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Abstract 

Background: Pancreatic ductal adenocarcinoma (PDAC) is a devastating disease with poor prognosis. Proteog-
enomic characterization and integrative proteomic analysis provide a functional context to annotate genomic abnor-
malities with prognostic value.

Methods: We performed an integrated multi-omics analysis, including whole-exome sequencing, RNA-seq, prot-
eomic, and phosphoproteomic analysis of 217 PDAC tumors with paired non-tumor adjacent tissues. In vivo func-
tional experiments were performed to further illustrate the biological events related to PDAC tumorigenesis and 
progression.

Results: A comprehensive proteogenomic landscape revealed that TP53 mutations upregulated the CDK4-mediated 
cell proliferation process and led to poor prognosis in younger patients. Integrative multi-omics analysis illustrated the 
proteomic and phosphoproteomic alteration led by genomic alterations such as KRAS mutations and ADAM9 ampli-
fication of PDAC tumorigenesis. Proteogenomic analysis combined with in vivo experiments revealed that the higher 
amplification frequency of ADAM9 (8p11.22) could drive PDAC metastasis, though downregulating adhesion junction 
and upregulating WNT signaling pathway. Proteome-based stratification of PDAC revealed three subtypes (S-I, S-II, 
and S-III) related to different clinical and molecular features. Immune clustering defined a metabolic tumor subset that 
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Background
Pancreatic ductal adenocarcinoma cancer (PDAC) is 
a highly fatal disease that is the third leading cause of 
cancer-related deaths in the USA, and the sixth in China 
[1, 2]. PDAC has been predicted to become the second 
leading cause of cancer mortality in China by the year 
2030 [3]. Despite the advancement in pancreatic cancer 
research, the mortality-to-incidence ratio has not experi-
enced significant revision over the last few decades. The 
five-year survival rate remains just around 11% in the 
USA [1]. This grim prognosis is mainly caused by the lack 
of visible and distinctive symptoms and reliable biomark-
ers for early diagnosis as well as aggressive metastatic 
spread leading to poor response to treatments [4]. Conse-
quently, there is an urgent need to better understand the 
molecular characteristics that render the development of 
novel diagnostic and therapeutic strategies for PDAC.

Epidemiology studies have indicated long-standing 
diabetes as a risk factor for PDAC. Stevens et al. [5] per-
formed a meta-analysis which have demonstrated that 
the risk of PDAC was twice that in patients with type 
one diabetes. Another study conducted by V. A. Grote 
has indicated the HbA1c (an index for diabetes) could be 
used as a potential biomarker of early detection in pan-
creatic cancer [6]. Recent genomic studies revealed that 
PDAC patients with diabetes history might harbor some 
distinctive genomic alterations that affected their prog-
nosis [7]. However, the mechanism of how long-standing 
diabetes affects patients’ prognosis in PDAC remains 
unclear, which results in lack of currently effective treat-
ments for PDAC patients with the history of diabetes. 
Thus, a deeper characterization of genomic and prot-
eomic associations of PDAC patients with diabetic his-
tory will lay a function for deciphering this mechanism 
and provide new knowledge for researchers.

A significant proportion of PDAC patients are diag-
nosed at an advanced stage, with established invasion 
and metastasis of important nearby structures, causing 
them to be ineligible for surgical interventions. Genomic 
studies conducted by McDonald et  al. indicated the 
somatic variation in metastases including TP53, SMAD4, 
ARID1A, and ATM [8]. However, it is still function-
ally ambiguous how these metastasis-related variations 

impact the progression of PDAC. Hence, a metastatic 
marker based on multi-omics data may accurately reflect 
the metastatic behavior of PDAC, thus aiding the accu-
rate prediction of patient prognosis.

The tumor microenvironment induced by interac-
tions, especially the metabolic crosstalk between pan-
creatic epithelial/cancer cells and stromal cells is critical 
for pancreatic cancer progression and has been impli-
cated in the failure of chemotherapy, radiation therapy 
and immunotherapy [9]. Recent studies have indicated 
several critical metabolic pathways that branch from gly-
colysis, including the pentose phosphate pathway (PPP), 
hexosamine biosynthesis pathway (HBP), serine biosyn-
thesis, and tricarboxylic acid cycle (TCA cycle), signifi-
cantly associates with PDAC tumorigenesis, and patients’ 
prognosis [10]. Despite the progression, the mechanism 
underlies genomic variations drove metabolic alteration 
and affected patients’ survival has not been illustrated.

Previous genomic studies, including The Cancer 
Genome Atlas (TCGA) program, have related genetic, 
gene expression, and DNA methylation signatures with 
patients’ prognosis in PDAC [11–14]. For example, 
exome and CNA analyses of PDAC have revealed a com-
plex mutational landscape. The hotspot mutations of 
KRAS, TP53, SMAD4, and CDKN2A have been identi-
fied [13]. However, the molecular mechanism underlying 
gene alterations that drive cancer phenotypes in PDAC 
are largely unknown, which inhibits the identification of 
actionable therapeutical targets.

Over the last 10  years, remarkable progress has been 
made in PDAC proteomics studies. Iuga et  al. recently 
found 99 proteins that overexpressed in tumors, of which 
prolargin (PRELP) might be a potential new prognostic 
biomarker [15]. Another quantitative proteomics experi-
ment was performed using iTRAQ labeling and identi-
fied dihydropyrimidinase-like 3 (DPYSL3) which had the 
greatest diagnostic potential [16]. Cao et  al. described 
a proteogenomic study of 140 PDAC patients and indi-
cated how alterations such as TP53, KRAS, CDKN2A, 
and SMAD4 affected the downstream biological events at 
proteomics level [17]. Despite these progresses, there is 
still a large percentage of PDAC patients without avail-
able targeted therapeutic options. Furthermore, the 

harbored FH amplicons led to better prognosis. Functional experiments revealed the role of FH in altering tumor gly-
colysis and in impacting PDAC tumor microenvironments. Experiments utilizing both in vivo and in vitro assay proved 
that loss of HOGA1 promoted the tumor growth via activating LARP7-CDK1 pathway.

Conclusions: This proteogenomic dataset provided a valuable resource for researchers and clinicians seeking for bet-
ter understanding and treatment of PDAC.

Keywords: Pancreatic ductal adenocarcinoma, Proteomics, Phosphoproteomics, Genome, RNA-seq, Proteomic 
subtype, Immune subgroup, Diabetes, Metastasis
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proteogenomic events that associated with clinical char-
acteristics of the PDAC patients, such as long-standing 
diabetes or metastasis, are also remained unknown.

Here, we presented a proteogenomic analysis of 217 
PDAC tumors with paired non-tumor adjacent tissues. 
Integrative analysis revealed proteomic and phospho-
proteomic alterations led by KRAS mutations and other 
driving genomic alterations of PDAC. Correlation analy-
sis between transcriptomics and proteomics revealed the 
concordance in regulating key pathways in tumor tis-
sues and NATs. Proteogenomic analysis combined with 
functional experiments has proved that amplification of 
ADAM9 (located on 8p11.22) could promote metastasis, 
through downregulating adhesion junction and upregu-
lating WNT signaling pathway. The proteomic classifica-
tion demonstrated a subgroup with the poorest prognosis 
was featured with amplification of GRB7 and upregulated 
ERBB signaling pathway and cell cycle. Immune cluster-
ing defined a metabolic tumor subset that harbored FH 
amplicons led to better prognosis. Functional experi-
ments revealed the role of FH in altering tumor glucose 
metabolism and in impacting PDAC tumor microenvi-
ronments. Furthermore, we found that the downregula-
tion of HOGA1 correlated with poor prognosis of PDAC. 
Mechanistically, HOGA1, collaborated with LARP7, 
played a key role in arresting PDAC proliferation via 
inhibiting cyclin kinases.

Results
Comprehensive proteogenomic characterization of PDAC 
cohort
To characterize the proteogenomic landscape of pan-
creatic ductal adenocarcinoma (PDAC), whole-exome 
sequencing (WES), RNA-seq, proteomic, and phos-
phorylation proteomic data were collected from 229 
treatment-naive patients (Additional file 23: Table S1A). 
HE-stained slides were examined and evaluated indepen-
dently by two experienced pathologists and information 
regarding tumor histological subtype, degree of differ-
entiation, TNM stage, and tumor purity were provided 
(Methods). All formalin-fixed paraffin-embedded (FFPE) 
samples used in this study had tumor purity ranged from 
10 to 80% (median 50%) (Additional file 23: Table S1B). 
Neoplastic cellularity was evaluated independently by 
whole-exome sequencing using the ABSOLUTE [79] 

and ESTIMATE [78] algorithm (Methods) and ranged 
from 10 to 60% (median 36%), 1% to 70% (median 50%), 
respectively (Additional file  23: Table  S1B). Computa-
tional purity showed significantly positive correlation 
with our histological evaluated tumor purity (Spear-
man’s = 0.98 for ABSOLUTE and 0.91 for ESTIMATE, 
P < 0.0001) (Additional file 19: Fig. S19A). A schematic of 
the experimental design is shown in Fig. 1A, and the clin-
ical metadata are shown in Additional file 23: Table S1B. 
Clinical data, including the gender, age at diagnosis, 
tumor grade, and survival, etc., are summarized in 
Table 1. Comparing to recently published PDAC dataset 
conducted by CPTAC [17], our cohort showed distinctive 
demographic and clinical characteristics. Demographi-
cally, all the patients in our cohort were from Asian 
(Asian, n = 229, 100%), whereas 21 patients in CPTAC 
cohort were from Asian (Asian, n = 21, 15%); histologi-
cally, more early-stage patients (our cohort: stage IA/IB, 
n = 105, 46%, CPTAC cohort: stage IA/IB, n = 23, 16%; 
fisher exact test, P < 1.0E−4) were included in our cohort, 
which facilitated us to investigate the specific molecular 
features of early-stage PDAC for tumor diagnosis. Addi-
tionally, other risk factors and information associated 
with patients’ prognosis, such as metastasis status and 
diabetes, were also collected via follow-up in our study 
(Fig.  1A, Table  1 and Additional file  1: S1B). Proteomic 
profiling was performed on the 226 tumor and 220 non-
tumor adjacent tissues (NATs). The WES analysis was 
conducted on the 149 paired samples, and the phospho-
proteomic analysis was performed on the 113 paired 
samples, respectively. In addition, the mRNA sequencing 
was carried out on the 54 tumors and 51 paired NATs. 
Therefore, our study provided a comprehensive land-
scape of PDAC at the multi-omics level.

