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SUMMARY

Genomics and epigenomics outline potential cellular changes, while proteomics reflects actual molecular
events. To systematically bridge the molecular hierarchies and validate their functional interplay, we estab-
lished the most comprehensive pan-cancer paired multi-omics resource to date, systematically integrating
proteomic, transcriptomic, and genomic data from both tumor and adjacent normal tissues spanning 15 cancer
types (2,555 tumor samples), thereby enabling a robust cross-omics exploration. Analysis revealed that tumor
tissues exhibit higher correlation between transcriptomic and proteomic expression levels compared to normal
tissues. Key tumor development pathways exhibited strong mRNA-protein correlations. Genes with high
mRNA-protein correlation and high expression were associated with lower survival rates, highlighting potential
therapeutic targets. We developed a comprehensive tool, the CPGTA R package, based on reintegrated data-
sets that facilitates multi-omics data integration and reanalysis. Our research enhances cancer molecular char-
acterization while providing insights into mechanisms underlying cancer progression and treatment resistance.

INTRODUCTION

Continuous advancements in sequencing technologies and
informatics over the past two decades, following the introduction
of a high-quality human reference genome, have firmly estab-
lished genomics as a cornerstone in cancer research.” More-
over, the proliferation of large-scale omics data resources,
such as The Cancer Genome Atlas and the International Cancer
Genome Consortium, has significantly facilitated pan-cancer
multi-omics research in recent years.

The Pan-Cancer Atlas, through its comprehensive interrogation
of more than 11,000 tumor samples spanning 33 prevalent cancer
types, has defined cancer drivers®® and elucidated the cells of
origin® and molecular features®® across various cancer types.
Additionally, it has identified commonalities in the tumor microen-
vironments (TMEs)® among different cancer types and explored
the clinical impacts of these pan-cancer studies.'® These works
focused predominantly on genomic data resources, have yielded
profound insights into the molecular underpinnings of cancer,
thereby contributing substantially to the field of cancer genomics.
However, an exclusive focus on genomics has its limitations.
Observations of genomic alterations often presume downstream
phenotypes that may not be empirically validated.'" Moreover, ab-
errations at the protein and phosphorylation levels frequently
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occur post-transcription or post-translation,'®'® underscoring

the complexity of cancer biology beyond genomic alterations.

Concurrently, proteomics has evolved as a complementary
counterpart and extension to genomics. Mass spectrometry-
based proteomics techniques can provide a global profile of
protein expression and post-translational modifications. The
inception of the Clinical Proteomic Tumor Analysis Consortium
(CPTAC) has accelerated proteogenomic research into cancer
by integrating a comprehensive array of omics data, with a pri-
mary focus on proteomic resources, including whole-exome
and whole-genome sequencing, epigenomic, transcriptomic,
and phosphoproteomic, thereby facilitating a deeper under-
standing of the molecular mechanisms of cancer. Li et al. under-
took a multi-omics pan-cancer analysis to assess the impact of
oncogenic drivers on the functional states of cancer, revealing
potential new therapeutic avenues.'” Geffen et al. delineated
the regulatory patterns that are both shared and distinct across
different cancer types from the perspective of proteins and post-
translational modifications (PTMs), underscoring the pivotal role
of PTMs in cancer progression.'®

Currently available data resources integrating CPTAC-
derived proteomics data include CancerProteome,'® a special-
ized platform that aggregates mass spectrometry-based
proteomics data across 29 cancer types to functionally analyze
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Figure 1. Overview of the 15 cancer types analyzed, the multi-omics datasets, and the key functionalities of the CPTGA package

protein/microprotein abundances and PTM profiles, though its
focus remains primarily on proteomic and phosphoproteomic
data with limited inclusion of other omics data types. In contrast,
LinkedOmicskB'” is a multi-omics knowledge base utilizing
CPTAC pan-cancer data (1,000+ tumors spanning ten cancer
types) to enable cross-omics exploration of genes, mutations,
phosphorylation sites, and phenotypes through precomputed
analytics and interactive visualization tools; however, its dataset
is exclusively derived from the CPTAC initiative, resulting in a
relatively limited sample size.

Our study addresses these gaps by establishing the most
comprehensive pan-cancer multi-omics resource to date, span-
ning 15 cancer types and comprising 2,555 tumor samples
(sourced from CPTAC and external studies) with some matched
adjacent normaltissues. Allintegrated omics data were processed
and standardized through a unified analytical pipeline. This cohort
features quadra-modal molecular profiling—genomic, transcrip-
tomic, proteomic, and phosphoproteomic characterizations.

Leveraging our systematically reintegrated quantitative prote-
omic datasets, we aim to construct a pan-cancer global protein
landscape, thereby enabling comprehensive exploration of
multi-omics correlations and functional insights. Building upon
this foundation, we conducted differential expression analysis
at the pan-cancer proteomic level, where the proteogenomic
correlations of differentially expressed proteins are widely
distributed. Notably, highly correlated, differentially upregulated
proteins demonstrate significantly greater impact on clinical
outcomes. Given the relatively low mRNA-protein correlations
observed in tumors, we subsequently compared mRNA
immunophenotyping with proteomic phenotyping results at the
pan-cancer level and specific cancer, revealing that immuno-
phenotyping based on the transcriptome may exhibit superior
prognostic predictive value. To facilitate multi-omics data inte-
gration and advance pan-cancer research, we developed the R
package CPGTA, a comprehensive tool for cancer studies based
on reintegrated datasets. Using CPGTA, we conducted a syste-
matic analysis of lung squamous cell carcinoma (LUSC) through
mutation characterization (“cptsnv”), differential expression
analysis (“cptda”), cross-cancer profiling (“cptgev”), transcrip-
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tome-proteome correlation analysis (“cptca”), and survival
assessment (“cptsa”), validating keratin family markers (KRT5,
KRT6A/B/C, and KRT14) in LUSC. These markers showed signif-
icant upregulation in LUSC with stronger mRNA-protein level
correlation in tumor tissues. CPGTA provides a powerful res-
ource for validation and discovery, offering opportunities for inte-
grative multi-omics investigations in precision cancer medicine.

