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SUMMARY

Gastric cancer is marked by profound molecular and microenvironmental heterogeneity that limits therapeu-

tic progress. Here, we present a 15-layer multi-omics atlas that integrates genomics, epigenomics, transcrip-

tomics, proteomics, multiple post-translational modifications (PTMs), protein-protein interactions, metabo-

lomics, and microbiome profiles from 159 primary gastric adenocarcinomas and 30 matched normal adjacent
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tissues. Using cell-state deconvolution, we define tumor ecotypes that refine genomic and histological sub-

types by capturing distinct tumor microenvironment architectures linked to clinical outcomes and potential 
associations with immunotherapy response. Multi-omics integration prioritizes genomic and epigenomic ab-

errations and their associated vulnerabilities; defines ecotype-specific transcriptional programs, signaling 
pathways, PTMs, protein interaction networks, and metabolic regulation; and identifies microbiome features 
linked to ecotypes and resistance pathways. We further prioritize ecotype-, genomic subtype-, and cell type-

specific targetable proteins using proteomic and PTM analyses within a tumor microenvironment context. 
This comprehensive atlas provides a systems-level blueprint for decoding gastric cancer heterogeneity 
and advancing precision oncology.

INTRODUCTION

Gastric cancer (GC) remains a leading cause of cancer-related 

mortality worldwide, with poor outcomes driven by marked bio-

logical heterogeneity and limited therapeutic efficacy. 1–3 Large-

scale genomic and transcriptomic studies, including those from 

The Cancer Genome Atlas (TCGA) 4 and the Asian Cancer 

Research Group (ACRG), 5 have identified key driver mutations 

and defined molecular subtypes based on features such as 

Epstein-Barr virus (EBV) infection, microsatellite instability 

(MSI), chromosomal instability (CIN), and transcriptional signa-

tures of TP53 activity and epithelial-to-mesenchymal transition 

(EMT). However, these studies incompletely resolve down-

stream functional consequences and rely on bulk measurements 

that obscure cellular heterogeneity and tumor microenvironment 

(TME) architecture.

Single-cell and spatial transcriptomic analyses have identified 

recurring multicellular ecosystems, or ecotypes, reflecting coor-

dinated tumor-stroma-immune interactions. 6–11 Although these 

studies highlight the importance of microenvironmental organi-

zation in shaping tumor behavior, they remain largely transcrip-

tome-centric and do not capture regulatory activity at the pro-

tein, post-translational modification (PTM), protein-protein 

interaction (PPI), or metabolic levels.

Proteomic and proteogenomic studies have begun to bridge 

this gap by measuring protein abundance and signaling activ-

ity, 12–15 yet most focus primarily on phosphorylation and rarely 

integrate additional regulatory layers such as glycosylation, 

acetylation, ubiquitination, PPIs, metabolomics, or tumor-asso-

ciated microbiota. Moreover, limited integration with cell state 

and ecosystem architecture constrains functional interpretation. 

To address these limitations, we integrate tumor ecotype clas-

sification with deep multi-omics characterization within the 

National Cancer Institute’s Clinical Proteomic Tumor Analysis 

Consortium (CPTAC). We profiled primary adenocarcinomas, tu-

mor-matched normal adjacent tissues (NATs), and blood sam-

ples from 159 GC patients. We expanded CPTAC standardized 

pipelines 16 to incorporate intact glycoproteomics, cross-linking 

mass spectrometry (XL-MS) for PPI mapping, metabolomics, 

and tumor-resident microbiome profiling, generating 15 data 

layers. Using cell-state deconvolution, 17 we define ecotypes 

that stratify tumors beyond genomic and histological subtypes 

and link TME architecture to survival and immunotherapy 

response. Through integrative analyses of newly generated 

and published bulk and single-cell datasets, we map functional 

consequences of genomic and epigenomic alterations, delineate

ecotype-specific proteogenomic and metabolic programs, char-

acterize microbiome associations, and prioritize therapeutic tar-

gets across tumor subtypes and cell types. This framework pro-

vides a systems-level approach for decoding tumor ecosystems 

and informing therapeutic development.

RESULTS

Comprehensive molecular characterization

To comprehensively characterize GC heterogeneity, we assem-

bled a cohort of 165 treatment-naive primary non-cardia gastric 

adenocarcinomas and 41 paired, histologically confirmed NATs, 

excluding patients with known hereditary cancer predisposition. 

After quality control, 159 tumors and 30 NATs were retained 

(Figure S1A; STAR Methods). This CPTAC cohort reflects GC di-

versity in age, clinically recorded gender, histology, and stage 

(Figure 1A; Table S1) and is predominantly derived from Eastern 

European patients, complementing prior Asian-focused proteo-

genomic studies. 12–14

Homogenized flash-frozen tissues underwent multi-omics 

profiling. Whole-exome sequencing and whole-genome 

sequencing (WGS) identified somatic mutations and copy-num-

ber alterations (CNAs); methylation arrays captured DNA methyl-

ation; RNA sequencing (RNA-seq) and microRNA (miRNA) 

sequencing quantified mRNA, circular RNA, and miRNA abun-

dances; tandem mass tag proteomics measured global protein 

abundance, phosphorylation, glycosylation, and acetylation; 

data independent acquisition proteomics quantified ubiquitina-

tion; XL-MS mapped PPIs; metabolomics profiled tumor metab-

olites; tumor-associated microbiota were inferred from WGS and 

RNA-seq; and clinical annotations were extracted from meta-

data. Together, these analyses generated 15 data layers 

comprising over 385,000 high-confidence features (Figures 1B, 

S1B, and S1C; Table S1). We further derived higher-order fea-

tures including genomic aberration metrics, tumor composition 

metrics, regulatory and pathway activity scores, TCGA 4 and 

ACRG 5 subtype classifications (Figures S1D–S1G), and microbi-

al community profiles (Figure 1C).

Among 157 genomically profiled tumors, TCGA classification 

identified EBV-positive (8%), MSI (19%), CIN (35%), and ge-

nomically stable ([GS]; 38%) subtypes (Figures S1D–S1F). In mi-

crosatellite stable (MSS) tumors, recurrent mutations mirrored 

previous reports, 4,18 including TP53, ARID1A, PIK3CA, CDH1, 

MAP2K7, and SMAD4 (Figures 1D and S1H). MSI tumors 

showed a higher frequency of mutations than reported by 

TCGA (Figures 1E and S1H), likely reflecting increased
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sequencing depth. Somatic CNA analysis identified both arm-

level and focal alterations, including recurrent focal amplifica-

tions at 17q12 (ERBB2), 20q13.2 (AURKA), 8q24.21 (MYC), 

6p21.1 (VEGFA), and 19q12 (CCNE1) (Figures 1F and S1D; 

Table S1).

Deep PTM profiling substantially expanded the known PTM 

landscape beyond existing databases 19–21 and CPTAC3 

studies. 22 Among PTM sites identified in this study, 6.1% of 

serine/threonine/tyrosine (S/T/Y) phosphorylation sites, 5.3% 

lysine (K) acetylation sites, 23.8% lysine ubiquitination sites, 

and 17.9% asparagine (N)-linked glycosylation sites were newly 

reported (Figure 1G). This PTM atlas expands opportunities for 

mechanistic and therapeutic discovery. For example, JAK2, a 

key immune regulatory kinase controlled by ubiquitin-mediated 

turnover, 23 harbored 21 previously unannotated ubiquitination 

sites and one novel phosphorylation site (Figure 1H). Also, we 

detected glycosylation and ubiquitination sites at or near thera-

peutic epitopes of TACSTD2 (TROP2, Figure 1I), a surface anti-

gen targeted by US Food and Drug Administration (FDA)- 

approved antibody-drug conjugates (ADCs) and under clinical 

evaluation in GC, 24 underscoring the importance of incorpo-

rating PTM information into therapeutic epitope selection and 

biomarker development.

We established large-scale XL-MS profiling in a tumor cohort, 

generating a GC-specific PPI network that substantially expands 

beyond curated PPI databases 25–27 (Figure 1J). With residue-

level resolution, this network reveals novel interaction interfaces 

and contextualizes understudied proteins. For example, the 

poorly characterized cancer-testis antigen CCDC168 interacted 

with EMT-associated proteins VIM and TPM2, while known VIM 

interactions were confirmed (Figure 1K).

Quantitative integration revealed widespread post-translational 

regulation. The median mRNA-protein correlation was moderate 

(Spearman’s ρ = 0.41), consistent with other cancers, 28 whereas 

PTM-protein correlations were similarly modest (ρ = 0.22–0.44), 

and PTM-mRNA correlations were weaker (Figure 1L).

Functional contextualization of genomic and 

epigenomic aberrations

We assessed associations between mutation status of 11 signif-

icantly mutated genes in MSS tumors (Figure 1D) and features

across transcriptomic, proteomic, PTM, and metabolomic 

layers. TP53, MAP2K1, and SMAD4 showed the broadest mo-

lecular footprints (Figure 2A; Table S2). TP53 mutations were 

associated with widespread transcriptional and phospho-

signaling changes, consistent with the role of TP53 as a master 

regulator of gene expression and stress signaling. Canonical 

TP53-inducible genes MDM2, DDB2, and RPS27L were the 

strongest mRNA associations 29,30 (Figures 2A and S2A). 

MAP2K1 mutations were linked to broad transcriptomic changes 

despite minimal detectable phosphosite alterations, suggesting 

a narrow or transient set of phosphorylation events triggering 

downstream transcriptional responses. In contrast, SMAD4 mu-

tations were associated with extensive post-transcriptional re-

modeling, including widespread protein, PTM, and metabolite 

changes, as well as kinase activity alterations (Figure 2B). Kinase 

activity changes were supported by phosphorylation shifts at ki-

nase substrates independent of total protein abundance. For 

example, phosphorylation of multiple CSNK2A1 substrates 

was elevated in SMAD4-mutant tumors without corresponding 

mRNA or protein changes (Figures 2A, 2B, and S2B). While 

SMAD4 knockdown has been linked to increased CSNK2A1 

expression, 31 our data reveal increased CSNK2A1 kinase activ-

ity in SMAD4-mutated tumors, nominating it as a candidate ther-

apeutic vulnerability.

We next prioritized CNAs showing concordant copy number, 

mRNA, and protein alterations, together with differential protein 

abundance between tumors and NATs, identifying 1,729 candi-

date drivers enriched for RNA processing, nuclear transport, and 

amino acid metabolism (Figures 2C and 2D; Table S2). Promi-

nent among these were amplified RNA splicing factors frequently 

upregulated in tumors (Figure 2E). These factors showed strong 

mRNA correlation with MYC (Figure 2F), suggesting coordinated 

upregulation in MYC-amplified tumors and indicating potential 

oncogene-induced dependencies. 32

Assessing DNA methylation, we identified 102 candidate 

methylation drivers inversely correlated with mRNA and protein 

expression, enriched for cell-cell junction organization and neu-

ropeptide signaling pathway (Figures 2G and 2H; Table S2). 

Among junction-associated genes (Figures 2I and S2C), 

CLDN18 is therapeutically relevant, as its isoform CLDN18.2 is 

targeted by FDA-approved antibody therapy in GC. 33,34 The

Figure 1. Multi-omics landscape of the CPTAC GC cohort

(A) Distributions of clinical features across the cohort.

(B) Overview of 15 multi-omics data layers; bold indicates layers not previously profiled in large GC proteogenomic studies.

(C) Derived features from (B), grouped and colored by category: genomic aberration metrics, tumor composition metrics, regulatory activity, molecular classi-

fication, and microbial communities.

(D) Mutation frequencies of significantly mutated genes (MutSig2CV, q < 0.1) in MSS tumors.

(E) Mutation frequencies of the top 20 significantly mutated genes (MutSig2CV, q < 0.1) in MSI-H tumors.

(F) Genome-wide focal CNAs, with G-score reflecting alteration frequency and amplitude.

(G) PTM sites identified in this study, categorized as newly identified, reported in CPTAC3 pan-cancer study but absent from public databases, or reported in 

PhosphoSitePlus.

(H) Lollipop plot of PTM sites identified on JAK2.

(I) Lollipop plot showing PTM sites identified and ADC-binding epitopes on TROP2.

(J) PPIs identified by XL-MS, categorized as newly identified or known interactions in STRING, BioGRID, BioPlex, or HuRI.

(K) XL-MS identified PPIs for CCDC168 and its partner VIM. Crosslinked peptides involving CCDC168 are mapped to their respective edges, with the CCDC168 

peptides bolded, the partner peptide not bolded, and crosslinked lysine residues in red. Ambiguity arises from crosslinked peptides that map to multiple genes.

(L) Distributions of Spearman correlations in tumors: RNA-protein/PTM (red) and protein-PTM (blue). Vertical bar indicates medians. Also see Figure S1 and 

Table S1.
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Figure 2. Functional contextualization of genomic and epigenomic aberrations

(A) Rank plot of signed − log 10 p values for gene-feature associations in MSS tumors (Wilcoxon rank-sum test [WRS]).

(B) Volcano plot of kinase activity differences between SMAD4-mutant (n = 9) and SMAD4-WT MSS tumors (n = 118), with boxplots of phosphosite abundances 

for three SMAD4 substrates by mutation status (WRS).

(C) Workflow for prioritizing candidate CNA drivers by integrating CNA-mRNA and CNA-protein Spearman correlations with tumor vs. NAT differential expression 

(WRS).

(D) Gene Ontology Biological Process (GO BP) terms enriched among prioritized CNA drivers.

(E) Boxplots of protein abundance in tumors (n = 159) vs. NATs (n = 30) for 10 prioritized RNA splicing-related genes.

(F) Heatmap of mRNA levels of MYC and the splicing-related genes in (E) (n = 172, Spearman correlation).

(G) Workflow for prioritizing candidate methylation drivers by integrating methylation-mRNA and methylation-protein Spearman correlations with tumor vs. NAT 

differential expression (WRS).

(legend continued on next page)
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analyzed methylation probe mapped to CLDN18.1, which 

showed increased methylation and reduced mRNA expression 

in tumors, indicating epigenetic repression at the CLDN18 locus. 

In parallel, CLDN18.2 mRNA and protein levels were also lower in 

tumors compared to NATs (Figure 2J). Notably, the epithelial 

marker CDH1 was significantly decreased at the protein level 

in tumors (Figure 2J), consistent with EMT-associated disruption 

of epithelial junctions. Together, these findings suggest that 

CLDN18.2’s therapeutic relevance may reflect altered 

membrane accessibility during EMT rather than tumor-specific 

overexpression, consistent with prior reports. 35,36 Because 

CLDN18.2-high tumors span both epithelial and mesenchymal 

states (Figure 2K), incorporating additional markers, such as 

CLDN18.1 methylation, CLDN18 mRNA levels, or EMT indica-

tors, may better identify tumors undergoing EMT while retaining 

surface-accessible CLDN18.2 for targeted therapy.

Tumor ecotypes reveal TME-driven stratification

beyond genomic subtypes

To move beyond genomics-centric classification 4 and better 

resolve TME architecture, we applied a validated bulk RNA-

seq deconvolution method 17 to estimate the relative levels of 

71 epithelial, stromal, and immune cell states. Consensus clus-

tering identified six tumor ecotypes (C1–C6, Figure 3A and 

S3A–S3C; Table S3). Clustering 37 significantly variable cell 

states defined five co-occurring TME programs (Figure 3A): a 

Transitional Interface program reflecting epithelial-stromal 

crosstalk and low-grade inflammation; an Immune Effector-

Enriched program representing an inflamed and immune-acti-

vated TME; a Naive-Primed Immune program indicating immune 

infiltration with limited activation; an Immunoregulatory program 

reflecting an immune-excluded, tissue-maintaining niche poten-

tially contributing to tumor persistence and progression, and an 

Angiogenic Immunosuppressive program representing a pro-

tumorigenic TME. Across five external GC cohorts with available 

survival data (from four independent studies 4,5,37,38 ), Cox regres-

sion and meta-analysis showed that Transitional Interface and 

Immune Effector-Enriched programs were associated with 

favorable prognosis, Naive-Primed Immune was neutral, and 

Immunoregulatory and Angiogenic Immunosuppressive pro-

grams predicted poor outcomes (Figures 3A; Table S3; STAR 

Methods).

