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The development of new therapeutics and the validation of pathogenetic cancer
mechanisms require representative laboratory models'?. However, existing collections
represent only a fraction of the diversity observed in human cancer?*. Recent
technologies have enabled efficient in vitro model derivation (for example, tumour
organoids)®. However, whether these maintain essential properties of patient

tumours during long-term expansion has not been systematically investigated. Here
we present results of alarge-scale international programme—the Human Cancer
Models Initiative—which involved the generation of a resource of 665 next-generation
models from 2,780 donors with 25 cancer types and integrated tumour-model whole
genome, exome, methylome and transcriptome analyses. The resource provides 522

models with comprehensive clinical data, 153 models of rare cancers and 71 models
from participants with non-European ancestry. Analyses of 421 matched tumour-
model pairs reveal high genetic (97.8%) and epigenetic (95%) concordance and define
correlates of model discordance. Single-nucleus RNA sequencing of tumour-model
pairs reveals subsets of models in which culture conditions significantly influence cell
states. Finally, we characterize model preservation of extrachromosomal DNA and
post-treatment mutational signatures to provide opportunities to study therapeutic
resistance. This model repository is being made available to the community—
including multimodal molecular profiling, clinical information and integrative
software tools—thus providing a valuable resource for preclinical investigation of
cancer pathogenesis and treatment response.

Major international projects have generated cancer atlases®® that have
revealed many molecular underpinnings of human malignancies™”.
Provocative hypotheses about most types of cancer have emerged, with
eachrequiring preclinical validation to support bothbasic science and
drug discovery. Well-characterized cancer models that maintain the
fidelity of diverse human tumour types and clinical states are required
for such validation.

Efforts to genomically characterize large cohorts of cancer mod-
els have produced comprehensively annotated compendia of over
1,000 celllines"*™'?, which have enabled large-scale mapping of cancer
dependencies® ¢, However, existing cell lines typically exhibit limited

phenotypic complexity, uncertain fidelity to the originating tumour
specimen and inadequate clinical information".

Advances in the technology of cell culture, including biologically
informed selection of defined growth factors and new plating methods,
have facilitated the development of new patient-derived models>' %,
However, reports suggest that only a minority of such models could
be indefinitely propagated and distributed.

Here we present the generation and comprehensive genomic, tran-
scriptomic and epigenomic characterization of 665 fully accessible
patient-derived organoid, neurosphere and cell line models, which were
created as part of the international Human Cancer Models Initiative
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(HCMI). Companion papers®? demonstrate the utility of HCMI models
for the systematic evaluation of gene essentiality and drug sensitivity.

Generation of 665 cancer models

Between 2016 and 2021, 2,780 patients from the United States, United
Kingdom, Italy and the Netherlands consented to participate in the
HCMI study (Fig. 1a and Supplementary Table 1). Active attempts
were made to include diverse tumour types and patients from
under-represented populations (Supplementary Methods, ‘Human
subjects protocol’). Tissue samples were transferred to Cancer Model
Development Centers at the Broad Institute, Cold Spring Harbor Lab-
oratory, Weill Cornell Medicine, Stanford University, the Hubrecht
Institute and the University of Verona ARC-Net Research Centre (Sup-
plementary Table 1) for model generation, with additional models
derived and contributed by the Wellcome Sanger Institute.

Model derivation techniques varied by tumour type, sample type
and model-derivation centre (Supplementary Methods, ‘CMDC model
development’, and Supplementary Table 1). After several sequential
passages, cultures were subjected to genomic-based quality control,
authentication and subsequently banked for distribution (Supplemen-
tary Note 2 and Supplementary Figs.1and 2).

This process generated 665 models from 637 patients representing
25 distinct human malignancies (Fig. 1b, Extended Data Tables1and 2
and Supplementary Note 2). Success rates varied by tumour type, clini-
calstage and tissue type, and were affected by sample quality. Among
the successful models, most were derived from adult donors (n = 622;
93.5%), but paediatric and adolescent donors were also represented
(n=43;6.5%). Moreover, 23% of the successful models (n = 153) were of
rare cancer types (https://www.cancer.gov/pediatric-adult-rare-tumor/
rare-tumors/about-rare-cancers). Models were established from pri-
mary tumours (n =394; 59.2%) and metastatic lesions (n = 250; 37.6%)
(Fig. 1b). Overall, 78% of models (n = 519) are three-dimensional (3D)
organoid cultures, 6% are 3D spheroid cultures (n=37) and 16% are
two-dimensional (2D) adherent patient-derived cell lines (n =109)
(Fig. 1d, Supplementary Table 1). Patient-matched peripheral blood
or normal tissue samples and parental tumour tissue samples were
obtained for 95% and 62% of models, respectively (Fig.1aand Extended
DataFig.1). A total of 399 models had complete data trios (tumour,
mode, and blood or normal samples) (Supplementary Table 1). Vali-
dated models were banked and made available for distribution through
the American Type Culture Collection (ATCC).

We also analysed tumours from 168 failed derivation attempts
(Extended Data Fig. 1). Specifically, we compared molecular features
of successful and failed derivations across the three largest tumour
cohorts (colonadenocarcinoma (COAD), oesophageal adenocarcinoma
(ESCA) and pancreatic adenocarcinoma (PAAD)). Although tumour
purity did not emerge as a significant covariate (Supplementary
Fig. 3ab), failed tumour samples presented increased representation
of states associated with DNA repair and the cell cycle, whereas success-
ful tumour samples displayed greater representation of differentia-
tion, stemness and epithelial-mesenchymal transition (EMT)-related
programs (Supplementary Fig. 3c-f).

To improve the representation of under-represented populations,
HCMI enabled enrolment through the network of Tissue Source Sites
fromthe National Cancer Institute (Supplementary Methods, ‘Establish-
ment of CMDCs’) and a direct-to-patient consent platform (https://pat-
tern.org). We estimated genetic ancestry across five continental groups
(Fig.1c) (Methods, ‘Genetic ancestry estimation’). Across the cohort, the
predominant ancestry groups were European (85%), African (6.5%), East
Asian (3.7%),admixed American (2.5%) and South Asian (2.3%). Overall,
71modelsare from primarily non-Europeanancestry donors. Some par-
ticipants showed complex ancestry admixtures (Supplementary Fig. 4).

Previous modelling efforts lack systematic clinical annotations
for each model. Here extensive clinical data, including treatment
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histories, were collected for 78% (n = 522) of the models (Supplemen-
tary Table 1and Supplementary Fig. 2). Data included patient overall
survival (74% of models, with overall survival range of 0-34 years), treat-
mentsreceived before and after tissue procurement and post-therapy
surival (median follow-up of 1.5 years) (Fig. 1e). A total of 318 models
were generated from treatment-naive tissue samples, and 168 were
generated from patients who had received previous therapy (Fig. 1f
and Supplementary Table 1).

Evaluation of genomic fidelity

For the 421 models with matched parental tumours, we first evaluated
DNA-level concordance. We compared ploidy and consensus copy
number calls from tumour-model pairs using whole-genome sequenc-
ing (WGS) (Methods, ‘Genome sequencing: copy number’). For the
420 models for which purity values could be ascertained, 406 models
had an estimated tumour purity of >80%, and very few (n =9) models
showed patterns of aneuploidy distinct from parental tumours. This
result suggests that subclonal outgrowth is uncommon (Extended
Data Fig. 2a-c). Moreover, 361 among 388 of the models with paired
tumours exhibited a DNA loss of heterozygosity (LOH) concordance
that exceeded 80% (average of 94%) (Fig. 2a).

Next, we evaluated concordance of single nucleotide variants (SNVs)
and insertions and deletions (indels). A median of 82.4% of SNVs and
indels were shared between tumour and normal pairs (Fig. 2a and
Extended Data Fig. 2d). Several low-concordance cases were associ-
ated with low tumour purity or formalin-fixed paraffin-embedding
(FFPE) of tumours producing sequencing artefacts (Fig. 2aand Methods
(‘Biospecimen processing and quality control’)). Five tumour-model
pairsstood out as markedly discordant (Extended DataFig. 2e,f). These
included two unique PAAD tumour-model pairs in which distinct
KRAS? mutations were observed between the tumour and the model.
This result probably reflects the multifocal and polyclonal nature of
PAAD (Supplementary Note 3).

We next assessed SNV mutational signatures by computing trinucleo-
tide signature scores and cosine similarity between each tumour-model
pair (Methods, ‘Analysis methods: Mutation signature’). We observed
well-known signatures for specific tumour types (Extended Data Fig. 3a
and Supplementary Table 2), which indicated that models retained
relevant exposure signatures. The consistency was significantly higher
than expected by chance (Fig. 2b). In the few pairs (n = 35; 8% of the
total) with discordant signature profiles (cosine similarity < 0.9), no
mutational signatures were consistently enriched in the models, which
suggests that discordance was unlikely to arise from ex vivo culture
(Extended DataFig.3b). These observations suggest that HCMImodels
faithfully recapitulate mutational signatures.

We next assessed whole-genome doubling (WGD) between tumour
and model pairs. Most models recapitulated tumour WGD status (88%)
(Fig. 2c), and the tumour-model ploidy was significantly correlated
(Pearson’s correlation r=0.53, P=1.84 x 10%; Fig. 2d). In 10% of the
pairs, WGD was detected in the model but not the matched tumour,
whereas WGD was seldom detected in the tumour but not the model
(2% of cases) (Fig. 2c). SNV-based analyses indicated that WGD events
detected only in models occurred later in the mutational timeline
(P=0.047,one-sided Mann-Whitney U-test). This finding is consistent
with culture-associated clonal selection or spatial sampling variation.
(Extended Data Fig. 3¢), and provides support that tumour genomic
structureis preserved.

Finally, we sought to confirm that well-known driver events were
conserved. Across all tumour-specific driver events analysed, 81%
of tumour events were retained in the models (Fig. 2e). Concord-
ance was highest for canonical alterations in BRAF (skin cutaneous
melanoma (SKCM)), KRAS (PAAD), APC (COAD and rectum adeno-
carcinoma (READ)) and TP53 (ESCA). Consistent with the literature
for glioblastoma (GBM)*?%, 80% of cases with extrachromosomal
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Fig.1|Overview of the HCMI resource and clinical demographics.

a, Schematic of the HCMIworkflow. b, Distribution of the 665 HCMImodels
derived from 637 patients by cancer type and patient demographics. Theinner
layer classifies HCMI donors by common versus rare cancers; the second layer
groups patients by age category (paediatric, adolescent and young adult (AYA)
and adult); the third layer groups tumours according to primary HCMI diagnosis,
with cancer types coded asin Supplementary Table1; the fourth layer maps
the tumour status (primary, recurrent, metastatic or non-malignant); whereas
the outer layer highlights underrepresented patientsinred, and patients with
multiple modelsinblue. ¢, Predicted continental ancestry of n=664 HCMI
models based ongenomic data. Each modelis represented by its majority
ancestry component (see Supplementary Fig. 4 for fullancestry proportion

assignments). d, Growth patterns of n=665HCMImodels, showing proportions
of 2D adherent, 3D organoid and 3D spheroid cultures across cancer types.

e, Patient vital status and duration of follow-up across cancer types (log scale
format). Box plots show the median (centreline), 25th-75th percentiles and

1.5x interquartile (IQR) whiskers. Individual data points are overlaid; circles
indicatealive patients and triangles indicate deceased patients, n=468 patients
withavailable vital status follow-up data. f, Number of models for each cancer
type, distributed by treatment status (left, treated, n=168; right, treatment
naive, n=318 models), PRRT, peptide receptor radionuclide therapy. Pie charts
show the percentage distribution of treatment types for both treatment status
cohorts.Schematicinacreatedin BioRender; Bhatia, S. https://biorender.
com/wq31pxj, https://biorender.com/i0a9q60 (2026).

EGFR amplification showed higher EGFR copy number in the tumour
than in the matched models (Extended Data Fig. 3d). On average, we
detected arelatively lower level of concordance in extrachromosomal
DNAs (ecDNAs) between tumour and model pairs, with 93 out of 212
(43.9%) of ecDNAs being model-specific and 69 out of 212 (32.5%) being
tumour-specific (Fig. 2f). We attribute most of this discordance to low
sequencing coverage (Extended DataFig. 3e). However, differencesin
invivo and ex vivo growth conditions may select for or against ecDNA
amplification, as previously observed®®.

Inaggregate, 22 (5%) models were deprioritized for further interro-
gation owing to low purity. These models were excluded from subse-
quentanalyses inthis paper, whichled toacollection of 643 prioritized
HCMImodels. In aggregate, our analyses confirmed that despite being
passaged in culture for at least 1 year (Supplementary Methods, ‘Bio-
specimen collection and establishment of in vitro cultures’), most HCMI
models (97.8%) retained at least two and often all four of the DNA-based
features that we evaluated herein (driver mutations, mutational signa-
tures, WGD and ploidy) (Fig. 2g).

Epigenetic and transcriptomic fidelity

We next evaluated epigenetic and transcriptional fidelity (Methods
(‘Transcriptional relatedness measurements’) and Supplementary
Table 3).First, for the 201 tumour-model pairs for which DNA methyla-
tion profiles were available, we found that190 paired distances (95%) were
smaller than expected by random chance (false discoveryrate (FDR) <0.1;
Fig. 3a and Supplementary Table 3). DNA methylation similarity was
positively correlated with estimated tumour purity (Pearson’s correlation
r=0.33,P<0.05; Extended DataFig.4a). Overall, 9 out of 11 models with
apparent epigenetic discordance were derived from tumours for which
tissue purity estimates were below 60%, which suggests that this result
is due to artefactual rather than biological discordance.

We next evaluated transcriptional concordance in 297 tumour-
model pairs using Celligner® (Methods, ‘Transcriptional relatedness
measurements: Celligner’). Celligner identified 242 pairs (81%) as
significantly concordant (Fig. 3b and Supplementary Table 3). Five
additional computational methods further confirmed concordance
(Fig. 3¢, Methods, Extended Data Fig. 4 and Supplementary Table 3).
Of the 286 models assessed by at least 4 of the 6 independent simi-
larity metrics, only 1 model (HCM-CSHL-0255-C18) was considered
non-concordant by 3 methods. Overall, 263 (92%) models were iden-
tified as discordant by no more than 1 method (Fig. 3c), aresult that
supports their ability to recapitulate key transcriptional states. Sub-
sequent RNA sequencing (RNA-seq) profiling of 14 additional models,
expanded independently at ATCC, did not reveal significant differences
(paired t-test, P=0.13; Extended Data Fig. 4c). These data show that
most HCMImodels preserve the transcriptional state of their parental
tumours.

Several pan-cancer and cohort-specific molecular subtype stratifica-
tions of tumour samples from The Cancer Genome Atlas (TCGA)* have
been proposed. These include a106-subtype stratification based on
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subtypes defined in the original TCGA publications for each cohort
(here, referred to as the tumour molecular pathology (TMP) subtypes®)
and a112-subtype stratification by multi-omics master-regulator analy-
sis (MOMA)*, which is based on activities of master regulator proteins.
Of all the tumour-model pairs in HCMI, a subset (n =272 out of 297,
92%) could be classified on the basis of both TMP and MOMA subtypes
(Supplementary Table 3).

Tumours and models from 160 (59%) and 177 (65%) of cases had
identical TMP or MOMA classifications, respectively. In total, 228
tumour-model pairs (84%) were coherently classified by at least 1
of the 2 methods (Fig. 3d and Extended Data Fig. 4d). As expected,
tumour-model pairs with high fidelity and identical TMP or MOMA
subtypes generally displayed strong master regulator conservation
(Fig. 3e). These results further confirm that most of the HCMI models
are biologically relevant proxies.

Culture media have been shown toinfluence transcriptional states®.
We therefore investigated this aspect and observed that GBM models
propagated in NeuroCult NS-A basal (NSA) medium were significantly
more similar to their parental tumours than those cultured in Propa-
genix conditioned medium (Fisher’s exact test, P=1.5 x 107*; Fig. 3f).
Expression differences were driven by the differential expression
of established mesenchymal and proneural GBM lineage markers®
(Fig.3g, Extended Data Fig 4e and Supplementary Table 3). Consistent
with these findings, gene set enrichment analysis*® identified EMT as dif-
ferential, which suggests that the type of mediumused for culture can
influence the transition of GBM cells from proneural to mesenchymal®
(Extended DataFig. 4fand Supplementary Table 3). We further evalu-
ated these observed effects of medium conditions by single-nucleus
transcriptional analysis (see below).

We performed medium-switching experiments (Supplementary
Fig. 5a). When the GBM model HCM-BROD-0416-C71 was cultured in
formulated-conditioned medium, it adopted new morphology (Fig.3h),
reduced nuclear SOX2 intensity (Supplementary Fig. 5b-d) and
cell-state-related transcriptional changes (Fig. 3i and Supplementary
Fig.5e). Together, these findings indicate that serum-driven programs
in GBM may exhibit plasticity. We did not observe major influences of
media in other cancer model lineages beyond GBM (Supplementary
Fig.6a,b). As expected, we found thatintegrative master regulator and
pathway analyses across seven core components of medium revealed
modest transcriptional influences of serum, WNT and TGFf inhibitor
supplementation (Supplementary Fig. 6¢,d).

Takentogether, datafrom DNA-based and RNA-based analyses show
that the majority of HCMItumour-model pairs were concordant geneti-
cally (98%, 365 out of 373) and transcriptionally (92%, 263 out of 286).
Consistent with previous reports*, mediaemerged as a potential con-
tributor to occasional transcriptional discordance.

HCMI expands model diversity

Giventhisfidelity in the subset of HCMI models with matched tumours,
we proceeded to evaluate the entire HCMI resource (n = 643) and
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Fig.2| Tumour genomic alterations arerecapitulated in cancer models.

a, Concordance of SNVsand LOH across 388 tumour-model pairs. Top, tumour
purity estimated from consensus copy number algorithms (Methods,
‘Consensus purity and ploidy’). Middle, fraction of variants shared between
tumour and model (light blue), model-specific (light red) or tumour-specific
(dark red). Bottom, analogous fractions for LOH events. b, Trinucleotide
mutation signatures were inferred by non-negative matrix factorization (NMF).
Similarity between tumour-model pairs was quantified by cosine similarity
and compared with abackground distribution from randomly paired samples.
Pairs with cosine similarity > 0.9 were considered concordant.c, Whole-genome
doubling (WGD) status across tumour-model pairs. Pairs were classified as
bothdiploid (light blue), both WGD (dark blue), model-only WGD (light red)

or tumour-only WGD (dark red). d, Comparison of ploidy estimates for
tumour-model pairs. Each point represents one pair andis coloured asinc.

e, Conservation of driver alterations across tumour-model pairs. Genes were
selected on the basis of mutation frequency (SNVs or copy number alterations
(CNAs)) ineach tumour type. TERT alterations refer to canonical promoter
mutations. Events were classified as shared (light blue), model-specific (light
red) or tumour-specific (dark red). Genes are annotated as gain-of-function
(red text) or loss-of-function (blue text). f, ecDNA events in tumour-model
pairs. Events were categorized as shared (light blue), model-specific (light red)
or tumour-specific (dark red). g, Fraction of tumour-model pairs concordant
across up to four metrics: LOH, SBS signature similarity, WGD status and SNVs
orindels.
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compared results with the Cancer Cell Line Encyclopedia (CCLE)!
(n=1,377). HCMI doubles the number of publicly available colo-
rectal, pancreatic and oesophageal cancer models, and increases
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the representation of other cancers by a median of 25.4% (range
of 1.2%-85%) (Fig. 4a, Extended Data Fig. 5a and Supplementary
Table 4).
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Fig.4|Comparison of HCMI, TCGA and CCLE. a, Stacked bar plot of disease-
typedistributionsin HCMI (red) and CCLE (blue) models. Percentages indicate
relative expansion achieved with HCMI versus CCLE. b, Top, donut chart
summarizing 42 models across 17 rare subtypes exclusive to HCMI. Bottom,
circos plots of rare tumour-derived models. From outer toinner:ideograms,
copy number profiles and mutation patterns. Major or minor copy numbers are
showninredorblue, respectively; gains, losses and LOHinred, blue and orange,
respectively. Inner tracks show variant allele frequencies (VAFs) with selected
driver mutations. Central panels display corresponding histology. Histology
images correspond to individual patient whole slide images. Scale bars, 50 pm.
¢, Uniform manifold approximation and projection (UMAP) plot of cancer-
associated DNA hypermethylation for HCMItumours (n =155, triangles),
HCMImodels (n =377, circles) and TCGA-TARGET tumours (n = 6,351, squares).
Shared cancer types are shown; colours denote cancer type.d, UMAP of
Celligner-aligned gene expression for the same samples and cancer types

asinc, withidentical shapesbut for RNA. e, Heatmap of cancer-associated DNA
hypermethylationin HCMI (89 tumours, 235 models) and TCGA (n =931),
grouped by TMP subtype and hierarchically clustered (g values: low, blue; high,
red).f, Supervised heatmap of inferred protein activity (MOMA or OncoMatch)
inHCMI (195 tumours, 439 models) and TCGA (n=1,054). Columns denote
samples (black, HCMI; grey, TCGA); rows show top 50 activated proteins per
subtype.Sample types: tumour (white), 2D (red) or 3D (blue). g, Violin plots
showing OncoMatch protein activity similarity (NES) of the best model in HCMI
(red), CCLE (blue) or both (green). Box plots show median, 25-75th percentiles
and 1.5x IQR whiskers; outliers are not shown butincluded in the analyses. See
Extended DataFig. 5f for remaining cohorts. Numbers on the x axis denote
cohortsizesinthe HCMI (H) and CCLE (C) datasets. Indicated P values represent
HCMI versus CCLEand HCMI versus both (two-sided Mann-Whitney, Benjamini—
Hochberg-corrected).

