Supplemental Figure legends

Supplementary Fig.  S1: Genetic characteristics of the selected patients from the HOVON-84 and PETAL trials.  Circular representation of the genome for (A) HOVON-84 (n=208) and (B) PETAL (n=204). Chromosomes 1 to 22 and X, ordered clockwise by genomic coordinates with cytobands in grey-scale and centromeres in red. Mutations are shown in black on the outer circle with mutation frequencies in brackets. Frequencies of copy number gains (red) and losses (blue) are shown on a scale of up to 40% of cases showing CNAs. Recurrent translocations of BCL2 (purple), BCL6 (green) and MYC (gold), with lines connecting the translocation regions. Genes involved in translocations (grey) are plotted on the outer circle. (C) Bar plot depicting the 30 most frequent mutated genes in the HOVON-84 set (n=208), compared to mutation frequencies in PETAL (n=204), DFCI1 (n=304), NCI2 (n=574) and Reddy et al3 (n=1001).

Supplementary Fig.  S2: Association of COO subtypes with PFS and OS by cohort. Kaplan Meier plot for PFS and OS by COO cluster. For class assignment, non-GCB and ABC assignments are combined, whereby gene expression results overrule immunohistochemical assignments. GCB: green; ABC/non-GCB orange. 

Supplementary Fig.  S3: Association of DFCI subtypes with PFS and by cohort. Kaplan Meier plot for PFS and OS by DFCI cluster C1-C5. C1, purple; C2, blue; C3, orange; C4, green; C5, red.

Supplementary Fig.  S4: Association of LymphGen subtypes with PFS and by cohort. Kaplan Meier plot for PFS and OS by LymphGen subtypes. BN2, purple; A53, blue; EZB, orange; ST2, green; MCD, red; Other, grey.

Supplementary Fig.  S5: Forest plot of uni- and multivariate analysis for molecular classification and IPI on progression-free and overall survival. 
A,B Univariate analysis of IPI, the independent impact in multivariate analysis is shown as forest plots of IPI and C,D DFCI clusters, E,F LymphGen classification, G,H DFCI-C5 versus non-C5 and I,J DFCI-C2 versus non-C2. HR: hazard ratio, black squares with size proportional to weight. (95% CI): confidence interval horizontal lines, and P, P-values.

Supplementary Fig.  S6: Bar plots of Lymphgen subtypes C1-C5 for PET status after 2 cycles of R-CHOP (PETAL), after 4 cycles of R-CHOP (HOVON-84) and at end of treatment (HOVON-84). Numbers of patients per subtypes are too limited to draw conclusions.  

Supplementary Fig.  S7: Predictive value of i-PET and eot-PET status for patients with available PET data from the HOVON84 trial. Kaplan Meier plots for A PFS and B OS for 183 HOVON-84 patients with available i-PET4 status. Kaplan Meier plots for C PFS and D OS for 192 HOVON-84 patients with available eot-PET status. iPET4: interim PET after 4 R-CHOP cycles. eot-PET: end-of-treatment PET after 8 R-CHOP cycles. HR: hazard ratio. PFS: progression-free survival. OS: overall survival. PET: positron emission tomography. PET status: negative, green; positive, red.

Supplementary Fig.  S8: Predictive value of i-PET status for patients with available PET data from the PETAL trial. Kaplan Meier plots for A PFS and B OS for 145 PETAL patients with available i-PET2 status. iPET2: interim PET after 2 R-CHOP cycles. HR: hazard ratio. PFS: progression-free survival. OS: overall survival. PET: positron emission tomography. PET status: negative, green; positive, red.

Supplementary Fig.  S9: Predictive value of i-PET and eot-PET status for patients with available PET data from the SAKK-38/07 trial. Kaplan Meier plots for A PFS and B OS for 68 SAKK-38/07 patients with available i-PET2 status. Kaplan Meier plots for C PFS and D OS for 69 SAKK-38/07 patients with available i-PET4 status. Kaplan Meier plots for E PFS and F OS for 69 SAKK-38/07 patients with available eot-PET status. iPET2: interim PET after 2 R-CHOP cycles. iPET4: interim PET after 4 R-CHOP cycles. eot-PET: end-of-treatment PET after 8 R-CHOP cycles. HR: hazard ratio. PFS: progression-free survival. OS: overall survival. PET: positron emission tomography. PET status: negative, green; positive, red.

