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Overall Study Design
We developed a network biology centered framework to analyze the pan cancer proteomics data  comprised of 687 cases across 7 cancer types including BRCA (115 tumor samples; 10,438 genes), CCRCC (100 tumor samples; 9,910 genes), CRC (91 tumor samples; 7,362 genes), HCC (101 tumor samples; 6,478 genes), LUAD (104 tumor samples; 10,967 genes), STAD (80 tumor samples; 9,268 genes), and UCEC (96 tumor samples; 10,768 genes) with matched normal samples where available (Fig. S1A; Table S1). 
Firstly, we identified protein signatures of tumor proteomes to guide the search for aberrantly altered subnetworks (Fig. S1B). Except for STAD, we leveraged on the availability of the matched normal samples to systematically survey altered pathways in tumor as differentially expressed proteins (DEPs). For STAD, the samples lacked matched normal samples, and we resorted to DEPs between Epstein Barr virus (EBV) + and EBV- samples as a proxy for distinctive tumor signatures1. These DEPs were subsequently compared across different cancer proteomes (cross-cancer DEPs) and against the respective cancer transcriptome (proteom-specific DEPs). 
Then, we constructed integrative cancer protein network models and catalogued shared protein interactomes across cancers or respective cancer transcriptome, and dys-regulated subnetworks in data-driven manner (Fig. S1C). For each cancer proteome, we performed quality controls to remove outliers and adjust confounding variables in the proteome data (see Data Quality Control for Network Analysis in the Materials and Methods), then applied Multi-scale Gene co-Expression Network Analysis (MEGENA)2 to identify the protein co-expression networks. These de novo protein interaction networks were compared across cancer types to identify highly conserved protein module via Pan-cancer Protein Interaction Community (PCPIC) analysis (see Materials and Methods). In tandem, for each cancer type, we constructed the respective transcriptome co-expression network models to identify protein modules present in the transcriptome, or unique to the cancer proteome (see Materials and Methods). The dys-regulated protein subnetworks were also identified by evaluating the enrichments of the DEP signatures and mutational driver signatures (curated from Pan-cancer Atlas study by TCGA2). The dys-regulated subnetworks were determined with FDR-adjusted Fisher’s Exact Test (FET) p-value < 0.05 in the co-expressed protein modules. 
The protein network models were then jointly utilized to identify the pan-cancer pro-tumorigenic regulators, and validated in vitro (Fig. S1D). Assuming the protein networks capture the protein-protein interactions, we hypothesized the central proteins interacting in proximity with the dys-regulated pathways captured in the DEP signatures would play central roles. Thus, we investigated the protein network topology in search of proteins showing high connectivity with the DEP signatures in different cancer protein networks via Key Driver Analysis (see Materials and Methods). The top 3 genes were systematically prioritized and validated in vitro across different cancer cell lines, to evaluate the ubiquitous (proto-)oncogenic roles in pan-cancer context. 
Prognostic significance of proteome-specific differentially expressed proteins
It’s been reported that differentially expressed proteins in tumors are more often associated with patient survival than the respective RNA expression in lung adenocarcinoma3. To systematically evaluate this, we prioritized 79 proteome-specific differentially-expressed proteins (DEPs) from the LUAD cohort and evaluated their predictive power for patients' survival. The LUAD cohort included 12-month follow-up for 98 patients with protein expressions (Dead: 10; Alive: 88) and 99 patients with mRNA expressions (Dead: 8; Alive: 89). With the comparable numbers of clinical follow-up samples and observed deaths at 12 months, the cohort served as an ideal data set to comparatively evaluate the prognostic significance of the proteome-specific DEPs with the respective mRNA expressions. 
We employed logistic regression to assess the predictive power of the proteome-specific DEPs for patient survival. The model included patient survival (being lost at one-year follow-up) as the dependent variable and protein expression levels as the primary independent variable, adjusting for age, gender, race, and ethnicity as covariates. A similar approach was used for transcriptomic data, with mRNA levels as the primary independent variable. The significance of each protein and mRNA’s association with patient survival was determined using z-values and corresponding p-values. The false discovery rate (FDR) was also calculated to account for multiple testing (Benjamini-Hochberg). The regression coefficients (Estimates) provided a measure of the change in the log odds of observed death in 12-month follow-up (i.e. death risk in 12 months) for a one-unit increase in protein or mRNA expression. A negative coefficient indicated a decrease in the death risk with increased expression, while a positive coefficient indicated an increase in these odds. Comparing the survival associations of the protein expressions and the respective mRNA expressions among the proteome-specific DEPs, we observed that their protein expressions were significantly more down-regulated in the patients with observed deaths within 12-months, than the respective mRNA expressions (Fig. S4A; Paired T-test p-value = 3.71E-2). 
Some of the protein expressions showed prognostic significance in proteome-specific manner. While mRNA expressions of SYF2 did not show significant differential expressions between dead and alive patients at the 12-month follow-up (Fig. S4B; T-test p-value = 1.57E-1), the protein expressions of SYF2 were associated to poor outcome (Fig. S4C; T-test p-value = 1.60E-2). Conversely, protein expressions of MAN1A2 were associated to good outcomes (Fig. S4E; T-test p-value = 7.07E-3), its mRNA expressions were not significantly associated to the 12-months survival (Fig. S4D; T-test p-value = 7.14E-1). 
Overall, these data show protein expressions of the proteome-specific DEPs present distinctively different biomarkers to predict patients’ outcomes, compared to the respective transcriptome.
Protein co-expression networks: Data-driven molecular models of functional pathways in tumors
We constructed the co-expression protein networks for the seven cancer types, using Multi-scale Gene co-Expression Network Analysis (MEGENA)3 (Fig. 1D). After quality controls to remove outliers and adjust confounding variables in the proteome data (see Data Quality Control for Network Analysis in the Methods), MEGENA was performed for each cancer type proteome to yield sparse co-expression network with a hierarchy of parent and child co-expressed modules with varying compactness, and significant hub proteins2. Similarly, we constructed gene co-expression networks from respective transcriptome data from TCGA. The constructed protein networks are shown in Fig. 1D, and are summarized with the transcriptome networks in Table 2 (see Protein/Gene Co-expression Network Analysis in Methods).
Then, we interrogated network connectivity of individual proteins, and co-expressed protein modules to catalogue  shared pathways across cancer types (i.e. pan-cancer pathways, Fig. S1C-ii), proteome-specific pathways, compared to transcriptome (Fig. S1C-iii),  disease-associated pathways by enrichment of differentially expressed proteins (DEPs) in tumor,  then predicted pan-cancer key regulators as up-stream regulators of disease-associated pathways in the network models (Fig. S1D). We experimentally validated pan-cancer regulators by loss-of-function to confer anti-tumor effects in diverse cancer types (Fig. S1D): lung (H847), colon (HCT116) and breast (MDA-MB-231) cancer cells, in addition to fetal kidney cells (HEK293T).
Systematic characterization of dys-regulated pathways in seven cancer proteomes
Per cancer type, we systematically evaluated most aberrantly altered subnetworks in each cancer type. Briefly, we evaluated enrichments of DEP signatures and cancer type-specific/pan-cancer mutational driver signatures in the co-expressed protein modules. Then, the protein modules were prioritized by the overall enrichments of the signatures (see Module Prioritization in Methods). Summaries for enrichment features of the top 10 modules across the seven cancer types are shown in Fig. 1E.  
A majority of the top 10 protein modules showed significant interactions in the respective transcriptome while few protein modules were unique to proteome (track 7; Fig. 1E). Also, many of these protein modules were shared across multiple cancer types while some modules were cancer type-specific (tracks 7-14; Fig. 1E). 
The top enriched modules reflected some of key pro-tumorigenic pathways exploited in the seven cancer types (Fig. S5). Interestingly, these modules were commonly enriched for pan-cancer mutational drivers (labeled in magenta), and some of them coincided with the high connectivity proteins (i.e. hubs) in the subnetworks, suggesting them as potential (proto-)oncogenic drivers. For example, GATA3 is a pan-cancer mutational driver and a hub in breast cancer module, M31. It is a known transcriptional factor to drive ERα pathways in breast cancer, and is frequently mutated gene that drive breast cancer development4. In addition, PTMA (prothymosin α; driver in CRC), DMD (dystrophin; driver in STAD), CDH1 and CTNND1 (drivers in cell junction module in UCEC) are other mutational driver hub proteins in other cancer types.  
Several DEPs were also top hub proteins, emerging as the potential key regulators of the subnetworks. In CCRCC, RASIP1, a critical regulator of vascular-specific GTPase signaling and EMT in renal carcinoma5, is the most connected, up-regulated protein in the EMT module. In HCC, a collagen fiber assembly protein (BGN) is an up-regulated hub, and closely interacts with down-regulated cell adhesion/actin binding proteins (EMILIN1 - elastin microfibril interfacer 1, SYNPO2 - synaptopodin 2, COL14A1 – an adhesive collagen, CALD1 – actin and myosin binding protein). In LUAD, chromosome aggregation and segregation proteins such as condensin complex subunits (NCAPD2, SMC2), minichromosome maintenance complex components (MCM2-6) and kinesins (KIF4A, KIF11) were up-regulated hub proteins, and closely interacted with several down-regulated hub DEPs involved in diverse functions. These include nuclear protein import adaptor protein (KPNA2), mitochondrial damage repair regulator (SPATA18), myosin light chain kinase (MYLK, primarily expressed in actin filaments). In UCEC, a RAS oncogene (RAB1D) is the most connected hub and an up-regulated DEP and closely interacts with other up-regulated DEPs  in cell-cell adhesion pathways such as ADAM96 and mutational drivers (CDH1, CTNND1). 
Overall, the co-expressed protein modules reflect key pro-tumorigenic pathways in the seven cancers, and shed lights on the crucial regulators as highly connected hub proteins.
 Protein co-expression networks reveal proteome-specific pathways in tumor
Our current knowledge on discordant mRNA-protein pairs are largely dependent on known pathways in the literature. Some studies remarked highly concordant mRNA-protein pairs were mostly enriched in pathways such as secreted proteins and time-dependent cell cycles requiring fast translations to execute their functions7, or metabolic genes that show high stability8. On the other hand, proteins involved in chromatic modification and transcriptional regulations rapidly degrade, and showed discordance with the more stable mRNA counterparts2.
In this study, we surveyed for proteome-specific modules by an unbiased, data-driven approach. Specifically, for each proteome module, we performed module preservation analysis to test significant gene-gene correlations in the respective transcriptome (see Module Preservation Analysis in the Methods). The protein modules whose interactions were absent in the transcriptome were identified as “proteome-specific” modules for further analysis. 
Overall, the transcriptomic preservation of the protein modules showed multi-scale patterns. Although some large parent modules were transcriptomically preserved, several child modules were not transcriptomically preserved, hence were proteome-specific modules (Fig. S6A).  
Among them, several proteome-specific modules were up-regulated in tumors, and associated with known functions and pathways (Fig. S6). They include M666 in CCRCC (heme metabolism; Fig. S6C), M99 in HCC (spliceosome; Fig. S6D), M191 in LUAD (DNA single-strand break repair; Fig. S6E) and M428 in UCEC (constituent parts of mitochondrion; Fig. S6F). Some of these modules harbored mutational drivers and were associated with known oncogenic pathways. 
The heme metabolism module, M666, in CCRCC included a mutation driver gene, KRAS (Fig. S6C). Accordingly, KRAS oncogenic signaling was present in the proximity of M666 within the CCRCC protein network. The up-regulated genes in KRAS mutant epithelial kidney cancer cell lines were enriched in M8, the M666’s parent module (Bonferroni adjusted FET p=1.55E-2, 2.73 FE). Further, M8 was enriched for NADH dehydrogenase complex, suggesting exploitation of mitochondrial respiratory chain for the concomitant energy production by tumor cells. 
The spliceosome module, M99, in HCC included several driver mutations involved in chromatin remodeling (KMT2D, SMAD2, SMAD4), TSC complex (TSC1, TSC2) and programmed cell death (CASP2). The parent module of M99 in HCC, M10, was enriched for cell cycle pathways including E2F targets (Bonferroni adjusted FET p=4.28E-27, 2.82 FE) and G2M checkpoint (Bonferroni adjusted FET p=2.22E-13, 2.41 FE). Thus, the network model suggests multiple driver mutations synergize to activate aberrant spliceosomes in HCC, leading to proliferative advantages to tumors in HCC. 
The mitochondrion module, M428 in UCEC, included frequently mutated driver, FAT1, whose loss-of-function may induce aberrant endometrial proliferation. Indeed, FAT1 acts as molecular brake on mitochondrial respiration, regulating vascular smooth muscle cell (SMC) proliferation in response to vascular damage, and FAT1 loss-of-function caused increased oxygen consumption and SMC proliferation9. 
To sum up, the protein network models systematically identified novel proteome-specific pathways regulated by mutational drivers, and reveal new therapeutic avenues that are otherwise missed in transcriptome studies. 
Pan-cancer proteome modules: commonly exploited pathways across cancers 
While cancers are known to possess shared hallmark features across different cancer types10-12, these hallmark pathways were derived primarily from the findings in the literatures and may overlook disease contexts. Herein, we utilized the co-expressed protein modules from the seven cancers to systematically derive cross-cancer preserved protein interactions. To this end, we developed pan-cancer protein interaction community (PCPIC) approach to identify these co-expressed protein modules (Fig. S7; see Pan-cancer protein interaction community (PCPIC): Conserved protein modules across multiple cancer types in Methods). Briefly, we searched for overlapping co-expressed modules across different cancer types, forming a module of overlapping modules, termed PCPIC. Within each PCPIC, we identified a core group of proteins shared by different cancer types and they form the PCPIC core, yielding 20 PCPIC cores (Table S5). 
The PCPIC cores reflect distinct and closely interacting proteins in multiple cancer proteomes. They were enriched for distinct pathways and functions curated in the MSigDB database (Fig. S8), and the members in each core were highly interconnected in the Protein-Protein Interactions (PPI) network curated by the STRING database (Fig. S9A)13. 
The PCPIC cores were differentially expressed in several tumor proteomes (Fig. 1F). Mitochondrial translation cores (C4, 6 and 15) were up-regulated simultaneously in HCC, LUAD and UCEC, and down-regulated in CCRCC. HEME, immunoglobulin and post-transcriptional regulation (PTR) cores (C1, 14 and 18) were commonly down-regulated in BRCA, LUAD and HCC, and up-regulated in CCRCC. Mitochondrial oxidative phosphorylation cores (MOP; C9 and 10) were commonly down-regulated in CRC, HCC and CCRCC, and up-regulated in LUAD and UCEC. Transcription export (TREX) complex another HEME core (C11 and 19) were commonly up-regulated in HCC and LUAD. Lastly, ribosome core (C20) showed the most prevalent down-regulations in multiple cancers including CRC, BRCA, UCEC and LUAD. 
Regarding the PCPIC cores as the proxy for pan-cancer pathways, they showed robust patterns of cross-talks in the seven cancer proteomes. Briefly, we calculated the overall up- or down-regulation of each PCPIC core in each sample’s proteome as the Gene Set Variation Analysis (GSVA) z-score14, then evaluated the correlations among the GSVA z-scores to evaluate the cross-talks among the cores (see Pan-cancer Protein Interaction Community (PCPIC) Analysis in Methods). Then, we identified the significantly correlated core pairs in at least four cancer types as PCPIC interactions.  
Overall, the PCPIC network captured key functional interacting pathways cross the seven cancers (Fig. 1G). Mitochondrial ribosome subunits (C4, C6 and C15) and NADH-linked mitochondrial electron transport chain (C3, C9 and C10) closely interacted and represented the MOP component. HEME pathways (C1 and 19) and immunoglobulin (C18) cores were closely interacting, and were negatively correlated with the mitochondrial oxidative phosphorylation (MOP) components. Another major component is endoplasmic reticulum-associated degradation (ERAD) including C2/C8 (proteasomes to degrade misfolded proteins), C12 (chaperonin-containing T-complex) and C13 (endoplasmic reticulum chaperone). Notably, golgi complex (C16) and N-acetyltransferase pathway (C14) served as the bridge between ERAD axis and MOP axis, HEME and immunoglobulin pathways. Given the post-translational regulatory roles of golgi apparatus15 and N-acetyltransferases (cytosolic and ribosome-associated NatA)16, PCPI suggests the central roles played by post-translational regulations to mediate crucial pathway cross-talks. 