WES profiling identified 19,530 genetic variation events 
(14,656 missense, 869 nonsense, 1976 in-frame, and 
2029 frame-shift mutations). Significantly mutated genes 
(SMGs) were determined using OncodriveCLUST (Meth-
ods) [18], and mutations, such as KRAS (95%), TP53 
(49%), TTN (32%), MUC16 (23%), CDKN2A (18%), and 
SMAD4 (17%), were identified as the top-ranked muta-
tions, in our cohort (Fig.  1B). Correlation analysis using 
mutational frequencies from other pancreatic carcinoma 
(PC) cohorts, including TCGA cohort [11], UTSW cohort 
[12], ICGC cohort [13, 14], and CPTAC cohort [17], 

(See figure on next page.)
Fig. 1 Multi-omics landscape of PDAC Samples. A Overview of the experimental design and the number of samples for the genomic, 
transcriptomic, proteomic, and phosphoproteomic analyses. B The genomic profiles of PDAC. The top 20 mutated genes and their occurrence 
in 149 PDAC patients and the mutation frequencies are shown. Mutation types and their frequencies are demonstrated by a bar plot in the right 
panel. C Spearman’s correlation plot indicating the mutation frequencies observed in the Fudan cohort compared to previously published cohorts. 
D Comparisons of mutation frequencies of top 10 mutated genes in the Fudan cohort and previously published cohorts. E Bar plots of the common 
KRAS driver mutations in Fudan cohort and previously published cohorts. ****p < 1.0E−4, ***p < 1.0E−3, **p < 1.0E−2, *p < 0.05, ns > 0.05
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resulted in an average of Spearman’s correlation coeffi-
cient was 0.8 among different cohorts, in which no signifi-
cant difference was observed (Fig. 1C, Additional file 24: 
Table  S2C-H). In addition, the mutational frequencies 
of KRAS, TP53, CDKN2A, and SMAD4 were 95%, 49%, 
18%, and 17% in our cohort, respectively, which showed 
similarity across the different cohorts (Fig. 1D). For KRAS 
mutations, except for the most common mutations of 
KRAS G12 (90.3%), we also identified the other KRAS 
codon mutations KRAS (G13D), KRAS (Q61H) (Fig. 1E).

The frequencies of mutated trinucleotide sequence 
motifs were analyzed using nonnegative matrix factori-
zation (NMF) [19, 20] (Methods). Moreover, cosine simi-
larity analysis against mutational signatures in human 

cancer was performed to reveal the potential contribu-
tion of endogenous and exogenous mutagens in PDAC, 
and five mutational profiles were identified. As a result, 
the mutational signatures best matching to those in our 
patients was SBS1, SBS 6 and SBS30 (Additional file  1: 
Fig. S1E). The same enrichment analysis was performed 
in the CPTAC cohort [17]. As a result, the mutational 
signatures best matching to those in CPTAC patients 
was SBS 1 and 6, associated with patients age at diagnosis 
(SBS1), and tumor mutation burden (SBS6) (Additional 
file 1: Fig. S1E and F).

As for proteomic analysis, 16,584 proteins were iden-
tified, with 9006 proteins per sample on average (Addi-
tional file  1: Fig. S1H-J) (Methods). Whole cell extract 
of HEK293T cells was used as quality control (QC) for 
mass spectrometers. This extract showed the robustness 
and consistency of the mass spectrometer, which was 
evidenced by a high Spearman’s correlation coefficient 
(r > 0.88) between the proteomes of QC samples (Addi-
tional file  1: Fig. S1G). Principal component analysis of 
proteomic data was conducted based on years of sample 
collection and experimental batches and found no obvi-
ous distinction, indicating that there was no batch effect 
(Additional file  1: Fig. S1L). Further, 15,443 and 15,092 
proteins were identified in the tumors and NATs, respec-
tively (Additional file 1: Fig. S1B). A total of 18,883 and 
17,098 transcripts were identified in the tumors and 
NATs, giving an opportunity to probe the relationship 
between the transcriptome and proteome (Additional 
file 1: Fig. S1A).

Phosphoproteomic analysis identified 33,426 phospho-
sites including 24,470 (73.2%) on serine, 7914 (23.7%) on 
threonine, and 1042 (3.1%) on tyrosine, from 6153 phos-
phoproteins in 113 tumors; 33,696 phosphosites, includ-
ing 24,721 (73.4%) on serine, 7965 (23.6%) on threonine, 
and 1010 (3.0%) on tyrosine, from 6243 phosphoproteins 
in 113 NATs (Additional file  1: Fig. S1C-D, Additional 
file  7: Fig. S7A). Comparing the phosphorylation sites 
S/T/Y distribution between HCC cohort [21], GC cohort 
[22], and CRC cohort [23], the ratio of S/T/Y in our 
cohort is similar to those cohorts (HCC cohort: 77.8%, 
16.9%, and 5.3%, GC cohort:74.0%, 20.9%, and 5.1%, CRC 
cohort: 76.2%, 19.9%, and 3.9%), indicating that the ratio 
of S/T/Y in gastrointestinal tumors (including pancreatic 
cancer, liver cancer, gastric cancer, colon cancer, etc.) is 
comparable (Additional file  7: Fig. S7A-B). Importantly, 
the phosphorylation of some key molecules in tumor tis-
sue was significantly enriched, providing an opportunity 
to explore key oncogenic phosphorylation modifications. 
For example, RB1 (retinoblastoma-associated protein) 
at S807, which could promote cell cycle progression in 
cancer cells [24], YAP1 at S109, which has been reported 
associated with tumor metastasis [25], was significantly 

Table 1 Demographic characteristics of the patients in Fudan 
cohort and CPTAC cohort

****p < 1.0E−4, Fisher exact test

Variable Fudan cohort 
(n = 229)

CPTAC 
cohort 
(n = 140)

Participant area

 East Asia 229 (100%) 21 (15%)

 Europe 0 60 (43%)

 America 0 47 (34%)

 Other 0 12 (9%)

Sex

 Male 133 (58%) 74 (53%)

 Female 96 (42%) 66 (47%)

Age

 ≤ 60 89 (39%) 40 (29%)

 > 60 140 (61%) 100 (71%)

TNM stage ****

 IA 28 (12%) 7 (5%)

 IB 77 (34%) 16 (11%)

 IIA 16 (7%) 8 (6%)

 IIB 89 (39%) 52 (37%)

 III 19 (8%) 42 (30%)

  IV 0 9 (7%)

 Not sure 0 6 (4%)

Location

 Pancreaticoduodenum 145 (63%) 105 (75%)

 Pancreatic body and tail 84 (37%) 33 (24%)

 Not sure 0 2 (1%)

History of diabetes

 Yes 44 (19%) 39 (28%)

 No 183 (80%) 101 (72%)

 Not sure 2 (1%) 0

Metastasis (follow-up)

 Yes 93 (40%) NA

 No 68 (30%) NA

 Not sure 68 (30%) NA
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overexpressed in tumor tissues. We further presented 
the MS2 spectrums of these phosphosites to verify the 
accuracy of our detection. Additionally, we utilized IHC 
(immunohistochemistry) with phosphorylation antibod-
ies targeted to YAP1_pS109 and RB1_pS807 and con-
firmed their enrichment in tumor tissues (Additional 
file 2: Fig. S2A-C).

Thus, our study has so far established a comprehensive 
landscape of PDAC at the genomic, transcriptomic, pro-
teomic, and phosphoproteomic levels (Additional file  1: 
Fig. S1K).

The impacts of somatic copy number alterations in PDAC 
cohort
We applied GISTIC2 [26] to analyze the somatic DNA 
copy-number profiles of 149 PDAC samples. The most 
frequent gains were identified in chromosomes 14p 
(q = 8.4E−5), 21p (q = 1.4E−6) and 22p (q = 3.5E−8), 
and the most frequent losses were observed in chromo-
some 21p (q = 1.1E−2) and 17q (q = 2.8E−2) (Fig.  2A, 
Methods). In addition, we identified amplifications in 
driver oncogenes such as AKT1 (14q32.33) and PDGFB 
(22q13.1) and deletions of the pancreas-specific genes 
such as PNLIP and PNLIPRP1 (10q25.3) (Fig. 2B, Addi-
tional file 24: Table S2A-B).

The impacts of copy-number alterations (CNAs) on 
mRNA, protein, and phosphoprotein abundances in 
both cis or trans mode were characterized. In total, 1286 
and 1277 significant positive correlations (cis/trans-
effects) were observed for proteins and phosphopro-
teins, respectively (Spearman’s correlation, P < 0.05). The 
Kyoto Encyclopedia of Genes and Genomes (KEGG) 
pathway analysis indicated consistency among pathways 
subjected to enrichment by CNA-affected proteins, and 

phosphoproteins in the same sample type. For instance, 
CNA-affected proteins and phosphoproteins were 
enriched in ECM–receptor interaction, RNA transport, 
etc. (Fisher’s exact test, P < 0.05) (Additional file  3: Fig. 
S3A).

To further nominate functionally important genes 
within CNA regions, we focused on the 551 cancer-asso-
ciated genes (CAGs) [27]. A total of 17 significant posi-
tive correlations were observed for proteins (Spearman’s 
correlation, P < 0.05), including 3 transcription factors 
(TFs: IRF6, CIC, and FOXO3) (Fig.  2C). IRF6, the top-
ranked gene, was significantly associated with its cognate 
RNA, protein, and phosphorylation site (Fig. 2D). Further 
survival analysis indicated both the mRNA expression 
and the inferred TF activity of IRF6 were significantly 
associated with unfavorable overall survival. This obser-
vation was further supported by TCGA data (Fig. 2E, F). 
IRF6 is a transcription factor that has been reported to 
participate in various cellular process through transcrip-
tion regulation [28]. Ke Zhang et  al. have reported that 
IRF6 might be a prognostic marker in pancreatic cancer 
[29]. To gain great insight into the mechanism of how 
IRF6 led to poor prognosis, we applied correlation analy-
sis on the target genes (TGs) of IRF6. As a result, the TGs 
significantly associated with the protein expression IRF6 
were mainly enriched in cell cycle and cell proliferation. 
The expression of TGs including MCM4, TTL12, EZR, 
and the GSVA scores of cell cycle was positively corre-
lated with the protein expression of IRF6 (Fig.  2G–H). 
Moreover, survival analysis indicated in concordant 
with the expression of IRF6, the enhanced cell prolif-
eration also led to poor prognosis (Fig. 2I). These results 
suggested IRF6 could promote the cell proliferation 
through transcriptional regulation. Since enhanced cell 

Fig. 2 The Impacts of Somatic Copy Number Alterations in PDAC Cohort. A Significant arm-level focal peaks detected using GISTIC. B Focal-level 
SCNA events. Focal peaks with significant copy-number gains (red) and losses (blue) (GISTIC2 FDR < 0.05) are shown. The focal peaks are highlighted 
in approximate positions across the genome. C Venn diagram depicting the process of screening for TFs with cis-effect between CNA and protein. 
D The heatmap showing the cis-effect of IRF6 among CNA, RNA, protein, and phosphosite (Spearman’s correlation). The P value of correlation 
is noted on the left. E Kaplan–Meier curves for overall survival based on mRNA abundance of IRF6 (left), and TF activity of IRF6 (right) in Fudan 
cohort (log-rank test). F Kaplan–Meier curves for overall survival based on mRNA abundance of IRF6 in TCGA-PAAD dataset (log-rank test). G 
Spearman-rank correlation of the abundance of IRF6 and its target genes (Spearman’s correlation). The significant correlations are colored in dark 
gray. Cell cycle and cell proliferation-associated proteins are labeled in pink, and prognostic related proteins are labeled with purple circles. H The 
scatter plot describing the Spearman’s correlation between IRF6 protein expression and GSVA score of cell proliferation. I Kaplan–Meier curves for 
overall survival based on GSVA scores of cell proliferation (log-rank test). J, K The scatter plot describing the Spearman’s correlation between MCM4 
protein expression and MGPS score (J) or tumor size (K). L The systematic diagram summarizing the impact of the cis-effect of GRB7 amplification 
on increasing tumor size. M The boxplot revealing the comparison of GSVA score of cell proliferation between the younger patients (≤ 60) and the 
older patients (> 60) (Student’s t test). N The forest plot indicating the hazard ratio of KRAS, TP53, SMAD4, and CDKN2A, in younger patients (left) 
and older patients (right). O The pathway heatmap indicating the enriched pathways in the four groups (TP53 mut, younger patients; WT, younger 
patients; TP53 mut, older patients; WT, older patients). Each column represents a type of sample. The color of each cell shows -log10 transformed 
P value. P Venn diagram depicting the process of screening for highly expressed kinase in younger patients with TP53 mutations. Q The boxplot 
revealing the comparison of CDK4 protein expression between TP53 mutations and WT both in the younger patients (≤ 60) and the older patients 
(> 60) (Wilcoxon test). R Kaplan–Meier curves for overall survival based on CDK4 abundance in the younger patients (left) or the older patients 
(right) (log-rank test). S The heatmap showing cell cycle-associated phosphosites which are positively correlated with CDK4. T The systematic 
diagram summarizing the impact of TP53 mutations on promoting cell cycle. ****p < 1.0E−4, ***p < 1.0E−3, **p < 1.0E−2, *p < 0.05, ns > 0.05