Our work promises to augment the understanding of the
molecular characterization of cancer and offer new insights
into the potential mechanisms driving cancer progression and
treatment resistance.

RESULTS

Data profile

To investigate the regulation of protein activities of cancer, we
compiled, organized, and standardized multi-omics datasets
provided by the CPTAC consortium and other cohorts. These
datasets encompass cancer patient samples with matched gene
copy number variation, mMRNA expression, protein abundance,
phosphorylation and clinical data from 15 cancer types: brain can-
cer,'® breast carcinoma (BRCA), '®“°clear cell renal cell carcinoma
(ccRCC),”" colorectal adenocarcinoma (COAD),”? glioblas-
toma,?*° head and neck squamous cell carcinoma (HNSCC),”®
lung adenocarcinoma,?’2° LUSC,*® ovarian high-grade serous
carcinoma (OV),°"*? pancreatic ductal adenocarcinoma
(PDAC),**** gastric cancer (GC),*> hepatocellular carcinoma,*®
uterine corpus endometrial carcinoma,®”*® non-clear cell renal
cell carcinoma (non-ccRCC),*° and oral squamous cell carci-
noma.“® In summary, the assembled data consists of 2,555 tumor
samples have available data for proteomics data used in this study.
For each analysis, we used all samples having data for the types of
omics measurement required, resulting in small variations of the
total number of samples used. The pan-cancer-level proteome da-
taset involves 15 types of cancer, comprising 2,555 samples, with
15,316 proteins detected. Among these, 10,208 proteins were
identified in seven or more cancer types, and 5,418 proteins
were detected in all 15 cancer types (Figure 1). The multi-omics
data utilized in this study is detailed in Table S1.
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Figure 2. Multi-omics correlation analysis
reveals enhanced mRNA-protein correla-
tion in tumor tissues

(A) UMAP plots of normalized proteomics data
originating from different cancer types.

(B) The Pearson’s correlation between different
omics in pan-cancer.

(C) The mRNA-protein level Pearson’s correlation
between tumor and normal tissues in pan-cancer
level.

-5.0

-25 0.0 25 5.0
UMAP1

(D) The mRNA-protein level Pearson’s correlation

O o O . . .
vf?‘ Oeq“ o&‘ in tumors of different cancers and the median of
X . g .
@QS\ ev/v Q@/Q significant correlations (p < 0.05).
& (E) Pan-cancer level: GSEA enrichment analysis

for genes sorted by mRNA-protein level Pearson’s
correlation in tumor tissues (colored font); the
mRNA-protein level Pearson’s correlation distri-

significant mRNA-Pro correlation

mRNA-Pro correlation
T

0.5

0.04

mRNA-protein correlation in normal tissue

0.0 0.5
mRNA-protein correlation in tumor

1PLEX @

COSTAMERE @

EPTIDASE_INHIBITOR

PHAGOCYTIC_CUP @

ID

INTEGRIN_COMPLEX @

06
Correlation

pvalue
GOMF
@®aGocc

O o003 1
o™ %
Gosp O owom '

INTERFERON_ALPHA_RESPONSE @

EPITHELIAL_MESENCHYMAL_TRANSITION ® onaLmark () ooz |

bution of genes involved in the corresponding
enriched pathways (upper right corner) (NES >2, p
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studies.*?™** We further validated the cor-
relation between proteomic and tran-
scriptomic expression in cancer cell lines,
and the results were highly consistent
with the conclusions obtained at the tu-
mor tissue level (Figure S1C). Subse-
quently, we investigated whether the mu-
tation status of 299 key driver genes™
would affect the correlation between pro-
teomic and transcriptomic expression.
The experimental results showed that
samples carrying mutant driver genes ex-
hibited a trend toward stronger correla-
tion in mMRNA-protein expression of the
corresponding gene compared to sam-
ples with wild-type driver genes, although
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Multi-omics correlation analysis reveals characteristic
patterns of transcriptome-proteome expression in
tumor tissues

We conducted a comprehensive investigation of the correlations
among multi-omics data at the pan-cancer level. UMAP*' visual-
ization of normalized pan-cancer proteomic and transcriptomic
data demonstrated effective integration of most cancer types
from various studies, indicating the normalization approach effi-
ciently mitigated batch effects (Figures 2A, 3A, S1A, and S1B).
Pairwise correlation analyses were performed on multi-omics
data from 23 studies covering 15 cancer types. Figure 2B illus-
trates a low to non-existent correlation of copy number variation
(CNV) with other omics data in tumor tissues, with the highest
correlation observed between the proteomic and the phos-
phoproteomic. This likely arises because phosphoproteomic
expression is dependent on proteome levels. The median corre-
lation between the transcriptomic and proteomic across pan-
cancer tissues is 0.343, aligning with findings from previous

1.0-1.0

-0.5 0.0 05
Pearson correlation

""" the difference was not statistically signif-

icant (Mann-Whitney U test p value

0.427, Figure S1D). At the individual
gene level, the mRNA-protein correlations were almost identical
between mutant and wild-type genes, showing no obvious dif-
ferences (Table S2). Furthermore, through in-depth analysis of
existing data, we discovered that certain cancer-specific highly
expressed markers displayed different mRNA-protein expres-
sion correlation patterns in normal tissues versus tumor tissues.
Notably, these tumor-specific highly expressed markers demon-
strated stronger correlation between mRNA-protein expression
in tumor tissues (Figure S1E).