Notably, the HCMIresource includes 153 models of rare cancers, 42 of
whichrepresent 17 histologically distinct cancer subtypes that are not
included in the CCLE, such as angioimmunoblastic T cell ymphoma,
desmoid tumour, small intestine atypical carcinoid, peripheral T cell
lymphoma-not otherwise specified, and clear-cell sarcoma. HCMl also
includes models of pre-malignant lesions, including sessile serrated
colon polyp, colon tubular-tubulovillous adenoma and intraductal
papillary mucinous neoplasm of the pancreas (Fig. 4b, Extended Data
Fig.5b and Supplementary Table 4).

Toassess whether the HCMIresource recapitulated tumour diversity
atacohort level, we compared genomic, epigenomic and transcrip-
tional features with cohorts from TCGA® and the therapeutically appli-
cableresearchto generate effective treatments (TARGET) programme
(https://www.cancer.gov/ccg/research/genome-sequencing/target).
Driver alterations were largely conserved in COAD, PAAD, ESCA and
breast cancer (BRCA) cohorts (Extended DataFig. 5b). DNA methylation
and transcriptional profiles showed strong alignment with histology-
matched tumours (Fig.4c,d and Extended Data Fig. 5d,e). Unsupervised
clustering of the four largest HCMImodel cohorts (COAD-READ, ESCA-
stomach tubular adenocarcinoma (STAD), GBM and PAAD) effectively
recapitulated TMP* subtypes (Fig. 4e and Methods (‘Transcriptional
relatedness measurements: MultiClass pair classification-based dis-
tance calculation’)). Using MOMA®, HCMI samples were classified into
eight COAD, three STAD, five GBM and seven PAAD subtypes on the basis
of master regulator activity (Fig. 4f and Supplementary Tables 5-7).
Models and tumours broadly spanned the full spectrum of TCGA-
defined subtypes, with over-representation for several substates (Fig. 4f,
Methods (‘Transcriptional relatedness measurements: MOMA subtype
comparison, OncoMatch analysis’) and Supplementary Tables 5-7).

Recent studies have shown that the OncoMatch algorithm®*° can
help identify translational-relevant models on the basis of conserva-
tion of master regulator activity®. Thus, for each TCGA sample, we
tested whether HCMI, CCLE or the combined repositories (HCMI-CCLE)
had at least one high-fidelity, histology-matched model (Fig. 4g and
Extended DataFig. 5f). HCMI outperformed CCLE inmodelling 11 out of
19 cancer types (Benjamini-Hochberg-adjusted P< 0.05 by atwo-sided
Mann-Whitney U-test). By contrast, CCLE outperformed HCMI in six
cancer types; however, four out of these six, were HCMI cohorts with
asmall number of models (n < 10) (Extended Data Fig. 5f).

When HCMIand CCLE models were combined, the fraction of TCGA
tumours for which a high-fidelity model was availableincreased, result-
ingin77.3% (n=6,902) of TCGA tumours having at least 1 high-fidelity
model (normalized enrichment score (NES) > 10). Thus, HCMland CCLE
are complementary resources for modelling human cancers.

Single-cell analysis of tumour-model pairs

We proposed that single-cell heterogeneity may account for at least
some of the observed divergence between certain models and their
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parental tumours. We selected a representative subset of 16 tumour-
model pairs for single-nucleus transcriptomic analysis, including 7
GBM, 6 PAAD and 3 COAD pairs (Fig. 5a). GBM modelsincluded both2D
models (n=4), of which one was propagated in conditioned medium
and threeinNSA medium, and 3D models (n = 3), which were cultured in
NSA medium. Selected PAAD modelsincluded 3D organoids established
in OPAC (n=1) and hCPLT-1 media (n = 5) (Supplementary Table 8). In
total, 217,749 single-nucleus RNA sequencing (snRNA-seq) profiles were
generated and analysed, including 117,257 from models and 100,492
from parental tumours.

For GBM tumour-model pairs, we annotated single nuclei using
four cell states, as previously reported*’. Transformation to the
mesenchymal state is often associated with an immunosuppressive
microenvironment and therapy resistance**2. Cell states of three
parental tumours were effectively retained in their cognate models,
whereas the remaining four pairs showed different levels of transcrip-
tional divergence (Fig. 5b,c). Specifically, three models (HCM-BROD-
0012-C71, HCM-BROD-0002-C71and HCM-BROD-0199-C71) presented
almostacomplete shift to amesenchymal state, whereas the remaining
(HCM-BROD-0415-C71) presented at least partial recapitulation of
heterogeneity. Most parental tumours showed only minimal stromal
infiltration, consistent with the purity estimates, which reduces the
possibility of TME-dependent differences in transcriptional state
(Extended Data Fig. 6a). In support of the above-described results
from analyses at the bulk expression level (Fig. 3g), models cultured
inNSA medium (Fig. 5d) retained more heterogeneity of the parental
tumour. By contrast, those cultured in conditioned medium (Fig. 5d)
showed an almost complete shift towards amesenchymal state. Con-
sistent with the models generated, pathway analysis of malignant cells
showed analogous changes in proliferative, metabolic and inflamma-
tory pathways (Extended Data Fig. 6¢c and Supplementary Table 9). By
contrast, the main differencesin the divergent model were related to
the shift froma progenitor toaproneural state (Extended Data Fig. 6¢
and Supplementary Table 9).

In PAAD, stromal subpopulations present in tumours were lost
during model generation (Extended Data Fig. 7a,d). Classification
using recently proposed subtypes® effectively stratified single cells
from HCMI tumour-model pairs (Fig. 5e,f). Morphogenic-like and
primitive-like populations showed modest shifts in abundance,
whereas qualitative parental tumour heterogeneity was largely pre-
served across models, except for HCM-BROD-0110-C25, which pro-
duced too few nuclei for comparison (n =169) (Fig. 5f,g). Changes
in pathway activity were consistent with culture conditions, includ-
ing proliferation and metabolism (Extended Data Fig. 7c). Pathway
analysis for the three profiled tumour-model pairs from the COAD
cohort was highly consistent with findings from other cohorts
(Extended Data Fig. 8). Taken together, these data suggest that HCMI
models retain cell-state heterogeneity at the single-cell level in many
instances.
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Fig.5|Assessment of HCMImodel drift by single-nucleus RNA studies.

a, Analysis workflow for single-nucleus RNA-Seq (snRNA-seq) data. b, Heatmap
showing the enrichment analysis in malignant cells (cells: total n =105,944,
tumour 39,405; model n=66,539) across seven GBM tumour-model pairs.
Rows indicate mesenchymal (MES)-like, neural progenitor cell (NPC)-like,
oligodendrocyte progenitor cell (OPC)-like and astrocyte cell (AC)-like cellular
states®’. Columns indicate samples, grouped by pair and sorted sequentially as
tumours (T) and matched models (M). Sample key: 416, HCM-BROD-0416-C71;
213, HCM-BROD-0213-C71; 028, HCM-BROD-0028-C71; 415, HCM-BROD-0415-
C71;199, HCM-BROD-0199-C71; 012, HCM-BROD-0012-C71; and 002, HCM-
BROD-0002-C71. ¢, Bar plots displaying malignant cellular states across seven
GBM tumour-model pairs®™, sorted sequentially as tumours and matched
models. Cellslabelled as ‘Unknown’inbare not shown. d, Principal component
analysis (PCA) of cell-type compositionin conserved (416) and divergent
(002) GBM tumour-model pairs. 416 (model, 3D; media, NSA) shows cell-state
conservation; 002 (model, 2D; media, CM) shows drift towards a MES-like state.

e, Heatmap showing enrichment analysis in malignant cells (total n=56,526;
tumours, n=16,226, models, n=40,300) across six PAAD tumour-model pairs.
Rows indicate transcriptional states: morphogenic-like (MOS), primitive-like
(PLS) and gastrointestinal-like (GLS)*®. Columns indicate single nucleus samples
and are grouped by pair and sorted sequentially as tumours or matched models.
Samplekey: 073, HCM-CSHL-0073-C25; 078 and 078 m, HCM-CSHL-0078-C25,
primary and metastatic, respectively; 089 and 089m, HCM-CSHL-0089-C25,
primary and metastatic, respectively; 110, HCM-BROD-0110-C25.f, Bar plots
displaying malignant cellular states across six PAAD tumour-model pairs*,
sequentially sorted as tumour and matched model. Malignant cells comprise
PLS, GLS and MOS subpopulations or cell types. g, PCA showing malignant
subpopulations acrossthe PAAD cohort (left) and for tumour-model pairs 078
and 089 (right). For the right panels, parental tumours and their matched models
arejointly plotted, highlighting preservation of malignant subpopulations
albeit at different frequencies. Schematicinacreated in BioRender; Zanella, L.
https://biorender.com/aqeeShf (2026).
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Fig. 6 | Translational utility of the HCMIresource. a, Frequencies of HCMI
modelresistance hotspot mutations across cancer types. b, Swimmer plot for
the GBM cohort, highlighting the relative contributions of each sample to the
MMR-temozolomide (TMZ) mutational signature. c, Violin plots depicting the
high expression of recurrent ecDNA-amplified oncogenesin cancer models.
Each panel shows a specific oncogene (for example, MYCN, KRAS or EGFR);
coloured points represent the model cancer type. Eachviolinindicates the
distribution of gene expressionacross allmodels. Sample-gene combinations
withlog,[transcripts per million (TPM)] < 0 are excluded from the plot.

d, Oncoprint plot summarizing the pathogenic germline variantsin potential
Lynchsyndrome HCMI cancers. e, Overview of the HCMI Explorer Suite Shiny
application. The Clinical module (1) displays interactive swimmer plots,
revealing treatment timelines for the selected cancer type (or types). The
Genomicmodule (2) visualizes the selected purity (%), mutational signatures
andthe detected ecDNA of the model. The Celligner module (3) shows the RNA
distance UMAP plot that compares the selected HCMI model and its parent
tumour to external TCGA and CCLE datasets.

Translational utility of HCMI models

We nextintegrated deidentified patient clinical data with molecular data
toidentify possible translational opportunities for the use of HCMImod-
elstostudy therapeutic resistance. The HCMI collectionincludes models
that are derived from patients with 491 treatment events after model
generation (naive models) (Extended Data Fig. 9a) and 533 treatment
events before model generation (post-treatment models) (Extended
DataFig.9b). Overall, they represent 6 therapeutic classes that encom-
pass 33 distinct mechanisms of action (Extended Data Fig. 9a,b).

We nextidentified modelsin our collectionthat had acquired known
driver and hotspot resistance mutations** ¢ (Fig. 6a and Extended Data
Fig.9c).Inboth naive and treated models, we found RAS family muta-
tions (KRAS, NRAS and HRAS) in 228 models, recurrent alterations in
PIK3CA (n=85) and FGFR mutations (n = 54), among others, including
432 TP53mutations (Extended Data Fig. 9c). This analysis identified a
total of 234 models with variants reported in the COSMIC resistance
reference set” (Fig. 6a).

In total, 82 HCMI models were from patients who received immu-
notherapy and 25 models were established from tumours that had
previously been exposed to animmunotherapeutic. With respect to
biomarkers relevant to immunotherapy resistance, we observed an
expected range of expression of PDL1and PDL2 and HLA allele-specific
expressionloss. Notably, one melanoma model, HCM-BROD-0710, had
aJAK2.p1013F mutation (Extended Data Fig. 9d), arareimmune-evasion
alteration*. These findings highlight the utility of HCMI models and
datain dissecting molecular mechanisms of cell-intrinsic responses
toimmunotherapy.

Previous studies have shown that intrinsicand acquired resistance to
the chemotherapy temozolomide is associated with mismatch repair
(MMR) deficiency*~'. Examination of the GBM models revealed the
presence of MMR mutational signatures linked to intrinsic resist-
ance (SBS6, SBS15, SBS26 and SBS44) as well as acquired MMR defi-
ciency associated with temozolomide resistance (SBS11) (Fig. 6b).
Areview of treatment histories showed that HCM-BROD-0648-C71,
HCM-BROD-0782-C71and HCM-BROD-1123-C71 exhibited a high num-
ber of treatment cycles of temozolomide exposure (Fig. 6b) and patho-
genic mutations in MMR genes (for example, MSH6). The patient from
which HCM-BROD-0681-C71 was generated had a germline MMR variant
(in MSH2), combined with the SBS11 signature, which was also been
associated withlong-termtemozolomide exposure (820 days) (Fig.6b).
Notably, although the tumour from which HCM-BROD-0925-C71
was generated was subjected to long-term temozolomide exposure
(1,484 days), the model lacked the temozolomide-associated SBS11
signature. Further review of the integrated clinical datarevealed that
this patient’s tumour had an unmethylated MGMT promoter (MGMT
proficient), which confers upstream resistance to temozolomide.
After exploring ecDNA events with clinical relevance, we observed
that the GBM model HCM-BROD-0613-C71 exhibited a MYCN ecDNA
amplification and high MYCN expression (Fig. 6¢c and Extended Data
Fig. 9e). These findings highlight the ability to use the linked clinical
and molecular HCMI data to study resistance.

After functional validation, models with the SBS11 signature exhib-
ited significantly attenuated temozolomide sensitivity compared

with non-SBS11 counterparts (Wilcoxon P < 0.05), independent of
MGMT promoter methylation status (Supplementary Fig. 7a-c).
These results confirm that mutational signatures of acquired resist-
ance translate into functional resistance®*2. The MYCN-amplified
model HCM-BROD-0613-C71also displayed temozolomide resistance
consistent with an unmethylated MGMT promoter (Supplementary
Fig.7a).

Finally, we leveraged germline data to interrogate models
related potentially to cancer predisposition syndromes. We identi-
fied 13 patients with germline mutations consistent with Lynch syn-
drome variants, including 5 models with loss-of-function pathogenic
variants in MSH2, MSH6, MLH1 or PMS2 (Fig. 6d and Extended Data
Fig. 9f). We conducted survival analyses for colorectal cancers among
cases associated with Lynch syndrome and noted that these cases had
afavourable prognosis (Supplementary Fig. 8). Thus, HCMImodels are
likely to be valuable for the functional study of germline-driven cancer
predisposition disorders.

To facilitate exploration of the clinical and molecular features and
to support translational research, we developed the HCMI Explorer
Suite (https://appshare.cancer.gov/HCMI_Explorer_Suite/), aninterac-
tive Shiny tool for integrating and visualizing HCMI data (Fig. 6e and
Supplementary Fig.9). The tool provides access to patient treatment
histories, model development timelines, genomic profiles and Cel-
ligner transcriptional mapping (Fig. 6e), which enables translationally
focused users to select optimal models.

Discussion

Here we presented the generation and comprehensive molecular char-
acterization of 665 human cancer models and 581 tumours (413 that pro-
duced models and168 from failed derivation attempts), together with
detailed clinical characterization of the patients who donated tumour
specimens. Notably, such models maintained high concordance with
the primary tumour with respect to DNA alterations (97.8%) and RNA
expression (92%), despite being cultured for a year or longer ex vivo.
This fact and the scale of the resource provide new opportunities for
the scientific community toinvestigate the therapeutic consequences
of awide range of genetic alterations and transcriptional states. For
example, the two companion papers?**? demonstrate that the HCMI
models are indeed suitable for high-throughput characterization of
genetic dependencies using genome-wide CRISPR-Cas9-based screens
and systematic assessments of drug sensitivity.

Cell lines and organoid cultures have important limitations, sev-
eral of which are documented herein. Moreover, a growing body of
literature®****>* indicates that components of tissue culture media
are key drivers of cell-state plasticity in cancer models. For exam-
ple, our demonstration that NSA medium maintains the transcrip-
tional states of GBM tumours, whereas other media do not, are
reminiscent of recent reports that describe a similar influence of
growth medium on cell states of pancreatic cancer models®. Such
cell-state plasticity can be reversible, which suggests that models
that have transcriptionally shifted can be converted into a state that
is more faithful to the tumour by changing ex vivo growth conditions
before experimentation.
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The HCMImodels are well suited to the systematic, scalable discovery
of new targets and mechanisms of cancer. However, the absence of
stromal and immune cells inthe HCMI models limits their applicability
inthe study ofimmune responses; other model formats will be needed
tofill this gap. Despite this limitation, in asubset of 25 models derived
from patients previously treated with immunotherapy, we examined
features previously associated with resistance phenotypes. Although
these models lack animmune microenvironment, they may serve asa
resource for studying tumour-intrinsic mechanisms of resistance and
for identifying alternative therapeutic strategies.

Although most models were highly concordant with their parental
tumours, approximately 4-8% of models seemed to be less concord-
ant. For 16 tumour-model pairs, we performed snRNA-seq to clarify
mechanisms of discordance at the single-cell level. These data sup-
ported the existence of three distinct mechanisms: (1) purification,
in which loss of stromal and immune infiltrates present in the parent
tumour are typically absent in cancer models; (2) selection, in which
there is selective evolutionary outgrowth of a minor cancer subclone
from the primary tumour; and (3) epigenomic plasticity, in which a
transcriptional shift alters the relative representation of malignant
cell states in models compared with the tumour of origin (in some
cases, this was due to the culture medium). Despite the epigenomic
plasticity of the cell state of some models, most models retained some
representation of each of the cell states found in the parental tumour.
This result suggests that single-cell analysis of HCMI models could
gauge the influence of the most defined cellular states in response to
drugs and to other perturbations.

Recentreports have highlighted the under-representation of publicly
available cancer models of rare cancers, rare genotypes and cancers
from ethnic and ancestry groups other than those of European ori-
gin®*”’, We took specific steps to address those challenges. These efforts
were partially successful; the HCMI includes 153 rare cancer models
and 38 models from patients of recent African descent.

However, we acknowledge that this diversity is insufficientand that
further efforts are needed internationally to develop cancer models
thatavoid historical biases to ensure that research benefits all patients
with cancer.

Withtheinclusion of the CCLE cell-line resource, over 2,000 publicly
available cancer models now exist in the public domain (https://can-
cermodels.org/). However, in a post-TCGA and International Cancer
Genome Consortium (ICGC)* era, we recognize the scale of diversity
of tumour subtypes, genetic alterations and phenotypic states that
dictate the prognosis and treatment response of patients with cancer.
Thus, we consider that the HCMI effort is only the beginning. That is,
an order of magnitude expansion in publicly available cancer models
may be needed to fully capture the heterogeneity of human cancers
and to power the future of drug discovery for all patients.
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Methods

Biospecimen processing and quality control

Before extracting nucleic acids, pathology quality control (QC) was
performedonallfrozen and FFPE tumours and normal specimens. From
frozentissue,a30 mgor smaller piece was prepared, or an equivalent
amount of scrolls were cut from a FFPE block, with sections stained with
haematoxylin and eosin taken fromthe top and bottom of each speci-
men. The stained slides were scanned and their pathology reviewed to
confirm that the tumour was consistent with the reported histology,
and to assess the per cent tumour nuclei, per cent necrosis and other
pathological features. The tumour nucleus and necrosis percentages
fromthetop and bottomslides were averaged, and tumour specimens
with an average of 250% tumour nuclei and <20% necrosis were submit-
ted for nucleicacid extraction. Normal tissues were rejected if they had
any detectable tumour cells.

DNA was extracted from normal blood and saliva specimens. DNA
and RNA were co-extracted from tumours, solid normal tissues and
cancer models. Before extraction, cancer models were first washed
withice-cold PBS toremove residual Matrigel. Frozen tissues and can-
cer models were homogenized using a Qiagen TissueLyser, and RNA
and DNA were extracted using amodification of the DNA/RNA AllPrep
kit (Qiagen). The homogenate was applied to a Qiagen DNA column,
and the flow-through was processed using a mirVana miRNA Isola-
tion kit (Ambion). FFPE specimens were deparaffinized and cells were
lysed. The pellet underwent DNA extraction using an AllPrep FFPE kit
(Qiagen), whereas the supernatant underwent RNA extraction using
aHighpure miRNA kit (Roche). Blood specimens were extracted using
aQiaAmp DNA Blood Midi kit (Qiagen), and saliva was extracted using
a Gentra Puregene Buccal Cell kit (Qiagen).

DNA was quantified by PicoGreen assay and RNA was quantified by
measuring the absorbance at 260 nm with a UV spectrophotometer.
DNA quality was assessed by 1% agarose gel electrophoresis to confirm
high-molecular-weight fragments. RNA was analysed usingaRNA6000
Nano assay (Agilent) onan Agilent Bioanalyzer, which returns an RNA
integrity number (RIN) for RNA from frozen tissues, or aDV200 for RNA
extracted from FFPE specimens. All extracted DNA was subjected toa
custom Sequenom ssingle-nucleotide polymorphism (SNP) panel or an
AmpFISTRIdentifiler (Applied Biosystems) to verify that all specimens
representing a case were derived from the same patient.