(See figure on next page.)
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proliferation could be represented by the elevated MGPS 
(multi-gene proliferation score) and enhanced tumor 
size, we evaluated the association between IRF6’s TGs 
and both MGPS and tumor size (Methods). As a result, 
the most significant positive correlations were observed 
between MCM4 (TG of IRF6) with both MGPS (cor-
relation = 0.47, P = 6.7E−14) and tumor size (correla-
tion = 0.25, P = 0.04), emphasized the important role of 
MCM4 in IRF6-mediated cell proliferation (Fig.  2J, K). 
In sum, our data revealed a potential mechanism that the 
cis-effect of IRF6 promoted the progression of PDAC by 
influencing cell cycle process (Fig. 2L).

To explore other risk factors which might associate 
with tumor cell proliferation in PDAC, we further inves-
tigated the effect of diverse clinical characteristics (age, 
gender, etc.) on cell proliferation. PDAC is considered a 
disease of the elderly, with patients mostly over the age 
of 65 [30]. Individuals diagnosed with PDAC under the 
age of 60 are considered to be young-onset and poten-
tially at high risk for a genetic predisposition. Intrigu-
ingly, we observed that the younger patients (age at 
diagnosis ≤ 60) in our cohort showed elevated GSVA 
scores of cell proliferation (Fig.  2M). To elucidate the 
possible causes and impacts of this phenomenon, we 
first compared the SCNAs, RNA, and protein expression 
of IRF6 between older and younger patients (older: > 60, 
younger: ≤ 60) and observed no significant difference 
(Additional file  3: Fig. S3B). Survival analysis indicated 
the elevated expression of IRF6 associated with poor 
prognosis in both older and younger patients (Additional 
file  3: Fig. S3C). We then compared the prognostic rel-
evance of SMGs between the two groups and observed 
the mutations of TP53 only impacted the overall survival 
in patients younger than 60 (Fig. 2N). Comparative analy-
sis between TP53-mutant and TP53-wild-type patients, 
in the two age groups, further illustrated that in younger 
patient group, the cell cycle process was elevated in 
TP53-mutant patients, whereas, in older patient group, 
the cell cycle process was dominant in TP53-wild-type 
patients (Fig.  2O). To further illustrate the mechanism, 
underline how TP53 mutations impact the cell cycle 
process, we performed comparative analysis and identi-
fied 7 cell cycle-related proteins (RB1, PRKDC, CDK4, 
MCM4, SMC1A, SKP1, and ANAPC2) which showed 
elevated expression in younger TP53-mutant patients 
(Fig.  2P, Q, Additional file  3: Fig. S3D). Further survival 
analysis revealed that the CDK4 was significantly associ-
ated with poor prognosis only in younger TP53-mutant 
patients (log-rank t test, P < 0.05) (Fig.  2R). To illustrate 
the impact of CDK4 on kinase–substrate phosphoryla-
tion, we screened out phosphosubstrates regulated by 
referred kinases from public database [31] and calcu-
lated the correlation between the abundance of these 

phosphosubstrates and the protein expression of CDK4. 
As a result, the abundance of phosphosites enriched 
in cell cycle such as CDK11A_pS268, CDK17_pS900, 
and EP300_pS900 were significantly associated with the 
expression of CDK4 (Fig. 2S, Additional file 3: Fig. S3E), 
suggesting that the CDK4 regulated the cell cycle process 
through phosphorylation signaling pathway. Together, 
this result revealed the role of TP53 mutations in pro-
moting tumor cell proliferation, through CDK4-mediated 
signaling pathway in younger patients, and suggested 
promising therapeutical options of younger TP53-mutant 
patients by CDK4 inhibitors (Fig. 2T).

Phosphorylation of transcription factor E2F1 promoting 
the tumor cell proliferation feature of patients 
with  KRASG12D mutations
KRAS is the well-known oncogene with the highest 
mutation rates in PDAC. Unfortunately, there are still 
no effective strategies targeting KRAS mutations. Due to 
the intrinsic characteristics of KRAS protein, targeting 
KRAS has been quite challenging [32]. Therefore, many 
efforts have focused on targeting it downstream signaling 
effectors.

To investigate signal transduction pathways down-
stream of activated KRAS in search of alternative ther-
apeutic targets, we evaluated phosphosite expression 
changes in tumors with different KRAS hotspot muta-
tions. As a result, comparing to tumors with KRASG12R, 
KRASG12V, KRASQ61H, and KRASQ61R mutations, tumors 
with KRASG12D mutations harbored elevated phosphoryl-
ation of RAF1 at Ser 259, MAP2K2 at Tyr 222, MAPK1 at 
Ser188, and E2F1 at Ser 364, which indicated the eleva-
tion of RAS-RAF-MEK-ERK-E2F1 phosphorylation cas-
cade in tumors with KRASG12D mutations, and E2F1 at 
Ser 364 had the most significant elevation among these 
phosphorylation sites (Additional file 4: Fig. S4A, B).

Functionally, E2F1, as a cell cycle-specific transcrip-
tion factor (TF), has been reported to be highly expressed 
in a variety of tumors, and mainly participated in regu-
lating tumor cell proliferation [33, 34]. To evaluate the 
prognostic value of elevated phosphorylation of E2F1, we 
conducted survival analysis and found that the elevated 
phosphorylation of E2F1 at Ser 364 was negatively asso-
ciated with patients’ overall survival (Additional file  4: 
Fig. S4C), which emphasized its therapeutical potential 
in the future.

To further investigate the mechanism that how the ele-
vated phosphorylation of E2F1 led to poor prognosis, we 
inferred the TF activity of E2F1 based on GSVA algorism 
(Methods) and found that along with the phosphoryla-
tion of E2F1 at Ser 364, its TF activity was also negatively 
associated with patients’ overall survival (Additional 
file  4: Fig. S4C). Intriguingly, the protein expression of 
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E2F1 showed no difference among tumors with different 
KRAS hotspot mutations (Additional file 4: Fig. S4D). In 
supporting of the observation, we also conducted IHC 
staining utilizing both E2F1_pS364 antibody and E2F1 
antibody and found only the phosphorylation of E2F1 
showed significant elevation in tumors with KRASG12D 
mutations (Additional file  4: Fig. S4E). Consistently, the 
inferred TF activity of E2F1 showed high correlation with 
the abundance of phosphorylation of E2F1 at S364 but no 
correlation with the E2F1 protein expression (Additional 
file 4: Fig. S4F). These findings indicated the TF activity 
of E2F1 was contributed by phospho-E2F1 rather than 
the abundance of E2F1 protein.

We then hypothesized that the phosphorylation of 
E2F1 might impact prognosis in patients with KRASG12D, 
through transcription regulation. Along with this 
hypothesis, we surveyed the expression of E2F1’s TGs 
and identified that the mRNA expression of TGs includ-
ing AHCTF1, CDC27, ATM, TAOK3, RB1, and CDK14, 
which enriched in cell cycle process, was most signifi-
cantly associated with the TF activity of E2F1 (Additional 
file 4: Fig. S4F). Interestingly, further correlation analysis 
revealed the significantly positive correlation between 
those TGs’ mRNA expression and their cognate protein 
expression, which revealed that the transcriptional regu-
latory pattern led by E2F1 was inherited at protein level 
(Additional file 4: Fig. S4G). We then performed survival 
analysis and observed the protein expression of TGs 
including AHCTF1, CDC27, MAP4K5, etc., which were 
also negatively associated with patients’ overall survival 
(Additional file 4: Fig. S4H).

In sum, our finding revealed the phosphorylation of 
E2F1 at S364, but not protein expression, elevated its 

TF activity which enhanced the cell proliferation pro-
cess, and led to poor prognosis in tumors with KRASG12D 
mutations (Additional file 4: Fig. S4I).

Integrated multi‑omics features in tumor tissues compared 
with NATs of the PDAC
Multi-dimensional omics data provided an excellent 
chance to explore the relationships between the tran-
scriptome, proteome, and phosphoproteome of PDAC. 
After appropriate sample quality control (QC) and 
normalization procedures (Methods), we performed 
integrated multi-omics analysis to systematically rep-
resent the characteristics of PDAC. Principal compo-
nent analysis (PCA) of transcriptome, proteome, and 
phosphoproteome data was conducted to demonstrate 
a clear distinction between tumors and NATs, which 
further highlighted the diverse expression patterns 
existing between pancreatic tumor tissues and normal 
adjacent tissues that emphasized our stratification analy-
sis (Fig. 3A, Additional file 5: Fig. S5A-B).

To identify protein network associated with PDAC, we 
applied Student’s t test and identified 2136 (30%) and 762 
(11%) proteins that were significantly overrepresented 
(FC > 2, Student’s t test, Benjamini–Hochberg adjusted 
p < 0.05) in the tumors, and NATs, respectively (Fig. 3B, 
Additional file 25: Table S3A). Further enrichment analy-
sis of KEGG ontologies indicated that complement and 
coagulation cascades, focal adhesion, and platelet activa-
tion were significantly enriched in tumor tissues, whereas 
pathways related to previously reported pancreas physi-
ology functions [35], including that amino acid metabo-
lism, pancreatic secretion, protein processing, and export 
were enriched in NATs (Fig. 3C). The consistency of the 