Protein network models identify key protein regulators of dys-regulated pathways in tumors
Highly connected hubs in the networks are often potential regulators of closely connected genes and pathways10. Towards this end, MEGENA systematically identified protein network hubs with significantly high connectivity (hub p-value < 0.05; Fig. S10). The network hubs were essential to cancer. Compared to up-regulated DEPs or mutational drivers alone, the intersection of up-regulated DEPs and the hubs showed higher prediction accuracy for cancer essential genes (Fig. S11).
Comparison of the hubs across the seven cancer types identified cancer type-specific hubs as well as hubs shared by multiple cancer types (pan-cancer hubs). By clustering the proteins by connectivity patterns across the seven cancers, two groups of pan-cancer hubs emerged (Fig. S10): PANCAN-I which contains hubs in several cancer types, and PANCAN-II, highly connected hubs in most of the seven cancers. Some of the pan-cancer hubs were captured in PANCAN-II cancer driver proteins. For instance, two pan-cancer mutational drivers, CHD4 (chromodomain helicase DNA binding protein 4) and SF3B1 (splicing factor 3b subunit 1), were part of PANCAN-II hubs (Fig. S10). 
In each cancer type, many genes showed different connectivity patterns in proteome and transcriptome (Fig. S12). We defined them as proteome-specific (proteome hub p-value < 0.05 & transcriptome hub p-value > 0.2), transcriptome-specific (proteome hub p-value > 0.2 & transcriptome hub p-value < 0.05) or transcriptome-proteome shared hubs with transcriptome (proteome hub p-value < 0.05 & transcriptome hub p-value < 0.05). These different categories of hubs were also enriched for distinct pathways and functions (Fig. S13). Epithelial-mesenchymal transition (EMT) pathway was one most enriched pathway in the transcriptome-proteome shared hubs, while oxidative phosphorylation and adipogenesis were most enriched in proteome-specific hubs across the seven cancers.
Identification of novel pan-cancer pro-tumorigenic regulators
Among the nominated regulators, we searched novel pan-cancer regulators whose pro-tumorigenic roles have not been well-known in the literature (see Key Driver Analysis (KDA) and Top Regulator Nominations in the Methods). After surveying for known pro-tumorigenic roles in the literature, we identified the top three candidates for further studies: SMC2 (a central component of condensin complex, required for mitotic-like condense chromosomes), RSL1D1 (also known as cellular senescence-inhibited gene, CSIG) and DDX21 (DExD-box helicase 21) (Fig. 2B-D). These genes were also cancer essential genes as identified by CRISPRi screening in cancer cell lines across the seven cancers and their loss-of-function led to significant decreases in growth. 
The pan-cancer regulators interacted with several known oncogenic pathways. The DDX21-centered subnetworks (Fig. 2B) harbor RNA binding proteins involved in rRNA processing and transcriptions, including RNA helicases (DDX5, DDX50, SUPV3L1), ribosome biogenesis factors (WDR43, WDR75, PDCD11, HEATR1, NOL11, UTP4, PES1) and ribosomal assembly (NOP2). In LUAD, the subnetwork was enriched for MYC-regulated pathways (FET FDR=4.86E-6, 62.2 EFC), and suggests oncogenic MYC-ribosome biogenesis axis17. 
Similarly, the RSL1D1-centered subnetwork (Fig. 2C) is also associated with rRNA processing pathways including the helicases (DDX18, DDX27), ribosome biogenesis factor and assembly (WDR43, NOP2, BRIX1, PES1, PDCD1, HEATR1, GTPBP4), pre-rRNA processing (EBNA1BP2) and ribosome proteins (RPL3, RPL4, RRS1, RPL7L1). In multiple cancer networks, RSL1D1 interacts with NIFK, a nucleolar protein interacting with the FHA domain of proliferating cancer cell marker, Ki-67. NIFK and Ki-67 interaction is known to promote cell invation18. 
The SMC2-centered network (Fig. 2D) is associated with oncogenic cell cycle pathways including E2F targets, G2M checkpoints, and DNA repair pathways (e.g. - FANCI, UHRF1, LIG1, CHAF1B). This subnetwork captures close interactions among several known epigenetic regulators such as EZH216 in BRCA, LUAD and UCEC, polycomb repressive complex 2 (PRC2, an epigenetic suppressor) and UHRF1-DNMT1 (DNA methylation maintenance)19. 
In summary, the pan-cancer regulators, DDX21, RSL1D1 and SMC2, regulate several oncogenic pathways including rRNA processing and cell cycle across different cancer types. 
Validation of pan-cancer protein network regulators
We performed loss-of-function studies of the nominated regulators in multiple types of cancer cells to examine their functional importance. Specifically, gene expressions were knocked down by transfecting shRNAs for SMC2, RSL1D1 and DDX21 in lung (H847), colon (HCT116) and breast (MDA-MB-231) cancer cells, and fetal kidney (HEK293T). 
These shRNAs significantly reduced cell growth and viability. In most cases, we observed significantly slowed or stopped in some cases, the growth of the transfected cancer cells compared to the scrambled controls (Fig. 2E). The exception is shDDX21 in MDA-MB-231 breast cancer cells, which may be due to relatively poor knock-down efficiency compared to the parental cells (86.3%). The slowed growth was also apparent from significantly reduced growth rates (Fig. 2F). Using the CellTitre-Glo luminescence viability assay, we also observed significantly reduced cell viability by the shRNAs in all cases (Fig. 2G). 
Per target, shSMC2 showed the strongest anti-tumor effects by stalling the growth rates close to 0%, and decreasing viability under 30% for all cancer cells. shRSL1D1 slowed growth rates from 10% (in H847) to 80% (in HEK293T), and reducing cell viability from 30% (in HCT116) to 90% (in MDA-MB-231). shDDX2 slowed growth rates from 20% (in MDA-MB-231) to 80% (in HEK293T), and reduced cell viability from 60% (in HCT116) to 75% (in MDA-MB-231). 
In summary, the significant anti-tumor activities of the nominated pan-cancer regulator knock-down across multiple cancer types demonstrate the protein networks as potent models to pinpoint pro-tumorigenic regulators. 
Discussion
To the best of our knowledge, this study is the very first effort to construct multi-scale protein network models across the multiple cancer proteomes, and systematically identify pro-tumorigenic pathways using differentially expressed proteins (DEPs) in seven primary tumor cohorts. To this end, we first performed in-depth differential protein expression analysis between tumors and matched normal samples. We revealed that the DEPs were associated with not only known hallmark cancer pathways but also novel pathways such as chromatin modification, vesicle trafficking, RNA editing and rRNA processing. 
The integration of the DEPs and the multiscale protein networks provided rich molecular models to predict key regulators as well as pro-tumorigenic mechanisms. This approach is advantageous over using DEPs alone to mine known pathways and functions by enrichments, as the knowledge-bases are biased towards pre-existing studies and may not capture the complexity of oncogenic pathways in full. Also, the predicted key drivers are more likely to be essential genes than DEPs. 
Comparison of these proteomic cohorts and the corresponding TCGA pan-cancer transcriptomic datasets revealed proteome-specific DEPs, co-expressed protein modules and potential key protein regulators. Interestingly, many proteome-specific modules harbor mutational drivers. One example is the KRAS-driven heme metabolism pathway module in CCRCC (Fig. S6C). Recently, oncogenic KRAS signaling was found to induce ferrous iron (Fe2+) accumulations in tumor cells and was subsequently utilized to develop tumor-selective, iron-activable MEK inhibitor in KRAS-driven tumors20. In HBV-infected HCC, the modules associated with pre-mRNA splicing machineries (EFTUD2, SNRNP200, PRPF6/8, DDX23) contained mutational drivers in TGF-β (SMAD2/3)21 and mTORC1(TSC1/2)22 signaling pathways (Fig. S6D), suggesting convergent impact of oncogenic drivers on hyper-activated splicing in tumor. Under the presence of active TGF-β signaling, SMAD3 is induced to form a complex with PCBP1, and inhibits spliceosome assembly to favor the mesenchymal isoform of a cancer stem cell marker, CD4421. In UCEC, FAT1, a mutational driver and a molecular break for the mitochondrial respiratory chain pathway9, belonged to same module with other oxidative phosphorylation pathway module (Fig. S6F). While the deficiency of FAT1 is implicated in increased oxygen consumption and increased proliferations in smooth muscle cells9, the FAT1-mediated mitochondrial dys-regulation in epithelial cells is still unknown. In summary, the protein network models provide unique opportunities to systematically identify tumor interactomes beyond transcriptome-based models which cannot capture post-transcriptional effects23. 
We also identified highly preserved protein modules across seven cancer types as pan-cancer protein modules (Fig. 1F, G). The network of cross-talks revealed several pathways commonly exploited in these cancers including mitochondrial oxidative phosphorylation (MOP), endoplasmic reticulum associated degradation (ERAD), and hemostasis. N-acetyltransferase activity and ribosome emerged as the bridging pathways between MOP and ERAD. 
Within MOP, consistent down-regulation of the NADH dehydrogenase pathway (C3 and C9; Fig. 1F) across multiple cancers is in line with the observed reduction in Complex I of the respiratory chain in many cancer cells24. NADH dehydrogenase, also known as respiratory complex I, is an enzyme that converts nicotinamide adenine dinucleotide (NAD) from its reduced form (NADH) to its oxidized form (NAD+) and translocates protons across the inner mitochondrial membrane25. In cancer cells, the NAD+/NADH balance is often disrupted. In breast cancer, the reduction of NAD+ in tumor cells rendered more aggressive and increased metastasis, in contrast to the anti-invasive effect from the enhanced NAD+/NADH balance25,26. 
ERAD ensures that only properly folded and assembled proteins are transported to their final destinations and is exploited in tumor cells, which are usually under tremendous stresses such as hypoxia and nutrient deprivation27. The very mechanism can also induce cell death via induction of pro-apoptotic transcription factors when cells are over-flooded with misfolded proteins (i.e., ER stress)28. There are several proteasome inhibitors such as bortezomib28 and Withaferin-A29 to induce such apoptotic ER stress in tumor cells. Further, Golgi homeostasis (from C16), an organelle that receives the processed proteins from ER, can be disrupted by the proteasome to induce apoptosis in cancer cells31. 
C14 (N-acetyltransferase activity) contains several components of N-alpha-acetyltransferase complex (also known as NatA complex: NAA10, NAA15 and NAA50) and their regulator HYPK (regulator of NAA10-1530,31) with ANKRD17 (multi-functional regulator of cell cycle/DNA regulation32, innate immune defense against viruses33 and bateria34) and G3BP2 (a scaffold protein that plays an essential role in cytoplasmic stress granule formation). NAA10 has been extensively studied in cancer literature and has oncogenic or tumor-suppressive roles depending on cancer types35. 
The NatA complex catalyzes the addition of acetyl groups at N-terminus of various proteins emerging from the ribosome, increases the diversity in the protein functions and has a broad substrate specificity to acetylate most peptides36,37. This explains the proximity of the ribosome complex in C20 representing the full extent of co-translational modification machinery. Loss of NatA enzymatic activity impairs mitochondrial degradation38, and N-terminal acetylation affects proteasome localization and cell fitness39, in alignment with closely interacting ERAD and MOP axes (Fig. 1G). Overall, its links to commonly over-exploited carcinogenic ERAD and MOP, and its capacity to modify a broad spectrum of proteins (80~90% of human proteins) affirm its central role in orchestrating oncogenic pathways in tumor cells. 
Lastly, we systematically identified and validated several pan-cancer regulators across the seven cancer types. SMC2 (structural maintenance of chromosomes 2), a central component of the condensing complex, is a subunit of condensin I and II40, and SMC2-centered network showed strong interactions with SMC4, another SMC ATPase subunit that is shared in condensin I and II. The condensins are major regulators of chromosome condensation and segregation during cell cycles, and also play roles in cell cycle checkpoints, spindle assembly and kinetochore organization40. 
Our loss-of-function experiments in lung, colon, kidney and breast cancer cells showed the strongest anti-tumor effects across all tested cancer cells. Indeed, SMC2 alterations have been implicated in pyothrax-associated lymphoma41, MYCN-amplified neuroblastoma42 and gastro-intestinal cancers43. As the major function of condensins are chromosome segregation, alterations in SMC2 induced genomic instability. Condensin-II depleted cells concurred defects in homologous recombinant (HR) DNA repair44. These were evident in SMC2-centered pan-cancer network model which captures several DNA repair regulators (e.g. - FANCI, UHRF1, LIG1, CHAF1B; Fig. 2D). 
On the other hand, we also observed the DNMT1-UHRF1 axis in SMC2-centered network model, a key epigenetic mechanism for global DNA methylation maintenance and histone modifications45. While the pro-tumorigenic interplay between condensins and the DNMT1-UHRF1 axis is unknown, their interactions with a network neighbor, TOP2A (topoisomerase IIα, Fig. 2D), may serve as the common denominator to link the missing knowledge gap between the SMC2-mediated genomic stability and DNMT1-UHRF1 epigenetic axis46,47.
EZH2, catalytic core protein in the Polycomb Repressor Complex 2 (PRC2) that methylates H3K9me and H3K27me and acts as transcriptional repressor48, is an oncogene in a wide range of cancers and closely interacts with SMC2 in the protein network model (Fig. 2D). While their interactive mechanisms are unknown, condensins and EZH2 play crucial roles in forming DNA loops where condensins extrude the DNA49 and the PRC2 complex bends to form the DNA loop50. These suggest condensin-I/II-PRC2 axis constitutes a broader epigenetic mechanism to confer pro-tumorigenic regulations beyond cell cycle and genomic stability. 
RSL1D1 (also known as cellular senescence-inhibited gene) is another top pan-cancer regulator and is up-regulated in multiple cancer types (Fig. 2C). Its over-expression promotes cell proliferation in HCC in vitro by activating c-MYC51, is associated with poor prognosis in prostate cancer52, and inhibits PTEN translation in replicative senescence in glioblastoma cells in vitro53. The protein co-expression network analysis indicates RSL1D1 is the hub and a key driver in M220 in CRC, which is enriched for hallmark MYC targets (cFET p=1.29E -6, 12.8 EFC), and suggesting it may modulate the oncogenic MYC activity in CRC. 
DDX21 (DEAD/H-Box Helicase 12) acts as a sensor of the transcriptional status of both RNA polymerase (Pol) I and II, promoting ribosomal RNA (rRNA) processing and transcription from polymerase II (Pol II)54,55. While other DEAD box RNA helicases such as DDX1/3/6/5/17 are known to affect aberrant RNA export and translations in cancers in both of oncogenic and tumor-suppressive contexts56, the role of DDX21 remains mostly unknown. Therefore, DDX21 is an attractive novel pan-cancer target.
Interestingly, both RSL1D1- and DDX21-centered networks are enriched for rRNA biogenesis pathways in LUAD and STAD protein networks (Fig. 2B, C). PDCD11 (programmed cell death 11, essential for mature 18S rRNA generation) is one of the rRNA biogenesis protein, that is one of 147 targets emerged from CRISPR-Cas9 screens over 31 colorectal cancer cell lines57. PDCD11 is an NF-κβ binding protein that modulates NF-κβ pathway activity in CD8+ T-cells58. HEATR1 is another ribosome biogenesis factor that modulates cancer cell survival in non-small cell lung cancer59. Several HEATR1 peptides can act as glioma-associated antigens that induce a cytotoxic T-cell response to target glioma stem-like cells60. 
HEATR1 and PDCD11 interact closely with NAA25 (a non-catalytic subunit of the NatB complex which catalyzes acetylation of the N-terminal methionine residues) and a lung cancer driver mutation in PIK3CA (Fig. S13A). PIK3CA mutations are known to evade tumor immunity by promoting inhibitory myeloid environment61, and inhibition of the PI3K pathway is implicated in enhanced immune-therapeutic responses in many cancers62,63. However, the bridging mechanism to modulate anti-tumor immunity has not been understood yet. Our analyses suggest post-translational modification such as N-terminal acetylation by the NatB complex is a key modulator exploited in immune evasion in lung adenocarcinoma. 
MATERIALS AND METHODS
Data Collection
Initially, we collected publicly available protein expression data sets. From Clinical Proteomic Tumor Analysis Consortium (CPTAC)64, we gathered protein expressions and respective clinical annotations for tumor and matched-normal samples for breast carcinoma (BRCA), clear renal cell carcinoma (CCRCC), colorectal carcinoma (CRC)65, hepatocellular carcinoma (CPTAC-HCC)66, lung adenocarcinoma (LUAD), ovarian carcinoma (OV) and uterine corpus endometrial carcinoma (UCEC).  Additionally, we further obtained protein expressions and clinical data for HBV-infected HCC (HBV-HCC), and stomach cancer (STAD)67 from the literature. 