We investigated patterns in the correlation between trans-
criptomic and proteomic in tumor versus normal tissues across
cancer types. Across pan-cancer and within specific cancer
types, tumor tissues generally exhibit a higher correlation
than normal tissues (Figures 2C, 2D, and 3B). This observation
suggests that tumor tissues may exhibit diminished control
over post-transcriptional regulation, potentially affecting gene
expression and contributing to tumor growth.*? However, within
specific cancers, there are certain differences in the correlation
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between the transcriptomic and proteomic expression level
across different cancer types (Table S3). For example, the corre-
lation between mRNA-protein is the poorest in GC, COAD, and
PDAC, with median values 0f-0.03, 0.12, and 0.17, respectively;
in other cancer types, the median correlation exceeds 0.2. The
highest median correlation, observed in LUSC, is 0.47 (Table
S3). These variations may reflect diverse post-transcriptional

regulatory behaviors across different tumors

We next performed enrichment analysis on genes sorted by
mRNA-protein correlation to uncover pathway characteristics
in the pan-cancer. Pan-cancer level enrichment analysis of
genes sorted by mRNA-protein level Pearson’s correlation in
tumor tissues reveals that genes with high mRNA-protein
correlation are primarily enriched in pathways related to
Epithelial-Mesenchymal transition (EMT) and cell proliferation,
cell adhesion and migration, as well as immune and inflamma-
tory responses (Figure 2E). We found a strong correlation exists
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Figure 3. Multi-omics correlation analysis
reveals characteristic patterns of transcrip-
tomic-proteomic expression in tumor tis-
sues

(A) UMAP plots of normalized transcriptomics
data originating from different cancer types.

(B) The mRNA-protein level Pearson’s correlation
in normal tissues of different cancers and the
median of significant correlations (o < 0.05).

(C) GO pathways enriched in certain cancer types
(NES >2, p <0.05).

(D) GO pathways enriched in most cancer types
(INES| > 1.5, p <0.05).

(E) HALLMARK pathways enriched across
different cancer types (INES| > 1.5, p <0.05).

between transcriptomic and proteomic
expression for genes in pathways closely
linked to tumor metastasis and inflamma-
tory responses.

Additionally, the same enrichment
analyses were conducted at the specific
cancer level to validate findings from the
pan-cancer level and identify pathways
uniquely enriched across different cancer
types. We found that some pathways are
distinctly enriched in specific types of
cancer. For example, in BRCA, there is
a particular enrichment of the RETINOIC
ACID METABOLIC PROCESS, while in
LUSC, there is a specific enrichment of
the CELLULAR RESPONSE TO AMY-
LOID BETA (Figure 3C). Simultaneously,
certain pathways were found to be en-
riched across almost all cancer types.
These pathways were primarily associ-
ated with nucleic acid metabolism and
biosynthesis, amino acid and fatty acid
metabolism, cell adhesion and cytoskel-
etal dynamics, inflammatory and immune
responses, as well as signaling pathways

such as EMT, interferon responses, and mTORC1 signaling
(Figures 3D and 3E). These findings suggest that key pathways
driving the development of different cancers are distinct.

Pan-cancer differential protein expression analysis and
the association of transcriptome-proteome correlation
with patient prognosis

At the pan-cancer level, proteomic data were employed for T-N
(tumor-normal tissue) differential analysis to identify proteins that
are highly and specifically expressed in tumor tissues across
various cancer types. This differential analysis was conducted
using proteomic data from cancer types that had both tissue
types available, involving 13 cancer types and selecting genes
that appeared in more than 50% of the samples. The differential
proteins were identified by the limma method.“® Notably, seve-
ral proteins, including ERBB4,"” ARNT2,%4°° and MEX3A,°'~>*
were identified as being highly expressed across pan-cancer
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Figure 4. Pan-cancer differential protein expression analysis and the association of mMRNA-protein correlation with patient prognosis
(A) Pan-cancer level differential protein analysis (NES >1.2, p <0.05).
(B) Pan-cancer level tumor-specific overexpressed protein GSEA enrichment results.

(legend continued on next page)
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contexts (Figure 4A). Subsequently, proteins that are specifically
overexpressed at the pan-cancer level underwent pathway
enrichment analysis. It was found that these proteins are pre-
dominantly enriched in pathways related to cell cycle regulation,
transcriptional regulation, and chromosomal stability. These
pathways are closely associated with the rapid division, uncon-
trolled proliferation, and genomic instability characteristic of tu-
mor cells, highlighting their potential roles in cancer progression
and development (Figure 4B).