Genome sequencing

Data processing. The Genomics Data Commons (GDC) DNA-seqalign-
ment pipeline*’, was used to map WGS reads to a customized version
of GRCh38. In brief, reads were aligned using BWA-MEM (v.0.7.15)°,
followed by sorting, merging and duplicate-marking using Picard Tools
(v2.26.10). Base quality scores were recalibrated using GATK (v.3.7.0)%®
and BQSR. Sample contamination levels were estimated using GATK
ContEst, and samples with contamination levels exceeding 4% were
excluded from further analyses.

SNV and indel calling. The New York Genome Center pipeline. The New
York Genome Center (NYGC; v.6) somatic SNV-indel-calling pipeline®
was run for each tumour-normal and model-normal pair, starting
fromthe GDC-aligned BAM files. Inbrief, SNVs, multi-nucleotide vari-
ants (MNVs) and indels were called using MuTect2 (GATK v.4.0.5.1)%2,
Strelka2 (v.2.9.3)%* and Lancet (v.1.0.7)%*. Indels were also called using
SVABA (v.0.2.12)%. Candidate indels predicted by Manta (v.1.4.0)* were
used as input to Strelka2, as per developer recommendations. Vari-
ants were merged across callers and annotated using Ensembl (v.93)%,
COSMIC (v.86)*,1000Genomes (Phase3)®®, Clinvar (201706)%°, Poly-
Phen (v.2.2.2)"°, SIFT (v.5.2.2)"}, FATHMM (v.2.1)”%, gnomAD (r.2.0.1)"®
and dbSNP (v.150)™, using Variant Effect Predictor (v.93.2)”. From the
final callset of SNVs and indels, we filtered those that met the follow-
ing criteria: occurred in two or more individuals in a panel of normal

samples®; those that had aminor allele frequency (MAF) of at least 1% in
1000Genomes oringnomAD; had atumour VAF less than 0.0001; had a
normal VAF greater than 0.2; had depthlessthan2in either the tumour
orthe normal sample; oraVAF inthe normal sample greater thanin the
tumour sample. The aforementioned panel of normal samples was con-
structed from242 unrelated individuals, of which 148 were sequenced
using HiSegX in the lllumina Polaris project™, 73 were sequenced using
HiSeqX atthe NYGC, 11were sequenced using NovaSeqat the NYGC, and
10 were sequenced on both HiSeqX and NovaSeq platforms at NYGC.
Broad pipeline (whole-exome sequencing).Whole-exome sequencing
(WES) BAM files were processed as described in the section ‘Data pro-
cessing’. Variant calling was performed as previously described””. SNVs
were called using MuTect and small indels were called using Strelka.
Tumour-in-normal contamination estimation was performed using
deTiN, and cross-participant contamination was estimated using Con-
tEst. WES variant calling was performed as previously described”.
A similar pipeline was used for processing variant calls from WGS.
WashU pipeline. The somatic variant pipeline TinDaisy2 (v.2.6.2; https://
github.com/ding-lab/TinDaisy) was built around the common workflow
language and rooted in the methods of an earlier GenomeVIP pipe-
linearchitecture’. For both WGS and WES data, we used TinDaisy2 for
calling both SNV and indel variants. In brief, aligned BAMs for tumour
and normal samples were processed using VarScan (v.2.3.8)”, Strelka2
(v.2.9.10)%, Pindel®® and MuTect (v.mutect-1.1.7)%". Filtering was per-
formed to retain calls with length <100, normal VAF < 0.02, tumour
VAF > 0.05, tumour read depth > 14 and normal read depth > 8. Only
variants identified by at least two or more callers were retained. Fol-
lowing annotation using VEP 99 (ref. 82), calls with a population allele
frequency of <0.005 wereretained, and those thatarein dbSnP but not
in COSMIC* or ClinVar®® were excluded. Adjacent SNP variants were
merged into double nucleotide polymorphisms and higher-order
variants, and the resulting VCF output was normalized with bcftools
(v.1.10.2)%,

Consensus method. The workflow MergeParticipantVcfs was run for
all participants in the cohort. First, single-pair VCFs and MAFs from
the NYGC (v.6) somatic pipeline, the Broad somatic pipeline and the
WashU somatic pipeline were prepared for merging with the MergeVcf
workflow. Multi-allelic calls were split, MNVs were labelled and then split
into SNVs, centre names were prepended to all annotations and indels
were left-aligned and normalized. Prepared VCFs were merged using
BCFTools®. During the merge-normalization of variants, the merging
of SNPs into indels was not allowed. We calculated allele depth, read
depthandallele frequency from BAM pileups using acustom method as
described previously desribed®. MNVs were re-established. If a pipeline
reported only a subset of the SNVs that constitute an MNV, then the
SNVs were also reported as a possible variant.

The merged, pair-level VCFs were merged again in the same fashion
asdescribed above using the MergeParticipantVcfs workflow. Next, we
ran the MergeParticipantVcfs workflow, MuTect2 (GATK v.4.0.5.1)** on
the multisample VCF, in forcecalling mode. AMuTect2 filter with read
orientation metrics was run on the force-called results. The filtered
MuTect2 calls were used to annotate the merged centre VCF. The final
genotype was taken from the MuTect2 forcecalls and all other MuTect2
annotations were included with the prefix “Mutect2Multi_”

The non-normalaliquots that the variant was called in, and the list of
callers supporting the variant, were annotated in the VCF. Variants were
also annotated using Ensembl variant effect predictor (v.97)¢” as well
as the databases COSMIC (v.98)*,1000Genomes (Phase3)®®, ClinVar
(09012020)%, Polyphen2 (v.2.2.2)7, SIFT (v.5.2.2)”", FATHMM (v.2.1)7,
gnomAD (Genomes (v.3.1.2) and Exomes (v.2.1.1))”>and dbSNP (v.150).

The annotated calls were used as input for the MakePairHighConfi-
denceVcfs workflow and filtered into final HighConfidence VCFs. Calls
were removed if MuTect2 failed the call. Calls were added for a pair if
they had read support in allnon-normal WGS BAM s for that participant
(evenifthe variant was not formally called for this pair).
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Copy number calling. Ascat method. Purity and ploidy estimates were
generated for each tumour-normal and model-normal pair using
AscatNGS (v.4.2.1)% using default parameters.

ABSOLUTE method. Copy number segmentation was performed using
fragcounter and ReCapSeg, and subsequently with AllelicCapSeg.
AllelicCapSegoutput files were used asinputs for ABSOLUTE, with WES
(whenavailable) or WGS mutation calls used toinfer allelicinteger copy
number profiles. AllABSOLUTE calls were manually curated to identify
the ABSOLUTE with integer copy number states best aligning with the
observed copy number values. In samples with no CNAs, the optimal
ABSOLUTE solution was inferred from SNV multiplicity.

ReMixT method. We applied ReMixT®¢ to predict allele-specific and
clone-specific copy numbers from WGS samples according to previ-
ously described methods®’.

PURPLE method. For each tumour-normal or model-normal sample
pair, we generated a B-allele frequency of heterozygous SNP sites using
AMBER (v.3.5)%%, and we determined read depth ratios using COBALT
(v.1.11)%. We integrated this information, together with somatic SNVs
and structural variants (SVs) to estimate the purity, ploidy and copy
number profile of the tumour using PURPLE (v.2.54)%. Tumour and
model samples that did not have a matched normal sample were pro-
cessed in a similar manner, but with several version changes: AMBER
(v.3.9), COBALT (v.1.13) and PURPLE (v.3.4). AMBER, COBALT and PUR-
PLE were developed by the Hartwig Medical Foundation and are freely
available on GitHub (https://github.com/hartwigmedical/hmftools).
HATCHet method. For each tumour-normal or model-normal sample
pair, we ran HATCHet-2 (ref. 89) and estimated purity and ploidy. We
used default parameters, but with the following exceptions. The mini-
mum and maximum number of states and state transition probability
in the hidden Markov model were set to 20,40 and 1072, respectively,
whereas ‘diploidbaf’ and ‘maxneutralshift’ parameters were both set
to 0.06. The search space for the number of clones was between two
and four. A Gurobi commercial optimizer was used as the preferred
engine for solving integer linear programming.

Consensus method. For eachsample, the ABSOLUTE solution for which
values were nearest to the consensus purity and ploidy values was
selected as the consensus copy number solution. In cases when the
optimal ABSOLUTE purity and ploidy solution and the consensus purity
and ploidy solutions were divergent, the consensus solution was still
selected. ABSOLUTE forcecalling was performed using each selected
purity and ploidy solution with the output being the segmented allelic
copy number state at each genomic locus.

SV calling. NYGC pipeline. The NYGC (v.6) somatic SV-calling pipeline®
was run for each tumour-normal and model-normal pair, starting
from the GDC-aligned BAM files. In brief, SV breakpoints were called
using SVABA (v.0.2.12)%, Manta (v.1.4.0)%® and Lumpy (v.0.2.13)°°. We
excluded SVs below 500 bp, merged the rest across callers using bed-
tools (v.2.26.0), pair-to-pair with the slop parameter set to 300 bp,
and requiring the same strand orientation and at least 50% reciprocal
overlap. SVs were annotated using 1000Genomes (Phase3)®, DGV®,
gnomAD-SV**and the SV panel of normals (built from the same individu-
als as the NYGC SNV-indel pipeline) with bedtools pair-to-pair, using
the same parameters as for the merge across callers. We removed from
the final callset any SVs that overlapped variantsin1000Genomes, DGV,
gnomAD-SV or the panel of normals.

Broad pipeline. SVs were called using Manta®®, SYABA® and dRanger®*.
Breakpointer® was used to refine breakpoint locations of called vari-
ants. Thesame SV had to have been called across at least two of Manta,
SvABA and dRanger (using a clustering window of 350 bp to match the
SVtothe sameevent) toshow upinthefinal callset. Certainfilters were
applied across various steps of the pipeline based on span, mapping
quality and reads of support for SV events.

WashU pipeline. We used Manta (v.1.6.0)° for calling SVs on matched
tumour-normal WGS data. We then filtered results to retain variants

that met the following criteria: (1) the sample site depth was less than
3xthe median chromosome depth near one or both variant breakends;
(2) the somatic score was greater than 30; and (3) for a small variant
(<1,000bases) inthe normal sample, the fraction of reads with MAPQO
around the breakend did not exceed 0.4. We then converted VCF files
to BEDPE format with svtools (v.0.5.1)* (https://github.com/hall-lab/
svtools).

MSKCC pipeline. Weidentified SVs using deStruct (v.0.4.18)° and LUMPY
(v.0.2.12)°°, retaining only the breakpoints called by both methods. We
applied filtering based on the following criteria: inter-breakpoint dis-
tances of <30 bp; deletions smaller than 1,000 bp; breakpoints with
fewer than 5 supporting reads in the tumour sample; or any read sup-
portinthe matched normal sample.

EMBL-EBI pipeline. For tumour-normal and model-normal sample
pairs, somatic SVs were called using GRIDSS2 (v.2.12.0)”, annotated
with RepeatMasker (v.4.1.2)%, and kraken2 (v.2.1.2)°° and filtered with
GRIPSS (v.1.9)°°, The final somatic SV set was further refined and anno-
tated with the copy number profile estimated using PURPLE (v.2.54)%,
SVs and copy number profiles were visualized using the ReConPlot
R package (v.1.0)"°". Tumour and model samples without a matched
normal sample were processed in a similar manner but with several
version changes: GRIPSS (v.2.0.1) and PURPLE (v.3.4).

Consensus method. Consensus SVs from the NYGC Broad, WashU,
MSKCC and EMBL-EBI were identified as previously described'*? using
bedtools pair2pair with minor modifications. The original consensus
algorithm used single-caller VCFs as inputs, whereas the modified
pipeline uses multicaller consensus inputs from each centre. Moreover,
the original pipeline used a slop value of 400, whereas the modified
pipeline uses aslop value of 50. SVs called by pipelines from two or more
analysis centres were accepted into the final SV consensus.

Purity and ploidy. ESTIMATE. Tumour purity was computed according
to the ESTIMATE algorithm'®, which generates acomposite ESTIMATE
scorethat represents the quantification of predefined gene signatures
of non-tumour components (stromal and immune) in gene expres-
sion data. Tumour purity was then inferred using the following for-
mula: tumour purity = cos (0.6049872018 + 0.0001467884 x ESTIMATE
score).

Consensus purity and ploidy. We computed consensus tumour and
model purity and ploidy from the purity and ploidy values from five
DNA-based copy number callers (Ascat, ABSOLUTE, ReMixT, PURPLE
and Hatchet) and purity values from a sixth RNA-based caller (ESTI-
MATE). Consensus purity was computed using an iterative process
wherein the mean purity across all callers was first computed. If the
individual purity values across all six purity callers fell within +0.2
of the mean purity, then the mean purity was accepted as the con-
sensus purity. If one or more callers fell outside the window, then
the furthest caller from the mean was removed and the mean ploidy
was recomputed. This process was repeated until all remaining call-
ers converged on a consensus purity value or when fewer than three
callers remained. In the latter case, the purity value was accepted as
the value from ABSOLUTE or, in cases when there was no ABSOLUTE
value, from PURPLE.

Ploidy values for each individual caller were first binned into ploidy
classes: haploid (ploidy < 1.5), diploid (1.5 < ploidy < 2.5), triploid
(2.5 < ploidy < 3.5) or tetraploid (=3.5). If values from three or more
callers fell in the same ploidy class, then the median ploidy from all
callers in that ploidy class was taken as the consensus ploidy. If there
was no agreement between three or more callers, then the ploidy value
from ABSOLUTE was accepted as the consensus ploidy value or, in
cases whenthere was no ABSOLUTE value, the value from PURPLE was
accepted as the consensus ploidy value. All consensus purity and ploidy
values went through subsequent manual curation and the ABSOLUTE
solution was selected in cases when the consensus purity and ploidy
values poorly reflected the underlying copy number states.
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Analysis methods. Tumour-model SNV concordance. SNVs included
in concordance analysis were filtered for variants with VAF > 0.15 or
variants for which all non-normal aliquots contained read support.
Tumour-model LOH concordance. The LOH status for all tumour-model
pairs was determined by examining whether the rounded minor copy
number of each genomic bin was equal to zero. LOH status was then
compared between the tumour and its corresponding model, assigning
avalueof1for concordance and O for discordance. The mean LOH con-
cordance was subsequently calculated across all equal-sized bins, which
provided asingle LOH concordance value for each tumour-model pair.
WGD inference. We determined WGD status by assessing genome-wide
CNAs. First, we calculated the fraction of the genome that was affected
by copy number gains, weighting each segment by its genomic length.
We evaluated the extent of duplication based on thresholds for copy
number amplification across the genome. Samples in which a majority
of the genome exhibited copy number gains beyond a defined threshold
were classified as having undergone asingle WGD event, whereas those
surpassing a higher threshold were assigned multiple WGD events.
Mutation signature. SNV mutational signatures were computed using
SignatureAnalyzer (GPU version)'**'% with the COSMIC single-base
substitution signature reference comprising 96 mutational signatures.
During mutational signature factorization, a set of 51 non-redundant
mutational signatures were selected. For each tumour and matched
model, we generated per-sample mutational signature profiles repre-
sented as exposure vectors across these 51 signatures. Concordance
between tumours and their matched models (n = 440 pairs) was quanti-
fiedinterms of the cosine similarity between their respective signature
profiles. As anegative control, we generated random tumour-model
pairings of equal number, both in the same tumour type and across
different tumour types, and calculated cosine similarities for the ran-
domized pairs.

Driver oncogene selection and classification. To assess the differences
inthe prevalence of driver mutations between tumour and model sam-
ples, wefirst curated aset of driver genes based on previous TCGA stud-
ies!® (Supplementary Table 10). To determine the prevalence of SNVs,
smallindels and copy number variations (CNVs), we integrated the
results fromboth SNV-indel and copy number analyses. Gene annota-
tions for SNVsand indels were obtained through the discovery pipeline.
Only mutations witha predicted impact of moderate or high, as defined
in the Ensembl calculated gene consequences table, were included
in downstream analyses. An additional mutation category included
upstream promoter missense mutations in the TERT gene. Gene-level
CNVs were annotated by calculating the mean copy number across the
genomic span of each gene. Only genes with high-level amplifications
or homozygous deletions were included in the downstream analysis. A
gene was classified as highly amplified if it met the following criteria:
(1) sample ploidy >1.5; (2) either the gene copy number was >3 and >2
times the ploidy (adjusted by -0.5if the sample was amodel); or (3) the
gene copy number was >7. Conversely, a gene was classified as having
ahomozygous deletion if its copy number was below 0.3.

For the final visualizationin Fig. 2, mutations were classified as either
gain-of-function (GOF) or loss-of-function (LOF). For each gene, only
mutations that were found in both tumour and matched model sam-
ples (that is, shared in a tumour-model pair) were considered. Only
mutations shared between tumour and matched model samples (that
is, present in both) were considered for classification. If no shared
mutations were identified for agiven gene, it was labelled as unclassi-
fied. Mutation types were grouped as follows: LOF included homozy-
gous deletions, truncating variants (frameshift indels, nonsense and
splice-site mutations); GOF included missense mutations, high-level
amplifications, TERT promoter mutations and in-frame insertions or
deletions. Agene was labelled LOF if more than 15% of its shared muta-
tions were LOF events, otherwise, it was labelled as GOF.

Power calculation. We calculated a measure of the power to detect
model SNVsinagiventumour by considering the probability that model

SNVswould be detected in the tumour, assuming that there were clonal
and at one allelic copy. The expected VAF for a single-allelic clonal
tumour mutation at a genomic position with tumour copy number
Tis given by

p

VAR= STra-piN

Here Nis the copy number at the given position of the contaminating
cells, which was assumed to be two for autosomes. Then, assuming a
binomial distribution of read counts and one read necessary to detect,
the average power to detect a clonal SNV was calculated by

1 ¢n .
Power to detect = Y 1-Binomcpe(C;, 0, VAF,)

where Binomialg is the binomial cumulative density function. Here C,
istheread coveragein the tumour at the position of the ith model SNV.
This valueis calculated by summing over all NSNV positions identified
as having at least one alternative read in the model and any number
of reads in the tumour. Only autosomal SNVs were considered for the
power calculation.

ecDNA. Raw coverage was calculated from the GDC-aligned BAM files
using fragCounter (v.1.0; https://github.com/mskilab-org/fragCoun-
ter). These values were corrected using dryClean (v.1.0), a robust
PCA-based method that separates the foreground from the background
signal, whichreduces noise and artefacts. It was run using a panel of 390
normal samples, which we built by selecting random normal samples
across different datasets: ICGC DCC ESAD-UK'”, TCGA'®, the MSKCC-
WCM-NYGC HRD project'®, The Cancer Alliance at NYGC"?, the Hartwig
Medical Foundation (https://www.hartwigmedicalfoundation.nl/en/
data/), ICGC PanCancer Analysis of Whole Genomes’, CCLE*and other
publications™ ¢, These corrected values were used as inputs for CBS"
to calculate the tumour-normal coverage ratio and to segment the
genome into regions of similar copy number, thereby identifying poten-
tial amplifications and deletions. This information, together with the
consensus purity and ploidy values and the consensus SVs, were used
to constructjunction-balanced genome graphs that had high-fidelity
copy number profiles using JaBbA (v.1.1)"018,

GDC-aligned BAM files and JaBbA-derived copy number profiles were
thenused asinput to the AmpliconSuite-pipeline (v.0.5.2)". This pipe-
lineisawrapper for the AmpliconArchitect (v.1.3.r5)'* and downstream
AmpliconClassifier (v.0.5.3)" tools. As per developer recommenda-
tions, samples derived from the same patient (for example, paired
tumour-models) were runas agroup using GroupedAnalysisAmpSuite.
py, using default parameters.

We then compared the resulting amplicon calls using the compari-
son tool feature_similarity.py, with default parameters. ecDNAs were
considered concordant between tumour and modelifthe overlapping
amplicons were classified the same way and had a Jaccard genomic
interval similarity of 20.75. A Jaccard genomic interval similarity was
calculated as the total length of the intersection of the amplicon foot-
prints, divided by length of the union. We retained amplicon callsif the
indicated filter was ‘none’. ecDNA calls, filtered by AmpliconArchitect,
were ‘rescued’ back into the callset if they had a passing concordant
ecDNA in the associated tumour or model.

Putative cyclic ecDNA reconstructions were generated using the
AmpliconSuite-pipeline module Candidate AMplicon Path Enumera-
toR.Inbrief, thetool searches eachamplicon graph for the longest cyclic
and non-cyclic paths, choosing paths that best explain the observed
copy numbers, and filtering based on how well the best reconstruction
fits the data. Reconstructions that passed were plotted using CycleViz
(https://github.com/AmpliconSuite/CycleViz).

Clonal phylogenies. Force-called SNVs were input into pyclone and
phyclone to generate clonal phylogenies. We excluded indels from the
analysis. We annotated each SNV with the major and minor allele copy
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number of the encompassing segment from consensus copy number
calling. SNV copy number and supporting read counts were input to
pyclone-vi (v.0.1.6)"', which we ran with a beta-binomial observation
model, 10 restarts and amaximum of 40 clusters. We removed clusters
comprising less than 1% of all SNVs and clusters that were approximately
0.5 cancer cell fraction across all samples (cancer cell fraction range
0f 0.3-0.7). The resulting pyclone clusters were input to phyclone
(v.0.5.1)22, which we ran with a beta-binomial observation model, 16
chains, 100,000 iterations and outlier probability set to 0.1.