Upon collection, we carried out a series of data quality control (QC) steps to filter out inadequate data for co-expression network analyses. Firstly, we performed data quality control (see Data Quality Control for Network Analysis) to adjust for confounding variables and batch effects. Then, we compared each cancer proteome with respective transcriptome to confirm if some of gene-gene interactions observed in the proteome are preserved. To do so, we constructed a set of preliminary protein co-expression networks and modules, and tested their preservations using Module Preservation analysis implemented in WGCNA R package68 with the suggested threshold of Bonferroni corrected p-value < 1E-10.  Supposedly, we expected each cancer proteome bears substantial fraction of modules preserved in the transcriptome. To our surprise, none of CPTAC-HCC and MB exhibited preserved modules in the transcriptome and flagged out in the further analyses. This resulted in HBV-HCC to serve as the representative HCC proteome data set in the following analyses, thereon denoted as HCC.
Additionally, we required each cancer to provide at least one significant differentially expressed protein signature when contrasted to matched normal samples or across clinical cancer stages. This was necessary to address the dys-regulated proteomes in cancers. As a result, OV was further filtered out as it did not yield any differentially expressed protein signatures. 
Overall, the data collection and QC yield seven cancers, BRCA, CCRCC, CRC, HCC, LUAD, STAD, and UCEC, for further analyses. 
Differentially Expressed Proteins (DEPs)
We used MS-based proteomics data from CPTAC to identify differentially expressed proteins (DEPs) by leveraging available tumor and matched normal samples from the same patients. Overall, among the 7 CPTAC studies containing normal tissue samples (BRCA, CCRCC, CRC, HCC, LUAD, OV, UCEC), there were 415 tumor proteomes with an available matched-normal proteome. For each cancer cohort, we performed a tumor-vs-normal paired analysis to identify differentially expressed proteins (DEPs) by adjusting for the confounding variables and batch effects including age, gender, ethnicity, sequencing center, sequencing instrument, sequencing date and sequencing operator using limma69 implementation in R (v3.40.6).
Gene Perturbation Signature Analysis
In order to validate protein-protein (or mRNA-mRNA) interactions captured by protein co-expression networks (or gene co-expression networks), we tested if experimentally identified gene interactions were present in the networks. To do so, we utilized shRNA knock-down signatures in cancer cells, curated by the Library of Integrated Network-based Cellular Signatures (LINCS) database. The differential expressions in shRNA knock down or over-expressions of a target gene in transfected cancer cells capture interacting genes with the target perturbed genes, which were evaluated using limma R package69. These gene perturbation signatures were tested for enrichment in the network neighborhood of the target gene by Gene Set Enrichment Test (GSEA), implemented in the R package fgsea (v1.10.1). The network neighborhood captured the closely interacting genes and were systematically identified as the approachable genes by hopping l links from the target gene in a network, and we restricted l ≤ 2 and network neighborhood not to exceed 10% of the global network size. Overall, we were able to test gene perturbation signatures from cell lines matching for BRCA (MCF7: 3,726 genes), CCRCC (HA1E: 3,788 genes, HEK293T: 1,110 genes, HEKTE: 385 genes), CRC (HT29: 3,619 genes, SW480: 325 genes), HCC (HEPG2; 3,683 genes) and LUAD (A549: 3,735 genes, HCC515: 3,648 genes, SKL: 550 genes). 
Protein Expression Data Processing
We used the MS-based proteomics data from CPTAC 2 and CPTAC 3 studies corresponding to breast cancer (BRCA), clear cell renal carcinoma (CCRCC), colorectal cancer (CRC), hepatocellular carcinoma (HCC), lung adenocarcinoma (LUAD), stomach adenocarcinoma (STAD), uterine corpus endometrial carcinoma (UCEC) cohorts65,67,70-73. Overall, there were 415 tumor proteomes with matched normal proteomes (see Table S1 for details). For each cohort, we kept only one technical replicate with the most complete data and kept all biological replicates. In the HCC proteomes, we consolidated protein isoforms by using the R package WGCNA with ‘connectivity-based collapsing’ option74. We used the protein expressions, calculated as log(sample/reference) by multi-plexed iTRAQ or isobaric tandem mass tags (TMT) in the global MS experiments. By default, the expression ratios were further normalized so that all samples within a cohort had the Median Absolute Deviation (MAD) of 1. 
Differentially Expressed Proteins (DEPs) and Differentially Expressed Genes (DEGs)
Differentially expressed proteins (DEPs) were identified by comparing matched tumor and normal samples in the paired test. Among the 6 CPTAC studies containing normal tissue samples (BRCA, CCRCC, CRC, HCC, LUAD, UCEC), 415 tumor proteomes had matched normal proteomes. For STAD, the samples lacked matched normal samples, and we resorted to DEPs between Epstein Barr virus (EBV) + and EBV- samples as a proxy for distinctive tumor signatures15. For each cancer type, we compared the tumors and the normal samples to identify DEPs (tumor-DEPs) while adjusting for the confounding variables and batch effects including age, gender, ethnicity, sequencing center, sequencing instrument, sequencing date and sequencing operator using the R package limma69 (v3.40.6). We also identified proteins specifically differentially-expressed for each cancer type as estimated by the difference in the protein abundance level, .
The normalized, batch and platform corrected RNA-seq data were obtained from the PanCancer Atlas consortium (https://gdc.cancer.gov/about-data/publications/pancanatlas). For each cancer type, lowly expressed genes were removed if their expressions are absent from more than 75% of samples. To identify DEGs, primary tumor samples (type code ”01A”) were compared to the normal tissues (type code “11A”) in each cancer type. Then the gene expression data were log2 transformed and fitted to a linear model, to adjust covariates including age, gender, race, TSS, portion, plate, and center. Moderated t-statistics, moderated F-statistic, and log-odds of differential expression were computed by limma (v3.4) using empirical Bayes statistics69. Significant DEGs between tumor and normal tissues were defined as fold change higher than 2 and adjusted p value less than 0.05.
Data Quality Control for Network analysis
Before the protein co-expression network analysis, we further performed comprehensive quality control on the normalized and filtered protein expression data. Firstly, we removed outlier samples by the principal component analysis (we considered the 1st and 2nd principal components, samples ≥ 4 standard deviations). Then, proteins expressed in less than 20 samples were removed, followed by imputation of the missing protein expressions by the k-nearest neighbor algorithm by impute.knn() in the R package impute (v1.58.0). Further, the data were adjusted for batch variables (data generating center, date, and machine) as well as biological confounders such as age, ethnicity, and gender by modeling via generalized linear model (glm() in stats R package, v4_3.6.1). 
Protein/Gene Co-expression Network Analysis
The protein co-expression networks were identified by using Multi-scale Embedded Gene Co-expression Network Analysis (MEGENA)75-77.  Briefly, MEGENA first selects protein pairs with significant correlations (FDR < 0.05) by sample permutation. Although filtered by statistical significance, the false positive pairs still dominate the co-expression network77,78. To handle this, MEGENA imposes a geometrical constraint by embedding onto a 3-dimensional topological sphere.79  The resulting co-expression network belongs to a class of sparse geometrical networks called “planar filtered networks (PFNs)”. PFNs can be drawn on the surface of the sphere without any link intersections.80  
PFNs bear a broad spectrum of topological features of real-world complex networks such as scale-free degree distributions and small-world81. PFNs then go through unsupervised clustering for identification of network clusters (i.e., gene modules) at various compactness scales.75-77 The resulting gene modules have hierarchical relationship. The hierarchy represents the multi-scale organization of gene modules with different degrees of compactness. It captures a series of relationships of higher-order (i.e., parent) modules possessing children modules residing within these parent modules. Children modules are more compact than their parent modules.77 Furthermore, candidate key drivers of gene modules are further identified by means of statistically significant hubs with hub p-value < 0.05.77   With module size threshold 50 ≤ |mi| ≤ 3000, MEGENA yielded the following number of modules including parent and child modules in Table S4. 
Similarly, we performed MEGENA to construct a mRNA co-expression network for each cancer type using the respective pan-cancer transcriptome data from The Cancer Genome Atlast (TCGA). We first downloaded batch corrected gene expression data from TCGA Pan-Cancer Atlas initiatives (https://gdc.cancer.gov/about-data/publications/pancanatlas), and further performed quality control by excluding outliers (samples with four standard deviations away in the 1st and 2nd principal component space), and correcting for biological confounders such as age and gender. The corrected data were then provided as the inputs for MEGENA, and the same module size thresholds were applied as the protein networks, yielding the numbers of modules as in Table S4.
Module Preservation Analysis between Each Cancer’s Proteome and Transcriptome
For each cancer type, individual co-expressed protein modules were tested for preservation of its network connectivity in the transcriptome of the same cancer type, or in the proteome from a different cancer type by the module preservation analysis68. For all module preservation analyses, we utilized the implementation in WGCNA R package via modulePreservation() function (v1.68). The protein modules were deemed significantly preserved if Bonferroni corrected p-value < 1E-10 as recommended by the authors68. On the other hand, the protein module was deemed absent in the comparison if the summary z-score < 268. Based on these thresholds, per a cancer type, a protein module was categorized into ‘proteome-specific’ if the summary Z-score < 2, or ‘transcriptome-preserved’ if the Bonferroni corrected p-value < 1E-10 from the module preservation analysis with the same cancer transcriptome. Similarly, a protein module was deemed “cross-cancer preserved” in a different cancer’s proteome if the Bonferroni corrected p-value < 1E-10, or deemed “not cross-cancer preserved” if summary Z-score < 2 when compared with another cancer’s proteome. 
We collected the transcriptome cohorts for the seven cancer cohorts from CPTAC and TCGA Pan-cancer atlas cohorts. While the CPTAC consortium provides the patient matched transcriptome for five cancer types (BRCA, CCRCC, CRC, LUAD and UCEC), HCC and STAD were missing the matched transcriptome data, hence the direct comparison of proteome and transcriptome for all cancer types were not possible. On the other hand, TCGA Pan-cancer atlas transcriptome cohorts provided greater number of samples for all cancer types. To this end, we evaluated the concordance of the module preservation results from the TCGA Pan-cancer atlas and CPTAC cohorts. Specifically, we examined how the protein modules were preserved in the TCGA and CPTAC transcriptomic data (Fig. S15). We observed that the preservation z-scores, the key statistics for accessing module preservation, were highly concordant between TCGA pan-cancer atlas and CPTAC (Fig. S15), where a large number of transcriptomically preserved, or proteome-specific modules were detected from using TCGA pan-cancer atlas transcriptome data (Fig. S15). Overall, these results indicate the greater numbers of samples from TCGA pan-cancer atlas transcriptome cohort show greater benefits, hence they were used for the module preservation analysis. 
Pan-cancer Protein Interaction Communities (PCPIC) Analysis: Conserved protein modules across multiple cancer types
We evaluated robustly co-expressed protein modules across different cancer types (see the workflow in Fig. S7). For each cancer type, we examined if the co-expressed protein modules are conserved in different cancer types. Given two co-expressed protein modules, Mi(n) from the nth cancer type and Mj(m) from the mth cancer type, we evaluate their conservation based on two criteria: i) Correlation preservation by evaluating if the protein expression profiles of the proteins in Mi(n) in the mth cancer type are significantly correlated and those of Mj(m) in the nth cancer type (i.e. n ≠ m) are correlated.  ii) Module overlap by evaluating if there is a significant overlap between Mi(n) and Mj(m) through Fisher’s Exact Test (FET) with a cutoff of 0.05 for FET p-value (Fig. S7A). Mi(n) and Mj(m), are claimed to share a conserved proteome if they satisfy the criteria i) and ii). 
We illustrate the conservation analysis workflow with an example which compares one module from breast cancer proteome, M1(BRCA), to another from colorectal proteome, M2(CRC) (Fig. S7B). 
Criterion 1: We examine if the proteins in M1(BRCA) or M2(CRC) are also correlated in colorectal or breast cancer proteome, respectively. By utilizing module preservation analysis implemented in WGCNA R package via modulePreservation() function (v1.68), the proteins in the modules are deemed significantly correlated in the respective cancer type if Bonferroni corrected p-value < 1E-10 (a recommended p-value threshold by Langfelder et al. 201168). 
Criterion 2: We evaluate if M1(BRCA) and M2(CRC) show significant overlap by Fisher’s Exact Test (FET) with odds ratio (OR) > 1. If M1(BRCA) and M2(CRC) (or M2 is enriched in M1) with FDR adjusted FET p-value < 0.05, and vice versa, then the overlap is deemed significant, thus satisfying ii). 
M1(BRCA) and M2(CRC) are conserved in breast and colorectal cancers if the criteria 1 and 2 are satisfied.
While the aforementioned workflow identifies pairs of modules, each pair represents shared protein interactions in two cancer types only. On the other hand, these pairs can collectively form a network of conserved modules which represents a set of conserved protein interactions across multiple cancer types (Fig. S7B). To this end, we systematically identified these tightly connected groups of modules by applying a graph-theoretic community detection algorithm, walktrap. We utilized its implementation in cluster_walktrap() function from igraph R package (v1.2.4.1). As results, we identified 20 highly conserved, pan-cancer protein interaction communities (PCPICs).   
Within each PCPIC, proteins involved in key roles are often associated with higher connectivity and may reflect the crucial biological functions and pathways in cancer77,82,83. Thus, we identified a highly connected subnetwork of proteins within each PCPIC. Specifically, we constructed the union co-expression network of proteins within each PIC across the seven cancer types, then calculated the coreness of the proteins (the top plot in Fig. S7C). Coreness is defined through k-core, a subnetwork in which each node is connected with at least k other vertices (the bottom plot in Fig. S7C). Then, the coreness of a node is k, if the node belongs to k-core, but not to (k+1)-core84. In other words, a group of nodes (i.e., proteins) in the union network with maximal k-core represents the most connected subnetwork of the PCPIC. These PCPIC cores were utilized to understand the key biological functions as summarized in Fig. S8 as enriched Gene Ontology (GO) terms and curated pathways.
Pan-cancer Interactions Among Conserved Pathways: While the PCPIC cores represent distinct protein interactions conserved across the seven cancers, we posit that there are higher-level interactions among them, i.e. cross-talks among the pan-cancer conserved pathways. We developed a framework to analyze these cross-talks among the PCPIC cores in the cancer proteome. 
To evaluate such cross-talks, we first calculated the overall activity score of each PCPIC core by Gene Set Variation Analysis (GSVA; Fig. S7D-(i))14.  GSVA calculates the z-score for each sample for a given input signature, leading to an overall activation (z-score > 0) or a suppression (z-score < 0) within each sample’s proteome. Putting the z-scores together across all PCPICs and sample, it yields a data matrix where each feature is a summarized GSVA z-score for each PCPIC across all samples (Fig. S7-(ii)). Then, we evaluated interactions among the PCPICs by the pairwise Spearman’s correlations on the GSVA z-score matrix (workflow in Fig. S7, (ii); cancer type-wise results in Fig. S7B). The significant interactions were identified by FDR < 0.05. 
Then, we summarized which protein interactions were robustly observed across different cancer types. Specifically, for each pair of PCPICs, we counted the number of cancer types, in which several pairs of PCPICs showed positive or negative correlations consistently across at least four cancers, forming a robust network (Fig. S7C).
Module Prioritization
For each cancer, the co-expressed protein modules were evaluated for enrichment of differentially expressed proteins (DEPs) in tumor versus adjacent normal, cancer driver mutations and pan-cancer driver mutations by Fisher’s Exact Test (FET). These FET p-values for each module were then summarized into a module significance score, MS, defined as:

where m refers to a module, PS represents a set of protein signatures, N is the number of tests, P(m, PSi) is Fisher’s Exact Test p-value for enrichment of the ith protein signature in the module m. 
Key Driver Analysis (KDA) and Top Regulator Nominations
We hypothesized the key regulators of pro-tumorigenic pathways closely interact with dys-regulated pathways in cancer proteomes. To this end, we treated the differentially expressed proteins (DEPs) in tumor samples as the protein signatures of such dys-regulated pathways and searched for protein nodes interacting with DEPs in the co-expression networks as the potential pro-tumorigenic regulators.  Such potential protein drivers were identified by Key Driver Analysis (KDA)85. Firstly, for a given protein we identified its neighbors in the network which are within 3-layer layers away from the protein. Then, we evaluated the enrichment of the DEPs in the neighborhood by performing Fisher’s Exact Test (FET) and determined a protein as the potential pro-tumorigenic regulator if the FDR adjusted FET p-value is smaller than 0.0586.  
We used more DEPs based on the more relaxed thresholds (i.e., limma FDR < 0.15, |FC| > 2) for the KDA so as to capture the weaker signals that may have been overlooked by the stringent FDR < 0.05 threshold. As there was no respective normal proteome data for STAD, we used DEPs in Epstein-Barr virus (EBV) infected samples, which are known to drive tumorigenesis in stomach cancer87.
Then, we calculated the Pan-cancer regulator score to prioritize the predicted key regulators. Among the seven cancer types, we counted: i) the number of cancer types in which each gene is a hub with hub p-value < 0.05, Nhub, ii) the number of cancer types in which each gene’s 3-layer neighborhood significantly enriched for DEP signatures, Nenrich, and iii) the  number of cancer types in which each gene is a DEP signature, NDEP. Then, the sum of these three scores, Span-cancer= Nhub+ Nenrich + NDEP, was utilized the pan-cancer regulator score. 
The prioritized list was further filtered to nominate novel pan-cancer regulators. To this end, we sought to identify pan-cancer regulators of up-regulated pathways in tumors, and are relatively under-studied in the literature. The up-regulated regulators were identified with number cancer types in which each gene is an up-regulated DEP, NDEP-UP > 4, with no hits from down-regulated DEPs, NDEP-DN = 0. Using easyPubmed (v2.13) R package, we also queried the Pubmed with “cancer” and gene symbol name for each protein, and restricted those with less than 50 known studies. The filtered list highlights top three proteins that proceeded for experimental validations.
Experimental procedure and method
Lentivector Production
HEK293T cells were cultured in a T150 flask in 20mL complete medium [DMEM (Corning #10-013-CV), 10% FBS (Gibco #16000-044), 100u/ML Pen-Strep (Gibco #15140-122)] to no greater than 90% confluence, plated in 100mm Petri dishes at a density of 7x106 cells/dish, and allowed to grow overnight at 37C, 5% CO2, 95% RH.  Mission shRNA 3rd generation lentivector bacterial stocks (Sigma #05282119MN: shDDX21 clone TRCN0000051200, shRSL1D1 clone TRCN0000159162, shSMC2 clone TRCN0000062538) and Mission pLKO.1-Puro Non-Mammalian shRNA Control (Sigma #SHC002) were cultured overnight in Miller LB-100g/mL carbenicillin (Fisher #BP1426-2 and #BP2648-5) medium, and plasmids were isolated using the QIAprep Spin Miniprep Kit (Qiagen #27106) as described in the protocol.  Two hours prior to transfection, the medium on the production plates was changed to 10mL serum- and antibiotic-free OptiMEM (Gibco #31985-070).  Transfection was performed using Lipofectamine 3000 transfection reagent (Invitrogen #L3000-015), 7.5g of vector plasmid, 1.5g pMD2.G (Addgene #12259), 2.5g pMDLg/pRRE (Addgene #12251), and 1.25g pRSV-Rev (Addgene #12253).  Reagent and plasmid dilutions were each performed in 500L OptiMEM, combined per the protocol instructions, and the completed mixtures were added dropwise to the production plates.  Transfected cells were incubated for four hours, followed by a medium change to 12mL transduction medium [OptiMEM, 5% FBS, 1mM sodium pyruvate (Gibco #11360-070)].  Transfected cells were cultured for 48 hours, after which the medium was drawn off the production plates and centrifuged for 10 minutes at 800rcf and 4C.  Supernatant was drawn off and transferred to fresh 15mL conical tubes containing one part 4x lentivirus concentration buffer to 3 parts viral supernatant (~3-4mL), mixed thoroughly, and incubated overnight on nutating mixer at 4C.  Viral supernatant and concentrator mixtures were centrifuged for one hour at 1600rcf and 4C, after which the supernatants were aspirated.  Pellets were resuspended in 400L PBS (Corning #21-040-CV), divided into 50L aliquots, and stored at -80C until needed. 
shRNA Knockdown and Growth Assay
Gene knockdown was attained by seeding 5x105 cells/well each of HEK293T, A498, H847, HCT116, and MDA-MB-231 into 6-well plates with 1:200 dilutions of Mission shRNA lentivectors in 2mL/well transduction medium-10M Polybrene (AmericanBio #AB01643) with overnight incubation, followed by 48 hours’ culture in puromycin selective medium [DMEM, 10% FBS, 100 U/mL pen-strep, 10g/mL puromycin (Sigma #P8833)].  After 48 hours, transduced cells were passaged and plated into the central 60 wells of 96-well plates in 200L complete medium at a seeding density of 4000 cells/well, six wells per treatment condition (untransduced control, non-targeting shRNA control, shDDX21, shRSL1D1, and shSMC2), two parental lines per plate.  Surplus cells were cultured in 10mL puromycin selective medium in T75 flasks and allowed to expand for additional assays.  Plates were imaged six hours after plating (T = 0) and then daily for four days (days 1-4) to assess confluency using the Perkin Elmer Operetta CLS imaging system.  Percent confluency per well was averaged for each treatment condition and timepoint, standard deviations were calculated, and averages for each parental cell line were normalized to the appropriate non-targeting shRNA control.  After four days, total cell viability was assessed using the CellTiter-Glo Luminescent Cell Viability Assay (Promega #G7570) as described in the protocol,[endnoteRef:1] and luminescence signal was measured using the Tecan Infinite M200 plate reader with 1 second integration time. Average background luminescence was subtracted from the luminescence value for each well, luminescence signals were averaged for each treatment condition, standard deviations were calculated, and averages for each parental cell line were normalized to the appropriate non-targeting control. [1:  ] 