Additionally, differential expression analyses were conducted
at the specific cancer level to identify commonly overexpressed
proteins (Figure 4C). Furthermore, certain proteins, such as
TOP2A,%°®" CTHRC1,°%%° THBS2,°"%* and PLOD2,*® were
found to be upregulated in most cancer types, and this upregu-
lation coincides with the proteins identified as upregulated at the
pan-cancer level. These genes exhibited a high correlation be-
tween transcriptomic and proteomic expression across the ma-
jority of cancer types, suggesting that most tumor-specific highly
expressed proteins in cancers exhibit conserved post-transcrip-
tional regulation (Figure 4D). Conversely, proteins specifically
downregulated across multiple cancer types displayed a gener-
ally lower correlation between transcriptomic and proteomic
levels compared to those that were specifically upregulated
(Figure 5A).

Next, we used hierarchical clustering to discover similarities in
mRNA-protein level correlations across cancer types. A high
correlation gene cluster, present in 13 cancer types, was identi-
fied (Figure 5B). This gene cluster is primarily enriched in path-
ways related to the cytoskeleton, immune regulation, and inflam-
matory response. (Figure 5C). Finally, we investigated whether
mRNA-protein level correlations of tumor highly expressed
genes at the patient level were associated with variations in over-
all survival across cancer types. Screening pan-cancer level tu-
mor highly expressed genes from high correlation gene clusters
for panel; we found that highly correlated, highly expressed
genes were associated with lower and shorter survival (Figure
4E). In contrast, if non-highly correlated genes were selected,
no significant association was observed between them
(Figure 5D). The above results suggest that differential genes
with high mRNA-protein level correlations can better predict pa-
tient prognosis.

Multi-omics classification of tumor microenvironment
and its prognostic significance

Alexander Bagaev and colleagues have previously classified the
TME by analyzing transcriptomes of over 10,000 patients, iden-
tifying four conserved TME subtypes across 20 different can-
cers.®” Given that the proteome represents a more direct expres-
sion form, we extended this classification at the pan-cancer
level using both transcriptomic and proteomic data. Our findings
indicated that this classification method presents conserved
subtype categories in both transcriptome and proteome
(Figure 6A). However, the concordance between RNA TME and

iScience

Pro TME classifications was low, with an overall agreement of
44.98%. The highest concordance was observed for subtype
D, reaching 62.8% (Figure 6B). Next, we observed the consis-
tency of the two types of TME in each cancer type, with the high-
est being non-ccRCC (60.976%) and HNSCC (57.407%) (Figure
6C). From this, we can infer that in non-clear cell renal cell carci-
noma, genes related to the immune microenvironment are rela-
tively conserved between the proteome and transcriptome.

To elucidate the clinical relevance of our findings, we focused
on the relationship between RNA TME and Pro TME subtypes
and their association with survival outcomes across pan-cancer.
At the pan-cancer level, the correlation between RNA TME and
survival events showed that the |IE and IE/F subtypes had better
survival outcomes compared to the D and F subtypes, although
the survival differences between groups did not reach statistical
significance (Figure 6D). In contrast, Pro TME showed no notable
differences in survival outcomes across immune subtypes.
Further independent analyses of data from different studies
yielded consistent conclusions, with RNA TME showing statisti-
cally significant survival differences between subtypes in certain
cancer types, such as non-ccRCC (Figure 6E). These findings
suggest that transcriptome-based immunotyping may provide
greater clinical relevance in certain cancer types, offering
potentially more precise prognostic and therapeutic insights
compared to proteome-based classifications.

CPGTA: A pan-cancer proteogenomics database for
comprehensive multi-omics analysis

To facilitate public access and reuse of the data, we have
consolidated all processed multi-omics data, along with associ-
ated analyses, into a comprehensive R package, named CPGTA.
This package is designed to enable efficient download, query,
and utilization of multi-omics data. CPGTA primarily comprises
five functions.

1. cptod (clinical proteogenomic tumor multi-omics data
download): this function allows users to download the in-
tegrated datasets, ensuring easy access to comprehen-
sive multi-omics data, including CNV, transcriptomics,
proteomics, phosphoproteomics, clinical data, and bio-
specimen.

2. cptca (clinical proteogenomic tumor correlation analysis):
this tool facilitates the exploration of correlations within the
multi-omics data, providing insights into the interdepen-
dencies between different data types, such as the relation-
ship between transcriptomic expression and proteomic
levels.

3. cptda (clinical proteogenomic tumor differential analysis):
users can perform differential analysis to identify signifi-
cant changes between conditions or groups within the
data. This function also generates differential volcano
plots, which visually highlight the most significant molecu-
lar alterations.

(C) Specific cancer type multi-group differential analysis (NES >3, p <0.05).

(D) Heatmap of mRNA-protein level correlation for differentially upregulated proteins shared in specific cancers (NA indicates missing correlation data, blank

indicates no correlation data for that gene.

(E) Overall survival pan cancer stratified by high correlation gene clusters with high expression group and non-high expression group.
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0s ters

o (A) Heatmap of mRNA-protein level correlation for

o5 differentially downregulated proteins shared in
i, specific cancers (NA indicates missing correlation

data, blank indicates no correlation data for that
gene).

(B) Hierarchical clustering of mMRNA-protein gene-
level correlations across 13 cancer types.

(C) Gene in high correlation gene cluster GSEA
enrichment results (NES >2.5, p <0.05).

(D) Overall survival pan cancer stratified by non-
high correlation gene clusters with high expres-
sion group and non-high expression group.

sualizations, such as mutation fre-
quency plots and heatmaps, to help
uncover potential mutation-based
biomarkers for patient stratification
and therapeutic insights.

