    ( 0.13 ) 
R: 0.38  
    ( 0.21 ) 
C: --- 1   

 
G: 0.40  
    ( 0.03 ) 
R: 0.51  
    ( 0.11 ) 
C: --- 1   

G: 1.40  
    ( 0.55 ) 
R: 0.35  
    ( 0.18 ) 
C: --- 1   

G: 0.98  
    ( 0.96 ) 
R: --- 2   
 
C: --- 1   

G: 0.45  
    ( 0.06 ) 
R: 0.50  
    ( 0.15 ) 
C: --- 1   

DLBCL F G: 1.55  
    ( 0.03 ) 
R: 0.57  
    ( 0.01 ) 
C: 0.37  
    (<0.01) 
 

G: 0.79  
    ( 0.63 ) 
R: 0.69  
    ( 0.42 ) 
C: 0.13  
    (<0.01) 

G: 1.45  
    ( 0.24 ) 
R: 0.43  
    ( 0.08 ) 
C: 0.32  
    (<0.01) 

G: 2.53  
    ( 0.03 ) 
R: 0.51  
    ( 0.11 ) 
C: --- 1   

 
G: 4.16  
    (<0.01) 
R: 0.45  
    ( 0.10 ) 
C: 0.24  
    ( 0.01 ) 

G: 2.1  
    ( 0.05 ) 
R: --- 2   
 
C: --- 1   

G: 1.25  
    ( 0.40 ) 
R: 0.48  
    ( 0.06 ) 
C: 0.41  
    ( 0.02 ) 

DLBCL FG G: 0.42  
    ( 0.04 ) 
R: 0.56  
    ( 0.02 ) 
C: 0.45  
    (<0.01) 
 

G: 0.24  
    ( 0.02 ) 
R: 0.50  
    ( 0.52 ) 
C: 0.47  
    ( 0.49 ) 

G: 0.41  
    ( 0.06 ) 
R: --- 2 

 

C: 0.79  
    ( 0.71 ) 

G: 0.71  
    ( 0.55 ) 
R: 0.35  
    ( 0.18 ) 
C: --- 1   

G: 0.24  
    (<0.01) 
R: 0.45  
    ( 0.10 ) 
C: 0.24  
    ( 0.01 ) 

 
G: 0.65  
    ( 0.37 ) 
R: --- 2   
 
C: --- 1   

G: 0.32  
    ( 0.01 ) 
R: 0.35  
    ( 0.08 ) 
C: 0.87  
    ( 0.79 ) 

DLBCL G G: 0.68  
    ( 0.25 ) 
R: --- 2   
C: --- 1   
 

G: 0.30  
    ( 0.03 ) 
R: --- 2   
C: --- 1   

G: 0.5  
    ( 0.08 ) 
R: --- 2   
C: --- 1   

G: 1.02  
    ( 0.96 ) 
R: --- 2   
C: --- 1   

G: 0.48  
    ( 0.05 ) 
R: --- 2   
C: --- 1   

G: 1.54  
    ( 0.37 ) 
R: --- 2   
C: --- 1   

 
G: 0.43  
    ( 0.03 ) 
R: --- 2   
C: --- 1   

DLBCL 
none 

G: 1.28  
    ( 0.23 ) 
R: 0.56  
    ( 0.01 ) 
C: 0.47  
    (<0.01) 

G: 0.64  
    ( 0.37 ) 
R: 0.56  
    ( 0.28 ) 
C: 0.54  
    ( 0.21 ) 

G: 1.12  
    ( 0.72 ) 
R: 0.33  
    ( 0.07 ) 
C: 0.65  
    ( 0.30 ) 

G: 2.22  
    ( 0.06 ) 
R: 0.50  
    ( 0.15 ) 
C: --- 1   

G: 0.80  
    ( 0.40 ) 
R: 0.48  
    ( 0.06 ) 
C: 0.41  
    ( 0.02 ) 

G: 3.14  
    ( 0.01 ) 
R: 0.35  
    ( 0.08 ) 
C: 0.87  
    ( 0.79 ) 

G: 2.31  
    ( 0.03 ) 
R: --- 2   
 
C: --- 1   

 

1: no sufficient data on cases without chemotherapy available 
2: no sufficient data on cases with Rituximab treatment available 
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