Ecotypes represented distinct combinations of the TME pro-

grams (Figure 3A). C1 was enriched for Immunoregulatory and 

Angiogenic Immunosuppressive programs, had the highest stro-

mal content (Figure 3B), and was enriched for ACRG EMT sub-

type and diffuse histology. C2 was Angiogenic Immunosuppres-

sive dominant without accompanying Immunoregulatory 

features. C3 was defined by the Naive-Primed Immune program. 

C4 aligned with the Transitional Interface program and had the

highest tumor purity and epithelial content (Figure 3B). C5 com-

bined Immune Effector-Enriched and Naive-Primed Immune 

programs, showed the highest immune infiltration (Figure 3B), 

expressed CD274 (PD-L1) and IDO1, was enriched for MSI-

related mutational signature SBS15, and under-represented 

TP53 mutations. C6, the least frequent ecotype, showed selec-

tive enrichment of AGR2+ epithelial cells, suggesting a unique, 

epithelial-focused TME state. Among clinical features, only age 

was associated with ecotype, with C4 patients older than those 

in C1 and C3 (Figures S3D–S3E).

A multiclass classifier trained using ecotype labels and cell 

state profiles from our cohort reproduced ecotype patterns 

across five external GC datasets with diverse ancestry and 

geographic composition 4,5,37,38 (Figures S3F–S3G; Table S3; 

STAR Methods). Survival analysis in these external datasets 

showed that C1 had the poorest prognosis, C2 and C3 interme-

diate, and C4–C6 favorable outcomes (p = 1.28e− 06, Figure 3C). 

Multivariable Cox regression, adjusting for age, clinically re-

corded gender, stage, and Lauren subtype confirmed ecotype 

as an independent predictor (p = 1.97e− 05). C1 outcomes 

were worse than C2 despite the shared Angiogenic Immunosup-

pressive program, suggesting that the additional presence of the 

Immunoregulatory, tissue-maintaining program may lead to a 

more suppressive and treatment-resistant TME. Because our 

cohort lacks sufficient long-term survival data, we trained a diffu-

sion-augmented AI model 39 on TCGA and ACRG datasets— 

without ecotype input—to predict survival (STAR Methods). 

When applied to our cohort, this model independently identified 

C1 as the poorest-prognosis ecotype (Figure S3H).

Ecotypes stratified genomically similar tumors by TME archi-

tecture in our cohort (Figure 3D) and the TCGA/ACRG cohort 

(Figure 3E). GS tumors were enriched in C1 and C3, and CIN 

tumors in C2 and C4. GS tumors classified as C1 vs. C3 differed 

markedly in TME programs (Figure 3A) and survival outcomes 

(Figure 3F). Diffuse-type tumors similarly segregated into 

C1 and C3 (Figures 3G and 3H) with distinct outcomes 

(Figure 3I). MSI is an established biomarker for immune check-

point blockade (ICB). Interestingly, while MSI tumors were pre-

dominantly C5, 45% in our cohort and 47% in TCGA/ACRG fell 

into other ecotypes (Figures 3D and 3E). Using PredictIO, 40 a 

pan-cancer gene expression signature of ICB response, C5 

MSI tumors had significantly higher predicted response than 

other MSI tumors across cohorts (Figure 3J), suggesting that 

ecotype refines immunotherapy stratification beyond MSI 

alone.

Proteogenomic programs underpin tumor ecotypes

To define the molecular programs underlying GC ecotypes, we 

integrated transcriptional hallmark signatures; inferred activities

(H) GO BP terms enriched among prioritized methylation drivers.

(I) Boxplots of protein abundance in tumors (n = 159) vs. NATs (n = 30) for nine genes involved in cell-cell junction organization.

(J) Boxplots comparing tumors (n = 159) and NATs (n = 30) for CLDN18.1 methylation and mRNA, CLDN18.2 mRNA and protein, and CDH1 and VIM protein 

expression.

(K) Heatmap of CDH1 protein, EMT signature scores, CLDN18.2 protein, and CLDN18.1 mRNA across tumors and NATs. CLDN18.1 mRNA and protein correlated 

with EMT score (Pearson correlation).

*p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001, n.s. non-significant. Also see Figure S2 and Table S2.
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Figure 3. TME-defined tumor ecotypes stratify genomic and histological subtypes

(A) Six tumor ecotypes identified by consensus clustering of cell state scores. Meta-analysis of Cox regression survival associations from TCGA, ACRG, 

GSE15459, GSE26899, and GSE26901 cohorts is shown for each cell state (left).

(B) Boxplots comparing purity, immune, and stromal scores across ecotypes (WRS; n = C1: 30, C2: 22, C3: 15, C4: 37, C5: 38, C6: 9).

(C) Kaplan-Meier survival analysis of the tumor ecotypes using pooled TCGA, ACRG, GSE15459, GSE26899, and GSE26901 data (n = C1: 184, C2: 70, C3: 130, 

C4: 303, C5: 256, C6: 74).

(D and E) Stacked bar plots showing genomic subtype distribution by ecotype in the CPTAC (D) and TCGA/AGRG (E) cohorts, with enrichment assessed by 

Fisher’s exact test.

(F) Kaplan-Meier survival analysis comparing C1 vs. C3 GS tumors in TCGA and ACRG (C1: 43, C3: 45).

(legend continued on next page)
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of transcription factors (TFs), kinases, and miRNAs; multi-layer 

PTM profiling; and XL-MS-based protein interaction mapping. 

Hallmark analysis revealed distinct ecotype-specific pro-

grams (Figure 4A). C1 was enriched for stromal pathways, 

including EMT, angiogenesis, and hypoxia, consistent with its 

stroma-rich phenotype and ACRG EMT subtype association. 

C4 was dominated by proliferative and biosynthetic signatures, 

reflecting a highly proliferative epithelial state. C5 exhibited 

broad activation of immune-related programs alongside sup-

pression of metabolic pathways, supporting its immune-in-

flamed phenotype.

Regulator activity analysis showed the strongest differences 

in C1, C4, and C5 (Figures 4B–4D). Using an independent GC sin-

gle-cell RNA-seq dataset 7 for orthogonal annotation, we mapped 

lineage enrichment of key regulators (Figures S4A and S4B; STAR 

Methods). C1 showed activation of fibroblast-specific TFs, 

including FOXF1, MYOCD, and TCF21, consistent with a 

stroma-driven transcriptional program. In contrast, its elevated ki-

nases displayed broader lineage expression, suggesting intercel-

lular signaling. C4 was characterized by epithelial-stabilizing 

miRNAs (including the miR-200 family), epithelial-enriched E2F2 

expression, and activation of proliferation-associated kinases 

(CDK1/2/7, AURKA, and PRKDC), supporting a coordinated pro-

liferative program with epithelial enrichment. C5 showed activa-

tion of immune-related TFs, including STATs, IRFs, and NF-κB 

family members, many enriched in immune cells.

PTM analysis uncovered extensive ecotype-specific regulato-

ry events not captured by mRNA or protein level, including 4,818 

phosphorylation sites, 259 acetylation sites, 631 ubiquitination 

sites, and 1,587 intact glycopeptides (Figure 4E; Table S4). 

Among annotated PTM sites, many showed changes consistent 

with known functional consequences. For example, in C1, 

elevated activating phosphorylation of DEAF1 (T432) and PAK2 

(S197) paralleled increased inferred TF and kinase activity, 

increased inhibitory acetylation of IDH2 (K106) suggested 

post-translational suppression of enzymatic function, and 

reduced degradative ubiquitination of ANXA1 (K312) corre-

sponded to elevated protein abundance (Figures 4F–4I). In 

contrast, most ecotype-associated PTM events remain function-

ally uncharacterized, representing a largely unexplored regulato-

ry layer. For example, the site-specific glycoform LRP1-N1575 

N4H5F0S1G0 was elevated in C5 despite reduced LRP1 protein 

abundance (Figure 4J).

XL-MS profiling identified hundreds of significantly regulated 

intra- or inter-protein interactions associated with ecotype, EMT 

status, or tumor-NAT differences (Figure S4C). While most inter-

action changes tracked with protein abundance, some occurred 

independently of protein expression. For example, an intra-pro-

tein crosslink in EEF2, supported by structural mapping 

(Figure S4D), was elevated in C5 despite stable protein levels 

(Figure 4K). We next constructed a GC-specific protein interaction

network using XL-Ranker 41 to resolve peptide-mapping ambiguity 

(see examples in Figure 1K), yielding 1,248 protein-coding genes 

connected by 1,185 high-confidence interactions (Figure S4E; 

Table S4, STAR Methods). Hierarchical module analysis using 

NetSAM 42 identified 102 network modules organized into four 

levels (Figure 4L; Table S4), spanning metabolism, immunity, 

gene regulation, and cytoskeleton and cell structure. Module-level 

differential analysis revealed ecotype-, EMT-, and tumor-NAT-

associated alterations, with C1 and EMT tumors sharing 

numerous affected modules (Figure S4F). For instance, a chro-

matin-associated module (L2M9, Figure 4M) was elevated in tu-

mors and stratified by ecotypes, showing the highest levels in 

good-prognosis ecotypes (C4–C6) and the lowest in poor-prog-

nosis C1. In contrast, a cytoskeletal module (L1M6, Figure 4M) 

was broadly reduced in tumors but relatively preserved in C1, 

consistent with its tissue-maintaining TME features. An immune-

associated module (L2M7, Figure 4M) was broadly upregulated 

in tumors, with the strongest elevation in the immune-infiltrated 

C5. While several genes in L2M7 are known to be expressed in im-

mune cells, all interactions within this module were newly identi-

fied by XL-MS, highlighting our ability to uncover network context 

beyond curated databases.

Metabolic programs underpin tumor ecotypes

To define metabolic programs associated with tumor ecotypes, 

EMT status, and tumor-NAT differences, we integrated metabo-

lomic, transcriptomic, proteomic, and PTM data. Comparative 

analysis identified 220 metabolites associated with ecotypes, 

EMT status, and tumor-NAT differences (Figure 5A). In C5, qui-

nolinate and kynurenine were elevated, consistent with activa-

tion of the immunosuppressive tryptophan-kynurenine pathway 

in immune-infiltrated tumors. 43 C4 tumors showed increased 

thymidine and thymine, reflecting heightened nucleotide de-

mand in proliferative states. In contrast, glycerol-3-phosphate 

was elevated in C1 and EMT tumors, consistent with the lipid 

metabolic reprogramming during EMT. 44

Across 84 metabolites with quantifiable precursors, the 

maximum precursor-metabolite correlation per metabolite had 

a median Spearman correlation of 0.43 (range − 0.22 to 1.0, 

Figure 5B), indicating substantial enzymatic regulation beyond 

substrate availability. To systematically identify candidate regu-

lators beyond precursor effects, we applied MetaSage, 45 a ma-

chine learning framework that models the abundance of each 

metabolite’s abundance by integrating precursor levels with 

mRNA, protein, and PTM measurements of directly associated 

anabolic and catabolic enzymes (STAR Methods, Figures 5C– 

5E). Of the 220 differential metabolites shown in Figure 5A, 114 

had quantifiable predictors, and 51 were robustly predicted 

(Pearson r > 0.5, p < 0.05, Figure S5A; Table S5). For 25 metab-

olites, model predictions correlated more strongly with 

measured abundance than any individual precursor (Figure 5F),

(G and H) Stacked bar plots showing histological subtype distribution by ecotype in the CPTAC cohort (G) and TCGA/AGRG (H) cohorts. Fisher’s test odds 

ratio >1.

(I) Kaplan-Meier survival analysis comparing C1 vs. C3 diffuse tumors in TCGA and ACRG (C1: 50, C3: 30).

(J) PredictIO immune checkpoint response scores for C5 MSI vs. other MSI tumors in the CPTAC, TCGA, and ACRG cohorts. (WRS; n = CPTAC: 16 vs. 13, TCGA: 

35 vs. 26, ACRG: 18 vs. 21).

*p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001. Also see Figure S3 and Table S3.
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suggesting contributions from enzymatic regulation. Feat-

ure importance analysis yielded a regulatory network linking 

196 important features to 51 well-predicted metabolites 

(Figure S5B; STAR Methods). Precursor metabolites accounted 

for 26% of these predictors, RNA and protein expression of 

associated enzymes each contributed 22%, and PTMs ac-

counted for 30% (Figure 5G).

IDO1 emerged as the top predictor of formylkynurenine abun-

dance, consistent with its role in catalyzing tryptophan conver-

sion to formylkynurenine 46 (Figure 5H). IDO1 mRNA and protein 

were elevated in ecotype C5 (Figures 3A, 5I, and 5J), aligning 

with increased formylkynurenine and decreased tryptophan 

(Figures 5C and S5C). Supporting this axis, AFMID, which medi-

ates downstream formylkynurenine metabolism, decreased in 

C5 (Figure S5D). Single-cell RNA-seq data 7 showed IDO1 

enrichment in dendritic cells (Figure S5E), implicating the TME 

in regulating tryptophan metabolism.

Ubiquitination at IDO1 K389 was also associated with formyl-

kynurenine levels (Figure 5E) and was elevated in C5 (Figure 5K), 

correlating positively with IDO1 mRNA and protein abundance 

(Figure 5L), suggesting that K389 ubiquitination does not pro-

mote degradation in this context. Structural mapping places 

K389 within the C-terminal K-helix, stabilized by surrounding he-

lices and the EF-loop (Figure 5M), potentially limiting its accessi-

bility. 47 Prior studies show that structural exposure of this region 

enables K389 ubiquitination-mediated degradation, 47 support-

ing its role as a conditional degron and a potential therapeutic 

vulnerability in GC.

Finally, correlating dysregulated metabolites with five TME pro-

grams (Figure 3A) identified program-specific metabolic signa-

tures (Figure 5N). Formylkynurenine, kynurenine, and quinolinate 

were strongly associated with the Immune Effector-Enriched pro-

gram, reinforcing IDO1-mediated tryptophan metabolism in im-

mune-active TMEs. In contrast, glycolysis-feeding monosaccha-

rides, including fructose, galactose, glucose, and mannose, 

were associated with the Immunoregulatory program, suggesting 

adaptation to hypoxic, stroma-rich niches. Pathway enrichment 

analysis further supported these associations (Figure 5O).

Tumor microbiome associations with subtypes and 

molecular programs

Using WGS and RNA-seq data processed through a compre-

hensive and rigorously filtered microbial analysis pipeline

(STAR Methods), we profiled tumor-associated microbiota, 

identifying diverse bacteria, fungi, and viruses (Figure 6A). Of 

1,506 initially detected species, removal of likely contaminants 

and false-positives 48,49 yielded 315 high-confidence, tissue-en-

riched species (Figure S6A) supported by concordant DNA and 

RNA evidence (Figure S6B). Across tumor samples, Strepto-

coccus and Prevotella were most abundant, followed by other 

gastrointestinal-associated taxa such as Lactobacillus, Fuso-

bacterium, and Helicobacter 50 (Figure S6C). EBV was enriched 

in 13 samples (Figure 6A), exactly matching the independently 

determined EBV subtype (Figure S1E), with a median abundance 

of 275 reads per million (∼10.6 viral copies per tumor cell). 