. cptgev (clinical proteogenomic tumor
gene expression violin plot): this func-
tion generates comprehensive violin
plots to visualize and compare expres-
sion levels of user-specified genes be-
tween tumor and normal tissues
across multiple cancer types. It sup-
ports visualization of both transcrip-
tomic and proteomic data, enabling
direct comparison of gene expression
patterns at RNA or protein levels. The
function allows researchers to easily
identify differential expression signa-
tures of target genes across various
cancer types and their corresponding
normal tissues.
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4. cptic (clinical proteogenomic tumor immunosubtype clas-
sification): this function classifies tumor samples based on
theirimmunological profiles, aiding in the understanding of
the TME.

5. cptsa (clinical proteogenomic tumor survival analysis): this
function allows for the analysis of survival data, correlating
clinical outcomes with molecular profiles. It can generate
survival curves to visualize the relationship between mo-
lecular markers and patient prognosis, helping to identify
potential biomarkers for patient stratification.

6. cptsnv (clinical proteogenomic tumor single-nucleotide
variations [SNV] analysis): this function enables the anal-
ysis of somatic SNVs in cancer. It supports the identifica-
tion of key mutations by integrating data from multiple
PDC identifiers or cancer types. The function generates vi-

Time in days

2600 3000

multi-omics analyses that advance tumor
biology understanding and personalized
therapeutic strategies.

Using LUSC as a demonstration dataset, we illustrated the
performance of the CPGTA package in resource-based vali-
dation and discovery. The “cptod” function retrieved diverse
LUSC data (proteomics, transcriptomics, mutation, phospho-
proteomics, and clinical data). Mutation analysis via “cptsnv”
identified SNPs as predominant mutations, with C>T and C>A
being most common—potentially linked to smoking-induced
DNA damage. Higher mutation burden samples showed po-
tential immunotherapy sensitivity (Figure 7A). TP53 and TTN
emerged as the most frequently mutated driver genes
(Figure 7B), while co-occurrence analysis revealed potential
cooperative gene pairs in tumor progression (Figure 7C). We
conducted systematic validation and extended analysis of
known LUSC specific markers, including keratin family
members KRT5, KRT6A, KRT6B, KRT6C, and KRT14. The
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Figure 6. Comparison of transcriptomic
and proteomic tumor microenvironment
classifications
(A) Bar graphs depicting segregation of 13 cancer
types into the four RNA TME and pro TME subtypes.
(B) The Sankey diagram shows the consistency
m between pro TME and RNA TME subtypes.
v (C) The consistency ratio of pro TME and RNA TME
- e subtypes across 13 cancer types.
(D) Overall survival (OS) analysis of RNA TME and
Pro TME subtypes (D, F, IE, and IE/F) at the pan-
cancer level.
(E) Overall survival (OS) analysis of RNA TME and
pro TME subtypes (D, F, IE, and IE/F) in non-ccRCC
cases.
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We focused on the correlation bet-
ween the transcriptome and proteome,
revealing a significantly higher correlation
in tumors compared to normal tissues,
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“cptda” function confirmed their significantly elevated
expression in LUSC tissues, consistent with previous literature
reports (Figure 7D). Cross-cancer analysis with ‘“cptgev”
showed these keratin markers were upregulated in both
LUSC and HNSCC, reflecting shared squamous epithelial
molecular characteristics (Figures 7E and S2A). Transcrip-
tome-proteome integration analysis (“cptca”) revealed
stronger positive correlations between mRNA-Protein in tumor
versus normal tissues (Figures 7E and S2A), indicating tighter
transcriptional-translational coupling in  LUSC. Survival
analysis (“cptsa”) showed no significant correlation between
individual marker expression and patient outcomes
(Figure S2B), suggesting these keratins primarily function in
tumor differentiation rather than driving progression or treat-
ment response.

This workflow demonstrates CPGTA’s effectiveness for can-
cer multi-omics analysis. Our findings validated these keratin
markers for LUSC while revealing their molecular regulation pat-
terns and clinical significance, highlighting CPGTA’s utility for in-
tegrated validation and advancing precision oncology through
comprehensive multi-omics analysis.
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cancer levels. Notably, slight variations
were observed in the correlations among
different cancer types. Additionally, we
observed that specifically highly expressed markers demon-
strated a more correlated trend between transcriptomic and pro-
teomic in tumor tissues compared to normal tissues. We also
identified that the genes exhibiting high mRNA-protein level cor-
relation in tumors were mainly enriched in EMT, cell adhesion and
inflammatory response-related pathways, indicating the conser-
vation of these genes during transcription and translation phases.

We also found that differential proteins at the pan-cancer level
could be corroborated with proteins obtained from single cancer
differential analysis, and that genes with high expression of pro-
teins in tumors were generally highly correlated in mRNA-protein
level. Consequently, we screened these highly correlated genes
and conducted survival analyses for cases with available clinical
data. We found high expression of upregulated differential pro-
teins in tumors with high correlation was associated with poorer
overall survival. This observation could provide new insights into
identifying protein markers for prognostic prediction or drug target
screening.