Supplementary Fig.  S10: Association of DLBCL DFCI-subtypes and LymphGen classes with PFS for i/eot-PET negative patients. Kaplan Meier plots for A,B PETAL iPET negative patients after 2 cycles; C,D HOVON-84 iPET negative patients after 4 cycles; E.F HOVON-84 negative patients PET at end of treatment; PFS, progression-free survival. DFCI-C1, purple; C2, blue; C3, orange; C4, green; C5, red. LymphGen classes BN2, purple; A53, blue; EZB, orange; ST2, green; MCD, red; Other, grey.

Supplemental Table legends

Supplementary Table S1: Molecular subtype assignment for all 716 DLBCLs (separate excel file). Results of cell-of-origin classification methods are denoted. MYC, BCL2 and BCL6 translocation status as assessed by NGS and FISH are denoted. Cluster adherence (Core/non-Core) and ACE tumor purity are denoted.

Supplementary Table S2: Custom target panel for mutation and translocation detection (separate excel file). A List of 369 genes for which full coding sequences were captured. Genes which were used for DFCI clustering and Lymphgen classification are annotated B Chromosomal regions that were captured for translocation analysis.

Supplementary Table S3: Overview of somatic mutations detected in PETAL and HOVON84 DLBCL samples. Overview of detected somatic mutations in HOVON84 A and PETAL B with associated variant statistics.

Supplementary Table S4: Overview of chromosomal rearrangements detected in PETAL and HOVON84 DLBCL samples. Overview of rearrangements in HOVON84 A and PETAL B with associated structural variant statistics.

Supplementary Table S5: Matrix of genetic alterations in 716 DLBCLs from 3 different cohorts (HOVON84, PETAL, DFCI), used as input for non-negative matrix factorization clustering (separate excel file). Samples are ordered by DFCI cluster assignment as presented in Supplementary Table S1.

Supplementary Table S6: Cell-of-origin (COO) classification of DLBCL patients from the HOVON84, PETAL, SAKK-38/07, DFCI and NCI cohorts.


Supplemental Methods

FISH and IHC
Chromosomal breaks were assessed for MYC, BCL6 and BCL2 with fluorescence in situ hybridization (FISH) on tissue microarrays using break-apart probes (BCL2, BCL6, MYC, Abbott molecular, Vysis, Chicago IL, USA) according to standard methods as previous described.4 Results were evaluated according to criteria validated for diagnostic purposes in daily pathology practice with a cut-off value of >7.5% of evaluable nuclei with FISH break-apart patterns consistent with breaks to be scored as positive. As part of the central pathology review, immunohistochemistry (IHC) was performed by the HOVON Pathology Facility and Biobank and/or the original pathology laboratories according to standard procedures, including at least CD20, CD3, MIB1, BCL2, CD10, BCL6, MUM1.5 GCB/non-GCB status was determined according to the Hans algorithm6.

COO classification procedures
COO classification by gene-expression profiling was performed according to standard methods using digital gene expression with the Lymph2Cx assay (nCounter®, Nanostring, Seattle, WA, USA). The Lymph2Cx COO gene panel was thereby included in a large custom-made probe set that was further not analysed in the present study. In brief, the probe panel was hybridized to 100-200ng of RNA for 16 hours at 65°. Samples were loaded on an nCounter SPRINT Cartridge and processed on the nCounter SPRINT™ Profiler (NanoString Technologies, Seattle, WA, USA). For COO classification, raw counts were uploaded at the Lymphoma/Leukaemia Molecular Profiling Project (LLMPP) website for COO categorization (https://llmpp.nih.gov/LSO/LYMPHCX/lymphcx_predict.cgi).7