Confirmatory qPCR
Total RNA was isolated using the RNeasy Mini Kit (Qiagen #74106) as described in the protocol. Approximately 1x105 cells of each parental line and treatment condition were reserved and lysed in Qiagen RLT buffer with 1% -mercaptoethanol (Fisher #O3446I).  Single-strand cDNA was generated from total RNA isolates with the SuperScript First-Strand Synthesis System for RT-PCR (Invitrogen #11904018), as described in the protocol using the included oligo(dT)12-18 primers.  Quantitative PCR was performed for all conditions, in triplicate 10L/well reactions in a 384-well PCR plate, using PowerUp SYBR Green Master Mix (Applied Biosystems #A25742) and KiCqStart SYBR Green Primer sets (Sigma #KSPQ12012G) against GAPDH (H_GAPDH_1), DDX21 (H_DDX21_1), RSL1D1 (H_RSL1D1_1), and SMC2 (H_SMC2_2) on the ViiA 7 Real-Time PCR System (Applied Biosystems), as described in the master mix protocol. Relative gene expression was quantified and graphed via the native CT analysis method in the ABI QuantStudio Real-Time PCR Software suite (Applied Biosystems, version 1.3), with each cell type normalized to its untransduced parental control using GAPDH as reference gene.


SUPPLEMENTAL TABLES
[bookmark: _Ref142298051]Table S1. Cohort descriptions of cancer proteome data sets.
	Cancer Type
	Breast Cancer
	Clear Cell Renal Cell Carcinoma
	Colorectal Cancer
	Lung Adenocarcinoma
	Early Onset Gastric Cancer  
	Uterine Corpus Endometrial Carcinoma
	HBV-related Hepatocellular Carcinoma