Genetic ancestry estimation. Ancestry proportion was determined using
ADMIXTURE (v.1.3.0)>'*, which used a maximum likelihood-based
method to estimate the proportion of reference-population ances-
tries in a sample. To do this, we genotyped reference markers that
we generated from 1,964 unrelated 1000Genomes project samples
directly on the whole-genome samples using GATK pileup (v.3.4.0).
We excluded individuals from the populations MXL (Mexican ancestry
from Los Angeles, United States), ACB (African Caribbeanin Barbados)
and ASW (African ancestry in the Southwest United States) from the
reference owingto their being putatively admixed. We further filtered
thereference by using only SNP markers with a minimum MAF of 0.01
overalland 0.05in atleast one 1000Genomes continental population.
Variants were also pruned on the basis of linkage disequilibrium using
PLINK (v.1.9) with awindow size of 500 kb, a step size of 250 kband an
r2threshold of 0.2. The analysis resulted in a proportional breakdown
of eachsampleinto five continental populations (AFR, AMR, EAS, EUR
and SAS) and 23 populations. We then categorized patients by the con-
tinental population of highest proportion.

DNA methylation and epigenetic fidelity

DNA methylation data. DNA methylation was evaluated using the
Illumina HumanMethylationEPIC (EPICv1) array (Illumina). We down-
loaded raw IDAT files produced by the lllumina iScan system from the
GDC data portal (https://portal.gdc.cancer.gov). We calculated DNA
methylation levels (8 values) from the IDAT files using the openSesame
pipeline with the default arguments implemented in the R package
SeSAMe (v.1.18.4)'%,

Normal tissue methylation and probe selection. We used normal
tissue DNA methylation data from external resources to investigate
cancer-associated DNA methylation profiles. We had previously iden-
tified 146,385 CpGs that were unmethylated in eight normal tissue
types (breast, adrenal gland, liver, lung, ovary, skin, blood and brain)
on the EPICv1 array'. We processed additional ENCODE normal tis-
sue DNA methylation data from 23 normal tissue samples from the
gastrointestinal tract, including oesophagus (muscularis mucosan =4,
squamous epithelium n =4), stomach (n=3), colon (transverse n=4,
sigmoid n=4) and pancreas (n=4). We downloaded the EPICv1 IDAT
files from the ENCODE data portal'” and generated B values using the
openSesame pipeline, as described above. We identified 159,361 CpGs
thathad amean 8 value of <0.2in any of the four gastrointestinal tissue
types. Collectively, we selected 144,571 CpGs unmethylated in normal
tissues from 12 tissue types to investigate cancer-associated DNA hy-
permethylation profiles (Supplementary Table 11).

TCGA-TARGET DNA methylation data. We analysed TCGA Pan-Cancer
Atlas (PanCanAtlas) DNA methylation data profiled using the Infinium
HumanMethylation450 (HM450) array. The raw IDAT files were ob-
tained and processed using the R package SeSAMe. IDAT files from
TARGET’s neuroblastoma and Wilms tumour projects'?*'? were down-
loaded from the GDC data portal and processed using the R package
SeSAMe. Our analysis included 130 Wilms tumours and 91 neuroblas-
tomas originating in the adrenal glands.

Joint HCMI and TCGA-TARGET methylation data. We merged the
HCMIand TCGA-TARGET DNA methylation data profiled using EPICv1l

and HM450 arrays, respectively, to generate adataset with the probes
shared between the two platforms'®. We excluded samples that had
a CpG probe success rate of less than 90%. We also excluded probes
with ‘NA’-masked data points that were present in more than 10% of
the samples and probes on the X and Y chromosomes. To investigate
the cancer-associated DNA hypermethylation profiles, we analysed
the probe set that lacked tissue-specific DNA methylation (selected as
described above) and then extracted 53,204 CpG sites that acquired
methylation (8 value of >0.3) in at least two samplesin any HCMI cancer
type (Supplementary Table11).

UMAP of DNA methylation data. We performed dimension reduction
using NMF on the combined HCMIand TCGA-TARGET DNA methylation
datamatrix described above. 8 Values of O were replaced with 1.0 x 1072,
and missing values were replaced with zeros. The resulting matrix was
subjected to NMF, masking zeros, as implemented in the RcppML R
package (v.0.5.6)*°. We assessed the optimal rank for an NMF model
by performing matrix decomposition across ranks ranging from 2 to
200, each with three random initializations, using the crossValidate
functioninthe RcppMLR package. We selected an NMF model of rank
170, as thismodel showed the minimum mean squared error of recon-
struction consistently across the three runs. UMAP visualization of the
rank-170 NMF model was generated using the umap function with the
cosine distance metricimplemented in the R package umap (v.0.2.10.0)
(Supplementary Table11). We produced the UMAP in Fig. 4c using the
subset of the rank-170 NMF matrix, which included the cancer types
represented in both the HCMI and the TCGA-TARGET projects.

Heatmap of DNA methylation profiles. For the four cancer cohorts
on which we focused, and from the HCMI-TCGA merged DNA meth-
ylation data described above, we identified the top 10% of the most
variably methylated CpGs separately in each cancer type (Fig. 4e). We
selected the 8,614 CpGs that represented the union of the 4 variably
methylated CpG sets. To minimize the influence of variable tumour
purity levels on clustering results, we dichotomized the data, using a
B value of >0.3 to define positive DNA methylation and <0.3 to definea
lack of methylation. The sample distance matrix was computed using
the Jaccard index, and then unsupervised hierarchical clustering was
performed for each TMP cancer subtype. We generated the heatmap
using the ComplexHeatmap R package (v.2.20.0)™.,

Tumour-model hypermethylation similarity scores. We assessed
DNA methylation-based similarity between a model and its parent
tumour based on cancer-associated CpG hypermethylation profiles.
We identified the 144,571 CpGs unmethylated in normal tissues as de-
scribed above. For each HCMI cancer type, we further selected CpGs
hypermethylated (S value of >0.3) in at least two samples. Then we
compared the Pearson’s correlation coefficient (r) as a similarity score
for the following samples: (1) models and their matched tumours; (2)
models and unmatched tumours from the same cancer type; and (3)
models and unmatched tumours from different cancer types. A P value
of paired model-tumour relatedness was then determined by calculat-
ing the probability of observing an unpaired model-tumour distance
equal to or smaller than the same model’s distance to all unrelated
tumours that were not fromthe same tissue type. After FDR adjustment,
model-tumour pairs withadjusted P> 0.1were considered tobe models
that were non-concordant with their original tumours.

Transcriptional fidelity and relatedness

RNA analyte processing and sequencing. Quality assurance and QC
of RNA analytes. RNA from fresh-frozen models was sent for charac-
terization, whereas for most tumours, samples of FFPE-derived RNA
were sent. Fresh-frozen RNA analytes were assayed for RNA integrity,
concentration and fragment size. Samples for total RNA-seq were quan-
tified ona TapeStation system (Agilent) and RIN scores were calculated.
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Model-derived RNAs with RINs > 8.0 were considered high quality.
For FFPE samples, we used DV200 and fragment size to evaluate sam-
ple quality. Although we targeted input concentrations greater than
100 ng pl™?, some FFPE samples were lower.

Total RNA-seq library construction. To construct total RNA-seq libraries,
we used Illumina Stranded Total RNA Prep with RiboZero Gold, and we
barcoded samples with individual tags, following the manufacturer’s
instructions (Illumina). We prepared libraries, which we then pooled
using an automated liquid-handling system to minimize variance. Typi-
cally, these were pools of 38-92 samples, depending on the available
capacity on a sequencer. At every step we performed QC. We used a
TapeStation system to quantify library concentrations, fragment size
and distribution. As needed, pool balance and library quality were
assessed using miSeq Nano single-end 50-bp sequencing.

Total RNA-seq. We prepared indexed libraries and ran them on an Illu-
minaNovaSeq 6000, using paired-end 100 bp reads and generating a
minimum of150 millionreads per sample library, with atarget of greater
than 90% mapped reads. In all but a few cases, all data were from the
same sequencingrun. For the few samples that needed additional read
depth, we provided this with a secondary sequencing run. We demul-
tiplexed raw lllumina sequence dataand converted these to fastq files
while quantifying adapter and low-quality sequences. Samples were
assessed for information quality by mapping reads to the human hg38
genome reference, estimating the total number of reads that mapped,
the fraction of RNA reads that mapped to coding regions, the amount
of rRNA in a sample, the number of genes expressed and the relative
expression of housekeeping genes. The samples that passed this quality
assurance and QC step were then clustered with other expression data
from similar and distinct tumour types to confirm expected expression
patterns. We SNP-typed atypical samples to confirmthe source analyte.
FASTQfiles of all reads were then uploaded to the GDC repository and
distributed to the analysis teams.

MicroRNA (miRNA)-seq library construction. miRNA-seq library con-
struction used a v4 NEXTflex Small RNA-seq kit (PerkinElmer), then
samples were barcoded with individual tags following the manufac-
turer’sinstructions. We prepared libraries onaSciclone liquid-handling
workstation. We performed QC at every step and quantified the libraries
using a TapeStation system and an Agilent Bioanalyzer using a Small
RNA Analysis kit. Pooled libraries were then size-selected according to
specifications from a NEXTflex kit. Post-sequencing quality assurance
and QC evaluated the abundance and diversity of miRNA. Data that
passed were provided to the GDC.

Transcriptional relatedness measurements. MOMA subtype iden-
tification. To compare tumour subtypes in HCMI to those previously
identified in TCGA, using the network-based MOMA algorithm®, we
used the OncoMatch algorithm? (see below). Specifically, we assessed
the similarity of each HCMIsample to thosein the subtypesidentified
by MOMA in TCGA. As these methods compare samples on the basis of
the conservation of their master regulator proteins, which are highly
enriched in mechanistic determinants of tumour cell state****, this
approach effectively complements the Celligner and DNA-methylation
analyses. Specifically, this analysis helps refine subtype classification
by mitigating potential confounding effects in gene expression pro-
files—such as those related to tissue histology, unrelated to tumour
biology—as well as effectively mitigating technical batch effects®. Mas-
ter regulators, although rarely mutated, have crucial roles in cancer
progression, as they orchestrate transcriptional networks that are
disrupted by upstream genomic alterations, which makes them critical
therapeutic targets®**, including in clinical trials®*'*¢, As such, they
are more conserved in each tumour subtype than the corresponding
transcriptional profiles®™ In the following sections, we discuss the
various algorithms used in this analysis.

Original MOMA analysis. In brief, MOMA is based on the assumption
that transcriptional cell states are implemented and homeostatically

maintained by small, autoregulated modules of master regulator pro-
teins, comprising transcription factors (TFs) and co-factors (co-TFs). We
assessed the activities of all TFs and co-TFs using the VIPER algorithm',
whichisbased onthe expression of their transcriptional targets, which
weinferred using the ARACNe algorithm'®, Tumour subtypes (n =112)
were then identified by clustering samples based on TF-co-TF activ-
ity, using the ‘partitioning around medoids’ algorithm'. Below, we
describe VIPER and ARACNe.

MOMA subtype comparison. To compare HCMIsamples to thoseinthe
112MOMA subtypes in TCGA, we first used the metaVIPER algorithm™®
to compute the activity of all TFs and co-TFs. MetaVIPER—a multinet-
work version of the original VIPER algorithm'” thatintegrates the pro-
teinactivities assessed by each network—enabled the use of networks
from multiple TCGA cohorts that were matched to the histology of
HCMIsamples (Extended Data Table1). Enrichment of the top 50 most
differentially activated genes inaHCMIsample (thatis, 25 mostactive
and 25 mostinactive) in TFs-co-TFs that were differentially expressed
ineach TCGA MOMA subtype were used to assess their similarity (with
the OncoMatch algorithm).Indeed, we have shown that across all TCGA
cohorts, >80% of the functional mutations in each sample are in path-
ways upstream of the top 50 master regulators. Moreover, we have
shown that changing the number of master regulators between 20 and
200 does not significantly affect the OncoMatch statistics®.
MetaVIPER analysis. For the analyses in this paper, we used the most
recent version of the metaVIPER algorithm'°. The main difference is
that we replaced the original method for performing gene set analysis
(aREA) by nonparametric analytical-rank-based enrichment analysis
(NaRnEA)™, which improved the assessment of significance for dif-
ferentially active proteins. For implementing NaRnEA, we used the
matrix_narnea() functioninthe PISCES R package'*?. For each sample,
TF-co-TF transcriptional targets (that is, regulatory networks) were
inferred by ARACNe analysis of one or more lineage-matched TCGA
cohorts. Inbrief, metaVIPER estimates the differential activity of each
regulatory protein by integrating the NES statistics produced by VIPER
analysis using each of the selected networks. VIPER assesses the activity
ofaproteinby assessingthe NES of its activated and repressed targets
ingenes that were differentially expressed in asignature of interest.
Differential expression signature generation. To remove batch effects
between TCGA and HCMI samples, TPM-normalized gene expression
profiles were first processed using a variational autoencoder (VAE)
model called scGEN', For subtype stratification, for which the goal is
to assess differentially active proteins in samples in the same cohort,
differential expression signatures for VIPER analysis were optimally
computed by comparing each sample to the centroid of the entire
cohort. We accomplished this by subtracting the median expression
across allsamples and then dividing by the median absolute deviation
(MAD). To prevent division by zero, MAD values <0.01 were set to 0.01.
For both HCMI and TCGA, we downloaded the TPM-normalized gene
expression for protein-coding transcripts from the GDC portal**. The
cancer-specific networks used in the analysis were inferred by ARACNe
as described below.

Regulatory network inference. Regulatory networks for each HCMI
cohortwere generated by analysing the gene expression profilesin their
lineage-matched TCGA cohorts using ARACNe3 (ref. 141). ARACNe3
is the latest incarnation of the ARACNe algorithm'®, The algorithm
identifies regulatory protein-target interactions on the basis of the
greatest conservation of the transferred information, as assessed by
computing the mutual information on the direct path and on every
indirect path traversing an intermediary TF-co-TF protein, based on
the data-processing inequality.

To generate cancer-type-specific networks, we applied ARACNe3
to TPM-normalized expression profiles across 32 TCGA cohorts (ACC,
BLCA, BRCA, CESC, CHOL, COAD, DLBC, ESCA, GBM, HNSC, KICH,
KIRC, KIRP, LGG, LIHC, LUAD, LUSC, MESO, OV, PAAD, PCPG, PRAD,
READ, SARC, SKCM, STAD, TGCT, THCA, THYM, UCEC, UCS and UVM).
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Each ARACNe3 network was inferred by subsampling the gene expres-
sion profiles until =50 targets were identified for each TF-co-TFin the
consensus network. The analysis included 1,645 TFs and 1,556 co-TFs,
retrieved fromref.146 and ref. 147, respectively. Networks were pruned
to the 100 most significant targets for each regulatory protein, based
on consensus mutual information statistics. For TCGA-ESCA, we
inferred networks for adenocarcinomaand squamous cell carcinoma,
separately.

OncoMatch analysis. OncoMatch® was used to assess the similarity
between HCMIand TCGA samples based onaweighted enrichment anal-
ysis of their differential protein activities. First, we computed the differ-
ential protein activities for each of n =112 MOMA subtypes, as assessed
by analysis of 20 cohorts with sufficient size for the analysis, includ-
ing BLCA, BRCA, COAD, GBM, HNSC, KIRC, LAML, LGG, LIHC, LUAD,
LUSC, OV, PAAD, PRAD, READ, SARC, SKCM, STAD, THCA and UCEC.
Specifically, for each subtype, we generated an average protein activity
(consensus protein activity signature) by integrating its VIPER-inferred
NES values across each sampleinthe subtype, using Stouffer’s z score
method. Then, we generated a P value to assess the similarity of each
HCMI sample to each MOMA subtype inits lineage-matched cohorts.
This was accomplished by assessing the following criteria: (1) the enrich-
ment of the top 50 most differentially active protein (top and bottom
25)intheHCMIsampleina protein differentially activein the consensus
protein activity signature of each MOMA subtype using NaRnEA; (2)
the enrichment of the top 50 most differentially active protein (top and
bottom25)inthe consensus protein activity signature of each MOMA
subtype in a protein differentially active in the HCMI sample; and (3)
by integrating the two using Stouffer’s method.

HCMI samples may show high similarity to more than one subtype.
As such, a final assignment was performed as follows. As the tumour
and the model samples were derived from the same tumour mass, we
assumed that their subtype assignment should be conserved. Thus,
among allMOMA subtypes producingasignificant matchtoamodel and
its parental tumour P < 0.05, one-tailed, Benjamini-Hochberg-adjusted,
we selected the subtype with their bestintegrated Stouffer score.Ifno
agreement was identified (that is, no MOMA subtype with significant
OncoMatchscore for boththe model and its parental tumour), then the
two wereindependently assigned to their best scoring MOMA subtype.
For simplicity, we mapped HCMI colorectal, oesophageal-gastricand
GBMsamples only to COAD, STAD and GBM MOMA subtypesin TCGA,
respectively, thus excluding subtypes from READ, ESCA and LGG. A
null model for the OncoMatch analysis was generated by generating
a probability density of OncoMatch NES scores matching each HCMI
sample toallnon-lineage-related TCGA subtypes. A one-tail P value was
assessed, as the only relevant result would be for the HCMI OncoMatch
score to be larger than the OncoMatch from the null hypothesis.
Tumour-model similarity analysis. The transcriptional state similar-
ity between models and their parental tumours was also assessed
based on OncoMatch statistics. Differential expression signatures
for VIPER analysis were computed by further normalizing and scaling
the TPM-normalized gene expression data by subtracting the median
expression across all same type samples (that is, tumours or models)
in the same HCMI cohort and dividing by the MAD. Again, to prevent
division by zero, MAD values <0.01 were set to 0.01. Differential gene
expression was assessed separately for tumours and models to avoid
sample type related batch effects. For small cohorts (n <10 samples),
we used the median and the MAD of lineage-matched samples that
they belonged to. Specifically, the following cohorts were normal-
ized together: (1) intrahepatic, extrahepatic cholangiocarcinoma
and hepatocellular carcinoma; (2) all sarcoma types, including bone
cancer and desmoid tumours; and (3) tubulovillous adenoma, rare
gastrointestinal cancers and colorectal cancer. Similar to the above
analysis, weinferred protein activity using metaVIPER with the NaRnEA
enrichment analysis algorithm and cancer-type-specific networks. For
instance, some HCMI cohorts (for example, COAD) could be matched to

multiple lineage networks inferred from TCGA cohorts (thatis, COAD
and READ). Thus, we assessed protein activities for colorectal, lung,
bile duct-liver, brain and gastroesophageal samples in HCMI using
COAD-READ, LUAD-LUSC, LIHC-CHOL, GBM-LGG and ESCA-STAD
networks, respectively. For rare cohorts that lacked sufficient samples
to perform ARACNe analyses, (that is, Wilms tumour, small intestine
cancer, gallbladder cancer and unknown carcinoma), we leveraged
the ability of metaVIPER to automatically integrate across multiple
networks. Specifically, we selected the three networks that produced
the greatest differential activity for the top 50 proteins. The rationale
is thatincorrect networks can only decrease but not increase activity
(that is, the more unrelated the network, the smaller the differential
activity). To avoid diluting the results based on subpar networks, net-
works that produced significantly lower differential activity for each
proteinwere excluded from the analysis. We also normalized samples
inrare cohorts together with the samplesidentified as having the best
matching networks.

To generate a conservative, nonparametric null-model, we com-

puted the probability density function (PDF) of the NES generated by
matching each model with all the non-lineage-matched tumoursin
HCMI. To improve the PDF estimate, which was highly non-Gaussian,
we bootstrapped null-model generation 1,000 times using 60% of the
non-lineage-matched samples and used the resulting PDF to convert
matched tumour-model pair values to z scores. As both positive and
negative NES were integrated, we used Stouffer’s method to generate
integrated z scores. Tumour-model pairs with FDR > 0.1 were consid-
ered poor matches.
Celligner. To align our HCMlI collection to publicly available collections
oftumours (TCGA and TARGET) and models (CCLE), we used Celligner?,
a computational framework to integrate and compare multiple gene
expression datasets. Initially, we attempted to expand the tumour and
model datasets by directly merging the transcriptional profile of the
HCMI collection. However, this approach resulted in poor alignment
ofthe data (Supplementary Fig.10a). To address this, we expanded on
the established Celligner approach by aligning the HCMI dataset to the
existing reference datasets in a two-step process. First, we replicated
the alignment of TCGA and TARGET tumours onto the CCLE cell lines
to create areference tumour-model map, as described in the original
Celligner publication®. Subsequently, we introduced the HCMI dataset
into this integrated space.

Inbrief, using contrastive PCA, we identified gene expression signa-
tureselevated inthe TCGA-TARGET tumour collection compared with
the CCLE models, consistent with the results reported in the original
Celligner analysis (Supplementary Fig. 10b). These signatures were
enriched for pathways related toimmune and non-malignant features,
including stromal cell enrichment (Supplementary Fig. 10b). To miti-
gate the influence of these non-malignant features, we removed the
contrastive principal components (cPCs) associated with these sig-
natures before proceeding to the next steps. We then applied mutual
nearest neighbours (MNN) batch correction as part of the Celligner
algorithm to align the datasets.