Targeted sequencing, whole exome sequencing and shallow whole genome sequencing 
Genomic DNA extraction from 274 HOVON-84 samples and 235 PETAL samples was performed according to the manufacturer’s protocols (QIAamp DNA FFPE Tissue Kit and QIAamp DNA Mini Blood Kit, Qiagen, Hilden, Germany). Genomic libraries were prepared according to the manufacturer’s protocols. For HOVON-84 samples ultrasound fragmentation was performed (KAPA Library Preparation, KAPA Biosystems, Wilmington, MA). For PETAL samples enzymatic fragmentation was performed (KAPA HyperPlus Library Preparation, KAPA Biosystems, Wilmington, MA). For copy number aberration (CNA) analysis of all samples, shallow whole genome sequencing was performed on a HiSeq 2500 (Illumina San Diego, CA).
For 220 HOVON-84 samples, targeted NGS was performed as previously described.7 The custom SeqCapEZ target probe panel (Roche Nimblegen, Madison, WI) encompassed the full coding sequence of 369 genes and 12 genomic regions of common translocation breakpoint regions (Supplementary Table S3). For mutation analysis of 216 PETAL samples whole-exome sequencing (WES) was performed. WES libraries were prepared using the KAPA HyperExome Prep Kit according to the manufacturer’s protocols and sequenced on an Illumina NovaSeq 6000 machine. For translocation analysis of PETAL samples of which incomplete MYC, BCL2 and/or BCL6 FISH data was available, targeted NGS was performed as described above.

Bioinformatic procedures for targeted and shallow whole genome sequencing
To ensure conformity between mutation data from HOVON-84 and PETAL cases retrieved from different platforms, WES information was reduced to the 369 genes in the custom SeqCapEZ target panel (Supplementary Table S3). A panel-of-normal (PON) from 25 non-tumor DNA samples isolated from FFPE biopsy samples retrieved from the archives of the Department of Pathology, AmsterdamUMC/VUMC, Amsterdam, was used to exclude germline single nucleotide polymorphisms (SNPs) and platform-specific artifacts for HOVON-84 samples, as previously described.8 For PETAL samples, a PON consisting of 138 non-tumor FFPE biopsy samples retrieved from the archives of the Department of Pathology, AmsterdamUMC/VUMC, Amsterdam were used as well as 55 matched-normal PETAL samples. We applied our tumor-only pipeline to identify somatic mutations. Single-nucleotide variants (SNVs) that were detected by both LoFreq (v2.1.3.1)9 and VarScan (v.2.3.7)10 were considered as germline SNPs, when i) present in the dbSNP database (build 142) with a minor allele frequency above 0.001 and/or ii) present in at least 4 out of 1762 cases from the reference whole genome sequencing database of healthy individuals in the Dutch population (Hartwig Medical Foundation, Amsterdam, The Netherlands) and iii) present in at least 2 out of 25 and 3 out of 193 in  HOVON-84 and PETAL non-tumor control samples from the PON respectively. Only the SNVs that remained after all 3 filters were considered genuine somatic mutations. To filter low allele frequency FFPE artifacts in PETAL data, the variant allele frequency cut-off was decreased to 2.5% for inclusion into the PON and base changes detected in 6 out of 216 PETAL tumor samples which occurred exclusively with a variant allele frequency below 25% were filtered. Structural variants were detected using the overlap in four different algorithms, including BreaKmer (v0.04), GRIDSS (v1.4.2), wham (v1.7.0) and novoBreak (v1.1.3).11–14 Structural variants detected by at least 2 of the 4 algorithms were selected, as described previously.8 CNA calling was performed using the shallow whole genome sequencing data and the QDNAseq algorithm (v1.5.1).15 

NGS quality control
For HOVON-84 and PETAL samples, CNA, mutation and translocation data were used as a quality criterion for exclusion as follows; samples with any positive MYC, BCL2 or BCL6 translocation status as determined by FISH or NGS were included. Samples with a tumor purity less than 20% as estimated from CNA data using ACE(v1.17.0)16 were excluded if; (I) a median (mutation) variant allele frequency higher than 0.3 was observed and (II) less than 30 variants were called. Based on these criteria, N=208 HOVON-84 samples and N=204 PETAL samples were included for analysis.