Community analysis of tumor microbiomes identified an EBV-

only cluster and four additional multi-species microbial commu-

nities, designated as the Helicobacter pylori, Lactobacillus-

Candida albicans, Pathobiont, and Veillonella clusters 

(Figure 6B; Table S6). The Pathobiont cluster was the most abun-

dant (Figure S6D). Overall, tumors segregated into five ‘‘tumor 

enterotypes’’ 51,52 largely dominated by individual microbial clus-

ters (Figure 6C).

In 27 matched tumor-NAT pairs, the H. pylori and Veillonella 

parvula clusters were enriched in NATs (Figure S6E). At the spe-

cies level, H. pylori was enriched in NATs (p = 5.2 × 10 − 3 ), 

whereas EBV was enriched in tumors (p = 1.22 × 10 − 3 ) 

(Figure 6D), supporting a model in which H. pylori contributes 

to GC initiation and EBV to tumor progression. 53–55

Microbial composition varied by genomic subtype. MSI tu-

mors showed higher bacterial load and increased relative 

abundance of the Pathobiont cluster (Figures S6F and S6G). 

Species-level analysis confirmed MSI-associated taxa previ-

ously reported in colorectal cancer, including Fusobacterium 

animalis, 56 Parvimonas micra, 57 and Selenomonas sputi-

gena, 58 and newly associated Streptococcus anginosus 

(Figure S6H).

Microbial composition also differed across tumor ecotypes. 

C4 and C5 tumors had higher bacterial load (Figure 6E) and 

were enriched for the Pathobiont cluster (Figure 6F). Species-

level analysis revealed enrichment of S. anginosus and 

other Pathobiont cluster species in C4, while C5 was enriched 

with Lactobacillus gasseri and Limosilactobacillus vaginalis 

(Figure 6G). Additionally, S. anginosus was negatively associated 

with EMT status. Within the MSI genomic subtype, C4 tumors 

showed higher relative abundance of the Pathobiont cluster

Figure 4. Proteogenomic programs underpin tumor ecotypes

(A) Heatmap of proteomics-derived Hallmark pathway activity across ecotypes. Colors indicate signed − log 10 FDR from one-vs.-rest WRSs.

(B–D) Top 25 transcription factors (B), kinases (C), and miRNAs (D) with the strongest differential activity across one-vs.-rest comparisons (WRS). For miRNA, only 

those with concordant activity and abundance are shown.

(E) Heatmap of significantly regulated PTM sites by PTM type from one-vs.-rest ecotype comparisons (WRS); (top) upregulated sites; (bottom) downregulated 

sites (|signed − log 10 FDR| > 2), without concordant RNA or protein changes.

(F–J) Boxplots comparing protein, PTM, or inferred activity between a specific ecotype and others for (F) DEAF1 (protein, pT432, TF activity), (G) PAK2 (protein, 

pS197, kinase activity), (H) IDH2 (protein, acK106), (I) ANXA1 (protein, ubK312), and (J) LRP1 (protein, glycosylation N4H5F0S1G0 at N1575). (C1: 30 vs. 121; C5: 

38 vs. 113).

(K) Boxplots of EEF2 protein abundance and the intra-protein cross-link K252-K239 in C5 vs. others (protein: 38 vs. 113; XL-MS: 36 vs. 101).

(L) Hierarchical organization of modules derived from the XL-MS PPI network.

(M) Representative modules from (L) showing differential abundance across ecotypes and tumor vs. NAT. (Top) Module networks colored by tumor vs. NAT 

expression; edge styles denote interaction groups determined by the XL-Ranker. (Bottom) Boxplots of module abundance across tumor, NAT, and ecotypes 

(tumor: 114, NAT: 29, C1: 26, C2: 20, C3: 14, C4: 32, C5: 36, C6: 9).

*p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001. Also see Figure S4 and Table S4.
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than C5 (Figure 6H), suggesting that low immune infiltration may 

favor Pathobiont colonization.

To explore functional associations, we first assessed tumor 

glycosylation profiles, given their role in host-microbe interac-

tions. 59–61 Tumors enriched for the Pathobiont cluster showed 

decreased levels of fucose-sialic glycans and elevated levels 

of high-mannose glycans; the latter have been linked to tumor 

proliferation 62 (Figure 6I).

Integrative metabolic and proteomic analysis revealed the 

most widespread associations with the Pathobiont cluster (false 

discovery rate [FDR] <0.1) (Figure 6J). Proteomics-based 

pathway enrichment, controlling for subtype and ecotype, linked 

the Pathobiont cluster to metabolic reprogramming, RB 

signaling, DNA mismatch repair, hypoxia, NF-κB mediated 

inflammation, and 5-fluorouracil (5-FU) chemoresistance 

(Figure 6K), many of which are supported by colorectal cancer 

studies. 63–66 Metabolite analysis associated the Pathobiont 

cluster with histidine metabolism (Figure 6K), including elevated 

N-formiminoglutamic acid (FIGLU) (Figure 6L), a biomarker of 

folate deficiency. As folate deficiency contributes to 5-FU resis-

tance, 67,68 this association suggests a microbial link to chemore-

sistance. Consistently, thymidylate synthase (TYMS), a mediator 

of 5-FU resistance, 69 was also associated with the Pathobiont 

cluster (Figure 6M).

Therapeutic target prioritization in the context of GC 

heterogeneity

Because GC exhibits extensive genomic, molecular, and micro-

environmental heterogeneity, traditional tumor-normal compari-

sons may overlook subgroup-specific targets. We, therefore, 

performed systematic outlier analysis 70 to identify proteins and 

PTMs aberrantly activated in tumor subsets (STAR Methods) 

and mapped them across genomic subtypes, ecotypes, and 

cell-of-origin derived from published single-cell RNA-seq data. 7 

Seventy-seven percent of tumors showed outlier overexpres-

sion of at least one of 23 established antibody- and T cell-based 

targets, including ERBB2 (HER2), 1,71 TACSTD2 (TROP2), 72 

CEACAM5, 73 MUC1, 74 and FOLR1 75 (Figures 7A and S7A; 

Table S7). We also identified additional surface proteins with

recurrent high outlier expression (Figure 7A), including 

COL12A1, COL5A1, and VCAN, whose mRNA levels were asso-

ciated with poor survival in prior cohorts 4,5,37,38 (Figure S7B), ex-

panding the repertoire of candidate surface targets.

Using intact glycoproteomics data, we identified site-specific-

glycoforms with recurrent high outlier expression (Figures 7B; 

Table S7). Among site-specific-glycoforms with ≥15 high out-

liers, high-mannose species were significantly enriched 

(Figure 7C), indicating incomplete N-glycan biosynthesis 76 and 

potentially linked to downregulation of mannose-removing 

enzyme MAN2C1 and the fucosylation and sialylation enzymes 

FUT1, FUT2, ST6GALNAC1, and ST3CAL6 in tumors 

(Figure S7C). At the gene level, 340 genes harbored at least 

one high site-specific-glycoform outlier. CEACAM5 ranked 

fourth, with 70% of tumors showing glycosylation outliers and 

many other antibody drug targets also showed extensive glyco-

peptide outliers (Figures 7D and S7D; Table S7). Notably, 

COL1A2 and COL5A2 showed modest protein outliers (12 and 

14 samples) but extensive site-specific-glycoform outliers (70 

and 69 samples, Figure 7E), highlighting that glycan remodeling 

can markedly expand and refine the therapeutic target land-

scape beyond protein abundance alone.

We next prioritized intracellular targets by integrating outlier 

analysis with CRISPR knockout data from GC cell lines in 

DepMap 77 to identify overexpressed or hyperactivated depen-

dencies (Figure 7F; STAR Methods), as intracellular targets 

generally require tumor cell dependency for small-molecule ac-

tion. We identified 21 candidates, including CDK6, a target of 

approved oncology drugs 78 ; 12 targets of experimental drugs; 

and seven additional proteins with small-molecule potential, link-

ing aberrant activation to functional vulnerability.

Mapping prioritized targets to ecotype, genomic subtype, and 

lineage context revealed a broad repertoire of context-specific 

therapeutic opportunities (Figures 7G and 7H). C1- and C2-en-

riched targets (e.g., ASPN, MFAP4, OGN, COL14A1, DCN, 

PRELP, SERPINE2, COL3A1, BGN, COL5A1, and LTBP1/2) 

were predominantly expressed in fibroblasts. In contrast, C4-

and C5-enriched targets exhibited broader lineage distribution. 

Epithelial-predominant targets included LAMC2 and EPCAM

Figure 5. Integrative analysis of metabolic dysregulation and model-based regulatory inference

(A) Differentially abundant metabolites identified by one-vs.-rest comparisons (C1, C4, or C5 vs. other tumors; EMT vs. non-EMT tumors; and tumors vs. NATs). 

The top five significantly up- or downregulated metabolites in each comparison are labeled (red, green).

(B) Distribution of the strongest Spearman correlation between each significantly altered metabolite in (A) and its quantified upstream reactants. Dashed line 

indicates the median.

(C) Formylkynurenine intensity across ecotypes. Associated enzymes and upstream/downstream metabolites are shown below; regulatory enzymes and me-

tabolites used as MetaSage input are highlighted in red.

(D) Pearson correlation between measured and model-predicted formylkynurenine intensities.

(E) SHAP (Shapley Additive Explanations) feature importance scores for input features contributing to formylkynurenine intensity prediction.

(F) Scatterplot comparing, for each metabolite, the Pearson correlation between model-predicted and measured abundance (y axis) and the strongest correlation 

between measured abundance and any quantified upstream metabolite (x axis). Red and blue indicate metabolites for which the model correlation is higher and 

lower than the upstream correlation, respectively; green denotes metabolites without quantified upstream reactants.

(G) Origin of top predictive features: upstream reactants (red) and gene-derived features (blue), with different blue shades indicating distinct gene-based feature 

groups.

(H) Network centered on formylkynurenine, displaying its top predictive features.

(I–K) Abundance of IDO1 RNA (I), protein (J), and K389 ubiquitination (K) in C5 vs. other ecotypes (I: 38 vs. 113; J: 38 vs. 121; K: 38 vs. 107).

(L) Spearman’s correlation between IDO1 K389 ubiquitination and IDO1 RNA/protein expression.

(M) Structural location of K389 on IDO1.

(N and O) Top five positively correlated metabolites and enriched metabolic pathways identified for each cell state community based on Spearman correlation. 

Also see Figure S5 and Table S5.
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(C4), LAMA3 (C5), TSPAN8 (MSI), and TROP2 (CIN). Interest-

ingly, ERBB2, enriched in CIN and C4, was expressed at the 

mRNA level in both epithelial and fibroblast cells (Figures 7H 

and S7E). Together, these results demonstrate that therapeutic 

vulnerabilities in GC are ecotype and lineage dependent, extend-

ing beyond epithelial tumor cells to stromal compartments and 

underscoring the need for ecosystem-informed targeting 

strategies.

DISCUSSION

This study integrates tumor ecotype classification with deep 

multi-omics characterization to functionally characterize GC 

ecosystems. While ecotype stratification and multi-omics 

profiling have each been reported, their integration enables 

direct linkage of microenvironmental architecture to regulatory 

programs and therapeutic vulnerabilities.

Ecotype classification is significantly associated with patient 

survival and stratifies genomically and histologically similar tu-

mors into biologically and clinically distinct groups. GS and 

diffuse-type tumors segregate into C1 and C3 ecotypes with 

markedly different survival outcomes. Among MSI tumors, those 

classified as C5 show higher predicted responsiveness to ICB 

than other MSI tumors, which may help explain the modest 

response rates observed in unselected MSI GC patients treated 

with pembrolizumab. 79

Multi-omics integration reveals the functional architecture un-

derlying ecotypes. By jointly analyzing transcriptomic, proteo-

mic, PTM, PPI, metabolomic, and microbiome layers, we identify 

coordinated regulatory programs not apparent from RNA alone. 

For example, integration across layers identifies activation of the 

IDO1-kynurenine pathway in the immune-associated C5 

ecotype, linking immune state to metabolic immune evasion 

and supporting a potential mechanism of resistance to ICB. 

Elevated ubiquitination of IDO1 at K389 in C5 correlates with 

expression and appears non-degradative under basal condi-

tions; however, structural modulation can convert this site into 

a degradative signal, 47 highlighting the therapeutic potential of 

structure-guided IDO1 degraders in this context.

We extend prior therapeutic prioritization strategy beyond pro-

tein overexpression and kinase hyperactivation. 28 Intact glyco-

proteomics expands the surface target landscape, enabling

glycoform-informed refinement of antibody-based therapies. 

XL-MS provides residue-level resolution of protein interactions, 

creating opportunities to target specific interaction interfaces 

rather than entire proteins, 80 potentially improving selectivity. 

Integration with external single-cell references addresses a key 

limitation of bulk proteomics by resolving the cellular origin of 

candidate targets, thereby supporting ecotype- and cell type-

specific therapeutic strategies that extend beyond epithelial tu-

mor cells to stromal and immune compartments. Finally, tu-

mor-resident microbiome analysis links microbial communities 

to tumor immune and metabolic states, suggesting that microbi-

al composition may serve both as a biomarker for treatment 

stratification and as a modifiable therapeutic axis.

Multi-omics integration also functionally contextualizes 

genomic and epigenomic alterations and refines associ-

ated therapeutic vulnerabilities. A clinically salient example is 

CLDN18.2. Although currently selected by protein expression 

alone, CLDN18.2-high tumors span distinct EMT states. Integra-

tion of methylation and EMT-associated features provides addi-

tional context that may reflect differential therapeutic accessi-

bility, refining target interpretation beyond single-marker 

assessment.

In summary, by integrating tumor ecotype classification with 

deep multi-omics characterization, we define GC ecosystems 

in which microenvironmental architecture is directly linked to 

regulatory programs and therapeutic vulnerabilities. This frame-

work refines tumor stratification beyond genome-centric models 

and provides a generalizable strategy for decoding complex tu-

mor ecosystems in precision oncology.

Limitations of the study

This study has several limitations. First, the discovery cohort was 

derived from a predominantly Eastern European population. 

Although ecotype patterns were validated across independent co-

horts with diverse geographic representation, broader generaliza-

tion of quantitative associations will require multi-ancestry multi-

omics studies. Second, the cohort lacked sufficient long-term 

survival data. Survival analyses were, therefore, performed using 

external public datasets without detailed treatment annotations, 

precluding treatment-type-stratified analyses and formal assess-

ment of ecotype-treatment interactions. Third, the ecotypes 

were inferred from integrated molecular features rather than

Figure 6. Characterization of gastric tissue-associated microbiome and association with tumor features

(A) Microbial composition of decontaminated WGS primary tumors (n = 159). (Top) Total microbial load per sample (reads per million [RPM]). (Bottom) Relative 

abundance of selected high-abundance taxa.

(B) Pearson correlation heatmap of species abundances and microbial clusters; top eight species per cluster and pathobionts (bold) are shown.

(C) Microbial cluster composition: total microbial load (top) and cluster abundance (bottom).

(D) Paired tumor-normal analysis showing enrichment of EBV in tumors (n = 13) and H. pylori in NATs (n = 16).

(E) Tumor microbial load (log 10 RPM) by ecotype (C1: 30, C2: 22, C3: 15, C4: 38, C5: 38, C6: 9).

(F) Median relative abundance of microbial clusters (log 10 RPM) by ecotype.