(See figure on next page.)
Fig. 3 Integrated multi-omics features in tumor tissues Compared with NATs of the PDAC. A PCA of 7055 proteins in 226 tumors and 220 normal 
adjacent tissues (NATs). Red, tumors; blue, NATs. B A volcano plot showing the results of a two-tailed Student’s t test comparing tumors and 
NATs at proteomic level. The number of significantly increased and significantly decreased proteins in tumors is shown above the volcano plot. 
C Differentially expressed proteins and phosphoproteins in tumors and NATs. The enriched biological pathways are annotated on the right. D 
The expression of pancreatic signature proteins in tumors and NATs at multi-omics level (mRNA, protein, and phosphoprotein). E The scatter 
plot indicating the changes of protein and mRNA between tumors and NATs. Proteins are labeled based on the pathways they are enriched in 
(proteins participated in fatty acid degradation, pancreatic secretion, and protein processing and export are labeled in purple, light-blue, and 
green, respectively; protein participated in endocytosis and lysosome are labeled in red, and proteins participated in focal adhesion are labeled in 
orange). The systematic diagram summarizing proteins and signaling cascades that are significantly altered in NAT (protein processing and export, 
pancreatic secretion), and in tumor (lysosome, focal adhesion). Values are color coded based on the fold change between tumors and NATs at 
both transcriptomic and proteomic level. F The screening process of potential biomarkers in PDAC showing on the left. The expression heatmap 
describes the protein expression of potential biomarkers (middle). Color of each cell shows Z-scored average abundance of the protein across the 
tumor and NAT samples. The ratio of RNA expression between tumors and NATs is shown on the right, and the heatmap on the left indicates the 
fold change of proteins average expression between pancreatic cancer exosomes versus normal exosomes. Bar plot shows the ratio of protein and 
RNA expression of these biomarkers between early-stage patients (TNM IA and IB) and others (right). Proteins are labeled in blue, and RNAs are 
labeled in yellow. G KSEA analyses of kinase activities in tumors and NATs. H The volcano plot depicting the correlation between phosphosubstrates 
and the kinase activity of PRKCD; the significant correlations are colored in pink. I Spearman rank correlation of the abundance of phosphosite 
STAT1_pS727 and the kinase activity of PRKCD (Spearman’s correlation). J Heatmap of the relative abundance of focal-adhesion-related proteins 
(bottom panel) and STAT1 mRNA (top panel) that are significantly associated with TF activity of STAT1. The P value of survival is shown on the right. 
K The systematic diagram summarizing proteins and signaling cascades that are regulated by the kinase PRKCD. ****p < 1.0E−4, ***p < 1.0E−3, 
**p < 1.0E−2, *p < 0.05, ns > 0.05
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dominant pathways enriched in tumors or in NATs was 
also observed at the transcriptome and phosphopro-
teome levels (Additional file  5: Fig. S5C-G, Additional 
file  25: Table  S3B). This distinctive proteomic features 
of tumor and NATs were further supported by CPATC 
data [17]. To be more specific, 1918 proteins (56%) were 
identified to be upregulated and 963 proteins (72%) 
to be downregulated in both our cohort and CPTAC 
cohort, respectively (Additional file 6: Fig. S6A). Proteins 
enriched in ECM–receptor interaction and focal adhe-
sion were significantly elevated in tumor tissues, while 
proteins enriched in pancreatic secretion, protein diges-
tion, and absorption were significantly elevated in NATs 
(P < 0.05) in both CPTAC and Fudan cohort (Additional 
file 5: Fig. S5F and Additional file 6: Fig. S6B).

To understand the regulatory relationship among 
multi-omics, we calculated gene-wise (inter-sample) 
and sample-wise (intra-sample) correlation. Between 
transcriptome and proteome, NATs displayed a median 
gene-wise correlation value of 0.2, while tumors dis-
played a higher median value of 0.32 (Additional file  5: 
Fig. S5H-I). For PDAC tumors and NATs, 24% and 14% 
of mRNA-protein pairs had significant positive Spear-
man’s correlations, respectively (Additional file  5: Fig. 
S5H-I, Benjamini–Hochberg adjusted p < 0.05), with 
DNA repair, G2M checkpoint and lysosome, etc., posi-
tively correlated in tumors. In NATs, the metabolic pro-
cess, such as oxidative phosphorylation, glycolysis, and 
pancreatic secretion, displayed a positive correlation 
pattern, representing the coherence of mRNAs and pro-
teins in regulating the key pathways in tumor and NATs. 
In addition, although proteins participated in focal adhe-
sion, lysosome, pancreatic secretion, and protein pro-
cessing and export showed significant alteration between 
tumors and tumor-adjacent tissues both at proteome 
level and transcriptome level. The data showed more 
significant alteration between tumors and NATs at pro-
teome level, highlighting the existence of a differentially 
regulated axis between transcriptome and proteome for 
the maintenance of carcinogenesis (Fig.  3E, Additional 
file 25: Table S3C). The significantly altered pathways and 
mapped key proteins are summarized in Fig. 3F.

Further correlation analysis between proteome 
and phosphoproteome showed that NATs displayed 
a median gene-wise correlation value of 0.12, while 
tumors displayed a higher median value of 0.26 (Addi-
tional file  5: Fig. S5J-K). For tumors and NATs, 14.7% 
and 32.3% proteins-phosphoprotein pairs had sig-
nificant positive Spearman’s correlations, respectively 
(Additional file  5: Fig. S5J-K, Benjamini–Hochberg 
adjusted p < 0.05), with lipid metabolism, glycolysis, and 
pancreatic secretion, showed positive correlation in 
NATs. In tumors, the process that have been reported 

in PDAC tumorigenesis and metastasis such as cell 
cycle process, P53 pathway and WNT pathway dis-
played a positive correlation pattern, further revealed 
the concordance among different omics layer in regu-
lating core process in tumors and NATs.

We further focused on the expression of pancreatic 
markers between tumors and NATs based on the human 
protein atlas database (https:// www. prote inatl as. org/). 
Importantly, 68.5% (183/267) of detected pancreas-spe-
cific proteins, which mainly enriched in pancreatic-spe-
cific metabolic pathways such as pancreatic secretion, 
protein digestion and absorption, and fat digestion and 
absorption, were significantly attenuated in the tumors 
(Fig. S6C). Survival analysis indicated that 43.7% (80/183) 
showed positive association with overall survival. In addi-
tion, the proteins which had the highest level of enriched 
expression in pancreas (including CELA2A, CPA1, 
PRSS1 etc.) and specific proteins of ductal cells of pan-
creas (including CFTR and DCDC2) showed decreased 
expression at multi-omics level (Fig.  3D). Concord-
antly, the pancreas-specific proteins including CELA2A, 
PRSS1, and PNLIPRP1 were also detected to be enriched 
in NATs, in the CPTAC cohort [17], confirming the loss 
of pancreas functions could reflect the malignant of the 
PDAC (Additional file 6: Fig. S6D).

Our dataset provided a good opportunity to iden-
tify potential prognostic biomarkers and drug target of 
PDAC. We hypothesized that the most highly and com-
monly expressed proteins with prognostic power in 
tumor could be circulated and detected in body fluid or 
exosome samples, and could be used as potential bio-
markers. Under this assumption, we performed differ-
ential gene expression analysis among 1416 proteins 
expressed in all the 226 tumor samples and identified 349 
significantly altered proteins (FC > 2, P < 0.05), in which 
15 proteins were negatively correlated with the over-
all survival. These 15 molecules were also significantly 
upregulated in tumors at transcriptome level. To further 
validate the prognostic value of the 15 proteomic bio-
markers, we included proteomic and clinical data from 
CPTAC PDAC study, compared the protein expression 
level of these 15 proteins between tumors and NATs, and 
evaluated their relevance with patients’ overall survival. 
As a result, in concordant with our result, all 15 proteins 
showed elevated expression in tumors in CPATC cohort, 
and 14 of them were negatively associated with patients’ 
overall survival (Fig. 3G, Additional file 6: Fig. S6E). We 
then screened these 15 proteins’ expression in an Exo-
some database of pancreas cancer [36], to further con-
firm the clinical applicable of these potential biomarkers. 
As we expected, 12 out of 15 proteins were detected in 
the Exome database, and all of which showed elevated 
expression in PDAC patients (Student’s t test, P < 0.05), 

https://www.proteinatlas.org/
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including some FDA approved drug targets such as 
NAMPT and PRKCD (Fig. 3G).

Kinases participate in many cellular processes through 
signaling transduction [37]. To dissect the dynamic 
changes of both kinases and phosphoproteins in PDAC, 
we performed kinase–substrate enrichment analysis 
(KSEA) (Methods), and four kinases (HIPK2, ROCK1, 
PRKCD, MAPKAPK2) were identified as tumor-specific 
activated. PRKCD, which we mentioned earlier as a 
potential biomarker, was also identified (Fig.  3H, Addi-
tional file  25: Table  S3D). PRKCD has been reported to 
participate in various biological processes including 
ECM, and focal adhesion [38]. To further illustrate the 
impact of PRKCD on phosphoproteome, we calculated 
the correlation between the abundance of phosphosites 
and the protein expression of PRKCD (Methods). As 
a result, the phosphorylation of STAT1 at S727 was the 
top-ranked phosphosite positively correlated with kinase 
activity of PRKCD (Fig.  3I, J). Functionally, STAT1 is a 
transcription factor which regulates multiple pathways, 
and could be activated through phosphorylation [39]. 
To gain great insights into the downstream impacts of 
STAT1, we then performed correlation analysis between 
the inferred TF activity of STAT1 and the target genes’ 
expression. As a result, TGs of STAT1 including the core 
regulators of focal adhesion, such as BRAF, CRK, GSK3B, 
were significantly correlated with STAT1. Moreover, sur-
vival analysis revealed the negatively association between 
theses TGs’ expression with patients’ prognosis (Fig. 3K). 
In sum, this insight revealed the kinase PRKCD regulated 
ECM and focal adhesion in PDAC through phosphoryla-
tion of STAT1, and subsequent transcription regulation 
process driven by STAT1 (Fig.  3L). These observations 
revealed the important role of PRKCD in PDAC malig-
nant progression and suggested that inhibition of PRKCD 
could be a potential therapeutical option of PDAC.

Analysis of phosphotyrosine signaling identifies oncogenic 
phosphorylation features of PDAC
Compared to phosphoserine (S) and phosphothreonine 
(T), phosphotyrosine (Y) are more upstream and thus 
would have yielded a better depth for possible targets 
and have uncovered the activated pathways with a more 
clinical impact. We focused on 1604 phosphotyrosine 
and performed differential expression analysis between 
tumors and NATs. A total of 44 phosphotyrosine sites 
were significantly higher expressed in tumors than NATs, 
which were enriched in platelet activation, and focal 
adhesion. Additionally, 32 of 44 phosphosites modified 
at tyrosine which were significantly overexpressed in 
tumors, their cognate proteins (20 proteins) were also 
observed to be significantly elevated in tumor tissues 
(Benjamini–Hochberg adjusted p < 0.05). Importantly, 

more significant alteration between tumors and NATs 
were observed at phosphoproteome level, highlighting 
the existence of a differentially regulated axis between 
proteome and phosphoproteome for the maintenance of 
carcinogenesis (Additional file 7: Fig. S7C).

Furthermore, survival analysis indicated that 8 out of 
20 proteins (PLEC-PLEC_pY4611; MAPK3-MAPK3_
pY204, etc.) which showed both elevated expression 
at protein level and phosphotyrosine level, were sig-
nificantly negatively correlated with prognosis. Several 
novel phosphotyrosine sites of reported PDAC-asso-
ciated genes like PLEC at tyrosine 4611 and ENO1 at 
tyrosine 44 were identified, implied the therapeutical 
potential of those phosphotyrosine sites [40, 41] (Addi-
tional file  7: Fig. S7D). Intriguingly, the phosphoryla-
tion of PLEC at tyrosine 4611 was also identified as the 
most significantly overexpressed phosphotyrosine site in 
metastatic patients, suggesting the potential association 
between phosphorylation of PLEC at Y4611 and PDAC 
metastasis. Intriguingly, to illustrate the phosphoryla-
tion cascade associated with PLEC_pY4611, we investi-
gated the correlation between the protein expression of 
kinases and the phosphorylation of PLEC_pY4611. As a 
result, the expression of kinase PRKCZ showed signifi-
cantly positive correlation with the phosphorylation of 
PLEC_pY4611, implying the regulatory role of PRKCZ on 
phosphorylation of PLEC at Tyr 4611. This finding was 
further convinced by the kinase prediction analysis uti-
lizing NetworKIN [42], which also indicated that PRKCZ 
might phosphorylating PLEC at Tyr 4611 (predication 
score > 0.9). We further examined the protein expression 
of PLEC and there was observed no significant difference 
in protein expression of PLEC between metastasis and 
non-metastasis patients, indicating PLEC might play an 
important role in PDAC metastasis in phosphoproteome 
level instead of proteome level (Additional file  7: Fig. 
S7E).