Using this aligned gene expression space as a reference, we inte-
grated the HCMI models and tumours. Specifically, we removed the
cPCsincreased in the HCMI dataset, which were similarly enriched for
immune-related gene signatures (Supplementary Fig.10c), correlated
to DNA-based tumour impurity assessment (Supplementary Fig.10d)
and then we applied MNN batch correction. For this integration, we
removed the first three cPCs, which maximized the number of MNN
pairs (Supplementary Fig. 10e) and aligned well with the expected
variability inthe dataset through gene-set enrichment analysis of gene
expression profiles. We used a k; value of 20 and k, value of 50 for MNN,
as recommended by the Celligner developers, to reflect differences
in dataset size and composition. The results suggested that the HCMI
tumour collection exhibited similar levels of variability and contamina-
tion as the reference TCGA-TARGET dataset.



After integrating all datasets, we performed PCA on the combined
dataand calculated pairwise Euclidean distances between all tumours
and modelsinthe 70-PC space. These distances formed the basis for all
Celligner distance-based analyses that we described in this study. To
visualize theintegrated data, we created a2D UMAP embedding based
onthe 70 PCs for visualization (Supplementary Table 11).

To measure transcriptional relatedness between matched HCMI
model-tumour pairs, we used the Celligner distances, which represent
the Euclidean distance between a model and its paired tumourin 70-PC
space. A Pvalue of paired model-tumour relatedness was then deter-
mined by calculating the probability that an unpaired model-tumour
distance equalto or smaller than the same model’s distance to all unre-
lated tumours that were not from the same tissue type. After FDR adjust-
ment, model-tumour pairs with adjusted P values equal to or greater
than O.1were considered to be models that were non-concordant with
their original tumours. Relatedness of tumour lineage is as indicated
inSupplementary Table 12.

Expressiondatainputfor Celligner. TARGET samples (n = 784) and TCGA
expression data (n=9,806) were obtained from the Xena browser
(https://xenabrowser.net). Cell line gene expression datafor1,377 sam-
ples were taken from the DepMap Public 19Q4 file. HCMI dataset expres-
sion datawere downloaded fromthe GDC portal,and TPM unstranded
data were used for only protein-coding genes. Gene expression data
were thenlog, transformed after adding apseudocount of 1. Finally, we
subset gene expression data to the 18,550 protein-coding genes that
were present in all datasets for all Celligner analyses.

Euclidean and latent TF (OHSU methods) preprocessing. The unique
genetic and molecular distribution call for each cancer cohort (for
example, pancreatic cancer) and specimen type (that is, tumour
or derived model) for these groupings suggested that each be run
independently through the following pipeline. We filtered RNA gene
expression datafor biologically relevant features (the combined set of
feature-selected genes of top methods from TCGA trained algorithms)*.
Forinstances where it was needed for analysis, we aggregated multiple
TCGA cohorts to more closely match the specific cancer typesincluded
inHCMI cohorts (thatis, the HCMI lung cancer cohortincluded TCGA
LUAD and LUSC cohorts; the HCMISTAD-ESCC cohortincluded TCGA
GEA and ESCC cohorts; the HCMI kidney cohort included KIRP, KIRC
and KICH TCGA cohorts). Any remaining cohorts with low sample size
(n < 8)werestatistically underpowered and excluded from downstream
analysis.

Euclidean distance calculation. Euclidean-based distances were
measured in a group (for example, in pancreatic tumours). First, we
computed the mean pairwise gene Euclidean distances. For exam-
ple, we generated a list of pairwise gene distances by calculating all
gene distances between pairs of samples. We reported the sample
pair distance as the mean of this list. We then repeated the process
for all sample pairs, reporting sample pairs for both tumour-tumour
pairs for intracohort similarity and tumour-model matched pairs for
derived model similarity. We report the z score of these distances and
identified outliers as (>3 zscore).

Latent TF distance calculation. Latent TF distances were generated
using neural networks. Specifically, a variational autoencoder model
(NetVae) was trained with gene expression of normal tissues from all
TCGA cohorts and genotype-tissue expression (GTEx). These datasets
were aligned using quantile ranking. Onagene-wise basis, we calculated
the summed difference between a HCMI sample (tumour or model)
and normal tissue. These deviation scores were then correlated with
mutationsand encoded into latent space. The same methods described
inthe section ‘Euclidean distance calculation’ were applied to these
latent values to generate the latent TF distances. Bothintracohort and
intercohort distances were calculated.

Multiclass pair classification-based distance calculation. We observed
that relative gene expression was effective in removing batch effects
across different datasets. When we plotted TCGA data using the relative

expression of the most variable 500 genes on UMAP space and mapped
HCMlI samples to the plot, we found that data were clustered on the
basis of tissue type. This was in contrast to continuous gene expression
data, which clustered datain cohorts. Given this, we used a multiclass
pair classification-based approach to compute the distances between
matched tumour-model pairs. The multiclass pair classification algo-
rithm!*8 uses the relative expression between gene pairs asinputandis
anextension to multiple classes of the k-top-scoring pairs algorithm'®
that was developed for binary classification. We regressed out the
purity effects in both TMP and HCMI data and found that removing
purity effects did not make subtypes indistinguishable. We applied
the best model selected over cross validations in TMP data to HCMI
models and tumours and computed the pairwise Euclidean distances
between the assignment probabilities of each HCMI sample to TMP
cohort subtypes. We labelled a matched tumour-model distance as
anoutlierifitwasabove Q3 + 1.5 x IQR of the tumour-model distances
inthe TMP cohort.

Canonical parallel direction. We transformed and normalized the com-
bined gene expression matrix using the variance-stabilizing transform
from DESeq2 (ref.150) then split the matrix into separate tumour and
model matrices. We calculated the canonical parallel direction (CPD)
by taking the difference between tumour-model pairs and then per-
forming PCA ontheresulting difference matrix with the R package irlba
(https://github.com/bwlewis/irlba). We took the CPD as the first load-
ing vector. We derived distances by projecting individual expression
matrices onto the CPD to obtain ascore, and we took the differencein
scores between model-tumour pairs as the CPD distance. We labelled
samples as outliers when their distance was greater than two standard
deviations from the mean.

HCMI and CCLE model coverage comparison. A critical rationale for
model generationis to provide proxies forinvitroorinvivo studies of
tumour biology. As aresult, it is critical to assess what fraction of the
tumoursinalarge-scalerepository (for example, TCGA) are associated
with effective proxies in large model repositories such as CCLE and
HCMIL. For this purpose, we assessed the fraction of TCGA tumours
that had at least one high-fidelity matched model in CCLE and HCMIL.
Specifically, we identified high-fidelity models as those producing an
OncoMatchscore of NES > 10, as previously discussed®®,

For this purpose, we generated violin plots representing the prob-
ability density of the highest OncoMatch NES scores against each model
inHCMI, CCLE and the joint repository of HCMIand CCLE models. Asin
the other analyses, batch-effect-corrected, TPM-normalized datasets
were mitigated using the scGEN algorithm, without considering cancer
type and tumour-model covariates. Then, TPM-normalized CCLE gene
expression profiles were obtained from DepMap 21Q3 (refs. 9,151).
Gene expression profiles were then centred by subtracting the median
expression across all samples and dividing by the MAD. As discussed
in previous sections, we used MetaVIPER to assess the activity of TF
and co-TF proteins, using regulatory networks generated by ARACNe
analysis of the TCGA cohort from which each tumour sample was
selected.

Tumour molecular pathology subtype predictions

We predicted the subtype of each sample using TMP models®. These
models were trained on molecular data (gene expression, CNV, DNA
methylation, miRNA expression and somatic mutations) from TCGA
primary tumours. We included alibrary of models that used either
one data type or multiple data types. We applied models that used
only gene expression, or DNA methylation, to HCMI samples because
of their top performance with TCGA data. We quantile-ranked gene
expression data before application. Foreach sample, wereportasingle
subtype by considering all models and their model confidence values
(forexample, we report the consensus subtype of the five independent
models that were run for ovarian samples).
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snRNA-seq analysis

snRNA-seq sample preparation and analysis. Frozen samples (n =34,
from 17 tumour-model pairs) were obtained from the BPC Nationwide
Children’s Hospital, DFCland ATCC. Nucleusisolation was performed
using a Chromium NucleiIsolation kit with RNase inhibitor (10x Genom-
ics,1000494). Samples were homogenized using a pestlein lysis buffer,
passed through a column and centrifuged in debris-removal buffer
to eliminate residual tissue and debris. The isolated nuclei were then
washed, resuspended and loaded onto a 10x Chromium platform for
gel bead-in-emulsion (GEM) generation and barcoding. Following GEM
reverse transcription, samples underwent post-GEM RT cleanup and
cDNA amplification. After quality control and quantification of cDNA,
libraries were prepared using the Chromium Single Cell 3’ Gene Ex-
pression Library Construction protocol and sequenced onaNovaSeq
platform.

We aligned snRNA-seq short-read datafrom17 tumour-model pairs
(34 samples) multiplexed across 16 runs, generated by the Columbia
University Single Cell Analysis Core, including 7 GBM, 6 PAAD and 4
COAD pairs, to the prebuilt 10x Genomics human reference genome
GRCh38-2024-A, using 10x Genomics Cell Ranger software (v.8.0.1)*,
Illuminabase call files were converted to FASTQ files with the command
cellranger mkfastq. Expression data were processed with cellranger
count on the pre-built human reference, which encompassed 38,606
features. Cell Ranger performsd default filtering for QC, and generates
filtered feature-barcode matrix files (filtered_feature bc_matrix.hS;
barcodes.tsv, genes.tsv, and matrix.mts) containing unique molecular
identifier (UMI) counts for genes for each run.

snRNA-seq demultiplexing. To recover sample-specific profiles for
samples processed in the same 10x Chromium flow cell, we demulti-
plexed the Cell Ranger output™? using Demuxlet'*®. As Demuxlet re-
quires a list of sample-specific SNPs as an input, we called germline
variants for each human sample from the matched normal WGS data.
To limit the number of false-positive doublets, which are common
in snRNA-seq demultiplexing owing to background RNA and poten-
tial large duplications or deletions shared by tumours in the same
cohort, we used the gnomADv4 exome data to subset only the most
likely germline variants. Specifically, we retained only biallelic SNPs
that met the following criteria: (1) population MAF > 0.1%; (2) identi-
fied in the gnomADv4 WES cohort™*; and (3) flagged as PASS in gno-
mAD. We ran Demuxlet with the following parameters: --field GT and
--group-list barcodes.txt, where ‘barcodes.txt’ was the cell barcode
file generated by Cell Ranger. As previously recommended™ for de-
multiplexing snRNA-seq samples, we assigned cells to a sample and
used these cellsin downstream analyses only if the BEST column of the
Demuxlet-generated <Cell Ranger run >.best file started with‘'SNG-" or
the BEST column started with ‘DBL-"and the PRB.DBL column contained
avalue 0f <0.99. We classified droplet barcodes with ‘DBL-"in the BEST
columnand >0.99 in the PRB.DBL column as doublets, whereas those
labelled with AMB were unassigned; droplets labelled as doublet or
unassigned were excluded from downstream analyses.

snRNA-seq gene expression analysis. UMI matrices for each
demultiplexed sample were processed using Scanpy (v.1.9.3)¢. For QC,
we only retained cells with <25% mitochondrial RNA content and UMI
counts in the range (800; 50,000). To recover more cells in tumour
samples with low cell counts (that is, cases HCM-BROD-0110-C25 and
HCM-CSHL-0073-C25), we increased the mitochondrial RNA content
threshold to 35% and removed the lower bound on UMI counts. To
recover more cellsfromarunthatincluded three COAD tumours, we
removed the threshold on mitochondrial RNA content while maintain-
ing an upper UMI count limit of 100,000. Owing to the low number
of cells in the tumour from case HCM-CSHL-0247-C18, we excluded
this tumour-model pair from downstream analyses. As a result, we

analysed 16 tumour-model pairs: 7 for GBM, 6 for PAAD and 3 for
COAD. For statistics on UMI counts before and after QC for individual
samples, refer to Supplementary Table 8. UMI counts were normalized,
log transformed and scaled, following the standard Scanpy preproc-
essing workflow. PCA was performed with the ‘arpack’ solver (‘scanpy.
tl.pca’). The nearest-neighbour distance matrix was computed with
‘scanpy.pp.neighbors’, setting ‘n_neighbors’=15 (default). UMAP em-
beddings were computed using ‘scanpy.tl.umap’,and PCA and UMAP
visualizations were generated with the ‘scanpy.pl.pca’ and ‘scanpy.
pl.umap’ functions. For analyses involving dimensionality reduc-
tion and visualization of tumour-model pairs or involving multiple
cases, the same single-sample workflow was applied by re-scaling the
multi-sample concatenated data. Individual samples were clustered
using the resolution-optimized Leiden clustering algorithm via the
acdc-py wrapper for the Scanpy’s Leiden implementation (https://
pypi.org/project/acdc-py/). We determined the optimal number of
clusters by varying resolution values from 0.01to 1.01in 0.0l incre-
ments, selecting the solution that produced the highest average Sil-
houette score.

Copy number and putative malignant cells detection. We inferred
CNAs from expression counts at the single-nucleus level using the
inferCNV package’. We clustered nuclei according to their unsuper-
vised clustering labels, based on gene expression. A reference set of
2,193 nuclei (1,840 oligodendrocytes and 352 microglia) were sampled
from four GBM tumours (HCM-BROD-0199-C71, HCM-BROD-0415-C71,
HCM-BROD-0012-C71 and HCM-BROD-0002-C71). We used these
reference nuclei as controls to infer CNAs in GBM samples. We used
areference set of 3,592 nuclei (2,112 fibroblasts and 1,480 stellate
cells) sampled from 6 PAAD tumours (HCM-CSHL-0078-C25 prima-
ry and metastatic, HCM-CSHL-0089-C25 primary and metastatic,
HCM-CSHL-0073-C25 and HCM-BROD-0110-C25) to infer CNAsineach
PAAD sample. We labelled cell types in the references (oligodendro-
cytes, microglia, fibroblasts and stellate cells) viaover-representation
analysis (ORA) using the Python decoupler package with canonical
human markers (‘brain’ and ‘immune system’ for GBMs; ‘pancreas’,
‘immune system’ and ‘connective tissue’ for PAAD) from the PanglaoDB
database™®?, We sampled a reference set of 435 nuclei (annotated as
macrophages by SingleR) sampled from HCM-BROD-0001-C18, and
we used the only COAD sample that had enough non-epithelial cells to
infer CNAsin each COAD sample. The following parameters were used
in each inferCNV run: cutoff=0.1, window_length =101, HMM=TRUE,
mode="i6’, analysis_mode = ‘subclusters’, denoise=TRUE. To classify
putative malignant cells, we compared the inferred CNAs in each
snRNA-seq sample to the CNAs detected by WGS in matched bulk sam-
ples. Cells were labelled as malignant if they belonged to a cluster with
those CNAs.

Cell-type calling for GBM samples. snRNA-seq profiles from GBM
samples first underwent coarse-grain cell-type assignment via ORA,
using the decoupler Python package with canonical human markers
for the brain from the PanglaoDB database'™°, To address the low
signal-to-noise ratio inherent in snRNA-seq data, we performed soft
gene imputation by summing the UMI counts of the ten nearest neigh-
bours of each nucleus before running ORA. We labelled nuclei not la-
belled as ‘oligodendrocytes’ or ‘microglia’ and belonging to clusters
of putative malignant cells from inferCNV analysis as ‘malignant’ and
assigned these cells to specific cellular states, as described below.

Malignant state assignment for GBM samples. For each GBM
nucleus labelled as malignant, agene expression signature was compu-

(k)
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In(x +1)-transformed gene expression for nucleusiin snRNA-seq sam-

ple k (with d equal to the number of genes), and X, and g,¢; are the
d-dimensional vectorsrepresenting the meanand standard deviation
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of In(x +1)-transformed gene expression across all malignant GBM
snRNA-seq profiles, respectively. We performed gene set enrichment
analysis of each gene expression signature across the six subtypes—
NPCl-like, NPC2-like, MES1-like, MES2-like AC-like and OPC-like—as
previously identified*’, using the NaRnEA algorithm'*. For this purpose,
we used the Python package ‘pyVIPER™. Each gene set comprised
39-50genes that represented distinct cellular states. We then assigned
eachnucleusto the subtype that produced the maximum NaRnEA NES.
Nucleiwith the smallest P value (>0.15) were assigned no cellular state
and were labelled as unknown. For simplicity, we combined the NPC1-
like and NPC2-like subtypes into a single NPC-like subtype; similarly,
we merged the MESI-like and MES-2 like subtypes into a single MES-like
subtype.

Cell-type calling for PAAD and COAD samples. For each PAAD and
COAD snRNA-seq profile, an initial coarse-grain cell-type assignment
was performed using the Pythonimplementation of SingleR using the
Blueprint-ENCODE reference’®'®2, SingleR computes the correlation
between each individual nucleus and every sample in the reference.
It then labels each nucleus with the cell type with the highest average
correlation. To deal with the low signal-to-noise ratio characteristic
of snRNA-seq data, before to running SingleR, we applied soft gene
imputation using a metacell approach. That is, by adding the UMI
counts of the ten nearest neighbours of each nucleus using scanpy.
pp.neighbors (Euclidean distance). Nuclei with an ‘epithelial cell’anno-
tation, which were also classified as putative malignant cells on the
basis of inferCNV analysis, were labelled as malignant and assigned to
specifictranscriptional states, as detailed below. Inthe COAD cohort,
we also retained a small subset of putative malignant cells annotated
as‘neurons’ by SingleR, as these were likely to be malignant cells with
neuroendocrine features.

Malignant state assignment for PAAD samples. For nuclei derived
from PAAD samples, we used a subtype classification strategy similar
to that for GBM. We tested three classification strategies proposed in
the literature, including those proposed by ref. 163, ref. 34 ref. 43; the
first was from bulk profiles and the other were two from single-cell
profiles. For the first two, we used the same methodology described
for the GBM samples. For the latter, we performed the comparison at
the protein activity level. Specifically, protein activity in malignant
cells was assessed using metaVIPER™ by integrating six PAAD gene
regulatory networks, whichwe generated independently from distinct
PAAD cohorts, including single-cell profiles (scNET)*, laser microdis-
sected samples (CUMC-net)'*, the TCGA PAAD cohort (TCGA-net)'*,
the ICGC PAAD cohort (ICGC-net)'*®, the UNC cohort (UNC-net)***and
single-cell profiles from HCMI samples (HCMI-net). These networks
captured regulatory interactions for TFs, co-TFs, signalling proteins
and surface markers. For the first five networks, detailed information
for the generation has been previously provided*’. The HCMI-net was
generated from snRNA-seq profiles from malignant nucleiin the HCMI
PAAD cohort using ARACNe3 (ref. 141), with metacell generation con-
structed using the ‘pyviper.pp.repr_metacells’ function as input (the
metacell approach adaptively aims ata target median depth 0f10,000
UMIs per metacell whenever feasible). Although this target was not
always met, a minimum depth of 8,432 UMIs was reached, which en-
sured robust representation of the gene expression profiles. To avoid
bias associated with different regulonsize, all regulons were pruned to
the 100 most significant targets based on mutual information analysis.
We then classified each single cell on the basis of three main PAAD
transcriptional lineages identified as previously described®, including
GLS, MOS and PLS. Classification was based on the significance of the
NaRnEA-based NES representing the enrichment of the top 100 most
differentially active proteinsin each single nucleus (50 most activated
and 50 mostinactivated proteins) differentially active in the GLS, MOS
and PLS signatures. Each nucleus was assigned to the cell state with

the highest NaRnEA-inferred NES. Nucleiin which the highest-scoring
subtype had aP>0.15were assigned to no specific transcriptional state
and were labelled as ‘unknown’.

Malignant state assignment for COAD samples. For each nucleus
in the COAD cohort, we computed a gene expression signature using
the same methodology as applied to GBM and PAAD samples. Enrich-
ment of each signature for two previously reported intrinsic subtypes,
iCMS2andiCMS3 (ref.167), was calculated using NaRnEA based on the
50 most overexpressed and 50 most underexpressed genes in each
signature. Each nucleus was assigned to the cellular state correspond-
ing to the highest NES, whereas nuclei with a P >0.15 value were la-
belled as unknown. The vast majority of cellsin HCM-CSHL-0143-C20
and HCM-CSHL-0322-C20 were classified asiCMS2, the predominant
epithelial state, which is enriched in tumours with strong WNT and
MYC signalling activation'®'*8, We identified a subset of iCMS3 cells,
typically in tumours with substantialimmune activation and metabolic
dysregulation'®”'®8, in the HCM-BROD-0001-C18 tumour-model pair
(about 50% in the tumour, around 20% in the model; Extended Data
Fig.8b,c). Although the proportions of iCMS2 and iCMS3 cells differed
between the tumour and model, the analysis demonstrated that the
model effectively recapitulated both cell states that were observedin
the parental tumour.

Tumour-model differential gene expression. Differentially expressed
genes between tumour and matched model samples were called using
the Scanpy function ‘scanpy.tl.rank_genes_groups’ after In(x +1) trans-
formation. Statistics were assessed using the Wilcoxon rank-sum test
followed by Benjamini-Hochberg correction for multiple-hypothesis
testing. We used the resulting signatures to assess pathway enrichment
with the ‘pyviper.tl.path_enr functionin pyVIPER'’. The following gene
setswere used: MSigDB Hallmark gene sets for PAAD and COAD™’; MSig-
DB Hallmark gene sets™’; single-cell GBM expression meta-modules*’;
and bulk-based transcriptional signatures'® for GBM cases.