(G) Relative abundance of median microbial cluster abundance (log 10 RPM) for C4-MSI (n = 10) and C5-MSI (n = 16) tumors.

(H) Species enrichment by ecotype and subtype using one-vs.-rest prevalence analysis. The top five significantly enriched or depleted species (p < 0.01) are 

colored by microbial cluster.

(I) Mountain plots showing enrichment and depletion of high-mannose and fucose-sialic glycan types in association with the Pathobiont cluster.

(J) Number of significant cluster-metabolite (top) and cluster-protein (bottom) Pearson correlations (p < 0.05), calculated after blocking for ecotype and subtype.

(K) Significantly enriched pathways identified from proteins (top) and metabolites (bottom) associated with Pathobiont cluster abundances.

(L) Scatterplot of Pathobiont cluster abundance (log 10 RPM) and FIGLU abundance.

(M) Scatterplot of Pathobiont cluster abundance and TYMS expression. *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001. See also Figure S6 and Table S6.
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Figure 7. Therapeutic target discovery in the context of GC heterogeneity

(A) Boxplots of ADC targets, antibody targets, T cell targets (≥5 high protein outliers), and other non-essential gene surface proteins (≥15 high protein outliers). 

Numbers indicate high-outlier samples (n = 159 tumor, 30 normal).

(B) Site-specific-glycoforms from non-essential surface proteins ranked by high-outlier frequency (as in A). Dashed line indicates the 15-outlier cutoff.

(C) Ratio of site-specific-glycoforms with ≥15 high outliers by glycan type; dashed line, mean. Enriched glycan type is marked (*Fisher’s exact test, p = 0.0005, 

odds ratio >1).

(D) Non-essential surface proteins ranked by the number of samples with high site-specific-glycoform outliers; top genes, top glycoforms’ genes, and targets 

from (A) are labeled; dashed line ≥15 outliers.

(E) Heatmap of protein- and glycoform-level high-outlier samples for COL1A2 and COL5A2, ordered by COL1A2 protein abundance (n = 159).

(legend continued on next page)
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definitive spatial entities. Future single-cell and spatial studies will 

be needed for experimental validation. Fourth, while technologies 

such as XL-MS and deep PTM profiling expand biological insight, 

continued improvements in sensitivity, coverage, and data anal-

ysis are needed to maximize utility in clinical samples. Finally, as 

a resource-oriented, hypothesis-generating study, functional vali-

dation of specific therapeutic hypotheses was beyond scope and 

will require dedicated investigation.

RESOURCE AVAILABILITY

Lead contact

Further information and requests for resources and reagents should be 

directed to and will be fulfilled by the lead contact, Bing Zhang (bing.zhang@ 

bcm.edu).

Materials availability

This study did not generate new unique reagents.

Data and code availability

• Genomic and transcriptomic data files can be accessed via the Genomic 

Data Commons (GDC) Data Portal: https://portal.gdc.cancer.gov/ 

projects/CPTAC-3. Raw proteomics data files can be accessed at the 

Proteomic Data Commons: https://pdc.cancer.gov, with the following 

accession numbers: Proteome PDC000614, phosphoproteome 

PDC000615, glycoproteome PDC000616, acetylome PDC000622, me-

tabolome PDC000621, protein-protein interaction PDC000626, and ubiq-

uitylome PDC000617. Processed data matrices utilized for this publica-

tion can be accessed via LinkedOmics: https://www.linkedomics.org/ 

data_download/CPTAC-GC, where a brief description of the data normal-

ization method for each dataset is also included.

• The software and code used in this study are referenced in their corre-

sponding STAR Methods sections and the key resources table.

• Additional information required to reanalyze the data reported in this 

work paper is available from the lead contact upon request.
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koc, E., van der Meer, D., Barthorpe, A., Lightfoot, H., Jaaks, P., et al. (2021). 

Integrated cross-study datasets of genetic dependencies in cancer. Nat. 

Commun. 12, 1661. https://doi.org/10.1038/s41467-021-21898-7.

78. Voutsadakis, I.A. (2025). Development of CDK4/6 Inhibitors in Gastroin-

testinal Cancers: Biomarkers to Move Forward. Curr. Issues Mol. Biol. 

47, 454. https://doi.org/10.3390/cimb47060454.

79. Chao, J., Fuchs, C.S., Shitara, K., Tabernero, J., Muro, K., Van Cutsem, 

E., Bang, Y.J., De Vita, F., Landers, G., Yen, C.J., et al. (2021). Assess-

ment of Pembrolizumab Therapy for the Treatment of Microsatellite 

Instability-High Gastric or Gastroesophageal Junction Cancer Among 

Patients in the KEYNOTE-059, KEYNOTE-061, and KEYNOTE-062 Clin-

ical Trials. JAMA Oncol. 7, 895–902. https://doi.org/10.1001/jamaoncol. 

2021.0275.

80. Nada, H., Choi, Y., Kim, S., Jeong, K.S., Meanwell, N.A., and Lee, K. 

(2024). New insights into protein-protein interaction modulators in drug 

discovery and therapeutic advance. Signal Transduct. Target. Ther. 9, 

341. https://doi.org/10.1038/s41392-024-02036-3.

81. Vasaikar, S.V., Straub, P., Wang, J., and Zhang, B. (2018). LinkedOmics: 

analyzing multi-omics data within and across 32 cancer types. Nucleic 

Acids Res. 46, D956–D963. https://doi.org/10.1093/nar/gkx1090.

82. Kim, S., Chen, J., Cheng, T., Gindulyte, A., He, J., He, S., Li, Q., Shoe-

maker, B.A., Thiessen, P.A., Yu, B., et al. (2025). PubChem 2025 update. 

Nucleic Acids Res. 53, D1516–D1525. https://doi.org/10.1093/nar/ 

gkae1059.

83. Li, F., Chen, Y., Anton, M., and Nielsen, J. (2023). GotEnzymes: an exten-

sive database of enzyme parameter predictions. Nucleic Acids Res. 51, 

D583–D586. https://doi.org/10.1093/nar/gkac831.

84. Hu, Y., Schnaubelt, M., Chen, L., Zhang, B., Hoang, T., Lih, T.M., Zhang, 

Z., and Zhang, H. (2024). MS-PyCloud: A Cloud Computing-Based Pipe-

line for Proteomic and Glycoproteomic Data Analyses. Anal. Chem. 96, 

10145–10151. https://doi.org/10.1021/acs.analchem.3c01497.

85. Li, H., Handsaker, B., Wysoker, A., Fennell, T., Ruan, J., Homer, N., 

Marth, G., Abecasis, G., and Durbin, R.; 1000 Genome Project Data Pro-

cessing Subgroup (2009). The Sequence Alignment/Map format and 

SAMtools. Bioinformatics 25, 2078–2079. https://doi.org/10.1093/bioin-

formatics/btp352.

86. McKenna, A., Hanna, M., Banks, E., Sivachenko, A., Cibulskis, K., Ker-

nytsky, A., Garimella, K., Altshuler, D., Gabriel, S., Daly, M., and DePristo, 

M.A. (2010). The Genome Analysis Toolkit: a MapReduce framework for 

analyzing next-generation DNA sequencing data. Genome Res. 20, 

1297–1303. https://doi.org/10.1101/gr.107524.110.

87. Mermel, C.H., Schumacher, S.E., Hill, B., Meyerson, M.L., Beroukhim, R., 

and Getz, G. (2011). GISTIC2.0 facilitates sensitive and confident localiza-

tion of the targets of focal somatic copy-number alteration in human can-

cers. Genome Biol. 12, R41. https://doi.org/10.1186/gb-2011-12-4-r41.

88. Garcia, M., Juhos, S., Larsson, M., Olason, P.I., Martin, M., Eisfeldt, J., 

DiLorenzo, S., Sandgren, J., Dı́az De Stå hl, T., Ewels, P., et al. (2020). 
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EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Human subjects

A total of 165 consented participants (99 males, 66 females aged 32–87 years) were prospectively recruited for this study by seven 

different tissue source sites (TSS) in Europe. Institutional review boards at the TSS reviewed protocols and consent documentation in 

accordance with the Clinical Proteomic Tumor Analysis Consortium (CPTAC) guidelines for study participation. Clinical data were 

obtained from TSS, quality checked and aggregated into an internal database called the CDR (Comprehensive Data Resource). De-

mographics, diagnosis, exposure, histopathologic information, treatment and patient outcome information were checked for quality 

and consistency before deposition into the Proteomic Data Commons (PDC) and Genomic Data Commons (GDC). All histologic and 

radiologic images can be accessed from The Cancer Imaging Archive (TCIA) Public Access portal. Samples with high blood content 

were removed from further analyses. The genotypic, clinical, geographical and other associated metadata is summarized in Table S1.

METHOD DETAILS

Specimen acquisition

The tumor, NAT, and whole blood samples used in this study were prospectively collected for the CPTAC project. Treatment naive 

patients scheduled for surgical treatment of a tumor mass assumed to be a primary stomach adenocarcinoma with different anatom-

ical locations were recruited. Patients who underwent cancer treatment more than ten years prior were included if the cancer was at a 

site other than the stomach. Only histopathologically defined adenocarcinomas of the subtypes: papillary, tubular, poorly cohesive-

signet ring cell and mucinous were considered for analysis. Forty-one out of the 165 tumor samples had matched NATs that met the 

criteria for classification as acceptable normal tissue. For most individuals, three to four tumor specimens were collected. Each tissue 

specimen endured cold ischemia for less than 30 min prior to freezing in liquid nitrogen; the average ischemic time was 20 min from 

resection/collection to freezing. Specimens were flash-frozen in liquid nitrogen. Histologic sections obtained from top and bottom 

portions from each case were reviewed by a board-certified pathologist and a disease specific expert pathologist to confirm the as-

signed pathology. Samples with a tumor nuclei content greater than 60% were deemed acceptable. For mucinous gastric cancers, a 

rare histologic subtype, tumor nuclei content less than 60% was deemed acceptable given the acellular composition of this subtype. 

The top and bottom sections had to contain an average of less than 20% necrosis. Specimens were shipped overnight from the TSS 

to the biospecimen core resource (BCR) located at Van Andel Research Institute, Grand Rapids, MI, U.S., using a cryoport that main-

tained an average temperature of less than − 140 ◦ C.

Sample homogenization and aliquoting for multi-omics analyses

At the biospecimen core resource, specimens were confirmed for pathology qualification and prepared for genomic, transcriptomic, 

proteomic, metabolomic, and PPI analyses. Selected specimens were cryopulverized using a Covaris CryoPREP instrument and ma-

terial aliquoted for subsequent molecular characterization. Genomic DNA and total RNA were extracted and sent to the genome 

sequencing centers. The whole exome and whole genome DNA sequencing and methylation EPIC array analyses were performed 

at the Broad Institute, Cambridge. Total RNA and miRNA sequencing were performed at the University of North Carolina, Chapel Hill, 

NC. Material for proteomic and PTM analyses was sent to the Proteomic Characterization Center (PCC) at the Johns Hopkins Uni-

versity, Baltimore, MD. Metabolomic profiling was conducted at Gigantest, Baltimore. PPI characterizations were carried out at the 

University of California, Irvine.

Whole genome sequencing (WGS)

Preparation of libraries for the cluster amplification and sequencing

An aliquot of genomic DNA (350ng in 50μL) was used as the input into DNA fragmentation (also known as shearing). Shearing was 

performed acoustically using a Covaris focused-ultrasonicator, targeting 385bp fragments. Following fragmentation, additional size
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selection was performed using an SPRI cleanup. Library preparation was performed using a commercially available kit provided by 

KAPA Biosystems (KAPA Hyper Prep without amplification module, product KK8505), and with palindromic forked adapters with 

unique 8-base index sequences embedded within the adapter (purchased from Roche). Following sample preparation, libraries 

were quantified using quantitative PCR (kit purchased from KAPA Biosystems), with probes specific to the ends of the adapters. 

This assay was automated using Agilent’s Bravo liquid handling platform. Based on qPCR quantification, libraries were normalized 

to 2.2 nM and pooled into 24-plexes.

Cluster amplification and sequencing (HiSeqX and NovaSeq 6000)

Sample pools were combined with HiSeqX Cluster Amp Reagents EPX1, EPX2 and EPX3 into single wells on a strip tube using the 

Hamilton Starlet Liquid Handling system. Cluster amplification of the templates was performed according to the manufacturer’s pro-

tocol (Illumina) with the Illumina cBot. Flowcells were sequenced on HiSeqX utilizing sequencing-by-synthesis kits to produce 151bp 

paired-end reads. Output from Illumina software was processed by the Picard data-processing pipeline to yield CRAM or BAM files 

containing demultiplexed, aggregated aligned reads. All sample information tracking was performed by automated LIMS messaging. 

Sample pools were combined with NovaSeq Cluster Amp Reagents DPX1, DPX2 and DPX3 and loaded into single lanes of a 

NovaSeq 6000 S4 flowcell cell using the Hamilton Starlet Liquid Handling system. Cluster amplification and sequencing occured 

on NovaSeq 6000 Instruments utilizing sequencing-by-synthesis kits to produce 151bp paired-end reads. Output from Illumina soft-

ware was processed by the Picard data-processing pipeline to yield CRAM or BAM files containing demultiplexed, aggregated 

aligned reads. All sample information tracking was performed by automated LIMS messaging.

Whole exome sequencing (WES)

Library construction

An aliquot of genomic DNA (100–250 ng in 50μL) was used as the input into DNA fragmentation (also known as shearing). Shearing is 

performed acoustically using a Covaris focused-ultrasonicator, targeting 150bp fragments. Library preparation is performed using a 

commercially available kit provided by KAPA Biosystems (KAPA HyperPrep Kit with Library Amplification product KK8504) and IDT’s 

duplex UMI adapters. Unique 8-base dual index sequences embedded within the p5 and p7 primers (purchased from IDT) are added 

during PCR. Enzymatic clean-ups are performed using Beckman Coultier AMPure XP beads with elution volumes reduced to 30μL to 

maximize library concentration. Following library construction, library quantification is performed using the Invitrogen Quant-It broad 

range dsDNA quantification assay kit (Thermo Scientific Catalog: Q33130) with a 1:200 PicoGreen dilution. Following quantification, 

each library is normalized to a concentration of 35 ng/μL, using Tris-HCl, 10mM, pH 8.0. All steps performed during the library con-

struction process and library quantification process are performed on the Agilent Bravo liquid handling system.

In-solution hybrid selection

After library construction, hybridization and capture are performed using the relevant components of IDT’s XGen hybridization and 

wash kit and following the manufacturer’s suggested protocol, with several exceptions. A set of 12-plex pre-hybridization pools are 

created. These pre-hybridization pools are created by equivolume pooling of the normalized libraries, Human Cot-1 and IDT XGen 

blocking oligos. The pre-hybridization pools undergo lyophilization using the Biotage SPE-DRY. Post lyophilization, custom exome 

bait (TWIST Biosciences) along with hybridization mastermix is added to the lyophilized pool prior to resuspension. Samples are incu-

bated overnight. Library normalization and hybridization setup are performed on a Hamilton Starlet liquid handling platform, while 

target capture is performed on the Agilent Bravo automated platform. Post capture, a PCR is performed to amplify the capture 

material.

Preparation of libraries for cluster amplification and sequencing

After post-capture enrichment, library pools are quantified using qPCR (automated assay on the Agilent Bravo), using a kit purchased 

from KAPA Biosystems with probes specific to the ends of the adapters. Based on qPCR quantification, pools are normalized using a 

Hamilton Starlet to the required loading concentration. Up to 24 samples are sequenced per lane on Illumina’s NovaSeq S4 

sequencing technology.