We next explored the characterization of pan-cancer im-
munophenotyping using transcriptomic and proteomic data
separately and found that the concordance between the two
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Figure 7. CPGTA package demonstration: multi-omics integration of LUSC mutation spectrum and expression profiles

(A) Summary of mutation annotation format (MAF) data for LUSC. Top left: bar plot showing the distribution of variant classifications. Top middle: bar plot
displaying the distribution of variant types, including SNP, INS, and DEL. Top right: bar plot of SNV classes, showing the frequency of nucleotide changes. Bottom
left: Histogram of variants per sample. Bottom middle: Boxplot summarizing the variant classification frequencies across samples. Bottom right: Bar plot of the
top 20 mutated genes in LUSC.

(B) Oncoplot of LUSC, highlighting the top 30 mutated genes, mutation types, and their frequencies across samples.

(C) Gene co-occurrence and mutual exclusivity heatmap in LUSC. *: p < 0.05. The diagonal represents the frequency of mutations in each gene, with the numbers
in brackets indicating the total number of samples harboring mutations in the respective gene.

(D) The volcano plot of differentially expressed genes in LUSC, where black text labels indicate the top 10 differentially expressed proteins ranked by Log2(FC)
(including KRT14 and KRT6C), and red text highlights proteins of interest.

(E) Top-left: KRT5 transcriptome-proteome correlation in normal/tumor tissues across pan-cancer. Top-right: KRT5 gene expression across cancer types.
Bottom-left: KRT6A transcriptome-proteome correlation in normal/tumor tissues across pan-cancer. Bottom-right: KRT6A gene expression across cancer types.
ns: not significant, *: p < 0.05, **: p < 0.01, ***: p < 0.001.

was low and varied somewhat across cancer types. Using non-  phenotyping results for the 2,555 cases of 15 cancer types
ccRCC as an example, we found that compared to Pro TME, collected so far. We anticipate that CPGTA will serve as a valu-
RNA TME may be more clinically relevant, providing more pre-  able bioinformatic resource for integrative multi-omics investiga-
cise prognostic and therapeutic insights. tions in cancer research, facilitating both validation and discov-
Finally, we have developed an integrative R package (CPGTA) ery in precision oncology.

to explore the pan-cancer analysis of proteogenomic data, in or-

der to provide pan-cancer multi-omics data (genome, transcrip-  Limitations of the study

tome, proteome, phospho-proteome, clinical data, biospecimen  Despite providing the most comprehensive pan-cancer paired
data) and correlation analysis, differential analysis, and immuno-  multi-omics resource to date and systematically characterizing
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the complex associations between multi-omic hierarchies, espe-
cially between proteome and transcriptome at the pan-cancer
level, there are still some limitations in this study. First, while
our dataset includes 15 cancer types, certain rare cancers are
underrepresented, potentially limiting the generalizability of our
findings across all cancer types. Second, the proteomics tech-
nology used captures only a subset of the proteome, missing
some low-abundance proteins and post-translational modifica-
tions that may play crucial roles in cancer biology. Finally, while
we identified potential therapeutic targets based on mRNA-pro-
tein correlations and survival outcomes, functional validation
studies are needed to confirm their clinical relevance and thera-
peutic potential.
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Materials availability
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Data and code availability

® All data used in this study originate from public databases. Proteomic
data, phosphoproteomic data, biospecimen, and clinical data involved
in this study are derived from https://proteomic.datacommons.cancer.
gov/pdc/. Transcriptomic data and copy number alteration data were
obtained from https://portal.gdc.cancer.gov/ or the supplemental
information of the source article.

® This study has developed an R package (CPGTA) for the multi-omics
data used, which includes functionalities for the multi-omics data uti-
lized in this study, custom correlation analysis, differential analysis, clin-
ical relevance analysis, and more. All data processing and analysis code
for this study was performed in R version 4.4.1. All original code has
been deposited at GitHub (https://github.com/LYING7797/CPGTA).
The CPGTA package and related files are also available on Zenodo
(DOI: https://doi.org/10.5281/zenodo.17366523).

® Any additional information required to reanalyze the data reported in this
article is available from the lead contact upon request.
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KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER

Deposited data

proteomics data and https://proteomic.datacommons. N/A

phosphoproteomics data cancer.gov/pdc/

RNA Seq data https://portal.gdc.cancer.gov/ N/A

CNV and mutation data https://portal.gdc.cancer.gov/ N/A

RNA-seq and CNV data of PDC000180
RNA-seq data of the PDC000198
RNA-seq data of PDC000214

CNV data of PDC000116

CNV data of PDC000120

RNA Seq data and proteomics
data of cancer cell lines

Petralia et al.,'®

Gao et al.,*®
Dong et al.,*®
Vasaikar et al.,”®

Krug et al.,?°

Emanuel Gongalves et al.,*®

https://pgc-accounts.sbgenomics.com/
NODE database: OEP000321

GEO: GSE122401
http://linkedomics.org/cptac-colon/

https://www.linkedomics.org/
data_download/CPTAC-BRCA/

https://cellmodelpassports.sanger.ac.uk/

Software and algorithms

R (Version 4.4.1)
CPGTA

UMAP

Limma

https://www.r-project.org/

This paper

Mclnnes et al.,*’

Ritchie et al.,*®

N/A

GitHub: https://github.com/LYING7797/
CPGTA

Zenodo (https://doi.org/10.5281/
zenodo.17366523)

https://cran.r-project.org/web/
packages/umap/index.html

https://bioconductor.org/packages/
release/bioc/html/limma.html

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Human tumor samples

This study utilized proteomics data from 2,555 primary human tumor samples spanning 15 different cancer types across 23 distinct
studies (Table S1). All samples represent primary tumor tissues from cancer patients. Sample demographics including age, sex,
gender, ancestry, race, and ethnicity information were obtained from the original studies as available in the Protein Data Commons
(PDC) database (https://proteomic.datacommons.cancer.gov/pdc/).