	Abbreviation
	BRCA
	CCRCC
	CRC
	LUAD
	STAD
	UCEC
	HCC

	Data Source 
	CPTAC BRCA Confirmatory Study
	CPTAC CCRCC Discovery Study
	CPTAC Colon Cancer Confirmatory Study
	CPTAC LUAD Discovery Study
	CPTAC Proteogenomics of Gastric Cancer
	CPTAC UCEC Discovery Study
	CPTAC HBV-Related HCC

	Sample Size (Tumors/Normals)
	T: 115
N: 18
	T: 110
N: 84
	T: 95
N: 100
	T: 109
N: 102
	T: 80
N: 80
	T: 97
N: 20
	T: 159
N: 159

	Female Percentage
	100%
	25.2%
	57.4%
	34.6%
	55%
	100%
	19.5%

	Average Age at Onset
	60.4
	60.6
	65.2
	62.7
	37.0
	63.7
	53.7

	Tumor Stage Distribution (TNM)
	1: 3.0%
2: 60.4%
3: 26.9% 
NA: 9.7%
	1: 41.8%
2: 15.5%
3: 34.5% 
4: 8.2%
	1: 10.2%
2: 40.6%
3: 41.1% 
4: 8.1%
	1: 53.5%
2: 27.5%
3: 18.5% 
4: 0.5%
	NA: 100%
	1: 76.1%
2: 6.8%
3: 14.5% 
4: 2.6%
	1: 57.2
2: 8.8
3: 32.7
4: 1.3 