Cluster amplification and sequencing

Cluster amplification of library pools was performed according to the manufacturer’s protocol (Illumina) using Exclusion Amplification 

cluster chemistry and NovaSeq S4 flowcells. Flowcells were sequenced on Sequencing-by-Synthesis chemistry for NovaSeq S4 

flowcells using paired 151bp runs.

DNA methylation profiling

The Illumina EPIC V2 methylation profiling array provides coverage of CpG islands, genes, and enhancers. We used the Zymo chem-

istry products to convert methylated cytosine regions of DNA to uracil through a 2-day bisulfite conversion where unmethylated cyto-

sine remains. Then, sample processing was finished using Infinium MethylationEPIC using the iScan scanner systems and the 

GenomeStudio analysis software; the level of methylation was determined by measuring the level of fluorescence on methylated 

versus non-methylated sites per sample on each chip.
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RNA sequencing

QA/QC of RNA analytes

Upon receipt, flash frozen GC RNA samples were assayed for RNA integrity, concentration, and fragment size. Samples for total 

RNA-Seq were quantified on a TapeStation system (Agilent, Inc. Santa Clara, CA) and RNA Integrity score (RIN) calculated. We tar-

geted input concentrations greater than 500 ng/μL, although some samples were lower.

Total RNA-Seq library construction

For total RNA-Seq library construction we used Illumina Stranded Total RNA Prep with RiboZero Gold and bar-coded with individual 

tags following the manufacturer’s instructions (Illumina, Inc. San Diego, CA). Libraries were prepared and then 24–92 samples were 

pooled on an automated liquid handling system to minimize variance. Quality control was performed at every step. Libraries were 

quantified for concentration, fragment size and distribution using a TapeStation system.

Total RNA sequencing

Indexed libraries were prepared and run on an Illumina NovaSeq 6000, paired end 100 base pairs to generate a minimum of 150 

million reads per sample library with a target of greater than 90% mapped reads. In all but a few cases, all data was from the 

same sequencing run. A few samples needed additional read depth, which was provided with a secondary sequencing run. The 

raw Illumina sequence data were demultiplexed and converted to fastq files; adapter and low-quality sequences were quantified. 

Samples were assessed for informational quality by mapping reads to human genome reference (hg38), estimating total number 

of reads that mapped, amount of RNA mapping to coding regions, amount of rRNA in sample, number of genes expressed, and rela-

tive expression of housekeeping genes. The samples passing this QA/QC were then bioinformatically clustered with other expression 

data from similar and distinct tumor types to confirm expected expression patterns. The clustering results were subjected to expert 

review. Atypical samples were SNP typed to confirm source analyte. FASTQ files of all reads were then uploaded to the GDC repos-

itory and distributed to the analysis team.

miRNA sequencing

miRNA-Seq library construction used the NEXTflex Small RNA-Seq Kit (v3, PerkinElmer, Waltham, MA). Samples were barcoded with 

individual tags following the manufacturer’s instructions. Libraries were prepared on Sciclone Liquid Handling Workstation. Quality 

control was performed at every step, and the libraries were quantified using a TapeStation system and an Agilent Bioanalyzer using 

the Small RNA analysis kit. Pooled libraries were then size selected according to NEXTflex Kit specifications using a Pippin Prep 

(Sage Science, Beverly, MA. Samples were then sequenced on an Illumina NextSeq2000 at 1 × 50 bp. Post-sequencing QA/QC eval-

uated the abundance and diversity of miRNA and the number of informative reads. After assessment it was determined whether top-

off sequencing was required. All sample data that passed was then merged and provided to the GDC.

Protein digestion

The general procedure of tissue lysis sample preparation followed previous publications. 16 Each of cryo-pulverized GC tissue and 

NAT was lyzed in 8M urea lysis buffer (75 mM NaCl, 50 mM Tris (pH 8.0), 1 mM EDTA, 2 μg/mL aprotinin, 10 μg/mL leupeptin, 1 

mM PMSF, 10 mM NaF, Phosphatase Inhibitor Cocktail 2 and Phosphatase Inhibitor Cocktail 3 [1:100 dilution], 20 μM PUGNAc, 

10 mM Sodium Butyrate, 2 μM SAHA, 50 μM PR-619, and 500 units/mL Benzonase Nuclease) by vortexing for 20 s. The lyzed solution 

was kept on ice for 15 min. This procedure was repeated three times. Insoluble cell debris was removed by centrifugation at 16,000 x 

g for 15 min at 4 ◦ C. The protein solution was collected and measured by BCA assay (Pierce). The protein concentration was adjusted 

to 8 mg/mL with the lysis buffer, and 200 μL protein solution was used for further digestion reactions, including the steps of reduction, 

alkylation and digestion. Proteins were reduced and alkylated with dithiothreitol (6 mM, 37 ◦ C, 1h) and iodoacetamide (12 mM, room 

temperature (r.t.) in dark, 45 min), respectively. The alkylated proteins were diluted 1:3 with 50 mM Tris-HCl (pH 8.0) to reduce urea 

concentration to 2M and digested with LysC (enzyme to substrate ratio of 1 mAU:50 mg protein, r.t., 2h), followed by trypsin (enzyme 

to substrate ratio of 1:50, r.t., overnight). The proteolytic reaction was quenched by 50% of formic acid to adjust pH to less than 3. The 

digested solution was centrifuged at 16,000 x g for 15 min at 4 ◦ C, and the supernatant was desalted on Sep-Pak tC18 96-well plate. 

The eluted peptides were dried using Speed-Vac (Thermo Scientific).

Ubiquitinome profiling (DIA-based)

Enrichment of ubiquitinated peptides

A total of 300 μg of peptides (quantified by peptide-level BCA assay) of each sample was dissolved in 120 μL of 100 mM HEPES buffer 

(pH 8.5). Thirteen pooled peptide samples (300 μg of each sample) were generated by aliquoting from 165 GC tissues and 41 NATs for 

future TMTpro reference channel and underwent the enrichment process as well. The antibody-bead slurry was briefly spun and re-

suspended to ensure uniformity, and 42.5 μL was transferred to a 1.7 mL microcentrifuge tube. After washing the beads twice with 

ice-cold 1× PBS, they were resuspended in 800 μL PBS and evenly aliquoted (100 μL each) into eight PCR tubes. The beads were 

then incubated with 300 μg of peptides per tube on an end-over-end rotator at 4 ◦ C for 2 h. Following incubation, the unbound pep-

tides were collected for future TMTpro labeling. Beads were washed twice with 1× PBS and twice with IAP wash buffer. Bound pep-

tides were eluted with 50 μL of IAP Elution Buffer (0.15% TFA) at room temperature while mixing, and this elution was repeated three 

times. The combined eluates were then loaded onto Evotip (Evosep Biosystems) according to the EvosepOne (Evosep Biosystems) 

protocol for ubiquitylation data independent analysis (DIA) analysis on timsTOF-HT (Bruker).
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LC-MS/MS for ubiquitinated peptides DIA analysis

The LC-MS/MS system was built by EvosepOne-timsTOF-HT coupled system according to our previous publication. 138 Individual 

ubiquitinated peptide samples were loaded on Evotip and used 30 SPD LC method for seperation in Bruker column toaster 

(50 ◦ C) with PepSep C18 column of 15 cm × 150 μm, 1.5 μm (Bruker). The ubiquitinated peptide data was generated using the 

DIA-PASEF mode on timsTOF-HT with setting as: MS1 scan range of 100–1700 m/z; MS2 scan range of 342 (1/K0 range 0.7–0.8)

- 1217 (1/K0 range 1.12–1.41)m/z, mass width 25.0 Da without mass overlap, 1 MS1 ramps, 20 MS/MS ramps, 1/K0 range of 

0.70–1.45 V . s/cm 2 , ramp time 85.0 ms.

Tandem mass tag based global proteomic and PTMs analyses

Tandem mass tag reagent TMTpro labeling of peptides

The unbound peptides from ubiquitylation enrichment of each sample were labeled with 18-plex TMTpro reagents (TMTpro 16plex 

label reagent set with TMTpro-134C & TMTpro-135N label reagents). The pooled samples were included in 13 TMTpro 18-plex sets 

as reference channels. All GC tissues and NATs were co-randomized to 13 TMTpro 18-plex sets. TMTpro reagents were dissolved in 

500 μL anhydrous acetonitrile, and 40 μL of each channel TMTpro reagent was added to the corresponding aliquot of peptides. The 

labeling reaction was shaken at r.t. for 1h and quenched by 5% hydroxylamine at r.t. for 15 min. The TMTpro labeled peptides were 

desalted on Sep-Pak tC18 96-well plate and dried by Speed-Vac.

Basic reversed phase liquid chromatography (bRPLC) of peptide fractionation and sample preparation for global 

proteomic analyses

Each TMTpro set of the desalted labeled peptides were dissolved in 900 μL of 5 mM ammonium formate solution (pH 10) with 2% 

acetonitrile and fractionated onto a 4.6 mm × 250 mm Zorbax Extend-C18 analytical column with 3.5 μm beads (Agilent) lined up with 

an Agilent 1220 Series HPLC. Buffer A was 5 mM ammonium formate in 2% acetonitrile (pH 10), and buffer B was 5 mM ammonium 

formate in 90% acetonitrile. Peptides were separated and collected by using a non-linear gradient with 1 mL/minute: 0% buffer B (7 

min), 0%–16% buffer B (6 min), 16%–40% buffer B (60 min), 40%–44% buffer B (4 min), 44%–60% buffer B (5 min), and then held at 

60% buffer B for 14 min. The collected fractions were combined into 24 fractions as previously work, 16,139 and 2% of the each com-

bined 24 fractions were aliquoted and dried for global proteomic analysis. The dried 24 samples for each set were resuspended in 3% 

acetonitrile containing 0.1% formic acid water solution and loaded on Evotip, analyzing by Evosep-Ascend system. The remaining 

sample was used for further enrichment.

Phosphopeptide enrichment

The remaining samples were further combined into 12 fractions before the phosphopeptide enrichment as previously 

described. 16,139 The enrichment was conducted by immobilized metal affinity chromatography (IMAC). In brief, Ni 2+ -NTA agarose 

beads were conditioned and incubated with 10 mM FeCl 3 aqueous solution at r.t. for 1h to prepare Fe 3+ -NTA agarose beads. Pep-

tides from each fraction were dissolved in 80% acetonitrile containing 0.1% trifluoroacetic acid (TFA) and were incubated with 10 μL 

of the Fe 3+ -IMAC beads for 30 min. Samples were then spun down at 1,000 x g for 1 min and the supernatant containing unbound 

peptides was collected. The beads were brought up in 80% acetonitrile with 0.1% trifluoroacetic acid and then loaded onto condi-

tioned C-18 stage tips. The stage tip was washed by 80% acetonitrile containing 0.1% trifluoroacetic acid, followed by 1% formic 

acid. The flowthroughs were collected and combined with the enrichment unbound peptides for subsequent glycopeptide enrich-

ment. The phosphopeptides were eluted from the Fe 3+ -IMAC beads to conditioned C-18 stage tip with 70 μL of 500 mM dibasic po-

tassium phosphate, pH 7.0 three times. The tip was washed twice with 1% formic acid, followed by elution of the phosphopeptides 

with 50% acetonitrile containing 0.1% formic acid twice. Phosphopeptides were dried down and resuspended in 3% acetonitrile, 

0.1% formic acid for 2.5 injection and loaded on Evoptip to LC-MS/MS analysis.

Glycopeptide enrichment

Peptides not retained during phosphopeptide enrichment underwent desalting using a Sep-Pak tC18 96-well plate. For glycopeptide 

enrichment, OASIS MAX solid-phase extraction cartridges were used. The cartridges were sequentially conditioned with three 

washes of 1 mL acetonitrile, followed by three washes with 100 mM triethylammonium acetate buffer, three washes with water, 

and finally three washes with 95% acetonitrile containing 1% trifluoroacetic acid. Peptides were applied to the cartridge twice to 

maximize binding. To keep non-glycosylated peptides for acetylation enrichment, the cartridge was washed four times with 1 mL 

of 95% acetonitrile (1% TFA). Glycopeptides were subsequently eluted using 50% acetonitrile containing 0.1% TFA, dried under vac-

uum, and reconstituted to 2.5 injections in 3% acetonitrile containing 0.1% formic acid before LC-MS/MS analysis. The one injection 

peptides were loaded onto Evotip for TMTpro analysis on Ascend.

Enrichment of acetylated peptides

Peptides (three fractions combined to one fraction) of four fractions each set were reconstituted in 400 μL of 1× IAP bind buffer from 

the kit by pipetting and shaking to ensure complete dissolution. The pH was confirmed to be neutral (no lower than 7.0) and adjusted 

with Tris buffer if necessary. The sample was centrifuged at 10,000 × g for 10 min at 4 ◦ C. The antibody-bead slurry was briefly spun at 

1,000 × g and gently pipetted to obtain a uniform suspension. A total of 31 μL of Ac-K bead slurry was transferred into a 2.0 mL micro-

centrifuge tube, followed by three washes with 1.65 mL of ice-cold 1× PBS buffer. The beads were then resuspended and aliquoted 

equally (400 μL each) into four 1.7 mL tubes. After removing the PBS, about 750 μg of peptide solution was added to each tube and 

incubated on an end-over-end rotator for 2 h at 4 ◦ C. The unbound peptides were collected for subsequent experiments. Beads were 

washed four times with 400 μL chilled HS IAP wash buffer, followed by two washes with 400 μL chilled LC-MS water. Peptides were
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eluted with 50 μL of IAP Elution Buffer (0.15% TFA) at room temperature while mixing (1,750 rpm) for 10 min. This elution was repeated 

three times, and the combined eluates were pooled. Half of the final eluent was loaded onto Evotip for TMTpro analysis on Ascend. 

LC-MS/MS for global proteomic and PTMs analyses

The TMTpro-labeled global peptides, phosphopeptide, glycopeptide, and acetylated peptide fractions were analyzed on Evosep-

Orbitrap Ascend Tribrid Mass Spectrometer (Thermo Scientific). Approximately 1.0 μg TMTpro labeled peptides were separated 

on PepSep C18 column of 15 cm × 150 μm, 1.5 μm. The column was heated to 50 ◦ C and the LC gradient is 15 SPD. The data 

was collected in a data-dependent acquisition (DDA) mode with the settings for global proteomic samples: MS1 resolution – 

120,000, mass range – 400 to 1,400 m/z, RF Lens – 60%, AGC Target – 1.2e6, Max injection time – auto, MIPS – peptide with 

most abundant peak, intensity threshold – 2.5e4, charge state include – 2–6, dynamic exclusion – 45 s, exclude after 1 time. The cycle 

time was set to 3 s, and within this 3 s the most abundant ions per scan were selected for MS/MS in the orbitrap. MS2 resolution – 

30,000, TurboTMT – All TMT Reagents, first mass (m/z) – 110, high-energy collision dissociation (HCD) activation energy– 35, isola-

tion width (m/z) – 0.7, AGC Target – 5.0e4, Max injection time – 59 ms. The phosphoproteomic and acetylated proteomic samples 

were analyzed with the setting: MS1 resolution – 120,000, mass range – 400 to 1,400 m/z, RF Lens – 60%, AGC Target – 1.2e6, Max 

injection time – auto, MIPS – peptide with most abundant peak, intensity threshold – 1.0e4, charge state include – 2–6, dynamic 

exclusion – 45 s, exclude after 1 time. The cycle time was set to 3 s, and within this 3 s the most abundant ions per scan were selected 

for MS/MS in the orbitrap. MS2 resolution – 30,000, TurboTMT – All TMT Reagents, first mass (m/z) – 110, high-energy collision disso-

ciation (HCD) activation energy– 33, isolation width (m/z) – 0.7, AGC Target – 3.0e5, Max injection time – 59 ms. The glycoproteomic 

samples were analyzed by following the optimized setting 140 : MS1 resolution – 60,000, mass range – 350 to 2,000 m/z, RF Lens – 

60%, AGC Target – 1.2e6, Max injection time – auto, MIPS – peptide with most abundant peak, intensity threshold – 1.0e4, charge 

state include – 2–8, dynamic exclusion – 45 s, exclude after 1 time. The cycle time was set to 3 s, and within this 3 s the most abundant 

ions per scan were selected for MS/MS in the orbitrap. MS2 resolution – 30,000, TurboTMT – All TMT Reagents, first mass (m/z) – 110, 

high-energy collision dissociation (HCD) activation energy– 25,35,45, isolation width (m/z) – 0.7, AGC Target – 6.0e5, Max injection 

time – 64 ms.