Medium-switching assay

To assess transcriptional plasticity driven by culture media,
HCM-BROD-0416-C71 GBM cells, originally maintained in NSA
medium, were transitioned to formulated-conditioned medium.
Afterinitial recovery and expansionin NSA medium, cells were plated
on laminin-coated culture vessels and, following 24 h of adhesion,
switched to formulated-conditioned medium for either 72 hor 2 weeks.
Cellswere then fixed and stained for the indicated markers and imaged
using the Operetta CLS High-Content Analysis system (Revvity). Full
experimental details are provided in the Supplementary Methods.

Invitro drug-sensitivity testing

Patient-derived GBM cells were maintained in NSA medium supple-
mented with epidermal growth factor and fibroblast growth factor
under standard culture conditions®*., For drug-sensitivity assays, cells
were seeded atadensity of 2,000 cells per wellin ultra-low-attachment
96-well plates. Twenty-four hours after seeding, temozolomide was
dispensed using a D300e digital dispenser in an 8-point titration
series (0.03-300 pM). Cell viability was assessed after 5 days using a
CellTiter-Glo luminescent assay (Promega).

The HCMI Explorer Suite

To facilitate the exploration of HCMI translational and clinical util-
ity, we developed the HCMI Explorer Suite, a web-based application
built using R Shiny (v.1.8.1.1)""%. The application was developed in the
R programming language (v.4.3.2) and leverages key Shiny packages
such asshiny, shinydashboard and shinythemes to provide adynamic
and interactive graphical user interface. The core modules of the
HCMI Explorer Suite enable users to explore treatment timelines,
model-specificgenomic dataand transcriptional similarities between
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cancer models, paired tumours and reference datasets (TCGA and
CCLE). All plots were generated using ggplot2 (v3.3.5), with interac-
tive featuresintegrated using plotly (v4.9.3). The Clinical Module uses
the swimplot package' to visualize patient treatment timelines and
to track model treatment exposures. The application is deployed via
Shiny Server, with all backend processing and analyses performed
server-side. The source code for the app is available at GitHub (https://
github.com/human-cancer-model-initiative/HCMI-Explorer-Suite),
and the hosted application can be accessed online (https://appshare.
cancer.gov/HCMI_Explorer_Suite/).

Ethics statement

Allhumantissue samples and associated clinical dataused in this study
were collected as part of the HCMI under protocols approved by the
Institutional Review Boards (IRBs) of the respective Cancer Model
Development Centres (CMDCs) and participating clinical sites. All
procedures were conducted inaccordance with relevant ethical guide-
lines and regulations. Written informed consent was obtained from
all participants before sample collection, in accordance with HCMI
programme requirements and institutional policies. Each participating
centre fulfilled all regulatory requirements, including IRB-approved
protocols,informed consent procedures and data-sharing agreements
(Supplementary Note 2).

Reporting summary
Furtherinformation onresearch designis available in the Nature Port-
folio Reporting Summary linked to this article.

Data availability

To support data access, we maintain a publicly accessible instruc-
tion portal (HCMI page at https://www.cancer.gov/ccg/research/
functional-genomics/hcmi/using-hcmi), which serves as the central
entry point for the resource. Molecular and genomic characteriza-
tion data from this study are available through the HCMI-CMDC
project on the NCI GDC web page (https://portal.gdc.cancer.gov/
projects/HCMI-CMDC) and its accompanying GDC publication page
(https://gdc.cancer.gov/about-data/publications/HCMI-CMDC-2026).
Controlled-access raw sequencing data are available through dbGaP
under study accession phs001486. Processed molecular datasets
(mutation calls, copy number profiles and clinical annotations) are
available through cBioPortal (https://www.cbioportal.org/study/
summary?id=pancan_hcmi_2025). Interactive model-level explora-
tion is available through the HCMI searchable catalogue (https://
hcmi-searchable-catalog.nci.nih.gov).

Code availability

All computational workflows, analysis pipelines and scripts used in
this study are consolidated in adedicated GitHub repository (https://
github.com/NCICCGPO/HCMI-Flagship-Manuscript).

59. Zhang, Z. et al. Uniform genomic data analysis in the NCI Genomic Data Commons.
Nat. Commun. 12,1226 (2021).

60. Li, H. Aligning sequence reads, clone sequences and assembly con*gs with BWA-MEM.
Figshare https://doi.org/10.6084/m9.figshare.963153.v1 (2014).

61. Arora, K. et al. Deep whole-genome sequencing of 3 cancer cell lines on 2 sequencing
platforms. Sci. Rep. 9, 19123 (2019).

62. Benjamin, D. et al. Calling somatic SNVs and indels with Mutect2. Preprint at bioRxiv
https://doi.org/10.1101/861054 (2019).

63. Kim, S. et al. Strelka2: fast and accurate calling of germline and somatic variants.
Nat. Methods 15, 591-594 (2018).

64. Narzisi, G. et al. Genome-wide somatic variant calling using localized colored de Bruijn
graphs. Commun. Biol. 1, 20 (2018).

65. Wala, J. A. et al. SYABA: genome-wide detection of structural variants and indels by local
assembly. Genome Res. 28, 581-591(2018).

66. Chen, X. et al. Manta: rapid detection of structural variants and indels for germline and
cancer sequencing applications. Bioinformatics 32, 1220-1222 (2016).

67.

68.

69.

70.

7.

72.

73.

74.

75.
76.

77.

78.

79.

80.

81.

82.

83.

84.

85.

86.

87.

88.

89.

90.

ol

92.

93.

94.

95.

96.

97.

98.

99.

100.

101.

102.

103.

104.

105.

106.

107.

Hubbard, T. et al. The Ensembl genome database project. Nucleic Acids Res. 30, 38-41
(2002).

The 1000 Genomes Project Consortium. A global reference for human genetic variation.
Nature 526, 68-74 (2015).

Landrum, M. J. et al. ClinVar: public archive of relationships among sequence variation
and human phenotype. Nucleic Acids Res. 42, D980-D985 (2014).

Adzhubei, I. A. et al. A method and server for predicting damaging missense mutations.
Nat. Methods 7, 248-249 (2010).

Vaser, R., Adusumalli, S., Leng, S. N., Sikic, M. & Ng, P. C. SIFT missense predictions for
genomes. Nat. Protoc. 11, 1-9 (2016).

Shihab, H. A. et al. Predicting the functional, molecular, and phenotypic consequences
of amino acid substitutions using hidden Markov models. Hum. Mutat. 34, 57-65 (2013).
Karczewski, K. J. et al. The mutational constraint spectrum quantified from variation in
141,456 humans. Nature 581, 434-443 (2020).

Sherry, S. T. dbSNP: the NCBI database of genetic variation. Nucleic Acids Res. 29,
308-311(2001).

McLaren, W. et al. The Ensembl Variant Effect Predictor. Genome Biol. 17,122 (2016).
Dolzhenko, E. et al. Detection of long repeat expansions from PCR-free whole-genome
sequence data. Genome Res. 27, 1895-1903 (2017).

Leshchiner, I. et al. Inferring early genetic progression in cancers with unobtainable
premalignant disease. Nat. Cancer 4, 550-563 (2023).

Mashl, R. J. et al. GenomeVIP: a cloud platform for genomic variant discovery and
interpretation. Genome Res. 27, 1450-1459 (2017).

Koboldt, D. C. et al. VarScan 2: somatic mutation and copy number alteration discovery in
cancer by exome sequencing. Genome Res. 22, 568-576 (2012).

Ye, K., Schulz, M. H., Long, Q., Apweiler, R. & Ning, Z. Pindel: a pattern growth approach to
detect break points of large deletions and medium sized insertions from paired-end short
reads. Bioinformatics 25, 2865-2871(2009).

Cibulskis, K. et al. Sensitive detection of somatic point mutations in impure and
heterogeneous cancer samples. Nat. Biotechnol. 31, 213-219 (2013).

Hunt, S. E. et al. Annotating and prioritizing genomic variants using the Ensembl Variant
Effect Predictor—a tutorial. Hum. Mutat. 43, 986-997 (2022).

Landrum, M. J. et al. ClinVar: improving access to variant interpretations and supporting
evidence. Nucleic Acids Res. 46, D1062-D1067 (2018).

Danecek, P. et al. Twelve years of SAMtools and BCFtools. Gigascience 10, giabO08
(2021).

Raine, K. M. et al. ascatNgs: identifying somatically acquired copy-number alterations
from whole-genome sequencing data. Curr. Protoc. Bioinformatics 56, 15.9.1-15.917 (2016).
McPherson, A. W. et al. ReMixT: clone-specific genomic structure estimation in cancer.
Genome Biol. 18, 140 (2017).

Zhang, A. W. et al. Interfaces of malignant and immunologic clonal dynamics in ovarian
cancer. Cell 173, 1755-1769 (2018).

Priestley, P. et al. Pan-cancer whole-genome analyses of metastatic solid tumours. Nature
575, 210-216 (2019).

Myers, M. A. et al. HATCHet2: clone- and haplotype-specific copy number inference from
bulk tumor sequencing data. Genome Biol. 25,130 (2024).

Layer, R. M., Chiang, C., Quinlan, A.R. & Hall, I. M. LUMPY: a probabilistic framework for
structural variant discovery. Genome Biol. 15, R84 (2014).

Quinlan, A. R. & Hall, I. M. BEDTools: a flexible suite of utilities for comparing genomic
features. Bioinformatics 26, 841-842 (2010).

MacDonald, J. R., Ziman, R., Yuen, R. K. C., Feuk, L. & Scherer, S. W. The Database of
Genomic Variants: a curated collection of structural variation in the human genome.
Nucleic Acids Res. 42, D986-D992 (2014).

Collins, R. L. et al. A structural variation reference for medical and population genetics.
Nature 581, 444-451(2020).

Drier, Y. et al. Somatic rearrangements across cancer reveal classes of samples with
distinct patterns of DNA breakage and rearrangement-induced hypermutability. Genome
Res. 23, 228-235 (2013).

Larson, D. E. et al. svtools: population-scale analysis of structural variation. Bioinformatics
35, 4782-4787 (2019).

McPherson, A., Shah, S. & Sahinalp, S. C. deStruct: accurate rearrangement detection
using breakpoint specific realignment. Preprint at bioRxiv https://doi.org/10.1101/117523
(2017).

Cameron, D. L. et al. GRIDSS2: comprehensive characterisation of somatic structural
variation using single breakend variants and structural variant phasing. Genome Biol. 22,
202 (2021).

Tarailo-Graovac, M. & Chen, N. Using RepeatMasker to identify repetitive elements in
genomic sequences. Curr. Protoc. Bioinformatics Chapter 4, 4.10.1-4.10.14 (2009).

Lu, J. et al. Metagenome analysis using the Kraken software suite. Nat. Protoc. 17,
2815-2839 (2022).

Shale, C. et al. Unscrambling cancer genomes via integrated analysis of structural
variation and copy number. Cell Genomics 2, 100112 (2022).

Espejo Valle-Inclén, J. & Cortés-Ciriano, |. ReConPlot: an R package for the visualization
and interpretation of genomic rearrangements. Bioinformatics 39, btad719 (2023).

Li, Y. et al. Patterns of somatic structural variation in human cancer genomes. Nature 578,
112-121(2020).

Yoshihara, K. et al. Inferring tumour purity and stromal and immune cell admixture from
expression data. Nat. Commun. 4, 2612 (2013).

Taylor-Weiner, A. et al. Scaling computational genomics to millions of individuals with
GPUs. Genome Biol. 20, 228 (2019).

Kasar, S. et al. Whole-genome sequencing reveals activation-induced cytidine deaminase
signatures during indolent chronic lymphocytic leukaemia evolution. Nat. Commun. 6,
8866 (2015).

Bailey, M. H. et al. Comprehensive characterization of cancer driver genes and mutations.
Cell 173, 371-385 (2018).

Frankell, A. M. et al. The landscape of selection in 551 esophageal adenocarcinomas
defines genomic biomarkers for the clinic. Nat. Genet. 51, 506-516 (2019).


https://github.com/human-cancer-model-initiative/HCMI-Explorer-Suite
https://github.com/human-cancer-model-initiative/HCMI-Explorer-Suite
https://appshare.cancer.gov/HCMI_Explorer_Suite/
https://appshare.cancer.gov/HCMI_Explorer_Suite/
https://www.cancer.gov/ccg/research/functional-genomics/hcmi/using-hcmi
https://www.cancer.gov/ccg/research/functional-genomics/hcmi/using-hcmi
https://portal.gdc.cancer.gov/projects/HCMI-CMDC
https://portal.gdc.cancer.gov/projects/HCMI-CMDC
https://gdc.cancer.gov/about-data/publications/HCMI-CMDC-2026
https://dbgap.ncbi.nlm.nih.gov/beta/study/phs001486.v5.p4/#study
https://www.cbioportal.org/study/summary?id=pancan_hcmi_2025
https://www.cbioportal.org/study/summary?id=pancan_hcmi_2025
https://hcmi-searchable-catalog.nci.nih.gov
https://hcmi-searchable-catalog.nci.nih.gov
https://github.com/NCICCGPO/HCMI-Flagship-Manuscript
https://github.com/NCICCGPO/HCMI-Flagship-Manuscript
https://doi.org/10.6084/m9.figshare.963153.v1
https://doi.org/10.1101/861054
https://doi.org/10.1101/117523

108.

109.

10.

m.

2.

13.

14.

115.

116.

17.

8.

9.

120.

121.

122.

123.

124.

125.

126.

127.

128.

120.

130.

131.

132

133.

134.

135.

136.

137.

138.

139.

140.

141

142.

143.

144.

145.

146.

Weinhold, N., Jacobsen, A., Schultz, N., Sander, C. & Lee, W. Genome-wide analysis of
noncoding regulatory mutations in cancer. Nat. Genet. 46, 1160-1165 (2014).

Setton, J. et al. Long-molecule scars of backup DNA repair in BRCA1- and BRCA2-deficient
cancers. Nature 621,129-137 (2023).

Choo, Z.-N. et al. Most large structural variants in cancer genomes can be detected
without long reads. Nat. Genet. 55, 2139-2148 (2023).

Lee, J. J.-K. et al. Tracing oncogene rearrangements in the mutational history of lung
adenocarcinoma. Cell 177, 1842-1857 (2019).

Hayward, N. K. et al. Whole-genome landscapes of major melanoma subtypes. Nature
545, 175-180 (2017).

Nik-Zainal, S. et al. Landscape of somatic mutations in 560 breast cancer whole-genome
sequences. Nature 534, 47-54 (2016).

Imielinski, M. et al. Mapping the hallmarks of lung adenocarcinoma with massively parallel
sequencing. Cell 150, 1107-1120 (2012).

Baca, S. C. et al. Punctuated evolution of prostate cancer genomes. Cell 153, 666-677
(2013).

Lovejoy, C. A. et al. Loss of ATRX, genome instability, and an altered DNA damage
response are hallmarks of the alternative lengthening of telomeres pathway. PLoS Genet.
8,e1002772 (2012).

Olshen, A. B., Venkatraman, E. S., Lucito, R. & Wigler, M. Circular binary segmentation for
the analysis of array-based DNA copy number data. Biostatistics 5, 557-572 (2004).
Hadi, K. et al. Distinct classes of complex structural variation uncovered across
thousands of cancer genome graphs. Cell 183, 197-210 (2020).

Luebeck, J. et al. AmpliconSuite: an end-to-end workflow for analyzing focal
amplifications in cancer genomes. Preprint at bioRxiv https://doi.org/10.1101/2024.05.
06.592768 (2024).

Deshpande, V. et al. Exploring the landscape of focal amplifications in cancer using
AmpliconArchitect. Nat. Commun. 10, 392 (2019).

Gillis, S. & Roth, A. PyClone-VI: scalable inference of clonal population structures using
whole genome data. BMC Bioinformatics 21, 571 (2020).

Hurtado, E., Bouchard-Cété, A. & Roth, A. PhyClone: accurate Bayesian reconstruction of
cancer phylogenies from bulk sequencing. Bioinformatics 41, btaf344 https://doi.org/
10.1093/bioinformatics/btaf344 (2025).

Santander, C. G., Refoyo Martinez, A. & Meisner, J. Faster model-based estimation of
ancestry proportions. Peer Community J. 4, e115 (2024).

Alexander, D. H., Novembre, J. & Lange, K. Fast model-based estimation of ancestry in
unrelated individuals. Genome Res. 19, 1655-1664 (2009).

Zhou, W., Triche, T. J., Laird, P. W. & Shen, H. SeSAMe: reducing artifactual detection of
DNA methylation by Infinium BeadChips in genomic deletions. Nucleic Acids Res. 46,
€123 (2018).

Garcia-Recio, S. et al. Multiomics in primary and metastatic breast tumors from the
AURORA US network finds microenvironment and epigenetic drivers of metastasis. Nat.
Cancer 4,128-147 (2023).

Luo, Y. et al. New developments on the Encyclopedia of DNA Elements (ENCODE) data
portal. Nucleic Acids Res. 48, D882-D889 (2020).

Pugh, T. J. et al. The genetic landscape of high-risk neuroblastoma. Nat. Genet. 45,
279-284 (2013).

Gadd, S. et al. A Children’s Oncology Group and TARGET initiative exploring the genetic
landscape of Wilms tumor. Nat. Genet. 49, 1487-1494 (2017).

DeBruine, Z. J., Pospisilik, J. A. & Triche, T. J. Fast and interpretable non-negative matrix
factorization for atlas-scale single cell data. Preprint at bioRxiv https://doi.org/101101/
2021.09.01.458620 (2021).

Gu, Z., Eils, R. & Schlesner, M. Complex heatmaps reveal patterns and correlations in
multidimensional genomic data. Bioinformatics 32, 2847-2849 (2016).

Rajbhandari, P. et al. Cross-cohort analysis identifies a TEAD4-MYCN positive feedback
loop as the core regulatory element of high-risk neuroblastoma. Cancer Discov. 8,
582-599 (2018).

Aytes, A. et al. Cross-species regulatory network analysis identifies a synergistic
interaction between FOXM1and CENPF that drives prostate cancer malignancy. Cancer
Cell 25, 638-651(2014).

Alvarez, M. J. et al. A precision oncology approach to the pharmacological targeting

of mechanistic dependencies in neuroendocrine tumors. Nat. Genet. 50, 979-989
(2018).

Zeleke, T. Z. et al. Network-based assessment of HDACS6 activity predicts preclinical and
clinical responses to the HDACS inhibitor ricolinostat in breast cancer. Nat. Cancer 4,
257-275 (2023).

Jamison, J. K. et al. Entinostat in patients with relapsed or refractory abdominal
neuroendocrine tumors. Oncologist 29, 817-€1213 (2024).

Alvarez, M. J. et al. Functional characterization of somatic mutations in cancer using
network-based inference of protein activity. Nat. Genet. 48, 838-847 (2016).

Basso, K. et al. Reverse engineering of regulatory networks in human B cells. Nat. Genet.
37, 382-390 (2005).

Park, H.-S. & Jun, C.-H. A simple and fast algorithm for K-medoids clustering. Expert Syst.
Appl. 36, 3336-3341(2009).

Ding, H. et al. Quantitative assessment of protein activity in orphan tissues and single
cells using the metaVIPER algorithm. Nat. Commun. 9, 1471 (2018).

Griffin, A. T., Vlahos, L. J., Chiuzan, C. & Califano, A. NaRnEA: an information theoretic
framework for gene set analysis. Entropy 25, 542 (2023).

Vlahos, L. et al. Systematic, protein activity-based characterization of single cell state.
Preprint at bioRxiv https://doi.org/10.1101/2021.05.20.445002 (2021).

Lotfollahi, M., Wolf, F. A. & Theis, F. J. scGen predicts single-cell perturbation responses.
Nat. Methods 16, 715-721(2019).

Grossman, R. L. et al. Toward a shared vision for cancer genomic data. N. Engl. J. Med.
375, 1109-1112 (2016).

Margolin, A. A. et al. ARACNE: an algorithm for the reconstruction of gene regulatory
networks in a mammalian cellular context. BMC Bioinformatics 7, S7 (2006).

Lambert, S. A. et al. The human transcription factors. Cell 172, 650-665 (2018).

147. Schmeier, S., Alam, T., Essack, M. & Bajic, V. B. TcoF-DB v2: update of the database of

human and mouse transcription co-factors and transcription factor interactions. Nucleic

Acids Res. 45, D145-D150 (2017).

Marzouka, N.-A.-D. & Eriksson, P. multiclassPairs: an R package to train multiclass pair-

based classifier. Bioinformatics 37, 3043-3044 (2021).

Afsari, B., Fertig, E. J., Geman, D. & Marchionni, L. switchBox: an R package for k-top

scoring pairs classifier development. Bioinformatics 31, 273-274 (2015).

Love, M. |., Huber, W. & Anders, S. Moderated estimation of fold change and dispersion

for RNA-seq data with DESeq2. Genome Biol. 15, 550 (2014).

151. DepMap Broad. DepMap 21Q3 Public. Figshare https://doi.org/10.6084/m9.figshare.

15160110.v3 (2021).

Zheng, G. X. Y. et al. Massively parallel digital transcriptional profiling of single cells.

Nat. Commun. 8, 14049 (2017).

Kang, H. M. et al. Multiplexed droplet single-cell RNA-sequencing using natural genetic

variation. Nat. Biotechnol. 36, 89-94 (2018).