Table S2. Summary of differentially expressed protein (DEP) signatures (FDR < 0.05,  fold change > 2 or < ½).
	Signature Type
	Direction
	BRCA
	CCRCC
	CRC
	HCC
	LUAD
	STAD
	UCEC

	Tumor vs normal DEP
	up-regulated 
	45
	2,871
	477
	1,728
	2,852
	
	2,658

	
	down-regulated
	138
	2,706
	673
	1,700
	2,885
	
	2,394

	EBV infected vs rest
	up-regulated
	
	
	
	
	
	16
	



Table S3. Number of differentially expressed proteins (DEPs) in the tumor proteome in each cancer type and the number of DEPs without differential expression at the mRNA level in the respective tumor transcriptome. DEPs were determined by FDR < 0.05 while not differentially expressed genes (notDEGs) were identified by FDR > 0.2 (see Materials and Methods for details).
	Cancer Type
	Total #. Proteins
	#. DEPs
	#. DEPs but not DEGs

	BRCA
	10,468
	45
	8

	CCRCC
	9,964
	2,871
	830

	CRC
	7,418
	477
	59

	HCC
	6,478
	1,728
	747

	LUAD
	11,029
	2,852
	1,301

	UCEC
	10,768
	2,658
	786

	STAD
	Matched normal proteome data is missing for DEP analysis



[bookmark: _Ref45787703][bookmark: _Hlk125179790]Table S4. Numbers of protein and mRNA coexpression modules in seven cancer types.
	Cancer
	#. Protein Modules
	#. mRNA Modules 
(PanCanAtlas)
	#. mRNA Modules
(CPTAC)

	BRCA
	134
	242
	159

	CCRCC
	138
	248
	158

	CRC
	99
	233
	172

	HCC
	83
	237
	N/A

	LUAD
	155
	244
	171

	STAD
	122
	272
	N/A

	UCEC
	15
	212
	143





[bookmark: _Ref142313901]Table S5. List of core proteins in the pan-cancer protein interaction communities (PCPICs) .
	PCPIC
	Core Proteins

	C1
	SPTA1, ANK1, EPB42, HBA1, HBB, CA1, SLC4A1, SPTB

	C2
	PSMD1, PSMC2, PSMD2, PSMC4, PSMC5, PSMD6, PSMD12, PSMD3, PSMD11, PSMD13, PSMC1, PSMD8

	C3
	NDUFS1, NDUFB11, NDUFV1, NDUFA12, NDUFA10, NDUFB5, NDUFS5, NDUFS4, NDUFA9, NDUFS8, NDUFS6, NDUFB3, NDUFS7, NDUFS3, NDUFA13, NDUFB1, NDUFA8, NDUFA5, NDUFB10, NDUFB7, NDUFB6, NDUFB4, NDUFA7, NDUFA11, NDUFS2, NDUFC2, NDUFB9, NDUFB8, NDUFV2

	C4
	MRPL17, MRPL39, MRPL15, MRPL19, MRPL28, MRPL37, MRPL46, MRPL11, MRPL3, MRPL44, MRPL16, MRPL20, MRPL10, MRPL47, MRPL13, MRPL4, MRPL21, MRPL24, MRPL18, MRPL1, MRPL45, MRPL12, MRPL2, MRPL40, MRPL23, MRPL30, MRPL38, MRPL55, GADD45GIP1, MRPL54, MRPL41, MRPL50, MRPL58, MRPL48, MRPL49, MRPL53, MRPL9

	C5
	IFIT1, OAS2, ISG15, MX1, CMPK2, IFIT3

	C6
	MRPS31, MRPS22, MRPS23, MRPS2, MRPS21, MRPS28, MRPS27, MRPS17, MRPS15, MRPS33, MRPS11, MRPS26, MRPS9, MRPS25, MRPS12, MRPS5, EARS2, MRPS34, PTCD3, MRPS7, MRPS16, MRPS6

	C7
	INTS1, INTS3, INTS2, INTS4, INTS7, INTS10, INTS8

	C8
	PSMA4, PSMA2, PSMA5, PSMA6, PSMA3, PSMB1, PSMB3, PSMA1, PSMA7, PSMB4, PSMB8

	C9
	NDUFB2, NDUFB4, NDUFB3, NDUFA13, NDUFB8, NDUFB9, NDUFC2

	C10
	COX4I1, COX2, COX5A, COX5B, COX7A2L, COX7A2, COX7B, COX6C, COX7C, NDUFA4, COX6B1

	C11
	THOC1, THOC2, THOC5, THOC3, THOC7, THOC6

	C12
	CCT2, CCT5, CCT4, CCT6A, CCT3, CCT8, CCT7, TCP1

	C13
	CALR, PDIA4, DNAJB11, HSP90B1, MANF, PDIA6, HYOU1, ERP44, GANAB, HSPA5, PDIA3, DNAJC3, MESD, MYDGF, P4HB, CNPY2, PRKCSH, PRDX4

	C14
	NAA10, NAA15, ANKRD17, HYPK, NAA50, G3BP2

	C15
	MRPS15, MRPS22, DAP3, MRPS5, MRPS31, MRPS26, MRPS35, LRPPRC, MRPS17, MRPS2, MRPS27, MRPS33, MRPS25, MTIF2, MRPS9, MRPS6, MRPS7, PTCD3

	C16
	COG1, COG2, COG5, COG3, COG4, COG7, COG8, COG6

	C17
	COMMD7, CCDC22, CCDC93, COMMD10, COMMD5, FAM45A

	C18
	IGHG1, IGLL5, IGLL1, IGKV1-12, TGIF1, IGLV1-40, JCHAIN

	C19
	FGB, FGA, C8A, C8B, F2, C6, ITIH1, C5, A1BG, KLKB1, CFH, CPN1, C9, AMBP, GC, ITIH2, PLG, ITIH4, ALB, APOA1, APOH, KNG1, CPN2, C8G, HPX, AHSG, ITIH3, PROS1, APOC1, APOM, FGG, APOA2, SERPING1, TF

	C20

	RPL4, RPL3, RPL6, RPL7A, RPL27, RPL7, RPL13, RPL28, RPL8, RPL24, RPL13A, RPL21, RPL23A, RPL19, RPL17, RPL18A, RPL14, RPL15, RPL18, RPS6, RPS8, RPL36AL, RPL34 