Subtype assignments
To determine DFCI classes we generated a gene sample matrix, consisting of 716 samples from 3 cohorts (HOVON-84, PETAL and DFCI) and 130 genetic alterations (Supplementary Table S5). From the 158 genetic alterations that were present in the gene sample matrix as reported in the original DFCI clustering1 130 were available in our dataset. These include 62 SNVs (absent: 0, synonymous: 1 and non-synonymous: 2), 65 CNAs (absent: 0, present: 1) and 3 translocations (absent: 0, present: 3). Similar weights as described in the original 5-class molecular classification were assigned to each of the alterations and we performed non-negative matrix factorization (NMF) using the identical scripts (https://github.com/broadinstitute/DLBCL_Nat_Med_April_2018.git).1,17  
To assign LymphGen classes to the samples, the classification algorithm was used as published by Wright et al. (https://zenodo.org/record/3700087#.YxickEdBxaQ).18

Stability analysis and core sample classification
To determine the stability of the clustering outcome, 1000 iterations of NMF with 80% subsampling was performed, as previously described.19 For each sample pair, the frequency of occurring in the same class was calculated. The sample stability was defined as the average frequency of sample pairs which in subsampling iterations, were classified in the same class as in the original NMF clustering without subsampling. To distinguish core samples from non-core samples, a Gaussian mixture model was fitted to the sample stability of each class independently. Two components were fitted and parameters were estimated using Bayesian inference with independent priors implemented in the bayesmix R package (v0.7.5).20

Binary classifier C5 vs non-C5
We aimed to apply our findings on the impact of molecular classification on interpretation of i/eot-PET on a cohort of patients treated in the SAKK 38/07 clinical trial. For this cohort, a limited number of genetic determinants was available, and particularly CNA data lacked completely. Therefore, this data was insufficient to reliably reproduce the DFCI clustering with the publicly available script. Hence, rather than assigning all DFCI clusters by NMF clustering for these samples, we elected to train a classifier to reliably distinguish C5 DLBCLs from the other 4 DLBCL clusters, referred to as non-C5. Here, a binary classifier was trained with 28 of the 130 genetic features available in the SAKK38/07 cohort on the ‘core’ DFCI cases as described above and next validated the performance on the HOVON-84 and PETAL cases. To note, because in the SAKK38/07 cohort only MYD88-L265P mutation information was available, all other variant MYD88 mutations were omitted from the data used for training and validation. To train the binary classifier to classify C5 versus non-C5 patients we performed logistic regression using the glmnet R package (v2.0.18). We used lasso regularization (alpha=1) with the logistic function as the linkage. To optimize performance, sample weights were assigned to the model by multiplying sample stabilities by 4 for C5 cases and by 1 for non-C5 cases. A 10-fold cross-validation scheme was used to measure the performance of the classifier in an unbiased manner, and the model with the best performance in terms of area under the curve (AUC) was selected as the final model.

PET/CT analysis 
For all DLBCL patients from the HOVON-84, PETAL and SAKK-38/07 clinical trials that were analysed in this study, 18fluorodeoxyglucose-positron emission tomography (PET) scores were dichotomized based on the 5-point Deauville scoring system. Deauville scores 1-3 were considered as negative, and Deauville scores 4-5 were considered as positive.21 For HOVON-84 and SAKK-38/07 patients in our study cohort with unavailable end-of-treatment (eot-)PET scores, values were imputed based on available interim (i-)PET scores as follows. In HOVON-84: 12 missing eot-PET scores were imputed based on 5 positive i-PET4 scores and 7 negative i-PET4 scores. In SAKK-38/07: 6 missing eot-PET scores were imputed based on 1 positive i-PET4 scores and 5 negative i-PET4 scores. Also, in SAKK-38/07: 30 missing i-PET4 scores were imputed based on 9 positive i-PET2 scores and 21 negative i-PET2 scores.

Data availability 
All sequence data are available and have been deposited at the European Genome-Phenome Archive (HOVON-84: EGAS00001003949, PETAL: EGAS00001005828). The processed data that support the findings of this study are available within the paper and its supplementary files. 

Code availability
Custom scripts for processing NGS data, classification and visualization are available from the corresponding author upon reasonable request. Original code for NMF clustering presented by Chapuy et al1 is available through GitHub (https://github.com/broadinstitute/DLBCL_Nat_Med_April_2018.git). 
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