Sample size and allocation: The 2,555 tumor samples were distributed across cancer types as detailed in Table S1. Of these sam-
ples, 2,458 samples had phosphoproteomic data; 2,088 samples had corresponding RNA-seq data; 1,739 samples had gene-level
copy number variation (CNV) data; and 1,521 samples had mutation data.

This study did not analyze the influence of sex or gender on protein expression patterns, representing a limitation as sex-specific
differences in protein expression may exist but were not systematically evaluated.

Cell line models

This study utilized transcriptomic and proteomic data from 942 human cancer cell lines obtained from the Cell Model Passports data-
base (https://cellmodelpassports.sanger.ac.uk/). All cell line data were accessed through the publicly available Cell Model Passports
platform with appropriate usage permissions.

METHOD DETAILS
Proteomic and phosphoproteomic datasets

We compiled a comprehensive dataset of mass spectrometry-based proteomics data, encompassing primary tumors from 15
different cancer types across 23 distinct studies (Table S1). All proteomics data and phosphoproteomics data are sourced entirely
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from https://proteomic.datacommons.cancer.gov/pdc/.The PDC processes the submitted raw mass spectrometry data through a
common data analysis pipeline (CDAP) to produce derived analysis results which can be used to identify patterns of protein and
post-translational modifications (PTMs) abundance.

More specifically, in iTRAQ and TMT workflows, peptides are quantified using reporter ions, and these figures are summed up at
the gene level. For such experiments, each cell contains a normalized log2 ratio of a gene/protein’s value to a control channel from
pooled tumor samples. Log?2 ratios for visualization are provided for all isotopic labeling studies, including PTMs. Whole proteome
studies also offer an unshared_log2_ratio, excluding shared peptide data.

The PDC Common Data Analysis Pipeline generates a protein abundance matrix, rolled up to the gene level, for each study. We
utilize this matrix data as the proteomic data source for each study, markedly enhancing data comparability across various research
and ensuring that all data adhere to uniform quality control benchmarks.

We then applied a uniform standardization process to all the collected datasets using the following method. For each dataset, we
adjusted the log-transformed expression levels to be in terms of standard deviations away from the median. Then, we applied a
normalization process to the expression levels across different samples, converting them to standard deviations from the median
value.*”® We individually normalized the datasets for total protein and phospho-protein within each dataset.

To normalize the expression levels of proteomic and transcriptomic data from different studies, we used the ComBat function from
the sva package (version 3.54.0) in R (version 4.4.1) to adjust for batch effects. The batch variable was defined as the cancer type (i.e.,
study identifier). ComBat was applied with default parameters (par.prior = TRUE, prior.plots = FALSE) without specifying a model
matrix of covariates to preserve, allowing for comprehensive batch effect removal while maintaining biological variation.

Transcriptomic datasets
Out of the 2,555 human tumors with proteomic data, 2,088 had corresponding RNA-seq data. We acquired RNA-seq data for the
CPTAC, TCGA, and APOLLO projects from the Genomic Data Commons Data Portal [https://portal.gdc.cancer.gov/]. RNA-Seq
data for the other studies (PDC000180, PDC000198, PDC000214) were either downloaded from different platforms or obtained
directly from the supplemental materials of scientific articles. All mentioned RNA-Seq data are TPM data, and those without TPM
data were converted from counts to TPM.

We normalized the expression values in the samples to the standard deviation from the median for each dataset, just as we did with
the proteomic data. For pan-cancer analyses, we further removed batch effects between studies using the ComBat algorithm on the
datasets standardized by the above method.

Copy number variation (CNV) datasets

Out of the 2,555 human tumors with proteomic data, 1,739 had corresponding gene-level CNV data. The majority of the CNV data are
sourced from the Genomic Data Commons Data Portal [https://portal.gdc.cancer.gov/], while some (PDC000116, PDC000120,
PDC000180) are from original study supplements. We normalized the absolute copy number data based on ploidy by dividing each
gene’s copy number by the average copy number across all genes. Subsequently, we categorized the data into several predefined levels:
homologous deletion (—2), heterozygous deletion (—1), wild-type (0), a gain of 1-2 copies (+1), and amplification of at least 5 copies (+2).

Mutation datasets
Out of the 2,555 human tumors with proteomic data, 1,521 had mutation data. We obtained all the mutation data from the Genomic
Data Commons Data Portal [https://portal.gdc.cancer.gov/]

Biospecimen and clinical datasets
Biospecimen and clinical datasets each consist of 23 files, corresponding to the PDC (Proteomic Data Commons) identifier for each
proteome. All are sourced from https://proteomic.datacommons.cancer.gov/pdc/.