Chen, S. et al. A genomic mutational constraint map using variation in 76,156 human

genomes. Nature 625, 92-100 (2024).

Gaublomme, J. T. et al. Nuclei multiplexing with barcoded antibodies for single-nucleus

genomics. Nat. Commun. 10, 2907 (2019).

Wolf, F. A., Angerer, P. & Theis, F. J. SCANPY: large-scale single-cell gene expression data

analysis. Genome Biol. 19, 15 (2018).

broadinstitute/inferCNV. GitHub https://github.com/broadinstitute/inferCNV.

Badia-I-Mompel, P. et al. decoupleR: ensemble of computational methods to infer

biological activities from omics data. Bioinform. Adv. 2, vbac016 (2022).

Franzén, O., Gan, L.-M. & Bjorkegren, J. L. M. PanglaoDB: a web server for exploration of

mouse and human single-cell RNA sequencing data. Database 2019, baz046 (2019).

Wang, A. L. E. et al. pyVIPER: a fast and scalable Python package for protein activity

estimation and master regulator analysis of single-cell RNA sequencing data. BMC

Bioinform. https://doi.org/10.1186/s12859-026-06524-x (2026).

161. Martens, J. H. A. & Stunnenberg, H. G. BLUEPRINT: mapping human blood cell epigenomes.
Haematologica 98, 1487-1489 (2013).

148.

149.

150.

152.

153.

154.

155.

156.

157.
158.

159.

160.

162. The ENCODE Project Consortium. An integrated encyclopedia of DNA elements in the
human genome. Nature 489, 57-74 (2012).

163. Moffitt, R. A. et al. Virtual microdissection identifies distinct tumor- and stroma-specific
subtypes of pancreatic ductal adenocarcinoma. Nat. Genet. 47, 1168-1178 (2015).

164. Maurer, C. et al. Experimental microdissection enables functional harmonisation of
pancreatic cancer subtypes. Gut 68, 1034-1043 (2019).

165. The Cancer Genome Atlas Research Network. Integrated genomic characterization of
pancreatic ductal adenocarcinoma. Cancer Cell 32, 185-203 (2017).

166. Bailey, P. et al. Genomic analyses identify molecular subtypes of pancreatic cancer.
Nature 531, 47-52 (2016).

167. Joanito, I. et al. Single-cell and bulk transcriptome sequencing identifies two epithelial
tumor cell states and refines the consensus molecular classification of colorectal cancer.
Nat. Genet. 54, 963-975 (2022).

168. Guinney, J. et al. The consensus molecular subtypes of colorectal cancer. Nat. Med. 21,
1350-1356 (2015).

169. Liberzon, A. et al. The Molecular Signatures Database (MSigDB) hallmark gene set
collection. Cell Syst. 1, 417-425 (2015).

170. Wang, Q. et al. Tumor evolution of glioma-intrinsic gene expression subtypes

associates with immunological changes in the microenvironment. Cancer Cell 32, 42-56
(2017).

171.  Chang, W. rstudio/shiny. GitHub https://github.com/rstudio/shiny. (2025).

172. Weiss, J. & Wu, W. swimplot: tools for creating swimmers plots using ‘ggplot2’. R package
version 1.2.0 https://doi.org/10.32614/CRAN.package.swimplot (2021).

Acknowledgements This project is dedicated to D.S.Gerhard, the Director of NClI's Office of
Cancer Genomics, who passed away in 2021. The highly characterized cancer models
reported here are a result of her vision and stringent dedication to quality and to detailed
oversight, implementing every process requisite to completing this work. The BROD team
wishes to acknowledge the staff of its Office of Human Subjects Protection (S. Weisenburger,
A.Saltzman, E.Mair and E. Lipscomb) as well as S.Becker, R.Deasy, V.Hung, V.Molla, C.Oh,
P.Sarakiniotis, P.Ronning and P.Shukla, who contributed technical support. We thank staff at
the Koch Institute’s Robert A. Swanson (1969) Biotechnology Center for scientific collaboration
and expertise, specifically the Massachusetts Institute of Technology Koch Institute High
Throughput Sciences Core Facility (RRID:SCR_026340).

Author contributions J.S.B., A.C., D.S.G., M.JG,, K.L.L., PTS., L.M.S. and D.AT. conceptualized
the study. S.Beyaz, J.S.B., S. Bhatia, S.F.B., V.C., O.E., H.E.F., M.J.G., CJK., K.L.L., D.P., H.P., D.L.S.,
PS.,D.AT, Y.-YT. and P.K. contributed to HCMI model development and J.M.Clinton to model
expansion. M.A.-J.,R.B.,S.C., A.C., A.DC., J.M.Crawford, M.D., D.E., M.L.F.,, K.A.H., TH., JT.,
PW.L., AM, S.AM., HN., JP-M,NR., PTS., JLM.S,, TRC., WFH., PCK,, X.L.,BT,ET-C., AV, LT.
and L.Z. contributed to data curation and analyses. Project management and administration
were handled by R.A., M.A.C., CW.K., J.P.-M., C.S., P.S., M.J.S., ET.-C., SW. and J.C.Z. Planning
and supervision were provided by R.A., S.Beyaz, J.5.B., AC., A.D.C., V.C., J.M.Crawford, O.E.,
M.L.F, M.JG., D.S.G., KAH., KE. CJK,PWL.,KL.L.,AM,RB,NR.,DLS.,PTS,LM.S., DAT
and J.C.Z.. Writing and editing were led by R.A., M.A.-)., J.S.B.,S.C.,AC., M.D., D.E., TH., K.L.L.,
S.A.M., H.N., PT.S., L.M.S. and L.Z.. Additional members from the HCMI Network participated in
model development, data curation and reviewing and revising the manuscript.

Funding K.L.L. discloses support for the research of this work from the National Institutes of
Health (NIH) (RO1CA262462, U19CA264504, RO1CA188228, PO1CA163205 and P5S0CA165962,
HHSN261201500003I), the Pediatric Low-Grade Astrocytoma Foundation, the Pediatric Brain
Tumor Foundation, and the 3000 Miles to the Cure Foundation. D.AT. discloses support for the
research of this work from Leidos Biomedical Research/National Cancer Institute (subcontract
number 177Q061), the National Cancer Institute Cancer Center Support Grant (5SP30CA045508),
including the Organoid, Sequencing Technologies and Analysis Shared Resources. D.AT. is


https://doi.org/10.1101/2024.05.06.592768
https://doi.org/10.1101/2024.05.06.592768
https://doi.org/10.1093/bioinformatics/btaf344
https://doi.org/10.1093/bioinformatics/btaf344
https://doi.org/10.1101/2021.09.01.458620
https://doi.org/10.1101/2021.09.01.458620
https://doi.org/10.1101/2021.05.20.445002
https://doi.org/10.6084/m9.figshare.15160110.v3
https://doi.org/10.6084/m9.figshare.15160110.v3
https://github.com/broadinstitute/inferCNV
https://doi.org/10.1186/s12859-026-06524-x
https://github.com/rstudio/shiny
https://doi.org/10.32614/CRAN.package.swimplot

Article

also supported by the Lustgarten Foundation, the Roy J. Zuckerberg Professorship at Cold
Spring Harbor Laboratory, the Thompson Foundation, the Pershing Square Foundation, the
Simons Foundation International, the Cold Spring Harbor Laboratory and Northwell Health
Affiliation, the Northwell Health Tissue Donation Program, the Cold Spring Harbor Laboratory
Association, and the NIH (UO1CA210240, UO1CA224013, RO1CA249002, RO1CA292775,
UG3CA290364), as well as the Department of Defense (HT9425-25-1-0434). J.S.B. discloses
support for the research of this work from the National Cancer Institute (HHSN261201500003I,
RO1CA248280), the Department of Defense (W81XWH2110934) and NIH SPORE programs
(P50CA127003, P5SOCA101942, PBOCA006516). D.P. discloses support from the German
Research Foundation (DFG) (PL 984/1-1). A.N.H. discloses support from the American Cancer
Society (PF-23-1036459-01-ET). S.G. discloses support from the National Cancer Institute
(R50CA243890). S.R. discloses support from the National Cancer Institute (KO8CA260442).
This work was further supported by the Wellcome Trust (206194, 220540/Z/20/A), Cancer
Research UK (CRUK) (C44943/A22536, A24430, A23441, A22536, A22534 and A22533), and
multiple grants from the National Cancer Institute and NIH (including U24CA264007,
U24CA210990, U24CA264032, U54CA274506, UO1CA272610, U24CA264021, U24CA264010,
U24CA264006, U24CA264028-01, PBOCA008748, U24CA264009, U24CA264029,
U24CA264024, U24CA264023 and U24CA264027). This research was also funded in

part by federal funds from the National Cancer Institute, NIH, under contract number
HHSN261201500003I and task order number HHSN26100008, HHSN26100040,
75N91020F00036, 75N91021D00017/75N91022FO00001 and HHSN2612017000151/75N9102
2F00001. Additional support was provided through NIH Shared Instrumentation Grants
(5100D012351, S100D021764, S100D032433). Additional support was provided to M.A.-J.
and A.R.R. in part by the Koch Institute Support (core) Grant from the National Cancer Institute
(P3OCA014051). This study was also funded in part by the National Cancer Institute, NIH
(1UO1CA289357-01), the Simons Foundation (519064, 519065), and additional NIH/NCI support
(1P20CA192994-01A1) and a Simons Foundation Award (416045).

Competing interests A.C. is the founder, equity holder and consultant of DarwinHealth,

a company that has licensed some of the algorithms used in this paper from Columbia
University. Columbia University is also an equity holder in DarwinHealth. A.D.C. receives
research funding from Bayer and consults for KaryoVerse. H.C. is an inventor on patents related

to organoid research. His full disclosure can be found at www.uu.nl/staff/JCClevers/
Additionalfunctions. G.G. receives research funds from IBM, Pharmacyclics/AbbVie, Bayer,
Genentech, Calico and Ultima Genomics. He is also an inventor on patent applications filed by
the Broad Institute related to MSMuTect, MSMutSig, POLYSOLVER, SignatureAnalyzer-GPU,
MSEye and MinimuMM-seq. He is a founder, consultant and holds privately held equity in
Scorpion Therapeutics; he is also a founder of, and holds privately held equity in, PreDICTA
Biosciences. G.G. was also a consultant to Merck. K.L.L. is the founder, equity holder and
consultant for Travera, is a consultant for Bristol Myers Squibb, Servier, Blaze Biosciences,
Integragen and L.E.K. Consulting, and has received research funding to DFCI from Bristol
Myers Squibb and Lilly. D.AT. is a co-founder, consultant and holds stock options from Mestag
Therapeutics; is a consultant and holds stock options from Xilis; and has received research
grant support from Fibrogen, Mestag and ONO Therapeutics. M.K’s spouse is an Illumina Field
Applications employee and holds stock in the company. L.T. works at DarwinHealth, a company
that has licensed some of the algorithms used in this paper from Columbia University. PW.L.

is a member of the Scientific Advisory Board of FOXO Technologies and TAGOMICS, Limited.
W.R.M. is a founder, board member and scientific advisory board member of Orion Genomics,
a plant genomics company (institutional affiliations: Genetics Program-SUNY Stony Brook;
affiliate member: New York Genome Center). JT.N. is an employee of Convergent Therapeutics
and has received honoraria, consulting or advisory fees from Pfizer, AlQ and Bayer. E.R.
participates in a research collaboration funded by Inocras. S.S. receives research funding from
AstraZeneca and Bristol Myers Squibb outside the scope of this work. S.R. receives research
support from Microsoft and holds equity in Amgen. The remaining authors declare no
competing interests.

Additional information

Supplementary information The online version contains supplementary material available at
https://doi.org/101038/s41586-026-10806-y.

Correspondence and requests for materials should be addressed to Keith L. Ligon,

Louis M. Staudt or Jesse S. Boehm.

Peer review information Nature thanks Toshiro Sato and the other, anonymous, reviewer(s) for
their contribution to the peer review of this work. Peer reviewer reports are available.

Reprints and permissions information is available at http://www.nature.com/reprints.


http://www.uu.nl/staff/JCClevers/Additionalfunctions
http://www.uu.nl/staff/JCClevers/Additionalfunctions
https://doi.org/10.1038/s41586-026-10806-y
http://www.nature.com/reprints

Patients with Successful Models

n=637

Patients with
Failed Model Derivation Attempts
n=168
Patients with

!

Models
n=665

> Multiple Models
n=24

' ! I

Model, Normal, Tumor Model and Normal Model and Tumor Model Tumor
n=399 n=233 n=14 n=19 n=168
WGS: n=390 WGS: n=230 WGS: n=12 WGS: n=19 WGS: n=168
WXS: n=329 WXS: n=216 WXS: n=14 WXS: n=19 WXS: n=168
RNA-seq: n = 396 RNA-seq: n = 232 RNA-seq: n=14 RNA-seq: n=19 RNA-seq: n=167

Methylation: n = 311 Methylation: n = 206

Extended DataFig.1|Consortdiagram of HCMImodel frequencies and
molecular characterization. The diagram summarizes sequencing data

generated for the HCMI cohort (n=665models). Counts are shown for models

with available tumor, normal, and model samples, including complete trios

(n=399), pairs of model and normal (n=233), pairs of model and tumor (n=14),

Methylation: n=12

Methylation: n=19 Methylation: n=168
and models without matched tumor or normal samples (n=19). Foreach
group, the number of samples profiled by WGS, WXS, RNA-seq, and DNA
methylationisindicated. Inaddition, 168 failed derivation attempts are
included, with sequencing data available for tumor tissues (WGS, WXS,
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Extended DataFig.2|See next page for caption.
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Extended DataFig.2|Clonal selection and copy number concordancein
tumor/model pairs. (a) Pearson correlation between tumor and model total
copy number (y-axis) by fraction of the tumor genome thatis diploid (x-axis),
with models that mismatched their respective tumors highlighted. (b) LOH
concordance between tumor and model (y-axis) by fraction of the tumor
genome thatis diploid (x-axis), with models that mismatched their respective
tumors highlighted. LOH concordanceis calculated as theamount of LOHin

bothtumor and modelasafraction of LOHin either tumor or model. (c) Copy
number for nine tumor/model pairs showing minor copy number in blue and
major copy numberinred. (d) Distribution of SNV/indel concordance values
across tumor/model pairs. (e) Five models identified as highly discordant (f)
Upper: predicted clonal phylogeny with branchlengths as the number of
somatic mutations. Lower: prevalence of each cloneinthe tumorand sample.
Clone-specific KRAS mutations are annotated for two divergent models in (f).
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Extended DataFig. 3 | Levels of concordance of mutational signatures and
ecDNAbetween tumor/model pairs. (a) Relative contribution of each SNV
signature (y-axis) in each model (y-axis). (b) Mutational signature contribution
(y-axis) in 31discordant tumor/model pairs (x-axis). Positive signature
contributionsindicate that the signature isenriched in the model; negative
signature contributionsindicate the signatureisenrichedin the tumor.

(c) Comparison of the estimated relative timing of WGD events between
models exhibiting concordant WGD in both tumor and model (n=40, min=0.17,
max=1.0, median=0.82) versus those with WGD detected only in the model

(n=30, min=0.001, max=1.0, median=0.93). WGD events exclusive to models
occur atsignificantly later relative mutational timepoints (p = 0.047, one-sided
Wilcoxon rank-sum test; boxes and whiskers represent medians, and 25-75th
percentiles, +/-1.51QR). (d) Comparison of ecDNA levels (y-axis) for tumor
model pairs for: EGFR (left, n=5),and other ecDNAs (right, n=30). (¢) Number
ofecDNAs detected in each tumor/model pair (y-axis) stratified by tumor
purity (x-axis). Bars are colored by the fraction of ecDNAs that are unique to the
tumor (dark red), unique to the model (light red), or are detected inboth the
tumor and model (blue).
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Extended DataFig. 4| Transcriptional and epigenetic concordance between
models and their matched tumors. (a) Correlation between epigenetic
estimate of drift between model-tumor pairs and the starting tumor’s tissue
purity. Each pointrepresents amodel-tumor pair (n=201). The line shows the
linear regression fit. The correlation was assessed using atwo-sided Pearson
correlationtest (r=0.33,P=1.8 x107°). No multiple comparison correction
was applied. DNA methylation fidelity (y-axis) is the similarity score (i.e. the
Pearson correlation) between each model and its matched tumor. Tumor purity
(x-axis) is the DNA-based consensus tumor purity estimate (see Methods).
Gray dotsindicate asimilarity score probability that was no different from
random chance (at FDR< 0.1, see Methods). (b) Intersection of transcriptional
concordance methods. An UpSet plot of model-tumor pairs evaluated by
allsixindependent transcriptional proximity methods (n=235): Celligner,
OncoMatch, MultiClass Pair Classification Distance (MultiClass), Canonical
Parallel Direction (CPD), Euclidean Distance (Euclidean), and Latent
Transcription Factor Distance (Latent TF). Set size indicates the number of
model-tumor pairs that were considered concordant by each method.

(c) Celligner-based transcriptional distance of tumors to their models, before
and after invitro expansion. Each point represents the Celligner distance for
onemodelrelative toits matched tumor atagiven timepoint. Linked points
indicate the same model evaluated before and after expansion to assess

transcriptional drift over time (n =14 biologically independent models; 14
paired comparisons). The y-axisis the Celligner-based distance between each
modeland its parent tumor (boxes and whiskers represent medians, and 25-
75thpercentiles, +/-1.51QR, two-sided paired t-test P = 0.13, ns = not statistically
significant). (d) MR activity of adivergent model-tumor pair. Visualization of
top 10 candidate MR proteins and expression of known target genes for amodel
(HCM-BROD-0003-C71) thatdoes not matchits tumor’s MR activity profile. MR
activation ordeactivationareshowninred and blue, respectively. Differential
expression of target genes (DEGs) for upregulated or downregulated genesis
respectively orange and purple. (e) Gene expression of GBM markers in tumors,
before model derivation. GBM tumors are grouped by the culture media that
we used to derive their respective models. Each point represents a biologically
independent tumor sample (CM n=3tumors; NSA n=37 tumors). Box plots
show the median (center line) and interquartile range (box; 25th-75th
percentiles); whiskers extend to +/-1.51QR, and points beyond this range are
plotted as outliers. ns = not statistically significant by atwo-sided Wilcoxon
rank-sum test (Mann-Whitney U test). (f) Copy number concordance between
model/tumor pairs. Blue and red regions indicate, respectively, copy number
losses and gains. Cases where amodel has transcriptionally diverged fromits
parenttumor (e.g. HCM-BROD-0002-C71) display retention of inferred copy
number events, suggesting transcriptional state changes.
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Extended DataFig. 5|See next page for caption.
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Extended DataFig. 5| Comparison of HCMI, TCGA and CCLE. (a) Stacked bar
plotshowing the number of models across major disease typesinthe HCMI
(red) and CCLE (blue) collections, stratified by tumor status (primary vs.
metastatic). Bar lengthsindicate total model counts. (b) Circos plots that
illustrate the copy number and mutational landscapes of the matched tumors
fortherare models shownin Fig.4b (lower). From the outside moving inward,
the tracks display: chromosomeideograms, copy number profiles, and
mutational patterns that highlight both driver missense and truncating
mutations. Major and minor copy numbers are represented respectively by red
and blue lines, while copy number gains, losses, and loss-of-heterozygosity are
emphasized withred, blue, and orange shadings. The innermost track shows
variantallele frequencies (VAFs) of identified mutations, with key driver
mutations labeled by their gene symbols. A histologic image of the tumor-of-
originis placed at the center. (¢c) Comparison of tumor-type relevant driver
eventsin patient tumor samples for HCMI (blue) and TCGA (grey) cohorts.
Extended DataFig.5b shows driver events, including pathogenic and likely-
pathogenic SNVs, high-level amplifications, and homozygous deletionsin each
gene.Forthe HCMI cohort, patient tumor samples used to directly generate
the matching model were used for the comparison. Genes associated with
these driver events were curated from Bailey et al.'® and supplemented by
expertopinion (Supplementary Table 10). (d) AUMAP layout of CpGsites for
HCMItumors, HCMImodels, and TCGA/TARGET tumors showed cancer-
associated DNA hypermethylation; all cancer typesin HCMIand TCGA/
TARGET projects are shown.Samples are colored according to cancer type.