SUPPLEMENTAL FIGURES
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[bookmark: _Ref142297967]Fig. S1. The overall workflow of seven cancer proteome network analysis. A. Data curation: The figure illustrates the seven cancer types studied in this study, and data types utilized (proteome, transcriptome and mutation). B. Differentially Expressed Protein (DEP) analysis: Differentially expressed proteins (DEPs) and transcripts are identified by comparing tumor and matched normal samples per cancer type (in i). The DEPs from each cancer type are examined for differential expressions in other cancer types (in ii), or in respective transcriptome for the same cancer type (in iii).  C. Integrative Protein Network Analysis: Within each cancer type, co-expression networks are constructed  for respective proteome and transcriptome (in i). The co-expressed proteome modules are compared across the seven cancers (in ii) to characterize cross-cancer preserved proteome modules, or against the respective transcriptome (in iii) to identify proteome-specific modules. Then, mutational drivers and DEPs are projected to proteome network to identify dys-regulated modules, and key network drivers of these molecular signatures (in iii). D. Pan-cancer network driver prediction and validation: From the key network driver analysis in C-iii, the network driver scores are collected across the cancer types to predict the pan-cancer network drivers (in i). shRNA knock-down is performed on the predicted drivers across different cells (in ii), namely, lung cancer (H847), fetal kidney (HEK293T), colon cancer (HCT116) and breast cancer (MDA-MB-231).  Per cancer type, the confluency of shRNA-transfected cells are compared against untreated controls to examine the anti-tumor effects (in iii).
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Fig. S2. A. Hallmark pathways enriched in the DEP signatures. The heatmap shows –log10(FDR corrected FET p-value) in blue color scale for down-regulated DEPs (left), and red color scales for up-regulated DEPs (center). Black dots in the heatmap marks pathways enriched by proteome-specific DEPs. The number of cancer types whose DEPs are enriched for the respective hallmark signatures is summarized in the barplot (right). B. The Cancer type-specific DEPs (marked as BRCA, CCRCC, CRC, HCC, LUAD and UCEC) and shared DEPs across multiple cancer types (marked COMMON). The cancer type combinations are marked at the bottom. The top 11 proteins commonly up-regulated across different cancer types are highlighted in the heatmap.
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Fig. S3. Overview of differentially expressed proteins. A. Enrichment of cancer essential genes in differentially expressed protein signatures. Each dot represents enrichments of essential genes identified from each cancer cell line by CRISPRi screening in Archilles database (FDR < 0.05), with differentially expressed proteins (DEPs) in tumors compared to matched normal. For STAD lacking the matched normal samples, DEPs were obtained by comparing EBV+ samples to EBV- samples. B. Enriched hallmark pathways in differentially expressed proteins in EBV+ samples from STAD cohort. The heatmap shows –log10(FDR corrected FET p-value), representing enriched cancer hallmark signatures curated by MSigDB1. The numbers in the heatmap show enrichment fold-changes. C. Volcano plot of log2(fold change) between tumor and matched normal in proteome (x-axis), and transcriptome (y-axis). Differentially expressed DEPs in both proteome and transcriptome are colored yellow, and proteome-specific DEPs are colored in red. Top 5 proteome-specific DEPs with highest fold changes are highlighted. D. Pan-cancer proteome-specific DEPs: The barplot shows proteome-specific DEPs overlapping across different combinations of cancer types, with the heatmap color depicting the statistical significance by Super Exact Test (SET). The most recurrent proteome-specific DEPs (appearing across 4 cancer types) are highlighted.
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Fig. S4. Predictive power of mRNA and protein expressions of proteome-specific DEPs to predict patients’ survival in lung adenocarcinoma cohort in Table S1. A. Z-score distributions to evaluate the expression differences between the deceased and alive patients at 12-months follow-up (x-axis: mRNA or protein expressions; y-axis: Z-score from the logistic regression to quantify differential expression between the deceased and alive). B, C. mRNA (B) and protein (C) expressions of SYF2, stratified by deceased or alive patients at 12-months follow-up (in x-axis). D. E. mRNA (D) and protein (E) expressions of MAN1A2, stratified by deceased or alive patients at 12-months follow-up (in x-axis).
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[bookmark: _Ref142311761]Fig. S5. Subnetwork plots of top protein modules per cancer in Fig. 1E. As shown on the bottom right, pan-cancer mutational drivers are labeled by magenta labels, down-/up-regulated DEPs in tumor are marked by blue/red colored nodes, and top 5% most connected hubs are shown as triangle nodes. 
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[bookmark: _Ref142315575]Fig. S6. Preserved or proteome-specific protein co-expressed modules in the respective transcriptome. A. The sunburst plots are organized according to the module hierarchy identified by MEGENA, and proteome-specific/transcriptome-preserved modules in both of PanCanAtlas and CPTAC are highlighted by green/brown. The barplot summarizes the overall results per cancer. B. Top represented pathways in proteome-specific or transcriptome preserved protein modules that are differentially expressed in the seven cancer proteomes. DEP signature enrichments and the module preservation calls (proteome-specific/conserved in transcriptome) are marked on the right. The y-axis –log10(FET FDR) for the enrichment of the respective pathways in the protein modules. The top two significant pathways in each case are labeled. C-F. Up-regulated proteome-specific modules enriched for the proteome-specific up-regulated pathways in D.
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[bookmark: _Ref142393268]Fig. S7. Workflow description of pan-cancer protein interaction community (PCPIC) analysis. A. Identification of preserved modules across different cancer types. Top: A pair of co-expressed modules from different cancer types (in dashed rectangles) are compared. Here, we demonstrate an example of comparing a module from breast cancer (M1(BRCA)) with another from colorectal cancer (M2(CRC)). Bottom: Two criteria to call the module pair as cross-cancer preserved. I. Module preservation: Proteins in a breast cancer module, M1, should be significantly correlated in colorectal cancer proteome (Bonferroni adjusted module preservation p-value < 1E-105). Similarly, a colorectal module, M2, should be significantly correlated in breast cancer proteome. II. Module overlap: M1 and M2 should show significant overlap with FDR adjusted Fisher’s Exact Test (FET) p-value < 0.05. B. Identification of pan-cancer protein interaction community (PCPIC): The pairs of preserved modules from A form a network of modules. By searching for groups of tightly linked modules in this network, a module of preserved modules (hence, Module-of-Modules) are identified. C. Identification of highly connected subnetwork as PIPIC core. Top: Union network by merging module subnetworks is formed. Bottom: A connected subnetwork formed by proteins with at least degree ≥ 2, hence 2-core, is identified identified as the PCPIC core. D. Workflow to evaluate inter-PCPIC interactions per cancer proteome. (i) Calculation of GSVA Z-score per sample: Per proteome sample, Gene Set Variation Analysis (GSVA) calculates z-score of a PCPIC core (marked red) as overall up-/down-regulation of the proteins, compared to the other protein expressions. (ii) GSVA z-score matrix: The rows are individual PCPIC cores, and columns individual samples. The heatmap shows different levels of regulations per PCPIC core. (iii) Pairwise correlations between GSVA z-scores of PCPIC cores: The interactions between two PCPIC cores are evaluated by Spearman’s correlation of respective GSVA z-scores.
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[bookmark: _Ref142393470]Fig. S8. Most enriched pathways core components of PCPICs. X-axis is –log10(FDR corrected FET p-value), y-axis contains core components of PCPICs. The numbers on the bars are enrichment fold changes and the written terms are the most enriched pathways.
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[bookmark: _Ref142322533]Fig. S9. Cross-talk across distinct PCPICs. A. X-axis is the proportion of connected subnetwork (i.e. giant component) by Protein-Protein Interactions (PPI) curated in STRING database (PPI confidence threshold = 700) for each PCPIC core. Proportion = 1 indicates the entire proteins in the PCPIC core are connected as a single network by known PPI links, and proportion = 0 means all proteins are disconnected. B. Correlation between GSVA scores of PCPIC cores in each cancer proteome. Red/blue color represents significant positive/negative correlation between the respective pair of PCPIC cores. C.  Instances of correlated pairs of PCPIC cores across the seven cancers. Red or blue color represents a positive (upper triangular matrix) or negative (lower triangular matrix) correlation pair. The numbers in the heatmap are number of instances that the respective PCPIC core pair is significantly correlated with FDR < 0.05.
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[bookmark: _Ref142322208]Fig. S10. Top hub genes in protein co-expression networks. Utilizing hub p-values from MEGENA, we identified hub genes from each cancer proteome network. Left annotation: Cancer type-specific hubs are marked by respective colors in legend below, where pan-cancer hubs (observed across at least 3 cancer types) are marked black. The mutational driver genes curated by TCGA pan-cancer study119 is highlighted in the middle. Driver mutations coinciding with hub genes are marked by respective gene symbols on the right. Right annotation: The heatmap depicts -log10(hub p-value) as identified by MEGENA in different cancer type networks. Hub genes identified as surface proteins, curated by mass-spectrometry derived Cell Surface Protein Atlas (CSPA)120, are marked by respective gene symbols.
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[bookmark: _Ref142322306]Fig. S11. Enrichments of essential genes in cancer cell line from Archilles database (FDR < 0.05) in various protein signatures. y-axis is –log10(FDR corrected FET p-value). Each dot represents a list of essential genes from a particular cancer cell line enriched in the respective protein signatures labeled on the right boxes. The enrichment fold change (i.e. ratio between actual overalp and expected overlap).  The horizontal red line corresponds to FET FDR = 0.05 threshold.
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[bookmark: _Ref142322826]Fig. S12. Comparison of proteome (PR) and transcriptome (TX) network connectivities per cancer (x-axis: -log10(proteome hub p-value), y-axis: -log10(transcriptome hub p-value)). Proteome- or transcriptome-specific hubs or shared hubs in proteome and transcriptome are color-coded points as shown in the right-bottom legend. Various hub p-value thresholds to define local, sub-global and global hubs are drawn into color-coded lines as shown on the right-top legend.  
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[bookmark: _Ref142325159]Fig. S13. Enriched hallmark pathways in proteome- (PR) or transcriptome-(TX) specific hub genes, or shared hub genes in PR and TX. The heatmap shows –log10(FDR corrected FET p-value) for enrichment of cancer type-wise hub gene signatures (PR-/TX-specific or shared) in the hallmark pathway signatures.
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[bookmark: _Ref142392437]Fig. S14. Validated drivers by gene perturbations signatures in cancer cells from LINCS database. A. 2-layer neighborhoods of NAA25 and HEATR1 in the protein co-expression networks. The top 5% hubs in the neighborhood are labeled as triangles, essential lung cancer genes as purple gene symbols, driver mutations as purple borders, and log fold changes (logFC) greater than log2(1.2) or less than -log2(1.2) are highlighted by red or blue. Left is NAA25 neighborhood network in LUAD, and right is HEART1 neighborhood network in BRCA. B. Enrichments of gene perturbation signatures in the 2-layer neighborhoods of NAA25 in LUAD (left) and HEATR1 in BRCA (right).
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[bookmark: _Ref142393203]Fig. S15. Evaluation of TCGA Pan-cancer atlas (PanCanAtlas) and CPTAC transcriptome (TX) cohorts for proteome module preservation analysis. A. Analysis workflow: We designed comparative analysis workflow to compare the results from using PanCanAtlas and CPTAC transcriptome data. (i) Co-expressed proteome modules from each cancer type is evaluated for their degree of module preservations in the respective cancer transcriptome data from PanCanAtlas and CPTAC. (ii) For each proteome module, their gene correlations in the respective transcriptome data are evaluated by module preservation analysis (on left)5. The overall gene expression correlations (ρTX) are compared to the null distributions from permuted data (on right). High ρTX that significantly deviates from the null distributions (colored in red horizontal line) with Bonferroni corrected p-value < 1E-10 is identified as transcriptome-preserved module. Low ρTX with Z-score < 2 (colored in blue horizontal line) are identified as no significant interactions in the transcriptome, hence proteome-specific module. (iii) Each proteome module is marked as transcriptome-preserved (red box), proteome-specific (blue box) or neither (grey box) when compared to transcriptome data from PanCanAtlas or CPTAC. The results from these two transcriptome cohorts are compared to justify the robustness of the proteome module preservation analysis results. B. Scatter plot of proteome module preservation z-scores in CPTAC (x-axis) and PanCanAtlas (y-axis) transcriptomes. Top 5 preserved proteome modules are labeled. Pearson’s correlation coefficient (ρ) and respective p-value for each cancer type is shown at the top. C. Detection of proteome modules whose interactions were preserved in respective cancer transcriptome (top) or proteome-specific (bottom). Top: Venn diagrams show transcriptome-preserved proteome modules detected by comparing to PanCanAtlas (red) and CPTAC (green) transcriptomes. The overlap is highlighted in orange. Bottom: Proteome-specific modules detected by comparing their gene interactions in PanCanAtlas (red) and CPTAC (green) transcriptomes.
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