XL-MS sample preparation and data generation

Cross-linking, protein extraction and tryptic digestion

15∼35 mg of cryo-pulverized GC tissues and NAT were suspended in cross-linking buffer (20 mM HEPES (4-(2-Hydroxyethyl)piper-

azine-1-ethane-sulfonic acid), 150 mM NaCl, 1.5 mM MgCl 2 , pH 7.8) containing 2 mM Alkyne-A-DSBSO. The cross-linking reaction 

was carried out for 1 h with rotation at 37 ◦ C and then quenched with 50 mM ammonium bicarbonate for 15 min at room temperature. 

The cross-linked tissues were lysed in UA lysis buffer (8 M urea, 150 mM NaCl, 50 mM Tris (pH 8.0), 0.5mM DTT, 0.5% NP-40) by 

probe sonication. The supernatant was clarified by centrifugation at 14,000 g and protein concentration was measured by Bradford 

assay. The extracted proteins were digested using FASP (filter aided sample preparation) procedure as previously described. 141 

Cross-linked proteins were transferred onto a 30 KDa FASP centrifugal filter and washed with 8 M urea buffer. The denatured proteins 

were reduced by 2 mM TCEP for 30 min and alkylated with 10 mM iodoacetamide for 30 min in dark. After washing with 25 mM 

ammonium bicarbonate, proteins were reconstituted in 60 μL of 8 M urea in 25 mM ammonium bicarbonate. Lys-C (enzyme to protein 

ratio of 1:100) was added to the solution and the mixture was incubated at 37 ◦ C for 4 h. Then, the concentration of urea was reduced 

to 1.5 M for trypsin digestion (enzyme to protein ratio of 1:50) at 37 ◦ C overnight. The peptide digests were extracted, desalted by Sep-

Pak C18 cartridge and stored in − 80 ◦ C freezer prior to subsequent ‘‘click’’-based labeling and enrichment.

Click chemistry-based cross-link enrichment

Click labeling of BPA (biotin picolyl azide) to Alkyne-A-DSBSO cross-linked peptides was performed as previously described. 141,142 

Briefly, BPA, BTTAA, CuSO 4 , and sodium ascorbate were added to peptide digests (40 μL) to obtain a final concentration of 1.2 mM, 1 

mM, 500 μM, and 5 mM, respectively. The mixture was then rotated in the dark at r.t. for 2 h. After labeling, binding buffer (25 mM 

sodium phosphate, 150 mM NaCl, pH 7.5) was added to a final volume of 200 μL and rotated with 250 μL of streptavidin beads 

for 2 h at room temperature. After washing with binding buffer twice, the DSBSO cross-linked peptides were eluted from the beads 

through acid cleavage using 10% formic acid at 37 ◦ C overnight and dried using Speed-Vac.

TMT labeling of cross-linked peptides

Equal amount of cross-linked peptides from each tissue sample were labeled with 11-plex TMT reagents according to the manufac-

turer’s protocol. Briefly, peptides (20 μg) were dissolved in 25 μL of 100 mM TEAB (pH 8.5). 0.8mg of TMT reagents were dissolved in 

41 μL of anhydrous acetonitrile (Sigma), and 3 μL of each TMT reagent was added to the corresponding aliquot of peptides together 

with 7 μL of anhydrous acetonitrile. The reaction was incubated at r.t. for 1h with shaking and quenched with 5% hydroxylamine at r.t. 

for 15 min. The labeled peptides were desalted using Sep-Pak C18 cartridge (Waters) and dried using Speed-Vac. In this study, 150 

GC tissues and 40 NATs were co-randomized to create 19 TMT 11-plex sets. A reference sample was created by pooling peptides 

from 109 GC to 20 NAT tissues (representing ∼68% of the sample cohort), which was included as a reference for all TMT 11-plex 

experimental sets.

SEC-HpHt fractionation of cross-linked peptides

Cross-linked peptides from each TMT set were dissolved in 30% acetonitrile/0.1% TFA and fractionated on a Superdex 30 Increase 

3.2/300 column with an Agilent 1260 series HPLC. The two primary fractions with inter-linked peptides (F23-25min, F25-27min) were 

collected, dried, dissolved in 160 μL of ammonia water (pH 10) and subjected to HpHt fractionation separately. 143
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For HpHt separation, a pipette tip (200 μL) was first blocked with a layer of C8 membrane (Empore 3M). After filling with 5 mg of C18 

solid phase (3 μm, Durashell, Phenomenex). The tip was balanced with 90 μL of methanol, 90 μL of acetonitrile and 90 μL of ammonia 

water (pH 10) sequentially. Then, each fraction from SEC was loaded onto one tip and centrifuged at 1,200 rpm until the liquid level 

was close to the beads. After washing with another 90 μL of ammonia water (pH 10), peptides were eluted with increasing percentage 

of acetonitrile in ammonia water (6%, 9%, 12%, 15%, 18%, 21%, 25%, 30%, 35%, and 50%). The 25%, 30%, 35% and 50% frac-

tions were combined to 6%, 9%, 12% and 21% fractions, respectively. The peptides were dried for LC-MS/MS analysis.

LC-MS n analysis for cross-linked peptides

Cross-linked peptides were analyzed by LC-MS n using an UltiMate 3000 RSLC coupled with an Orbitrap Fusion Lumos mass spec-

trometer. 141 Samples were loaded onto a 50 cm × 75 μm Acclaim PepMap C18 column and separated over a 180 min gradient of 

4%–25% acetonitrile at a flow rate of 300 nL/min. The targeted CID-MS3 acquisition method based on the mass difference 

(Δ = 182.0071, C 5 H 10 O 3 S 2 ) between the characteristic ion pairs of DSBSO cross-linked peptides in MS 2 (i.e., Δ = α T -α A = β T -β A , 
α/β A means the peptide fragment is modified with a alkene (A) moiety, α/β T means the peptide fragment is modified with a thiol 

(T) moiety) was used to select MS 2 fragment ions for MS 3 sequencing. Ions with charge of 4+ to 8+ in the MS 1 scan were selected 

for MS 2 analysis. MS 1 and MS 2 scans were acquired in the Orbitrap whereas MS 3 scans were detected in the ion trap. For MS 2 scans, 

the resolution was set to 30,000, the AGC target 1e5, the precursor isolation width was 1.6 m/z, and the maximum injection time was 

70 ms for CID. The CID-MS 2 normalized collision energy was 23%. For MS 3 scans, CID was used with a collision energy of 35%, the 

AGC target was set to 2×10 4 , and the maximum injection time was set to 150 ms. TMT quantitation on cross-linked peptides was 

accomplished using the Synchronous Precursor Selection (SPS) MS 3 method. 144

Metabolomic profiling

Metabolites extraction

Tumor specimens from each experimental group underwent simultaneous extraction using a standardized procedure. Tissue sam-

ples were first weighed, then homogenized using a Bead Mill Homogenizer in an extraction solvent comprising 99% LC-MS-grade 

acetonitrile with 1% formic acid. Following homogenization, samples underwent centrifugation, after which the resulting supernatant 

was transferred to extraction plates equipped with specialized sorbent filters for concurrent protein precipitation and phospholipid 

elimination. Using a Positive Pressure-96 processor, the metabolite-containing solution was filtered through the sorbent material, 

yielding purified metabolite extracts in MS-compatible plates. The final extract volume was concentrated to 150 μL in preparation 

for instrumental analysis.

Metabolites analysis

Mass spectrometric analysis employed a Thermo Scientific IQX Mass Spectrometer interfaced with a Vanquish UHPLC platform. 

Sample temperature was maintained at 4 ◦ C during chromatographic separation, with 2 μL injection volumes. Chromatographic sep-

aration utilized reversed-phase methodology on a Discovery HSF5 column (Sigma) over a 15-min analytical window. The mobile 

phase system comprised aqueous and organic components: 0.1% formic acid in MS-grade water and 0.1% formic acid in acetoni-

trile, respectively.

Instrument calibration preceded sample analysis to maintain analytical sensitivity and measurement precision. Metabolite quan-

tification involved chromatographic peak area integration with subsequent normalization to individual sample masses.

QUANTIFICATION AND STATISTICAL ANALYSIS

Harmonized genome alignment

WGS, WES, RNA-Seq sequence data were harmonized by NCI Genomic Data Commons (GDC; https://gdc.cancer.gov/about-data/ 

gdc-data-harmonization), which included alignment to GDC’s hg38 human reference genome (GRCh38.d1.vd1) and additional qual-

ity checks, as previously described. 145 GDC-aligned BAMs were used for all downstream genomic data processing to ensure 

reproducibility.

Standardized reference for proteogenomics data processing

The GENCODE V42 Basic (CHR) annotation and matched reference genome (GRCh38.p13) were selected for multi-omics data pro-

cessing. To facilitate human understanding of the Ensembl gene IDs, we used corresponding HUGO gene symbols as display names. 

When multiple Ensembl gene IDs are mapped to the same gene symbol, each ID was assigned a unique gene name by combining the 

gene symbol and Ensembl gene ID. For PAR_Y genes (e.g., ENSG00000002586_PAR_Y), a tag ‘‘_PAR_Y’’ was added to the end of 

gene names (e.g., CD99_PAR_Y).

Matched protein database, gencode.v42.pc_translations.fa, was downloaded from GENCODE. Only proteins from coding tran-

scripts in GENCODE V42 Basic (CHR) annotation were retained and others were discarded. To remove redundant protein se-

quences, protein sequences were grouped into 50,827 groups with the same sequences. Only one representable protein was 

selected for each protein sequence group.
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WGS data analysis

WGS data processing

WGS analysis was performed as previously described. 145 WGS data of patient matched tumor and blood normal samples were 

analyzed using the Getz Lab’s production hg38 WGS characterization pipeline on wolF, a workflow manager to run dockerized work-

flows and dynamically allocate hardware resources to sequential tasks. The wolF characterization pipeline integrates quality control, 

and mutation (SSNV and indel) and absolute allelic copy number calling for hg19 and hg38 WGS and whole-exome sequencing data. 

Due to the large number of computational resources required to efficiently process cancer whole genomes, we ran these analysis 

pipelines on an elastic high-performance computing (HPC) cluster on Google Cloud VMs, comprising thousands of CPU cores. 

The DNA Sequence Quality Control module, at the head of the pipeline, employs (i) GATK4’s CalculateContamination (Ver GATK 

4.1.4.1) tool to calculate the fraction of reads coming from cross-sample contamination and (ii) GATK4 Picard tools (ver GATK 4.0.5.1) 

to validate the BAM files and collect multiple classes of metrics that can be used to evaluate sequencing data quality. The pipeline’s 

Somatic Copy Number Analysis module combines callers ReCapSeg, based on GATK4 Best Practices Workflow (ver GATK 4.1.4.1) 

for discovery of allele-specific copy-number alterations, with the Getz Lab’s new caller HapASeg.

Gene and focal level somatic copy number calling

Segment level somatic copy number alterations were predicted using paired tumor and blood normal from WGS data. Then GITSIC2 

with threshold of ±0.3 was applied to identify gene wise gain or loss of copy number. The standardized reference was used to map the 

copy number information to genes.

WES data analysis

Somatic variant calling

We implemented Sarek (v3.4.0) for processing WES data, utilizing FreeBayes (v1.3.6), Mutect2 (gatk v4.4.0.0), and Strelka2 (v2.9.10) 

for identifying somatic mutations. VCF outputs from somatic mutation calling tools were left aligned and merged based on a two-out-

of-three-tools rule. The merged results were annotated using VEP (v110.0) and transferred to maf format by Vcf2maf (v1.6.21). 

Mutational signatures

The R package SigProfilerMatrixGeneratorR (version 1.0) was used to call mutation signatures from somatic mutation data. 94 The 

maximum number of signatures was set to 10 and the number of NMF replicates was set to 100. The activity scores of 

SigProfilerMatrixGenetator suggested decomposed solutions were used as signature scores. Only single base substitutions signa-

tures were included in our analysis.

Microsatellite instability prediction

MSI scores were calculated by MSIsensor (https://github.com/ding-lab/msisensor) and interpreted as the percentage of microsat-

ellite sites (with deep enough sequencing coverage) that have a lesion. Samples with an MSIscore >5 were classified as ‘‘MSI-High’’ 

and the rest will be classified as ‘‘MSS’’ based on a bimodal distribution of MSIscore on this cohort.

DNA methylation analysis

We downloaded processed probe level beta values which are methylated to unmethylated signal intensities from GDC. All loci in EPIC 

Manifest file infinium-methylationepic-v-1-0-b5-manifest-file-csv.zip were reannotated using annovar (v 04.16.2018) with the stan-

dardized reference. 95 For downstream integrated analysis, CpG islands annotated as upstream (1kb upstream of transcription start 

site) and UTR’5 were included for coding genes. For noncoding genes, only CpG islands annotated as upstream were included. Then, 

the gene-level methylation was derived by averaging these probe-level methylation beta values.

RNA quantification and circular RNA prediction

The hg38 reference genome and standardized annotation were used for the RNA-Seq data analysis. First, CIRI (v2.0.6) was used to 

call circular RNA with default parameters, based on a published large-scale benchmarking study demonstrating high sensitivity of 

CIRI2 among well-established circular RNA detection tools. 146 BWA (version 0.7.17-r1188) was used as the mapping tool. The cutoff 

of supporting reads for circular RNA was set to 10, representing a conservative choice to further enhance detection precision in light 

of benchmarking evidence that higher back-spliced junction read counts are associated with improved precision. 146 Then we used a 

pseudo-linear transcript strategy to quantify gene and circular RNA expression 117. In brief, for each sample, linear transcripts of 

circular RNAs were extracted and 75bp (read length) from the 3 ′ end was copied to the 5 ′ end. The modified transcripts were called 

pseudo-linear transcripts. Transcripts of linear genes were also extracted and mixed with pseudo-linear transcripts. RSEM (version 

1.3.1) with Bowtie2 (version 2.3.3) as the mapping tool was used to quantify gene and circular RNA expression based on the mixed 

transcripts. After quantification, the upper quantile method was applied for normalization. The normalized matrix was log2-trans-

formed and separated into gene and circular RNA expression matrices.

miRNA-seq data analysis

miRNA isoform quantification data were obtained from the GDC. Isoform-level expression, measured in reads per million (RPM), was 

then aggregated into mature miRNA expression based on the miRBase v21 annotation. 147 Isoforms with 3 ′ or 5 ′ ends deviating by 

more than 2 bp from the annotated locations were excluded from the aggregation.