The effects of diabetes on the proteogenomic 
characteristics of PDAC
Long-standing diabetes is one of the major high-risk 
factors for PDAC [43], yet how diabetes contributes to 
PDAC progression and impacts patients’ prognosis is 
not well understood. In our cohort, patients with dia-
betes history accounted for 19.6% (n = 44) of 224 PDAC 
patients (Methods). We also collected patients’ glucose 
concentration and observed patients with and without 
diabetes history showed similar glucose concentration 
level (Additional file 8: Fig. S8A). Additionally, 25 patients 
have medical treatments for diabetes, while survival anal-
ysis revealed no significant difference between diabetic 
patients with and without medical treatment (Additional 
file  8: Fig. S8B). To investigate the specific molecular 
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characteristics of the PDAC patients with diabetes, path-
way enrichment analyses were performed among patients 
with and without history of diabetes. As a result, patients 
with diabetic history dominant in insulin signaling path-
way and mTOR signaling pathway (Fig. 4A-B, Additional 
file 26: Table S4B-C).

The proteogenomic analysis identified that MTOR 
mutations were positively associated with the PDAC 
patients with diabetes (Fisher’s exact test, P = 0.03) 
(Fig.  4A). At the arm level, we found the deletion of 
10q25.3, identified in the malignant brain tumor [44], 
was the novel arm event in PDAC and positively associ-
ated with diabetes (Fisher’s exact test, P = 0.01) (Fig. 4A). 
Furthermore, in concordant with our findings, the fre-
quencies of MTOR mutations and 10q25.3 deletions, 
were significantly higher in PDAC patients with diabetic 
history in both TCGA cohort [14] and WSU cohort 
[45] (Additional file  8: Fig. S8C-D). In addition, mutual 
exclusivity was observed (P < 1.0E−4, Fisher’s exact test) 
between MTOR mutations and 10q25.3 deletion (Fig. 4C, 
Additional file  26: Table  S4A). Mutual exclusivity may 
arise when two aberrations are functionally equiva-
lent [46]. To disclose the impacts, we then examined 
the changes in MTOR mutations and 10q25.3 deletion 
groups compared with the WT group.

For all protein coding genes located in 10q25.3, 
AFAP1L2, was the only one which showed significant 
positive correlations (cis-effect) among CNA, mRNA, 
and protein (Fig. 4D, Additional file 8: Fig. S8E). Recent 
published papers have indicated AFAP1L2 was an 
adaptor protein involved in the PI3K-AKT pathway 
[47], downregulation of endogenous AFAP1L2 could 
inhibit AKT and destroy cell cycles [48]. Our data indi-
cated the pathway enrichment score (GSVA score) of 

phosphatidylinositol signaling system (correlation = 0.14, 
P = 0.04), and mTOR signaling pathway (correla-
tion = 0.16, P = 0.01) were elevated in the patients with 
higher AFAP1L2 protein expression (Fig. 4E, F). Further 
correlation analysis indicated the key molecules involved 
in PI3K-AKT signaling pathway, such as AKT1, AKT2, 
PIK3R1, and PIK3R2, showed significant positive corre-
lations with AFAP1L2, and in which AKT1 also showed 
elevated expression in patients without diabetes history 
(Fig.  4G, H, Additional file  8: Fig. S8F). Functionally, 
AKT1 can serve as a hub protein to in PI3K-AKT-mTOR 
signaling axis [49]. Consistently, our data revealed the 
concordance between the enhanced AKT1 protein 
expression and the elevated mTOR signaling pathway, 
supporting by the higher pathway GSVA scores and 
increased protein expression of PDK1, PIK3CA, MTOR, 
etc. (Fig.  4I). We further inferred the kinase activity of 
AKT1 (Methods), and observed the abundance of phos-
phosites implicated in AKT-mTOR signaling pathway 
such as BRAF_pS365, MTOR_pS2448, TSC2_pS939, 
were all positively correlated with the AKT1’s kinase 
activity (Fig.  4I), confirming the strong association 
between elevated expression of AKT1 and enhanced 
mTOR signaling pathway.

As we mentioned earlier, MTOR mutations were mutu-
ally exclusive with 10q25.3 deletion, we then focused 
on MTOR mutations to explore the effect of MTOR 
mutations. Proteogenomic analysis indicated besides 
decreased the expression of its cognate RNA, protein 
and phosphosites, the MTOR mutations also decreased 
pathways such as cell proliferation, cell divisions at both 
proteome level and phosphoproteome level (Fig.  4J, K, 
Additional file  26: Table  S4G). To further illustrate the 
impact of MTOR mutations on phosphoproteome, we 

Fig. 4 The effects of diabetes on the proteogenomic characteristics of PDAC. A Heatmap illustrating genomic alternations, biological pathways and 
protein abundance involved in these pathways of patients with and without diabetes. B Boxplots indicating GSVA score of insulin signaling pathway 
(left) and mTOR signaling pathway (right) between patients with and without diabetes (Wilcoxon test). C The pie charts indicating the percentage 
of patients with 10q25.3 deletion or MTOR mutations in patients with and without diabetes (left). Heatmap illustrates the association among MTOR 
mutations, 10q25.3 deletion and diabetes (Fisher’s exact test). D The heatmap indicating the cis-effect of AFAP1L2 at chromosome locus 10q25.3 
(Spearman’s correlation). E The scatter plot depicting the correlation between AFAP1L2 expression and KEGG pathways (GSVA score) (Spearman’s 
correlation). F Spearman-rank correlation of the abundance of AFAP1L2 and phosphatidylinositol signaling system (GSVA score). G The scatter plot 
depicting the correlation between abundance of AFAP1L2 and proteins involved in phosphatidylinositol signaling system (Spearman’s correlation). 
H Spearman-rank correlation of the abundance of AFAP1L2 and AKT1/2. I Heatmap indicating the impacts of AKT1 abundance on proteins 
involved in mTOR signaling pathway (upper). The lower heatmap indicates the impacts of activity of AKT1 on abundance of the phosphosites 
involved in mTOR signaling pathway. J Heatmap indicating the impacts of MTOR mutations on MTOR RNA, MTOR protein expression, kinase 
activity and phosphosites. K Bar plots indicating biological pathways downregulated in patients with MTOR mutations on proteomic level (left) 
and phosphoproteomic level (right). L Phosphosubstrates of MTOR differentially expressed between MTOR-mutant patients and MTOR wild-type 
patients. Significantly downregulated phosphosubstrates are highlighted in blue, and remaining sites are in gray. M The scatter plot depicting the 
correlation between abundance of EIF4EBP1_pT37 and all identified proteins (Spearman’s correlation). Proteins involved in mTOR signaling pathway 
are highlighted in red. N Bubble plots indicating biological pathways that EIF4EBP1_pT37 significantly positively correlated proteins enriched in. 
O The pathway (middle) and expression (down) heatmap depicting the pathways and pathway related proteins positively correlated with the 
EIF4EBP1_pT37 expression (Spearman’s correlation). P Heatmap indicating four mTOR-signaling-pathway-related proteins positively correlated 
with MGPS score (Spearman’s correlation). Q The systematic diagram summarizing the impacts of MTOR mutations and 10q25.3 deletion on mTOR 
signaling pathway and cell proliferation. ****p < 1.0E−4, ***p < 1.0E−3, **p < 1.0E−2, *p < 0.05, ns > 0.05

(See figure on next page.)
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screened out the abundance of known phosphosubstrates 
of MTOR, and identified the ANKRD17_pS2045, EIF-
4EBP1_pT37, ISCU_pS14 were significantly decreased 
in MTOR-mutant samples (Fig. 4L, Additional file 8: Fig. 
S8G). MTOR can drive cell proliferation and enhance 
RNA translational initiation though phosphorylating 
signaling pathway, and eukaryotic translation initiation 
factor 4E-binding proteins (4E-BPs) are critical media-
tors of mTORC1 function and can control mTORC1-
mediated cell proliferation [50]. In consistent with the 
previous studies, our data indicated the phosphoryla-
tion of EIF4EBP1_pT37 was positively correlated with 
the upregulation of translational imitation, cell growth 
regulation and mTOR signaling pathway, supporting 
by the positive correlation between the abundance of 
EIF4EBP1_pT37 and the protein expression of EIF4E3, 
RPTOR, and AKT1S1 (Fig. 4M–O, Additional file 8: Fig. 
S8H-J). The enhanced RNA translation efficiency was 
reported to be associated with the elevated tumor cell 
proliferation [51]. Accordingly, the protein expression 
of EIF4E3, RPTOR, and AKT1S1 were all significantly 
associated with the MGPS, suggesting the elevated RNA 
translation efficiency led by EIF4EBP1_pT37 could pro-
mote tumor cell proliferation (Fig. 4P). In summary, these 
results suggest that MTOR mutations and 10q25.3 dele-
tion inhibit cell proliferation, possibly through a same 
mechanism of modulating mTOR signaling pathway 
(Fig. 4Q), which provides an explanation for the mutual 
exclusivity between these frequent genomic aberrations 
in PDAC patients with the history of diabetes.

8p11.22 amplification associated with PDAC metastasis
Metastasis is the leading cause of death of PDAC patients 
[52], a complex multi-step process involving local inva-
sion, intravasation, extravasation, adapting to survival 

in new microenvironment, and finally colonize and out-
growth in distant body site [53]. However, our under-
standing in molecular mechanisms of PDAC has far not 
outpaced that in molecular traits of metastatic spread. 
To help development of effective treatment and improve 
prognosis, it is crucial to understand the molecular 
mechanisms of the distant metastasis of PDAC. In our 
cohort, 71.2% of PDAC patients (n = 161) had the metas-
tasis/non-metastasis records, including 93 metastatic 
patients, and 68 non-metastatic patients. The informa-
tion of PDAC remote metastasis came from 80  months 
of follow-up and samples used in our study were pri-
mary tumor without remote metastatic samples. We 
investigated the association of the genetic alterations 
with metastasis, and observed that the amplification of 
8p11.22 (Fisher’s exact test, P < 1.0E−4) and mutations of 
SCN5A, SSPO, KMT2A, COL6A6, FRY showed obvious 
distinction in metastasis and non-metastasis patients. 
GSVA score showed the upregulation of spliceosome, 
mismatch repair, cell cycle and NOD like receptor signal-
ing pathway and the downregulation of pathways relevant 
to fatty acid and glycine metabolism in the metastasis 
patients (Fig. 5A, Additional file 27: Table S5A-C).