(e) UMAP projection of Celligner-aligned gene expression data for HCMI

tumors, HCMImodels and TCGA/TARGET tumors, colored by cancer type.
Allcancertypesrepresentedin HCMIand TCGA/TARGET cohorts are shown.
Samples are colored accordingto cancer type and shapesindicate sample
types. (f) Violin plots that display protein activity similarity, assessed by
OncoMatch NES, of the best model in HCMI (red), CCLE (blue), and both
(green), for each TCGA tumor across 8 cancer types (lung [nHCMI:21,
nCCLE:205], liver [NnHCMI:1, nCCLE:24], bile duct [NnHCMI:8, nCCLE:35], bone
[NHCMI:2, nCCLE:39], thyroid [nHCMI:2, nCCLE:17], pancreatic [nHCMI:101,
nCCLE:52], eye [nHCMI:1,nCCLE:9], and sarcoma [nHCMI:13, nCCLE:34]) out of
19 common cancer typesin both datasets. Box plots show median (center line),
25-75th percentiles, and 1.5 X IQR whiskers; data points beyond this range are
considered outliers and are not shown butareincluded in statistical analyses.
Higher NES valuesindicate greater similarities between a tumor and amodel.
Benjamini-Hochberg (BH) corrected p-values from two-sided Mann-Whitney
U-tests comparing NES distributions between HCMI (red) and CCLE (blue) are
annotated above the violin plots. These comparisons are shown only for the
superior dataset withineach cancer type (lung: p=1.2x10-57; liver: p=2.9x10™**;
bile duct: p=3.8x107%5; bone: p=7.8x107?’; thyroid: p=3.6x107%; pancreatic:
p=8.3x10-3). Additionally, p-values displayed above the 'All models' (green)
plotsindicate statistical significance between the top-performing dataset and
the combined group (HCMI + CCLE), calculated via two-sided Mann-Whitney
U-tests with BH correction (lung: p=3.0x107%; liver: p=3.8x107%; bile duct:
p=1.0x107% bone: p=1.4x1075; thyroid: p=3.5x10""; pancreatic: p=8.3x10 > eye:
p=8.3x1073; sarcoma: p=4.9x107"). The violin plots were sorted in the order of
decreasingsignificance of having agreater NESin CCLE models thanin HCMI.
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Extended DataFig. 6 | Single-nucleus characterization of tumor and
models from the GBM cohort. (a) Proportion of malignant cellsin GBM
tumors, profiled using snRNA-seq. (b) Heatmap highlighting the top

differentially regulated pathways (-logl0(FDR)) in malignant cells (total cells:

n=105,944; tumors:39,405; models: 66,539) across all GBM tumors (left)
versus models (right). Pathways are derived from the MSigDB Hallmark gene

setand glioma-intrinsic expression subtypes as defined by Wang et al.”’° and
Neftel et al.*°. (c) Heatmaps highlighting the top differentially regulated
pathways (-logl0(FDR)) in malignant cells from individual tumor/model pairs.
Pathways are derived from the MSigDB Hallmark gene set and glioma-intrinsic
expressionsubtypes as defined by Wang et al.’® and Neftel et al.*°.
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Extended DataFig.7|Single-nucleus characterization of tumor and
models from the PAAD cohort. (a) Proportion of malignant cells in PAAD
tumors profiled using snRNA-seq. (b) Heatmap showing enrichment analysis
inmalignantcells (total: n=56,526; tumors: 16,226; models: 40,300) across
six PAAD tumor/model pairs profiled at single-nucleus resolution. Rows
indicate bulk and single-cell subtypes defined in studies by Moffitt et al.'**and
Raghavanetal.**. The “Unknown” designationreflects NES values that were
notsignificant. Columns represent single nuclei grouped by tumor/model pair
andsorted sequentially as tumors and matched models. NES: Normalized
Enrichment Score. Sample key: 073: HCM-CSHL-0073-C25; 078 and 078 m:
HCM-CSHL-0078-C25, primary and metastatic; 089 and 089m: HCM-CSHL-
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0089-C25, primary and metastatic; 110: HCM-BROD-0110-C25. (c) Heatmap
highlighting the top differentially regulated pathways (-logl0(FDR)) in
malignant cells (n=56,526; tumors:16,226; models: 40,300) across all PAAD
tumors (left) versus models (right). Pathways are derived from the MSigDB
Hallmark gene sets. (d) PCA visualization of the tumor microenvironment in
the PAAD snRNA-seq cohort. Non-malignant cell populations (e.g., stromal
and immune cells) within tumor samples are highlighted, while malignant
cellsintumors and models are left blank. (e) NES for the PLS, MOS and GLS
transcriptional subtypesin malignant nuclei (n=56,526; tumors:16,226;
models: 40,300) across the PAAD snRNA-seq cohort. Only malignant nuclei
assigned to their corresponding subtype are displayed.
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Extended DataFig. 8|Single-nucleus characterization of matched COAD
tumor/model pairs. (a) Heatmap highlighting the top differentially regulated
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individual snRNA-seq profiles, grouped by tumor/model pair and sorted
sequentially by statistical significance. NES is the Normalized Enrichment
Score.Sample keys are as follows: Sample 143 (HCM-BROD-0143-C20), sample
322 (HCM-CSHL-0322-C20), sample 001 (HCM-BROD-0001-C18). (c) Barplots
displaying the fraction of malignant cells classified as iCMS2 and iCMS3 for
each tumor/model pair'®. Samples labeled as “Unknown” in panel (b) are not
shown. T=tumor; M=model.
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Extended DataFig. 9 |Characterization of HCMI treatment classes,
resistance mechanisms, and germline predispositions. (a,b) The therapeutic
classes within the HCMI collection. Each therapeutic class, represented by
adistinct color, indicates the frequency of models associated with specific
mechanisms of action; note that asingle model may be represented across
multiple treatment mechanisms. (c) Frequencies of resistance driver mutations
across treated and treatment-naive models. (d) Heatmap depicting the

expression and mutation status of alterationin key regulators ofimmune
response inmodels derived from patients previously treated with
immunotherapy. (e) Putative reconstruction of aMYCN-amplifying ecDNA
detected inapoor-prognosis GBM model/paired tumor (HCM-BROD-
0613-C71). (f) An oncoprint that summarizes model somatic variantsin
hereditary Lynch syndrome cases.



Extended Data Table 1| HCMI cancer types and primary diagnoses

Code Cancer Type, Primary Diagnosis n= (%) Code Cancer Type, Primary Diagnosis n= (%)
637 (100) Bladder 14 (2.2)
BLCA Bladder Carcil
Colorectal 167 (26.2) ladder Carcinoma
COAD Colon Adenocarcinoma 123 Soft Tissue 13 (2.0)
READ Rectum Adenocarcinoma 44 SARC Leiomyosarcoma 4
SARC Alveolar Rhabdomyosarcoma 2
Pancreas 97 (15.3) 3
PAAD Pancreatic Adenocarcinoma 95 SARG Spindie Cell Sarcoma 2
IPMN Papillary-Mucinous Carcinoma, Invasive 1 SARC Clear Cell Sarcoma, NOS ]
IPMN Intraductal Papillary-Mucinous Carcinoma, Non-Invasi 1 esmoic umeor
ntraductal Papillary-Mucinous Carcinoma, Non-Invasive SARC Epithelial Sarcoma h
Esophagus 78 (12.1) SARC Giant Cell Sarcoma 1
ESCA Esophageal Adenocarcinoma SARC Soft Tissue Sarcoma 1
Brain 60 (9.4) Head and Neck 1 (1.7)
GBM Glioblastoma 58 HNSC Head and Neck Squamous Cell Carcinoma
GBM Gliosarcoma 1 .
MB Medulloblastoma 1 Kidney 1@
WT Nephroblastoma 6
Skin 43 (6.8) KIRC Renal Cell Carcinoma 3
SKCM Skin Cutaneous Melanoma 41 KICH Chromophobe 1
SScc Skin Squamous Cell Carcinoma 2 RMC Renal Medullary Carcinoma 1
Gastro-Intestinal 32 (5.0) Ampulla of Vater 8 (1.3)
STAD Tubular A 27 AMPV Ampulla of Vater
SIAD Small Intestine Adenocarcinoma 2
STAD Mucinous A inoma 1 Colorectal Polyps 8 (1.3
STAD Signet Ring Cell Carcinoma 1 E‘(’)’#A Z“‘I’“b}"”;’“f A:§“°'“a ?
SIAC Small Intestinal Atypical Carcinoid 1 olon Tubular Adenoma
ypi nof SESP Sessile Serrated Polyp 1
Lung 22 (3.5)
LUAD Lung Adenocarcinoma, Non-Small Cell 17 Biliary Tract . . B 7 (1.0)
LUSC Lung Squamous Cell Carcinoma 3 CHOL Inlrahepatu; Cholanglgcarclr)oma 4
SCLC Lung Small Cell Carcinoma 2 CHOL Extrahepatic Cholangiocarcinoma 3
Ovary 17 (27) Lymphocyte ) 6 (0.9)
ov Ovarian High Grade Serous Carcinoma 10 NHL Non_—l-_lodgklns Lyrr]phcma 2
ov [Ersamcie e CEnsrame 2 AITL Angioimmunoblastic T-Cell Lymphoma 1
ov Ovarian Mucinous Carcinoma 2 PTCL Peripheral T-C_)ell Lymphoma . 1
ov Ovarian Clear Cell Carcinoma 1 TPLL Prolymphocytic T-Cell Leukemia 1
ov Ovarian Cystic Carcinoma 1 CTcL T-Cell Lymphoma 1
ov Ovarian Mullerian Carcinoma 1 Other (n<5) 11 (1.8)
Uterus 17 (27) * Other cancer types are described in Supplementary Table 1
UCEC Uterine Corpus Endometrial Carcinoma
Breast 15 (2.4)
BRCA Breast Infiltrating Duct Carcinoma 5
BRCA Breast Lobular Carcinoma 5
BRCA Breast Carcinoma 2
DCIS Breast Noninfiltrating Duct Carcinoma 2
BRCA Breast Metaplastic Carcinoma 1
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Extended Data Table 2 | HCMI patient demographics and
characteristics

Patient Characteristics n= (%)
Sex 637
Male 382 (60.0)
Female 255 (40.0)
Race, Self-Reported 637
White 293 (46.0)
Unknown 152 (23.8)
Not Allowed to Collect 124 (19.5)
Black or African American 37 (5.8)
Asian 30 (4.7)
American Indian or Alaska Native 1 (0.2)
Ethnicity, Self-Reported 637
Not Hispanic or Latino 327 (51.3)
Unknown 168 (26.4)
Not Reported 121 (19.0)
Hispanic or Latino 21 (3.3)
Tumor Status 637
Primary 388 (60.9)
Metastatic 227 (35.6)
Recurrent 18 (2.8)
Non-Malignant 3 (0.5)
Additional Primary 1 (0.2)
Treatment Status 637
Treatment Naive 330 (51.8)
Treated 175 (27.5)
Data Not Available 132 (20.7)
Family History 637
Yes 245 (38.5)
No 239 (37.5)

Not Reported 153 (24.0)
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For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.
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IZ The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement

A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

The statistical test(s) used AND whether they are one- or two-sided
Only common tests should be described solely by name; describe more complex techniques in the Methods section.

A description of all covariates tested
A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons

|X’ A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient)
AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)

For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted
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|:| For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings

For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes
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Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

Our web collection on statistics for biologists contains articles on many of the points above.

Software and code

Policy information about availability of computer code

Data collection  Data collection and metadata curation for the Human Cancer Models Initiative (HCMI) followed a standardized framework integrating clinical,
biospecimen, and multi-omics data. Clinical and patient metadata were collected using Case Report Forms (CRFs) and submitted via a web-
based system/API to the National Cancer Institute Genomic Data Commons, where data were validated and harmonized into structured JSON
formats for downstream integration.
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Data analysis The analysis of the HCMI dataset incorporated a combination of commercial, open-source, and custom software. Whole-exome sequencing
(WES) and whole-genome sequencing (WGS) reads were aligned using BWA-MEM (v0.7.15), with quality control performed using Picard Tools
(v2.26.10) and base recalibration using GATK (v3.7.0). Somatic variant calling was performed using MuTect (v1.1.7), Strelka (v2.9.10), VarScan
(v2.3.8), and deTiN (v1.0). Structural variants were identified using Manta (v1.6.0) and SVABA (v1.1.0), and copy number alterations were
inferred using Hatchet (v1.0). Variant calls were merged and processed using BCFTools (v1.10.2).

RNA sequencing data were aligned using STAR (v2.7.3a), quantified using Salmon (v1.3.0), and normalized using DESeq2 (v1.30.1) with
variance-stabilizing transformation in R (v4.1.0). DNA methylation data generated using the lllumina HumanMethylationEPIC array were
processed using SeSAMe (v1.18.4) in R.

Downstream computational analyses included pathway and regulatory network inference using Gene Set Enrichment Analysis (GSEA v4.1.0)
with MSigDB Hallmark gene sets, pyVIPER (v1.0) for transcription factor activity inference, and NaRnEA (v1.0) for regulatory network
enrichment analysis. Transcriptomic harmonization across datasets was performed .using Celligner (v1.0; https://github.com/broadinstitute/
celligner). Custom data analysis and visualization were conducted as part of this study, including the development of HCMI Explorer Suite,
implemented as an R Shiny application (https://github.com/human-cancer-model-initiative/HCMI-Explorer-Suite/). All custom code used in
this study is publicly available at: https://github.com/NCICCGPO/HCMI-Flagship-Manuscript

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.

Data

Policy information about availability of data
All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

- Accession codes, unique identifiers, or web links for publicly available datasets
- A description of any restrictions on data availability
- For clinical datasets or third party data, please ensure that the statement adheres to our policy

To support data access, we maintain a publicly accessible instruction portal (HCMI Page at https://www.cancer.gov/ccg/research/functional-genomics/hcmi/using-
hcmi), which serves as the central entry point for the resource. Molecular and genomic characterization data from this study are available through the HCMI-CMDC
project on the NCI Genomic Data Commons (GDC) web page (https://portal.gdc.cancer.gov/projects/HCMI-CMDC) and its accompanying GDC publication page
(https://gdc.cancer.gov/about-data/publications/HCMI-CMDC-2026). Controlled-access raw sequencing data are available through dbGaP under study accession
phs001486. Processed molecular datasets (mutation calls, copy-number profiles, clinical annotations) are available through cBioPortal (https://www.cbioportal.org/
study/summary?id=pancan_hcmi_2025). Interactive model-level exploration is available through the HCMI Searchable Catalog (https://hcmi-searchable-
catalog.nci.nih.gov). All genomic analyses were performed using the human reference genome GRCh38 (Genome Reference Consortium Human Build 38).

Research involving human participants, their data, or biological material

Policy information about studies with human participants or human data. See also policy information about sex, gender (identity/presentation),
and sexual orientation and race, ethnicity and racism.

Reporting on sex and gender Findings in the study report on the self reported biological sex of the patients and their derived models. Consent was
obtained for patients involved in the study and reported overall for 665 individuals.

Reporting on race, ethnicity, or The self-reported race and ethnicity data in the HCMI manuscript was included to ensure a comprehensive understanding of
other socially relevant the diversity represented in the patient-derived models. The study collected self-reported race and ethnicity data from
patients, which was then compared with genetic ancestry estimates obtained from whole-genome sequencing (WGS)
alignments. Genetic ancestry was estimated using the ADMIXTURE (v1.3.0) tool. This approach categorized patients into five
continental-level ancestry groups (AFR, AMR, EAS, EUR, SAS), further refined into 23 sub-populations. The race and ethnicity
categories were included in the study to assess tumor-model representation and diversity. This categorization was primarily
used for demographic reporting and was not incorporated as a direct variable in downstream molecular or functional
analyses.

groupings

Population characteristics Covariate-relevant population characteristics collected for participants in the HCMI study included age at diagnosis, sex,
genetic ancestry, primary tumor diagnosis, disease stage (when available), and treatment history (including treatment-naive
versus post-treatment status and therapeutic exposures). These variables were systematically recorded using standardized
Case Report Forms and curated as part of the clinical metadata linked to each patient-derived model.

The study cohort comprised both adult and pediatric patients, with the majority of models derived from adult donors
(~93.5%) and a smaller proportion from pediatric and adolescent patients (¥6.5%). Genetic ancestry was inferred from
germline sequencing data and included predominantly European ancestry, with representation from African, East Asian,
South Asian, and admixed populations. Clinical follow-up data, including survival and treatment response, were available for
a subset of participants. No restrictions were applied based on age, sex, or disease stage during enrollment.

Recruitment The participant recruitment for the HCMI study followed a structured approach to ensure compliance with ethical and
regulatory standards. Donors were enrolled through the NCI's network of Tissue Source Sites (TSSs).

Ethics oversight Patient recruiting, consenting, and enrolling donors for the HCMI consortium were conducted by the CMDCs, in compliance
with human subject protocol requirements, as mandated by the IRB. Biospecimens were only collected from the donors
when their signed informed consent and IRB protocols met the HCMI requirements per the guidelines provided in HCMI
consent template (https://www.cancer.gov/ccg/research/functional-genomics/hcmi/using-hcmi#tinformed-consent-
template-for-hcmi).

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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Life sciences study design

All studies must disclose on these points even when the disclosure is negative.

Sample size The sample size rationale for the HCMI study was driven by the goal of generating a diverse, well-characterized resource of patient-derived
models to expand publicly available cancer models across multiple tumor types. Between 2016 and 2021, a total of 2,780 patients from the
United States, United Kingdom, Italy, and the Netherlands consented to participate in the study, donating tumor material, matched germline
tissue, and de-identified clinical data for model generation. After processing and quality control (QC), 665 models were successfully derived
from 637 unique patients spanning 25 tumor types. This sample size was not predetermined by statistical calculations, but rather determined
based on feasibility, model success rates, and the goal of improving cancer model diversity in preclinical research.

Data exclusions A total of 22 models (5%) were excluded from downstream analyses due to low tumor purity. These models failed to meet the quality control
threshold for epigenetic and transcriptomic fidelity assessments, as low tumor purity can lead to misleading genomic and transcriptomic
signatures. Consequently, these samples were not included in the final dataset of 643 prioritized HCMI models used for further analyses.

Replication Replication of experimental observations in this study was achieved through cohort-level analyses and independent validation across multiple
data modalities. Genomic, transcriptomic, and epigenetic analyses were performed across large cohorts of independently derived patient—
model pairs (e.g., n = 421 tumor—model pairs for genomic analyses and n = 297 pairs for transcriptomic analyses), enabling reproducibility
through population-scale consistency. Key findings were validated across multiple independent computational methods (e.g., Celligner,
OncoMatch, Euclidean distance, latent transcription factor distance, and classification-based approaches), ensuring robustness across
analytical frameworks.

For experimental assays, measurements were performed on independently derived biological samples (distinct patient-derived models) and
across independent sequencing experiments (e.g., WGS, WES, RNA-seq, and DNA methylation profiling) generated at multiple centers. For
single-nucleus RNA sequencing analyses, independent tumor—model pairs (n = 16) were profiled to confirm reproducibility of observed
cellular states. Technical replicates were not systematically performed, as analyses were conducted on independently derived biological
samples across a large cohort.

Randomization  Randomization was not applicable to this study as patient-derived models were generated based on tissue availability and quality control
metrics, rather than through an experimental grouping approach.

Blinding Blinding was not performed during data analysis, as this study did not involve experimental group allocation or investigator-driven assignment

of samples. All analyses were conducted on de-identified datasets (using ID3 identifiers) generated through standardized pipelines across
multiple centers.

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.

Materials & experimental systems Methods
Involved in the study n/a | Involved in the study
Antibodies |:| ChiIP-seq
Eukaryotic cell lines |:| Flow cytometry
Palaeontology and archaeology g |:| MRI-based neuroimaging

Animals and other organisms
Clinical data

Dual use research of concern
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Plants

Eukaryotic cell lines

Policy information about cell lines and Sex and Gender in Research

Cell line source(s) The HCMI models were generated from patient-derived tumor samples collected under institutional review board (IRB)-
approved protocols. Tissue samples were obtained from the NCI's Cancer Model Development Centers (CMDCs) and
processed following standardized methodologies.
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Authentication

All models underwent short tandem repeat (STR) profiling using the PowerPlex® 18D kit (Promega) to confirm the tumor
origin and ensure sample identity. Cross-contamination was assessed using cytochrome oxidase C1 (CO1) barcoding PCR
assays.

Mycoplasma contamination Each cell line was screened for mycoplasma contamination using the ATCC Mycoplasma Detection Kit (Catalog No. 30-1012K)

before expansion and cryopreservation.

Commonly misidentified lines  No commonly misidentified cell lines (as listed in the ICLAC Register) were used in this study. All models were patient-derived

(See ICLAC register)

Clinical data

and authenticated prior to inclusion in downstream analyses.

Policy information about clinical studies

All manuscripts should comply with the ICMJE guidelines for publication of clinical research and a completed CONSORT checklist must be included with all submissions.

Clinical trial registration  This study is not a clinical trial and was not registered under a clinical trial database. Instead, it is an observational study focused on

Study protocol

Data collection

Qutcomes

Plants

patient-derived cancer model generation and molecular characterization.

Institutional Review Board (IRB) approvals were obtained at each participating Cancer Model Development Center (CMDC) before
patient enrollment and sample collection. Patient recruitment, consent, and data collection followed the ethical guidelines outlined
in the HCMI consent template (https://www.cancer.gov/ccg/research/functional-genomics/hcmi/using-hcmi#finformed-consent-
template-for-hcmi).

Clinical data collection for the HCMI study followed a structured approach to ensure standardization, reproducibility, and compliance
with ethical guidelines. Patient data were collected using cancer-specific Case Report Forms (CRFs) developed by the HCMI Clinical
Data Working Groups, which included oncologists, pathologists, and bioinformatics experts. These forms captured key patient
demographics, tumor characteristics, treatment history, and clinical outcomes. All clinical variables were encoded as Common Data
Elements (CDEs) and registered in the NCI Cancer Data Standards Registry (caDSR) to ensure consistency.

Clinical outcomes in the HCMI study were systematically collected to support translational research. Key outcome variables included
the last day of follow-up, vital status, and overall survival (OS) for deceased patients, ensuring comprehensive survival analysis.
Additionally, treatment histories and timelines were recorded.

Seed stocks

Novel plant genotypes

Authentication
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