Ubiquitinated proteome DIA data processing

The.d files generated from timsTOF-HT were analyzed by Spectronaut (version 18.4) with directDIA approach. The Pulsar search set-

tings for the ubiquitinated peptide search were: peptide length range of 7–52 amino acids, the fixed modification of carbamidome-

thylation on cysteine (C), the variable modifications of glygly on lysine (K), oxidation on methionine (M), and acetylation on protein
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N-terminal. The library generation settings were followed BGS factory settings against human database (GENCODEV42; 51,689 en-

tries) with all PSM FDR, peptide FDR and protein FDR below 0.01. The peptides were identified and quantified at modified peptide 

level without cross-run normalization. Then we median centered the data. Finally, the site level matrix was generated by averaging 

peptides mapping to the same ubiquitination site.

TMTpro data processing

MS/MS spectra were processed using the FragPipe (v21.1) pipeline. Specifically, the spectra were searched using MSFragger (v4.0) 

against GENCODE V42 protein database. For the analysis of the whole proteome, MS/MS spectra were searched with a precursor-

ion mass tolerance of 20 ppm, fragment mass tolerance of 20 ppm, and isotope errors (− 1/0/1/2/3). Fixed modifications were set as 

cysteine carbamidomethylation (+57.0215) and lysine TMT labeling (+304.20715). Variable modifications were set as methionine 

oxidation (+15.9949), N-terminal protein acetylation (+42.0106) and TMT labeling of peptide N terminus and serine residues. The 

searching allowed for up to two missed cleavage sites. For the analysis of phosphoproteomic data, the variable modifications 

also included phosphorylation (+79.9663) of serine, threonine, and tyrosine residues. For the acetylomics data, 4 missed cleavage 

sites were allowed and variable modifications also included (+42.0105) and carbamylation (+43.0058) on lysine residues.

For global proteomics, MSBooster and Percolator were used with default settings to rescore PSMs using deep learning prediction 

to predict retention time and spectra. 114 Only Percolator was used for rescoring for phosphoproteomic and acetylomic data. Protein 

inference was done using ProteinProphet with max ppm difference 2,000,000 and minimum probability of 50%. PTMProphet was 

used to localize the PTM sites for phosphoproteomic and acetylomic data. For the PSMs that passed filtration, MS1 intensities of 

the corresponding precursor-ions were extracted using Philosopher (v5.1.0) for global and phosphoproteomic data and IonQuant 

(v1.10.12) for the acetylomics data.

Then TMT-Integrator was used to obtain the gene level quantification and modification site quantification for the phosphoproteo-

mic and acetylomics data. TMT integrator selects the best PSMs by ensuring all PSMs 1) are TMT labeled 2) have reference channel 

intensity >0, 3) precursor ion purity >50%, 4) summed MS2 intensity across all channels is ≥5% (2.5% for phosphorylation and acetyl 

enriched data) 5) PSM with the highest summed MS2 intensity among all PSMs identifies the same peptide ion in the fraction 6) Does 

not map to contaminate proteins 7) PSMs grouped by gene or modified site and intensities fall within Q1-1.5xIQR and Q3+1.5xIQR 

and 8) contains phosphorylation or acetylation for PTM data. For selected PSMs, all channel intensities are divided by the reference 

channel, log2 transformed, and median centered to obtain normalized intensities.

PTM site mapping

Representative isoforms were selected using the method described. 22 PTM sites were re-aligned to the selected isoforms if at least 

one identified peptide assigned to that gene matched the primary isoform sequence. The site position was given relative to the 

selected isoform. If the peptide matched multiple locations in the protein sequence, then the first location was used. The sites 

that could not be mapped were discarded. Similarly, only glycopeptides that mapped to the primary isoform were included. 

Glycoproteomic data processing

Intact N-linked glycopeptides were identified and quantified using GPQuest 3.0, 84 a specialized software for glycopeptide analysis. 

The identification workflow involved detecting MS/MS spectra containing oxonium ions (notably m/z 204.0966)—diagnostic frag-

ments from glycan moieties—to select candidate glycopeptide spectra (‘‘oxo-spectra’’) after TMT reporter ion removal These 

spectra were searched against a database of tryptic glycosite-containing (motif of N[ ̂P][ST]) peptide sequences—ranging from 7 

to 50 amino acids in length, allowing up to two missed cleavages, with fixed modifications of TMTpro on N-term and Lys and carba-

midomethylation on cysteine residues, and variable oxidation on methionine—derived from 51,689 protein entries in GENCODE v42, 

along with a library of 695 N-linked glycan compositions reported in pGlyco. Spectra underwent preprocessing steps including re-

porter ion removal, de-noising, deisotoping, oxonium ion evaluation, and glycan type prediction. The top 300 peaks of each pro-

cessed spectrum were matched to indexed peptide fragments to generate candidate peptide hits, which were scored using 

Morpheus scoring that accounts for peptide, glycopeptide, and isotopic fragment matches. The best-scoring peptide was assigned 

to each spectrum, and the corresponding glycan was identified by matching the mass gap between the peptide and precursor ion to 

glycan masses. Final identifications with an FDR of glycopeptide-spectrum matchings (GPSMs) < 1% were retained, with mass tol-

erances set at 10 ppm for precursors and 20 ppm for fragments. For quantification, the relative abundance of each intact N-linked 

glycopeptide was derived from the median log2 ratio of its GPSMs, normalized across samples, and scaled to an estimated absolute 

abundance using a reference sample. Identified glycopeptides were further analyzed for enriched pathways and site-specific glyco-

sylation patterns. Lastly, site-specific-glycoform level data was summarized by taking median of glycopeptides mapping to the same 

glycoform.

XL-MS data processing

Identification of cross-linked peptides

MS 3 spectra was extracted by PAVA (UCSF) and subjected to Protein Prospector (v.6.3.5) for database searching (using Batch-Tag 

against GENCODE.V42.basic.CHR. contaminants_removed with a random concatenated decoy database). The mass tolerances 

were set as ±20 ppm for parent ions and 0.6 Da for fragment ions. Trypsin was set as the enzyme with three maximum missed cleav-

ages allowed. Cysteine carbamidomethylation and TMT at protein N-terminus were set as static modifications. A maximum of four 

variable modifications were also allowed, including TMT at lysine, methionine oxidation, N-terminal acetylation, and N-terminal con-

version of glutamine to pyroglutamic acid. Two additional modifications, alkene (C 3 H 2 O, +54.0106 Da) and unsaturated thiol
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(C 8 H 12 S 2 O 4 , +236.0177 Da) were added for uncleaved lysines, corresponding to remnant moieties of DSBSO after cross-link 

cleavage. 141

The in-house software XL-Tools was used to automatically identify, summarize and validate cross-linked peptides based on Pro-

tein Prospector database search results and MS n data. Only cross-linked peptides with a length of 6 amino acids or more were re-

tained. The false discovery rate for cross-link identification was calculated based on a target-decoy approach and the FDR at total 

CSMs level was 2.03%. PPI analysis and structural mapping were derived based on DSBSO XL-MS data. BioPlex (https://bioplex. 

hms.harvard.edu/), 26 BioGrid (https://thebiogrid.org/), 25 CORUM (http://mips.helmholtz-muenchen.de/corum), 123 and STRING 

(https://string-db.org/) 124 were used to annotate PPIs and map protein complexes. Mapping of cross-links to high-resolution struc-

tures of protein complexes was performed using PyMOL as previously described. 141–143

Mapping peptide crosslinks to PPIs

To reduce redundancy and ambiguity in peptide pair-to-protein pair assignments from XL-MS data, we applied XL-Ranker, 41 a pri-

oritization workflow to select the most probable interactions for PPIs with XL-MS and global proteomic data. Peptide pairs detected 

by XL-MS data were first constructed into a bipartite graph connecting peptide pair nodes and protein pair nodes based on matching 

sequences. Distinct subnetworks, known as connected components, were identified. Within each component, a greedy set cover 

algorithm selected a minimal set of protein pair groups necessary to represent all peptides pairs, creating a parsimonious protein 

pair list. If a subnetwork resulted in only one protein pair selected, it was marked as a ‘‘leading single’’ pair. For components with 

multiple candidate protein pairs, an XGBoost model ranked them based on protein abundance and known PPI status. The high-

est-scored pair was labeled ‘‘leading multiple ML-prioritized’’, while the others were labeled as ‘‘not ML-prioritized. Only the ‘‘leading 

single’’ and ‘‘leading multiple ML-prioritized’’ pairs were selected to construct the final PPI network, thus improving specificity by 

resolving ambiguous peptide pair mappings.

Metabolome data processing

Analytical data processing utilized Gigantest’s Laboratory Information Management System (LIMS) alongside Python and R pro-

gramming environments. Machine learning algorithms facilitated initial peak detection, followed by manual verification of each chro-

matographic peak to ensure integration accuracy.

Quality control and sample exclusion based on quantitative data tables

We applied OmicsEV to the protein, PTM, and RNA-Seq data tables for quality control. 137 Distribution normalization and feature 

count consistency were confirmed across TMT plexes. However, we found that TMT 13 had a distinct batch effect from the PCA plots 

and correlation heatmap. This is likely due to the fact samples with high blood content were grouped in TMT 13. As an independent 

evaluation, we performed UMAP analysis for RNA-Seq, miRNA, global proteomics, phosphoproteomics, acetylomics, glycoproteo-

mics, ubiquitomics, and the XL-MS data. The input to the UMAP excluded any measurements with missing values. In the UMAPs, 

TMT 13 samples consistently showed separation from other batches across multiple omics layers, confirming the batch effect iden-

tified in OmicsEV. As a result, 10 tumor and 6 NAT samples from TMT 13 were removed.

For TMT-labeled datasets (proteomics, phosphoproteomics, glycoproteomics, and acetylomics), data were reprocessed without 

TMT 13. OmicsEV analysis repeated after TMT 13 exclusion confirmed the removal of batch effects. One additional NAT sample 

(C3L.06421.N) was excluded because it clustered with tumor samples and lacked clear pathological annotation after expert review.

Inferred molecular phenotypes

PROGENy pathway activity

The PROGENy R package was applied to the log2 transformed RSEM mRNA matrix to estimate activity of 11 cancer related path-

ways: EGFR, Hypoxia, JAK/STAT, MAPK, NFkB, PI3K, TGFb, TNFa, Trail, VEGF, p53. 106

Immune deconvolution

The R package immunedeconv (V2.0.4) was used to do the immune deconvolution using the RNA expression data (TPM). 128 Ciber-

sort and xCell were selected in our analysis among the 7 deconvolution methods in immunedeconv.

Inferred gene sets and miRNA activity scores

All scores were inferred by single sample gene set enrichment analysis (ssGSEA) method from the GSVA R package. 108 The immune 

signatures are from MSigDB. 109 Proteomics data was used to infer KEGG pathway activity and hallmark score. RNA-Seq was used to 

infer Hallmark score and all other gene sets. Targets of miRNAs were downloaded from the miRNA targets database miRTarBase and 

only the miRNA/target pairs with strong experimental evidence were retained. 148 miRNA target sets with fewer than 10 genes were 

removed. The -log2 transformed ssGSEA score was used as the miRNA activity score.

Transcription factor activity score

Transcription factor activity was performed on the log2 transformed RSEM RNA-Seq data using the univariate linear model from the 

decoupleR (2.10.0) package and the CollecTRI human transcription factor target network in accordance with previous benchmarking 

analysis. 149

Tumor microenvironment score

The ESTIMATE scores reflecting the overall immune and stromal infiltration were calculated by the R package ESTIMATE using the 

normalized RNA expression data (RSEM). 99
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ABSOLUTE tumor purity and ploidy

The DoAbsolute R package (V2.2) with ABSOLUTE (V1.0.6) was used to infer tumor purity and ploidy from somatic mutations and 

WGS-based CNA data. The parameters min.mut.af and max.as.seg.count were set to 0.02 and 5000, respectively, with all other pa-

rameters at default values. These settings were selected based on empirical evaluation of mutation and CNA calling results and to 

account for improved detection of low–allele-fraction variants and shorter CNA segments enabled by increased sequencing depth. 

Kinase activity score

Known kinase-substrate relationships (KSRs) were obtained from the PhosphoSitePlus database (Downloaded July 2023) and the 

training dataset of GPS 5.0. Additionally, predicted KSRs with scores greater than 5.0 were sourced from NetworKIN (Downloaded 

Sept. 2023). 150 This is in accordance with previous benchmarking efforts which found well curated substrates combined with pre-

dicted substrates supported by network interactions from NetworKin perform the best in inferring kinase activity. 151 Substrate po-

sitions were remapped based on phosphorylated peptide sequences and gene symbols to ensure alignment with our reference data-

base. When a phosphorylated peptide matched multiple protein isoforms from the same gene, all corresponding isoforms were 

considered substrates of the associated kinase. In line with previous benchmarking results, 151 kinase activity was inferred using 

PTM-SEA 109 with log 2 (TMT ratio) phosphoproteomic data that were not normalized to protein abundance (i.e., without subtracting 

protein-level signals) as input. Phosphorylation sites missing in more than 50% of samples were excluded, and the following param-

eters were used: weight = 0, statistic = ‘‘area.under.RES’’, output.score.type = ‘‘NES’’, nperm = 1000, and min.overlap = 5.

Molecular subtype analysis

EBV positive sample determination

VirDetect was used to detect virus-driven reads in RNA-Seq Data. In detail, STAR (v2.7.10a) was used to map RNA-Seq reads to the 

human hg38 reference genome. Unmapped reads were mapped to the masked human virus sequences using the same tool. Picard 

(v1.92) was used to count reads mapped to each virus. Samples with more than 4000 reads were identified as EBV positive. 

Copy number classification

The copy number subtypes were characterized by CNA focal level changes following the TCGA classification method. 4 In detail, tu-

mors were clustered based on thresholded focal level amplifications and deletions reported by GISTIC2.0 in all_lesions.conf_99.txt 

file. Euclidean distance using Ward’s method was used to cluster tumor samples in R.

TCGA subtype classification

TCGA subtypes were assigned following the TCGA method in the following order: EBV-positive samples first, then MSI-high, fol-

lowed by chromosome instability, and finally the remaining samples were labeled as genomically stable. 4

ACRG subtype classification

The ACRG subtype was characterized using the ACRG gene signature score and as described in the ACRG GC paper. 5 Using the 

RNA-Seq expression in our cohort we calculated the average expression of the EMT and MSI signatures. The signature thresholds for 

defining EMT and MSI high samples were defined using qqplots for each signature’s distribution. Next, the TP53 signature score was 

derived from the two gene RNA-Seq signature (MDM2 and CDKN1A). We used an AUC-ROC curve of the TP53 signature with TP53 

mutations and assigned the threshold using the optimal threshold. Remaining samples were classified as MSS. Only the EMT sub-

type was used for downstream analysis.

Significantly mutated genes

WES maf file was split by MSI high and MSS tumors. The HG38 based maf file was then mapped to HG19 using CrossMap (v0.7.0). 125 

Significantly mutated genes were then identified for each maf file using MutSig2CV (3.11) q < 0.1 and genes names were mapped 

back to HG38.

Frequency of significantly mutated genes in TCGA STAD was determined by downloading TCGA maf file using the R package maf-

tools (v2.22) along with the MC3 project. 152 The oncoprints were generated using maftools.

Data matrices used for analysis

All analyses were performed using the processed data matrices described above and deposited on LinkedOmics, unless otherwise 

specified in the STAR Methods. Z score was used to make scales comparable when plotting RNA and protein quantification in the 

same plot. Z score was calculated with the R scale function, using measurements across all samples under comparison as input.