Importantly, the amplification frequency of locus 
8p11.22 was significantly higher in PDAC metastatic 
patients (Metastasis vs non-metastasis: 14 vs 2, Fish-
er’s exact test, P < 1.0E−4) (Fig.  5B). We then evaluated 
the cis-effect of genes located on this locus, and identi-
fied ADAM9 and PLEKHA2 showed significantly cis-
effects on their cognate proteins (Fig.  5C, Additional 
file  27: Table  S5D). Survival analysis further indicated 
the expression of ADAM9 was significantly associated 
with patients’ overall survival (HR = 38.9, P = 0.01, CI: 
2.3–648.9), which was verified by the CPTAC cohort [17] 
(Fig.  5D). These results suggested that ADAM9 might 

(See figure on next page.)
Fig. 5. 8p11.22 amplification is associated with PDAC metastasis. A Heatmap illustrating the different metastatic sites, genomic alternations, 
biological pathways and xCell signatures of PDAC metastatic patients and non-metastatic patients (Fisher’s exact test). B 8p11.22 amplification 
in PDAC metastatic patients and non-metastatic patients (Fisher’s exact test). C The heatmap indicating the cis-effects of ADAM9 and PLEKHA2 
at chromosome locus 8p11.22 (Spearman’s correlation). D The forest plot indicating the hazard ratio of ADAM9 and PLEKHA2 in Fudan cohort 
and CPTAC cohort. E The schematic work flow of transwell migration assay to evaluate the role of ADAM9 in promoting tumor cell metastasis. F 
The bar plots indicated the migrated cell counts of PANC-1 cells under different treatments. G Representative images of migrated PANC-1 cells. 
Scale bar, 50 μm. H Spearman-rank correlation of the abundance of ADAM9 and epithelial cell migration (GSVA score) (Spearman’s correlation). 
I Heatmap of the relative abundance of epithelial-cell-migration-related proteins that are significantly associated with ADAM9 expression. The 
fold change of proteins average expression between tumors and NATs and the correlation coefficient with ADAM9 are shown on the right. J 
The percent of metastatic patients and non-metastatic patients in high ADAM9/low CDCP1 and high ADAM9/high CDCP1 groups (Fisher’s exact 
test). K Spearman-rank correlation of the abundance of CDCP1 and SRC (upper). The heatmap on the bottom depicts the CDCP1 and SRC protein 
expression (bottom) (Spearman’s correlation). L Spearman-rank correlation of the abundance of SRC and WNT signaling pathway (GSVA score). M 
Flow chart for identification of SRC substrates that are significantly positively correlated with SRC expression. N Heatmap of the relative abundance 
of WNT-signaling-related proteins that are significantly associated with SRC expression (left). Spearman’s correlation is showed on the right. O The 
protein–protein interaction networks describing the interactions between ADAM9 and proteins involved in tumor microenvironment and between 
CDCP1 and proteins enriched in WNT signaling pathway. P Representative immunohistochemical staining pattern for ADAM9 and CDCP1 proteins 
on three tumor samples of metastatic patients. Q Representative immunohistochemical staining pattern for ADAM9 and CDCP1 proteins on two 
tumor samples of non-metastatic patients. ****p < 1.0E−4, ***p < 1.0E−3, **p < 1.0E−2, *p < 0.05, ns > 0.05
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promote PDAC metastasis. To confirm our finding, we 
constructed ADAM9 knocking down PANC-1 cell lines 
(PANC-1-ADAM9-KD) (Additional file  9: Fig. S9A, 
Methods), and conducted transwell migration assay. As 
a result, transwell migration assay confirmed our find-
ings and showed decreased cell migration ability after 
ADAM9 knocked down (Fig. 5E–G).

ADAM9 is an active member of the family of trans-
membrane ADAMs, regulating cell behavior by binding 
cell-surface receptors such as integrin and membrane-
type matrix metalloproteases [54]. Aiming to illustrate 
the mechanism underline higher ADAM9 expression 
in driving PDAC metastasis, we conducted correlation 
analysis, and found the epithelial cell migration was posi-
tively correlated with the protein expression of ADAM9 
(Fig.  5H). Coordinately, epithelial cell migration-related 
proteins (ITGA3, ITGB1, MMP14 etc.) also showed the 
same expression tendency with ADAM9, and elevated 
expression in metastatic samples. On the contrary, colla-
gens such as COL6A1 and COL6A2 were negatively cor-
related with the protein expression of ADAM9, and were 
decreased in metastatic samples. These results suggested 
the possible mechanism of ADAM9 promoted PDAC 
metastasis through tumor-stromal interactions (Fig.  5I). 
We then hypothesized that ADAM9 might enhance 
PDAC metastasis by upregulating epithelial cell migra-
tion and degrading collagens.

To confirm this assumption, we transfected PANC-1 
cell lines with ADAM9 siRNA and utilized scrambled 
siRNA as control, then conducted comparative prot-
eomic analysis (Additional file 10: Fig. S10A). As a result, 
proteins that showed significantly decreased expres-
sion in ADAM9 knocked down PANC-1 cell lines were 
enriched in cell migration, WNT signaling pathway, and 
extracellular matrix disassembly (Additional file  10: Fig. 
S10B). Accordingly, proteins participated in WNT sign-
aling pathway and cell migration and angiogenesis were 
significantly decreased in PANC-1 cells transfected with 
ADAM9 siRNAs. Whereas proteins like collagen fam-
ily members were significantly elevated in PANC-1 cells 
transfected with ADAM9 siRNAs (Additional file 10: Fig. 
S10C, Additional file  27: Table  S5G). These conclusions 
verified our hypothesis that ADAM9 could promote 
tumor cell metastasis through elevated cell migration and 
degrading collagens.

Published papers indicated the ADAM9 can cooperate 
with other transmembrane proteins to promote migra-
tion. CDCP1 as a potential downstream transmembrane 
protein of ADAM9, was identified with the most sig-
nificantly positive correlation with ADAM9 among all 
ADAM9-interacting proteins (Additional file 9: Fig. S9B, 
Additional file 27: Table S5E). Intriguingly, the percentage 

of metastatic patients were higher in patients with 
both elevated expression of ADAM9 and CDCP1 than 
patients with ADAM9 high expression and CDCP1 low 
expression (Fig. 5J). Functionally, as a glycosylated trans-
membrane protein, CDCP1 served as receptor, medi-
ated multiple pathways such as WNT signaling pathway 
[55], cell migration [56]. To further illustrate the down-
stream pathways regulated by CDCP1, we conducted 
correlation analysis, and found the kinase–substrate pair 
SRC-CTNNB1_pS191. It was implicated that WNT sign-
aling pathway was positively correlated with the protein 
expression of CDCP1, suggesting the possible causal 
link between CDCP1 and activated WNT signaling 
pathway in metastatic patients (Fig.  5K–M, Additional 
file 9: Fig. S9C). We explored the expression of the main 
components in WNT signaling pathway, observed pro-
teins including JUP, GID8, CUL3, etc. showed similar 
expression tendency with SRC, which further confirmed 
CDCP1 mediated upregulation of WNT signaling path-
way in promoting metastasis (Fig.  5N, O, Additional 
file  27: Table  S5F). Immunohistochemical staining of 
ADAM9 and CDCP1 in the tumors of metastatic and 
non-metastatic patients confirmed the presence of strong 
signals in the tumors of metastatic patients, but not in 
non-metastatic patients (Fig.  5P, Q). More importantly, 
the significant positive correlation between ADAM9 
with CDCP1, and CDCP1 with SRC were also observed 
in CPTAC cohort (Additional file  9: Fig. S9D), empha-
sized the functional link among them. Accordingly, the 
protein expression of ADAM9 and the GSVA score of 
epithelial cell migration was also observed in CPTAC 
cohort, which further confirmed the regulatory role of 
ADAM9 in promoting cell migration (Additional file  9: 
Fig. S9E-G).

To further confirm the causal link between ADAM9, 
CDCP1 and PDAC metastasis, we also performed IP-MS 
to identify ADAM9-interacting proteins utilizing anti-
ADAM9 antibody in both PANC-1 cells with and with-
out ADAM9 knocked down (PANC-1-ADAM9-KD) 
(Additional file 10: Fig. S10D). Compared with PANC-1 
treated with scrambled siRNA, 39 proteins that specifi-
cally interacted with ADAM9 were identified in PANC-
1-ADAM9-KD group (Additional file  27: Table  S5H). 
GO enrichment revealed the main biological pathways 
that most significantly enriched by ADAM9 interacted 
proteins were WNT signaling pathway, TGFβ signaling 
pathway and degradation of ECM (Additional file  10: 
Fig. S10E). Importantly, among these proteins, CDCP1 
showed strongest interaction with ADAM9 (Additional 
file  10: Fig. S10F), which further confirmed the causal 
link among ADAM9, CDCP1 and PDAC metastasis.
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Generally, 8p11.22 amplification promoted metastasis 
by upregulating ADAM9 expression and activated WNT 
signaling pathway. 8p11.22 amplification might be a bio-
marker for PDAC to predict metastasis.

To gain greater insight into the relationship between 
molecular  features and  different metastatic  sites of 
PDAC, we further accessed the differential multi-
omics features of the primary tumors, which metas-
tasize to the different sites after the operation. 
According to the clinical record in our cohort, we 
grouped the metastasis patients into liver-metastasis 
(n = 50), lung-metastasis (n = 7), peritoneal-metasta-
sis (n = 13), other-metastasis (n = 6), and multi-sites-
metastasis (n = 17). We compared ADAM9 protein 
expression between patients with different metastatic 
sites and found no significant differences (Additional 
file 9: Fig. S9J), implied that the expression of ADAM9 
might have no significant impact on the metastatic 
sites. Next, we performed weighted gene correla-
tion network analysis (WGCNA) and found obvious 
association between the proteomic modules and the 
metastasis sites. The correlations between MEbrown 
and liver, MEmagenta and lung, MEpurple and peri-
toneal, MEred and other sites, and MEcyan or MEtan 
and multi-sites are shown in Additional file  9: Fig. 
S9H (Additional file  27: Table  S5I-J). These modules 
with the metastatic site-specific enrichment showed 
that liver was featured by oxidative phosphorylation 
(including ATP5D, NDUFB3, NDUFV3, and CYC1) 
and pancreatic secretion (including CPB1, CEL, 
CELA3A, and PRSS1), lung was featured by immune 
relative pathway such as leukocyte transendothe-
lial migration (including CST3, DSP, CTNNA1, and 

STAT3), peritoneal was characterized by ECM rela-
tive pathway such as focal adhesion (including PKP3, 
MYL6, CAV1, and PPP1R12C). The histone fam-
ily proteins were overrepresented in the multi-site-
metastasis group, such as HIST1H1B, HIST1H1C, and 
HIST1H1D (Additional file  9: Fig. S9I). Altogether, 
site-specific features at a multi-omics level provided 
a clue of the potential therapy strategy for PDAC 
patients.

Proteomic subtypes of PDAC patients
As the current radiologic or pathologic staging system 
used for PDAC could not precisely predict prognosis or 
provide indications for effective treatment, we employed 
a consensus clustering [57] based on proteins expres-
sion ranks in the tumor samples, and identified three 
subgroups among the 217 PDAC tumors (Fig. 6A, Addi-
tional file 11: Fig. S11A-B, Additional file 28: Table S6A-
B, Methods).