Correlation analysis
For multi-omics correlation study: A Pearson correlation analysis is performed on samples featuring four types of omics data, across
16 studies and 12 cancer types (OV, COAD, BRCA, UCEC, ccRCC, LUAD, BC, GBM, HNSCC, LUSC, PDAC, non-ccRCC). For each
omics type (CNV, transcriptomic, proteomics, and phosphoproteomics), standardized data files were merged across studies, and
batch effects were removed using the ComBat algorithm. Genes with missing values in more than 50% of the samples were
excluded. Phosphoproteomics data were processed by averaging expression values for proteins with multiple phosphorylation sites.
Genes and samples common across all four omics datasets were identified, resulting in 3,095 genes and 1,614 samples for down-
stream analysis. Pairwise Pearson correlation analyses were conducted to evaluate the relationships between different omics layers:
CNV vs. Transcriptomic, CNV vs. Proteomics, CNV vs. Phosphoproteomics, Transcriptomic vs. Proteomics, Transcriptomic vs.
Phosphoproteomics, Proteomics vs. Phosphoproteomics. For each gene, correlations were computed using the cor.test function
in R, and the correlation coefficient, p-value, and test statistic were recorded.

For pan-cancer analysis, the correlation between transcriptomics and proteomics in tumor/normal tissues was evaluated using
samples that contained both transcriptomic and proteomic data. Normalized transcriptomic and proteomic data were obtained
from the preprocessed files corresponding to each study. Gene expression data across studies were merged, retaining only genes
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present in more than 50% of the samples. A total of 10,125 common genes and 904 samples were identified between the transcrip-
tomic and proteomics datasets, resulting in matched tumor and normal datasets for downstream analysis.
Correlation analysis at the specific cancer level is conducted in the same manner.

Gene set enrichment analysis

To identify pathways associated with the correlation between pan cancer mRNA expression and protein abundance, we performed
GSEA using the clusterProfiler package in R. Genes were ranked by their correlation coefficients, and GSEA was performed using the
Hallmark (h.all.v2023.2.Hs.symbols.gmt) and Gene Ontology (GO) (c5.g0.v2023.2.Hs.symbols.gmt) gene sets. Enrichment results
were filtered with the criteria: p-value <0.01, adjusted p-value <0.25, and normalized enrichment score (NES) > 2.

Differential expression analysis

We perform differential protein analysis using the limma method. Given the extensive coverage provided by proteomics data, this
analysis is conducted exclusively on samples containing both tumor and normal tissue types, covering 13 cancer types (COAD,
OV, BRCA, UCEC, ccRCC, LUAD, LIHC, GBM, HNSCC, LUSC, PDAC, non-ccRCC, OSCC). Tumor and normal proteomics datasets
were combined across studies. Missing values were imputed using the minimum observed value for each dataset. Batch effects
across studies were corrected using the ComBat algorithm from the sva package. Proteomics data from tumor and normal samples
were merged into a single matrix containing 1,809 tumor samples and 1,022 normal samples. A grouping variable indicating tumor or
normal samples was created, and a design matrix was constructed. Differential protein expression analysis was performed using the
limma package. A linear model was fitted to the data, and empirical Bayes statistics were used to compute adjusted p-values. Pro-
teins with |logFC| > 1.2 and p-value <0.05 were considered differentially expressed.

The differential protein analysis method for specific cancer levels is the same as described above.

Hierarchical clustering and survival analysis

Proteomics data from tumor and normal tissues, and transcriptomics data from tumor tissues were obtained for studies with com-
plete data. Batch effects across studies were corrected using the ComBat algorithm from the sva package. Differential protein
expression analysis was performed using the limma package, with |logFC| > 1 and p-value <0.05 considered significant.

For each study, the correlation between mRNA-Protein expression was calculated using Pearson correlation. Genes with high
correlation across studies were clustered using hierarchical clustering. Three gene clusters were identified, and the cluster with
the highest average correlation was selected for further analysis. Differentially upregulated proteins were intersected with genes
in the high-correlation cluster. For these genes, tumor expression levels were compared to the mean expression in normal tissues.
Patients were grouped into “High correlation gene cluster with high expression” or “High correlation gene cluster with non-high
expression” expression groups based on the number of genes with higher tumor expression. Kaplan-Meier survival analysis and
log rank tests were performed to evaluate the prognostic significance of these groups.

Immune subtyping of the tumor microenvironment

All preprocessed proteomic and transcriptomic data were integrated separately, and batch effects were removed using the ComBat
algorithm from the sva package before performing TME subtyping. The pipeline from https://github.com/BostonGene/MFP was
applied to both datasets for immune subtyping. The final output is a table containing the subtyping results for each sample.

QUANTIFICATION AND STATISTICAL ANALYSIS

All statistical analyses were performed using R (version 4.4.1). Proteomics and phosphoproteomics data from 2,555 human tumors
across 15 cancer types were processed through the PDC Common Data Analysis Pipeline, with expression levels standardized as
standard deviations from the median. Batch effects between studies were corrected using ComBat function from the sva package
(version 3.54.0) with default parameters (par.prior = TRUE, prior.plots = FALSE).

For multi-omics correlation analysis, Pearson correlation was performed on 3,095 genes across 1,614 samples using the cor.test
function in R. Pan-cancer correlation analysis between transcriptomics and proteomics included 10,125 common genes across 904
samples. Genes with missing values in >50% of samples were excluded from analyses.

Differential protein expression analysis was conducted using the limma package on 1,809 tumor and 1,022 normal samples. Sta-
tistical significance was defined as |logFC| > 1.2 and p-value <0.05. Missing values were imputed using the minimum observed value
for each dataset.

Gene Set Enrichment Analysis was performed using the clusterProfiler package with significance criteria of p-value <0.01, adjusted
p-value <0.25, and normalized enrichment score (NES) > 2.

For survival analysis, patients were stratified based on expression patterns of genes in high-correlation clusters, and Kaplan-Meier
survival analysis with log rank tests was used to evaluate prognostic significance.
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