Missing value exclusion criteria for proteomic based features

No data imputation was performed to avoid introducing artificial signals or bias into downstream analyses. Instead, missingness was 

addressed through feature-level filtering to ensure analytical robustness. For cis/trans analysis of significantly mutated genes in MSS 

tumors, CNA driver and methylation driver analyses, and outlier analysis, proteomic-based features were filtered to exclude features 

with more than 50% missing values. For differential one-vs-rest ecotype analyses, at least five values were required for both groups.

RNA-protein/PTM and protein-PTM correlation

Gene level RNA and protein data was correlated together and with all quantifiable PTMs using Spearman’s correlation. At least 20 

samples with complete measurements were required.
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Ecotype classification by consensus clustering

The 71 cell state scores were generated by EcoTyper 17 using TPM RNA-Seq for our cohort and default parameters. Ecotypes were 

obtained through consensus clustering using all 71 cell states with ConsensusClusterPlus (v1.7), applying default settings except for 

maxK = 10, reps = 100, distance = ‘‘spearman’’, innerLinkage = ‘‘ward.D ′′ , and seed = 123. 6 clusters were selected based on the 

elbow plot from the ConsensusClusterPlus output. The 6 clusters were further evaluated with silhouette scores. Silhouette scores 

were calculated from Spearman distance matrix using silhouette function from Cluster (2.1.8.1) R package.

Analysis of previously published RNA datasets

GSE15459, 37 GSE26899, 38 GSE26901, 38 and GSE62254 (ACRG) 5 were downloaded from GEO. Clinical information was down-

loaded from supplemental tables from the studies’ publications. GSE62254 was normalized by RMA (Robust Multiarray Average) 

and we ensured other cohorts were log2 transformed and quantile normalized. TCGA TPM and RSEM RNA-Seq data, along with 

clinical data, were downloaded from cBioPortal for the Stomach Adenocarcinoma (PanCancer Atlas) cohort. For Lauren subtyping 

for TCGA, classifications were downloaded from cBioPortal for the original 2014 paper 4 as the PanCancer cohort does not have Lau-

ren classification. RNA data were used to generate the 71 cell state scores with EcoTyper 17 using default parameters in recovery 

mode. For TCGA, TPM data were used to compute the cell state scores, while all other analyses involving TCGA data were performed 

using log2-transformed RSEM values.

Analysis of previously published single cell RNA-Seq dataset

The count matrices in CellRanger output format were downloaded from GEO (GSE150290). Data for each sample were read and 

combined into one Seurat object without integration. There are 23 tumor samples and 29 normal samples. Standard practice was 

done for quality control (expressed gene larger than 200 and smaller than 2500 and percentage of mitochondria gene <5%), log 

normalization, selecting variable 2000 features, running PCA, clustering and UMAP. Top 15 principal components were selected 

for clustering and running UMAP.

SingleR R package was used to assign major cell types (epithelial, fibroblast, endothelial, B/plasma, T, mast, monocyte/macro-

phage) with a gastric ref. 153 Clusters were dominated by one major cell type and all cells in the cluster were assigned to correspond-

ing cell types. To align to the same 12 cell types for Ecotype analysis, immune cells were reassigned by using the LM22 signature 

matrix by grouping the cell types to B cells, PCs, CD8 T cells, CD4 T cells, NK cells, Monocytes/Macrophages, Dendritic cells, 

Mast cells and Neutrophils following the EcoTyper framework. 17

Cell state and ecotype survival analysis

Survival analysis of the cell states scores was done using coxph function using the survival (3.8–3) R package. For each of the 5 co-

horts (TCGA, ACRG, GSE15459, GSE26899, and GSE2690), a univariate model was fitted. Samples were filtered to only include pa-

tients with an overall survival of at least 1 month. p values for cell states from each cohort were summarized to meta p values using the 

sumz method in the R package metap (v1.12) as described previously. 28 For the ecotype survival analysis, all cohorts were com-

bined, and a single univariate model was fitted for the ecotypes. Survival curves were plotted with R package survminer (0.0.5). 

We then further assessed the survival of the ecotypes by fitting a multivariate model with clinically recorded gender, age, stage 

and Lauren subtype type were used as covariates. Age was split by the median into ≥64 or <64, stage was split into stage I/II 

and III/IV, and Lauren subtype was split into diffuse or intestinal.

Clinical features associated with ecotypes

For categorical variables such as pathologic stage, clinically recorded gender, H. pylori status, and tumor site association with 

ecotype was determined by fisher’s exact test. Pathologic stage was grouped as I, II, III, or IV. For numerical features such as 

age ecotypes were compared pairwise with Wilcoxon rank-sum test.

Ecotype prediction using XGBoost model

The 71 EcoTyper 17 cell states from our cohort were used to train a classifier for our six ecotypes using the XGBoost (v2.0.2) algorithm. 

Feature selection was performed using the Minimum Redundancy Maximum Relevance (mRMR) method, and the performance of 

different feature sets was evaluated through 5-fold cross-validation. The feature set with the highest AUROC was selected to build 

the final prediction model, which was subsequently applied to classify samples from the 5 previous GC cohorts into the six ecotypes.

PredictIO analysis

Immune checkpoint inhibitor response scores from PredictIO were obtained by uploading RNA datasets for this study, TCGA, and 

ACGR to their website.

Enhanced diffusion-based data pipeline for survivability prediction

To predict survival outcomes in the CPTAC cohort, we leveraged a modular learning pipeline 39 that integrates generative AI-based 

data augmentation, task-aware sampling, and multi-source domain adaptation. The framework consists of three key components: 

(i) a diffusion-based generative model that synthesizes RNA-Seq data with limited survival information, (ii) a task-aware sampling
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mechanism that selects task-relevant synthetic subsets, and (iii) a domain adaptation module that aligns multiple cohorts, including 

both original and synthetic sources, into a unified representation space. A comprehensive description of the pipeline, including archi-

tectural details and implementation specifics, is provided in a companion study. 39

Each component of the pipeline addresses a specific challenge associated with survival prediction in CPTAC. First, data genera-

tion using Denoising Diffusion Probabilistic Models (DDPM) was applied to expand data availability across five source datasets, 

including TCGA, ACRG, GSE15459, GSE26899, and GSE26901, generating synthetic samples based on cell-state score features 

derived from transcriptomic data. Second, a downstream survivability model was trained using a Multi-Domain Adversarial Network 

(MDAN), which integrates the original and synthetic source cohorts to predict 3-year survival as a binary classification task. Model 

outputs correspond to class probabilities, and model training was performed using a cross-entropy loss function. The MDAN explic-

itly learned feature distributions from the five source cohorts and their synthetic counterparts and adapted these representations to 

the target CPTAC cohort through unsupervised representation learning using the 124 unlabeled CPTAC samples. During down-

stream MDAN training, a task-aware sampling strategy was applied to select synthetic samples most relevant for CPTAC prediction. 

Because the majority of CPTAC samples lack long-term follow-up information and only 27 samples had available 3-year survival out-

comes, these labeled samples were reserved as a held-out validation set.

Model performance was assessed through cross-validation on the source datasets and independent validation on the held-out 

CPTAC samples (Figure S3G). Together, these components form a cohesive validation framework for evaluating ecotype-associated 

survival signals under low-resource, high-variance conditions.

XGBoost-based pipeline for metabolic regulator prioritization

We used MetaSage, 45 an XGBoost-based pipeline to prioritize metabolic regulators. The human genome-scale metabolic model 

(GEM) was obtained from the Metabolic Atlas (https://metabolicatlas.org/, version 1.14.0), 83 which includes 13,024 metabolic reac-

tions involving 8,363 metabolites and 2,920 genes. PubChem Compound IDs were used to map the dysregulated metabolites iden-

tified in this study to the GEM.

For each dysregulated metabolite, we compiled mRNA, protein, and PTM levels for all known enzymes involved in its synthesis or 

degradation, as well as precursor metabolite levels when available. Only genes quantified in either RNA-Seq or proteomic datasets 

were retained. Subsequently, the RNA and protein expression levels of these genes, along with all quantified PTM sites, were ex-

tracted from our multi-omics data and used as input features. Upstream metabolites (i.e., reactants) were also included as additional 

features if they were detected in the metabolomics dataset.

For each dysregulated metabolite with at least 1 input feature, an XGBoost regression model was trained to predict its intensity 

using the selected features. 5-fold cross-validation was repeated 10 times to obtain robust predicted intensities. Pearson correlation 

coefficients were calculated between the average predicted and measured metabolite intensities. Metabolites with a correlation co-

efficient R > 0.5 and a p-value <0.05 were considered predictable.

For each predictable metabolite, a final model was trained on the full dataset still using XGBoost, with Shapley values computed 

during training to assess feature importance. The average absolute Shapley value was calculated for each feature. Default XGBoost 

parameters were used, except for n_estimators = 100 and random_state = 1 through 10 for the repeated cross-validations.

For network visualization, associated genes were categorized into three groups based on the reactions they participated in.

1 Upstream genes: genes involved in reactions that produce the dysregulated metabolites;

2 Downstream genes: genes involved in reactions that consume the dysregulated metabolites;

3 Bi-directional genes: genes involved in reversible reactions involving the dysregulated metabolites.

In addition to the top-ranked feature with the highest average absolute Shapley value, other features were retained if their contri-

bution was at least 10% of that of the top feature. For each metabolite, a maximum of five features were selected.

Microbiome analysis

Microbial classification from CPTAC NGS data

BAM files pre-aligned to hg38 for WGS and RNA Sequencing (RNA-Seq) were obtained from CPTAC. All BAM files were downloaded 

from the NCI Genomic Data Commons (GDC) API, where they were loaded and processed on the Kraken High Performance Cluster 

at Dana-Farber Cancer Institute. Matched WGS Blood-Derived Normal (BDN) and Primary Tumor (PT) BAM files were processed for 

159 patients. 159 Primary Tumor and 27 Solid Tissue Normal (STN) BAM files were processed for RNA-Seq. SAMtools’ flagstats 

(v1.16.1) was used to obtain total paired primary read counts prior to host subtraction. The first round of host subtraction used SAM-

tools (v1.16.1) to remove all properly paired reads (f − 3) with an alignment score greater than 35 (AS > 35), with an exception for reads 

aligned to the viral genomes included in the hg38 decoy genome. Paired reads were extracted using bedtools (v2.30.0). Quality 

filtering was performed with fastp (0.23.4) with the following parameters (–detect_adapter_for_pe -D -n 10 -y -Y 20). WGS quality-

passed paired reads were aligned to a custom human reference generated from the Telomere-to-Telomere human genome assembly 

(T2T-CHM13v2.0) and GATK PathSeq host reference database using bwa-mem (v0.7.17-r1188) with default parameters. GATK 

Pathseq host references included Immuno Polymorphism Database IMGT/HLA, NCBI UniVec, Gencode (human v25), and 

GenBank accessions KY503218-KY5808060. RNA-Seq quality-passed paired reads were aligned to T2T-CHM13v2.0 using STAR
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(v2.7.5b) with default parameters. Properly paired reads with an alignment score greater than 35 were removed with SAMtools 

(v1.16.1) and unaligned paired reads were extracted for microbial classification. Kraken2 (v2.1.3) was used to classify putative mi-

crobial reads and estimate microbial abundances. Reads were aligned to the Kraken2 PlusPF database using Kraken2 default pa-

rameters in paired mode. Microbial count abundances from Kraken2 were normalized to total primary reads to obtain RPM for anal-

ysis in R version 4.2.1.

Decontamination of CPTAC microbial profiles using blood-derived normal and matched RNA-Seq samples 

Contamination is a pressing issue in tissues with low microbial biomass, including tumor tissues. Tumor-resident species in the 

CPTAC cohort were decontaminated identified through two underlying biological assumptions: 1) Tissue-resident species are likely 

to be significantly more prevalent in the tumor samples than compared to blood samples, and 2) Microbiota living in tumor tissues are 

expected to be found in WGS and RNA-Seq data from matched samples. Tissue-resident species detected in WGS samples are 

significantly likely to be detected in their matched RNA-Seq sample.

With the first assumption of blood to be a microbial sterile site, WGS BDN samples were used as a negative control in the CPTAC 

cohort. Species that had a prevalence of less than 20% of WGS BDN (reads >1) samples and were significantly prevalent in WGS PT 

(reads >3) samples compared to BDN by a one-sided fisher’s exact test (q < 0.05) were classified as likely tumor-resident species. 

Total RNA-Seq of the CPTAC cohort has allowed for high quality detection of functional microbes in the gastric tumor environment. 

Therefore, relevant tissue-associated microbes should be detected from matched WGS and RNA-Seq samples of gastric tumors. 

Jaccard similarity test was performed on each species to determine the significant likelihood of presence in matched WGS (reads 

>3) and RNA-Seq (reads >1) PT samples.

The overlapping tumor-resident species identified from 1) WGS Tumor vs. Blood comparison and 2) WGS vs. RNA Tumor com-

parison were then used to create a conservative set of tissue-resident species for downstream analysis. Microbial counts of genera 

were recalculated using a mixture model accounting for the proportion of tissue-resident species to contaminant species. This 

method was used to re-estimate the tumor-associated microbial load of higher order taxonomic ranks for each patient WGS and 

RNA sample.

Enrichment analysis of high-mannose and fucose-sialic glycan types in association with Pathobiont cluster 

Enrichment was calculated using a decreasing ranked list of signed -log 10 (P) between glycopeptides and microbial cluster 

abundances.

High outlier analysis

Therapeutic target classification was obtained from our previous work. 28 It was expanded to specify if targets were known ADC/ 

Antibody or T cell targets, 154 Antibody Society (downloaded 02-29-24), and chimeric antigen receptors. 154 Essential genes defined 

by DepMap (21Q4) 77 were removed. Targets with both ADC/Antibody and T cell targets were classified as ADC/Antibody. High pro-

tein, site-specific-glycoform, gene level glycosylation abundance, and phosphosite abundance outliers were defined using a 

threshold of 3 MAD above mean of NAT samples and 2-fold higher than 90th percentile of NAT samples. Fold change was calculated 

based on the log 2 (TMT ratio) data included in the LinkedOmics data freeze. ADC targets, antibody targets, and T cell targets with at 

least 5 high protein outliers were highlighted, and other non-essential gene surface proteins with at least 15 high protein outliers were 

highlighted. For site-specific-glycoform outliers, a sample is considered a high outlier for a protein if any site-specific-glycoform for 

the protein is a high outlier. We highlight site-specific-glycoform outliers with at least 15 high outlier samples. Kinase activity high 

outliers were identified using a threshold of 3 MAD above mean of NAT samples. For internal target identification, high outliers 

were further filtered to only include targets with CRISPR KO dependency. CRISPR KO data from combined Broad and Sanger studies 

(CRISPR_gene_effect.csv) was downloaded from DepMap (21Q4) 77 and filtered to only include GC cell lines. CRISPR dependencies 

were determined from one-tailed t test of gene knockout effects (FDR <0.05). High outlier phosphorylation was filtered to only include 

activating sites from PhosphoSitePlus (Downloaded on March 2022). We highlight internal targets that have at least 10 high outlier 

samples.

Pathway enrichment analysis

All pathway enrichment analysis was done using WebGestalt 2024. 133

QUANTIFICATION AND STATISTICAL ANALYSIS

Statistical analyses were performed using R unless explained otherwise. Details of the statistical tests used, sample sizes, and sta-

tistical parameters such as definition of center and dispersion and precision measures are reported in the main text, figure legends, 

STAR Methods, and supplementary information. P-values were adjusted by the Benjamini-Hochberg procedure.

Additional resources

Details on CPTAC program initiatives, teams, partners, and governing body committees are provided on the CPTAC website (https:// 

proteomics.cancer.gov/programs/cptac).
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