Combined with clinical data, we found the proteomic 
subgroups significantly differed in overall survival (OS; 
log-rank test, P = 0.01) and disease free survival (DFS; 
log-rank test, P = 0.04, Fig.  6B). Evaluation of the clini-
cal features of the proteomic subgroups revealed that 
the S-III subgroup, which had a poorest overall survival, 
was characterized with 100 percentage of pancreati-
coduodenal patients, and comparatively high percentage 
of patients with jaundice (46.3%) (Fig.  6A). Addition-
ally, we observed no significantly difference in tumor 
purity among proteomic subgroups (Additional file  15: 
Fig. S15A). GO enrichment analysis revealed that S-I 
(denoted by glycolysis and TCA cycle) was associated 
with metabolic bioprocesses including tricarboxylic 

Fig. 6 Multi-omics subtypes of PDAC patients. A Consensus-clustering analysis of proteomic profiling identifying three proteomic subtypes: 
S-I (blue, n = 57), S-II (pink, n = 106) and S-III (yellow, n = 54). The associations of proteomic subtypes with mutation information and clinical 
characteristics are annotated in the middle panel. The heatmap depicts the relative abundance of signature proteins (bottom). B The association 
of three proteomic subtypes with clinical outcomes in 217 PDAC samples (log-rank test). OS, overall survival; DFS, disease free survival. C Gene 
Ontology (GO) terms enriched in the three proteomic subtypes. D, E Spearman-rank correlation of CNA and protein that highly expressed in S-III. 
The significant correlations are colored in pink, and prognostic related proteins are labeled with purple circles (D). The cis-effect of GRB7 among 
CNA and protein is shown in (E). F P values for the correlation between IRF6 protein expression and prognosis in six kinds of gastrointestinal tumors 
in TCGA data. G Spearman-rank correlation of the abundance of GRB7 protein and GSVA score. Pink, cell cycle; purple, ERBB signaling pathway; 
blue, apoptosis. H The Venn plot on the left depicting the activated kinases in S-III and heatmaps on the right showing the global abundance and 
the kinase activity score of these selected kinases. For each kinase, the P value of its global abundance and kinase activity among three subtypes 
are shown in the center panel. I Spearman-rank correlation of the abundance of GRB7 and AKT2. J The boxplot indicating the comparison of 
kinase activity of AKT2 among three subtypes (one-way ANOVA). K Spearman-rank correlation of the abundance of AKT2 and GSVA score of cell 
cycle. L Scatter plot displaying the association between each phosphosites’ abundance with the global abundance of AKT2 (y axis) versus the 
global abundance of GRB7 (x axis). Cell cycle-associated phosphosites are labeled in pink. M The scatter plot indicating the cell lines with higher 
level of GRB7 protein expressions are more sensitive to ERBB2 inhibitor treatment (lower IC50) (Spearman’s correlation). N The bar plot indicating 
the frequency of pancreatic head (H-PDAC) and pancreatic body and tail (BT-PDAC) among three subtypes (Fisher’s exact test). O The heatmap 
indicating the GSVA scores of the pathway between H-PDAC and BT-PDAC in proteome and phosphoproteome levels. Each column represented 
a patient sample, color of each cell showed GSVA scores. P, Q The boxplot indicating the comparison of abundance of GRB7 (P) and MGPS (Q) 
score between H-PDAC and BT-PDAC (Student’s t test). R The heatmap indicating the cascading expression patterns of ERBB2, GRB7, and cell cycle 
related genes between tumor locations. The hazard ratios of these proteins are showed on the right. S Illustration of the regulatory role of GRB7 
amplification. ****p < 1.0E−4, ***p < 1.0E−3, **p < 1.0E−2, *p < 0.05, ns > 0.05

(See figure on next page.)
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acid cycle (TCA), fatty acid metabolism, and glycolysis; 
S-II (denoted by blood coagulation) was associated with 
blood coagulation; whereas S-III (denoted as cell cycle) 
was featured with ERBB2 signaling pathway, DNA dam-
age response, and cell cycle (Fig.  6C, Additional file  28: 
Table  S6C). Importantly, glycolysis-related proteins 
PFKL and MDH2 enriched in S-I (ANOVA, Benjamini–
Hochberg adjusted p < 0.05), blood coagulation-related 
proteins FGG and GP1BA enriched in S-II (ANOVA, 
P < 0.05) were positively associated with prognosis (log-
rank test, Benjamini–Hochberg adjusted p < 0.05) (Addi-
tional file 11: Fig. S11D). In contrast, MCM2 and NCF1 
were highly expressed in the S-III, and were negatively 
associated with prognosis (log-rank test, Benjamini–
Hochberg adjusted p < 0.05) (Additional file  11: Fig. 
S11D).

We further observed the distinctive molecular features 
of three proteomic subgroups at transcriptomic and 
proteomic level. Particularly, 754 genes, 233 genes and 
350 genes showed elevated expression at both mRNA 
and protein level in S-I, S-II, and S-III, respectively. For 
instance, the expression of some reported molecular such 
as, APOA1, S100A4, and C19orf33, showed consistent 
expression tendency at both proteomic and transcrip-
tomic level [17, 58, 59] (Additional file 12: Fig. S12A-C). 
Noticeably, although both proteomic and transcriptomic 
data could reveal the specific molecular features of dis-
tinctive subgroup, some alterations of druggable targets 
were only observed at proteomic level. For instance, the 
key molecules of ErbB_EGFR signaling pathway (ERBB2, 
MAP2K7, etc.), only showed significantly elevated 
expression among three subtypes at proteomic level 
(Additional file  12: Fig. S12D). These findings implied 
that the proteomic data provided an opportunity for fur-
ther exploration of the mechanism of PDAC.

In addition, with the tremendous appeal of kinases as 
drug targets, it is of great importance to characterize the 
distinctive kinase phosphosubstrate among the three 
proteomic subtypes. The phosphoproteomic analysis of 
kinase revealed the obvious difference in three proteomic 
subtypes (Additional file  12: Fig. S12E-F). Further inte-
grative analysis among phosphosubstrates and kinases 
revealed the similar prognostic tendency between kinase 
and their phosphosubstrate, such as the dominant kinase 
PRKCB and its substrate HMGA1_pT42 in S-I, and 
kinase MTOR and its substrate SRRM2_pS1329 in S-III 
(log-rank test, P < 0.05) (Additional file  12: Fig. S12G). 
These results implied that patients belonging to differ-
ent proteome subtypes had different kinase profiles and 
might be suitable for different therapeutic strategies.

To further assess the intersection of our proteomic 
subtypes with TNM stage, we compared subtypes assign-
ment of 217 patients using each of the two classifiers. 

As a result, there was no significant correlation between 
proteomic subtype and TNM stage distribution (Fig. 6A). 
Importantly, the early-stage (IA and IB) PDAC was 
orthogonally distributed across the three proteomic 
subtypes, suggesting that this class was not restricted 
to a specific proteomic feature (Additional file  13: Fig. 
S13A). Further survival analysis revealed that our pro-
teomic subtyping could capture differences in survival 
in the early-stage PDACs, suggested that our proteomic 
subtype might indicate the prognosis for patients with 
early-stage PDAC (Additional file 13: Fig. S13B). Pathway 
enrichment analysis clearly demonstrated similar molec-
ular features among the three proteomic subgroups in 
early-stage PDAC patients (Additional file 13: Fig. S13C). 
Similarly, differentially expressed kinase signatures 
among the three proteomic subtypes were also present 
in patients with early-stage PDAC (Additional file 13: Fig. 
S13D). Furthermore, univariate analysis showed that our 
proteomic subtype might be an independent prognostic 
indicator for PDAC patients (Table 2).

We also conducted clustering analyses on the tumor 
transcriptome (n = 54, consensus clustering) and phos-
phoproteome (n = 113, consensus clustering), and 

Table 2 Univariate analysis of overall survival in PDAC patients

No. of patients HR (95% CI) P value

Age 226 0.98 (0.96–1.01) 0.189

History of diabetes 1.33 (0.75–2.33) 0.327

 Yes 44

 No 183

 Not sure 2

TNM stage* 1.2 (1–1.45) 0.046

 IA 28

 IB 77

 IIA 16

 IIB 89

 III 19

ECM subtype 1.33 (0.97–1.82) 0.076

 Deserted 48

 Inter 77

 Reactive 85

Proteomic subtype* 1.5 (1.09–2.06) 0.012

 S-I 57

 S-II 106

 S-III 54

Immune subtype** 0.38 (0.2–0.7) 0.002

 Im-S-I 9

 Im-S-II 15

 Im-S-III 9

 Im-S-IV 8

 Im-S-V 13
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identified three subtypes in each dataset (Additional 
file  11: Fig. S11A). Generally, a moderate concordance 
among the transcriptomic, proteomic, and phosphopro-
teomic subtypes was revealed (45% between proteomic 
and phosphoproteomic subtypes and 39% between pro-
teomic and transcriptomic subtypes). There was no 
obvious difference of the proportion of transcriptomic 
subtypes among three proteomic subtypes (P = 0.85) 
(Additional file 11: Fig. S11C).

Next, we applied the Collisson’s transcriptomics-
based subtyping strategies for PDAC to the entire set of 
tumors to explore inter-sample heterogeneity [60]. As a 
result, the significant concordance was observed between 
our proteome-based subtypes and Collisson’s subtypes 
(Additional file 11: Fig. S11E). For instance, our S-I sub-
group overlapped with “classic” (80.7% overlap), our S-II 
subgroup overlapped with “exocrine-like” (62.3% overlap) 
and our S-III subgroup mainly overlapped with “QM-
PDA” (98.1% overlap). Notably, even though the major-
ity of the “QM-PDA” tumors were classified into S-III 
subgroup, 21 “QM-PDA” tumors were classified into our 
S-II subgroup (Fig.  6A). Interestingly, splitting “QM-
PDA” tumors according to the proteome-based clusters 
revealed a trend of distinct prognostic outcomes (Addi-
tional file 11: Fig. S11F). Concordantly, we observed that 
for 217 PDAC samples with both proteome-based and 
Collisson’s assignments, the proteome-based subtypes 
showed stronger prognostic separation than Collisson-
dichotomized subtypes (log-rank test, P = 0.01 versus 
P = 0.19). We further performed comparative analysis 
between the proteome-based S-II and S-III “QM-PDA” 
tumors. As a result, the S-III “QM-PDA” tumors pre-
sented an aggressive characteristic. Proteins elevated in 
this S-III “QM-PDA” subgroup were dominant in mRNA 
splicing and cell proliferation process (Additional file 11: 
Fig. S11G-H). Together, these results supported the 
association of proteome-based subtyping with patient 
outcome. Further experimental investigation of the over-
activated proliferative and signaling pathways in the 
poor prognosis proteome-based S-III might facilitate the 
development of subtype-specific therapeutic strategies.

In addition, we also performed consensus clustering for 
137 CPTAC tumor samples in the same way as we used 
in our study, and stratified three proteomic subgroups 
with significant prognostic values [17] (Additional file 14: 
Fig. S14A-E and J). Subgroup-specific pathway enrich-
ment analysis clearly demonstrated similar molecular 
features among the three proteomic subgroups (S-I: met-
abolic bioprocesses; S-II: blood coagulation; S-III: cell 
cycle) in CPTAC cohort and Fudan cohort (Additional 
file 14: Fig. S14D-F). These results supported the reliable 
subgrouping procedure in our study. In addition, we con-
ducted an integrated analysis of characteristic proteins of 

three subgroups and the clinical information to explore 
the association of our proteomic subtypes with patients’ 
outcome. Three characteristic proteins (DPT, NAMPT, 
and MCM7) which significantly associated with prog-
nosis were identified in both Fudan and CPTAC cohort 
(Additional file  14: Fig. S14I), revealing the prognostic 
relevance of proteomic subtypes, further highlighting the 
clinical implications of our proteomic subtypes.

In order to find proteins that could be used to verify 
each proteomic subtypes by immunohistochemistry, we 
set the following criteria to screen discriminative mark-
ers for PDAC proteomic subtypes: (1) expressed in at 
least 90% of samples; (2) expression of protein in S-I, S-II 
or S-III was significantly higher than the other two sub-
types (ratio > 1.5, Benjamini–Hochberg adjusted p < 0.05); 
(3) related to prognosis. We finally identified 34 proteins 
biomarkers (ACOX1, LTF and MCM2 etc.) that showed 
dominant expression in a specific proteomic subgroup 
and were functionally relevant to the main function of 
the distinctive subgroup (Additional file  15: Fig. S15B-
C). We then randomly selected 3 protein marker can-
didates (S-I: ACOX1; S-II: S100A4; S-III: MCM6) and 
validated their expression in specific proteome-subgroup 
by immunohistochemistry (IHC) (Additional file 15: Fig. 
S15D). These suggested that the panel of biomarker can-
didates could be potential candidates used to distinguish 
different subtypes, implying the possibility to directly 
translate our findings into laboratory tests.

GRB7 amplification was enriched in S‑III subgroup
To explore the mechanism of different proteomic sub-
types, we focused on the changes on genome level. We 
observed the subtype-specific mutations: S-I had the 
highest mutational frequency of UNC80 (17.1%, Fish-
er’s exact test) and ITPR1 (17.1%), which were involved 
in transport of glucose; LAMA3 mutations specifically 
occurred in the S-II (7.9%); whereas S-III had the high-
est mutational frequency of HUWE1 (10.8%), which was 
involved in DNA damage response and VEGF receptor 
signaling [61] (Fig.  6A). We also observed the subtype-
specific SCNA: PIK3CB (3q22.3, 11.4%, Fisher’s exact 
test) was higher amplificated in S-I; the amplification of 
platelet glycoprotein Ibα(GP1BA) specifically occurred 
in the S-II (17p13.2, 5.2%); whereas S-III had the highest 
amplification of GRB7, which were involved in cell cycle 
process (17q12, 16.2%) [62] (Fig. 6A).

Noticeably, S-III subgroup showed poor prognosis was 
characterized with higher amplification frequency of 
GRB7 (location:17q12, S-I:8.6%, S-II:10.4%, S-III:16.2%), 
at genomic level. Gene ontology analysis showed the 
enhanced enrichment of ERBB2 signaling pathway, and 
cell cycle process at proteomic level (Fig.  6C). GRB7 is 
an oncogene, participating in various signaling pathways 
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implicated in cell migration, metastatic invasion, cell pro-
liferation and tumor-associated angiogenesis [62]. Com-
bined with proteomic data, we observed the cis-effect 
of GRB7 on its cognate protein’s expression (Fig. 6D, E). 
Besides, survival analysis revealed that the higher protein 
expression of GRB7 was associated with poor prognosis. 
This observation was further supported by TCGA data. 
Intriguingly, we found among the 6 digestive systems 
tumor types, GRB7 was most significantly associated 
with prognosis in PDAC, further emphasized the clinical 
importance of GRB7 in PDAC (Fig. 6F).

Previous studies have indicated that upregulated GRB7 
could promote proliferation and tumorigenesis via AKT 
pathway and could be affected by ERBB [63, 64]. Consist-
ent with previous studies, our data showed strong asso-
ciation between the protein expression of GRB7 and the 
GSVA score of ERBB signaling pathway and cell cycle 
process, suggested the regulatory role of GRB7 in lead-
ing to poor prognosis through upregulating ERBB-cell 
cycle process (Fig. 6G). To decipher this hypothesis, we 
analyzed the 394 S-III highly expressed ERBB-cell cycle-
related proteins, and found 8 kinases (AKT1, ERBB2, 
ROCK1, etc.) were activated in S-III, in which the top-
ranked kinase AKT2 was positively correlated with the 
protein expression of GRB7 (Fig. 6H–J; Additional file 28: 
Table S6D). Consistently, the protein expression of AKT2 
was also positively correlated with the cell cycle process 
(Fig.  6K). In addition, GRB7, ERBB2, and AKT2 were 
also highly expressed in S-III which were characterized 
by cell cycle in CPTAC cohort [17] (Additional file  14: 
Fig. S14G-H). These results proposed the possible causal 
link between GRB7 and cell cycle process, mediated by 
AKT2. We then employed a network-based approach to 
study the effect of AKT2 under GRB7 amplification on 
the phosphoproteome. The elevated abundance of phos-
phosites enriched in cell cycle, such as MYL9_pS20, 
ITGB4_pT1530, and LSM14A_pS183, were significantly 
associated with the high expression of both GRB7 and 
AKT2 (Fig. 6L). Moreover, examining published cell line 
perturbation experiments from GDSC, we found the cell 
lines with higher GRB7 expression were more sensitive 
to LAPATINIB (ERBB inhibitor) (Fig. 6M). These results 
suggested regulatory role of AKT2 in promoting ERBB-
cell cycle process in GRB7 amplificated tumors, and pro-
vided a possible therapeutical option of inhibiting ERBB2 
in GRB7 amplification PDAC patients.

ERBB2‑cell cycle signaling axis promoted cell proliferation 
of H‑PDAC patients
According to previous researches, tumor location 
strongly associated with the prognosis of PDAC [65]. 
Patients with tumor located on head (H-PDAC) showed 
poor prognosis comparing to the patients with tumor 

located on body-tail (BT-PDAC) in both Fudan and 
CPTAC cohort [17] (Additional file 11: Fig. S11I). Inter-
estingly, the GSVA score of ERBB2 signaling pathway and 
cell cycle were higher in H-PDAC both in protein and 
phosphoprotein level, and similar results were verified in 
the CPTAC cohort (Fig. 6O, Additional file 11: Fig. S11J, 
Additional file 28: Table S6E). Furthermore, we observed 
comparing to the S-I and S-II, tumors of S-III patients 
(shortest overall survival) were all H-PDAC (Fig. 6N).

To illustrate the molecular features which contrib-
uted to the poor prognosis of H-PDAC, comparative 
analysis was performed. As a result, the pathways over-
represented in H-PDCA tumors were also ERBB2-cell 
cycle signaling axis (Student’s t test, P < 0.05), support-
ing by the elevated protein expression of GRB7, ERBB2, 
AKT2, MCM2/3/5/6/7 (Student’s t test, P < 0.05) and 
higher MGPS in H-PDAC (Fig. 6P–R, Additional file 28: 
Table S6F). Further survival analysis revealed that these 
proteins implicated in GRBP7-ERBB2-AKT2-cell cycle 
signaling axis were related to the poor prognosis.

In sum, these findings portrayed an GRBP7-ERBB2-
AKT2-cell cycle signaling axis promoted enhanced pro-
liferation feature of H-PDAC, and provided possible 
therapeutical target for H-PDAC (LAPATINIB: ERBB2, 
MK-2206: AKT2, EFO_1000044: CDK12/9) (Fig. 6S).

Characterization of immune infiltration in PDAC
Although immunotherapy has been used as a novel treat-
ment for PDAC, its efficacy differs among patients. To 
better understand the features of immune infiltration 
in PDAC, we performed xCell (https:// xcell. ucsf. edu) 
(Methods), based on the transcriptomic data to infer rela-
tive abundance of different cell types in the tumor micro-
environment (Fig.  7A, Additional file  29: Table  S7A-C). 
Consensus clustering based on inferred cell proportion 
helped identify the following five subgroups of tumors 
with distinct immune and stromal features: Im-S-I 
(Stromal: n = 9), Im-S-II (Monocyte-Inflamed: n = 15), 
Im-S-III (Macrophage-Inflamed: n = 9), Im-S-IV (Met-
abolic-Neuron-Inflamed: n = 9) and Im-S-V (Metabolic-
cDC-Inflamed: n = 13). Survival analysis indicated the 
immune subgroups significantly differed in overall sur-
vival (OS; log-rank test, P = 7.7E−3), suggesting that 
different type of immune cell infiltration could lead to 
diverse prognostic outcomes (Fig. 7B).

The stromal subgroup, containing relatively young 
patients, was characterized by endothelial cells and ele-
vated expression of stromal related proteins (COL17A1, 
COL7A1, ITGA3, etc.). Pathway analysis indicated that 
the stromal group showed upregulation of EGFR sign-
aling pathway, ERBB2 signaling pathway. The Mono-
cyte-Inflamed subgroup was characterized by high level 
of monocytes-infiltration and low T cell infiltration. 

https://xcell.ucsf.edu
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Pathway analysis indicated that this subgroup showed 
upregulation of FGFRs signaling pathway. The Mac-
rophage-Inflamed subgroup, showed infiltration of 
tumor-associated macrophage (TAM) and increased 
expression of the immune evasion marker HAVCR2 
(TIM-3). In concordant with previous studies which 
emphasized the TAM infiltration is associated with a 
poor prognosis [66], this subgroup was also showed 
comparatively poor prognosis (Fig. 7B). Pathway enrich-
ment revealed significant enrichment of NF-κB signaling 
pathway which implicated in the macrophage activation. 
The Metabolic-Neuron-Inflamed subgroup was charac-
terized by neurons. Pathway analysis indicated that this 
subgroup showed upregulation of neuronal receptors and 
channels. The Metabolic-cDC-Inflamed group was char-
acterized by cDC,  CD4+ Tcm and B cells, etc. Pathway 
analysis indicated that this group showed upregulation 
of triglyceride and lipid catabolic process. Accordingly, 
the antigen presentation MHC molecules: HLA-E, HLA-
DQA1, HLA-DQB1, HLA-DRA, were enhanced in this 
subgroup (Fig. 7C).

In order to explore the correlation of immune subtype 
with age, we compared age among 5 immune subtypes. 
The age of patients in Im-S-I, Im-S-II and Im-S-III were 
younger than patients in Im-S-IV and Im-S-V (Additional 
file 16: Fig. S16A). These results suggested that younger 
PDAC patients might have less immune infiltration com-
pared to older PDAC patients. To confirm this observa-
tion, we referred clinical and transcriptomic data from 
TCGA-PDAC cohort [67], performed xCell deconvolu-
tion analysis based on transcriptomic data, and dichoto-
mized patients into younger and older groups based on 
age (younger group: median = 58 versus older group: 
median = 66). By comparing the xCell algorism-based cell 
deconvolution results among the two groups, we found 
the patients belong to the younger group showed lower 

immune scores, suggested less immune cell infiltration 
(Additional file 16: Fig. S16B). On the contrary, patients 
in older group were featured with elevated immune cell 
infiltrations. Enrichment score of the cells, such as pro 
B cells, pDC and  CD8+ Tem, were higher in older group 
than younger group (Additional file 16: Fig. S16B). These 
results confirmed our finding that older patients had 
more immune cell infiltration than younger patients, 
implying the immune therapy might be more likely to 
benefit older patients.

To assess the intersection of our immune subtypes 
with proteomic subtypes, we compared subtypes assign-
ment of PDAC patients using each of the two classifiers. 
As a result, the S-II subtype was orthogonally distributed 
across the five immune subtypes, suggesting the prot-
eomic subtypes was not restricted to a specific immune 
feature (Additional file 16: Fig. S16C-D). Further survival 
analysis revealed that our proteomic subtyping could 
capture differences in survival in S-II subtype (Additional 
file 16: Fig. S16E). We then conducted comparative analy-
sis and found the immune cell infiltration characteristics 
of the five immune subtypes in S-II were also Th1 cells 
(Im-S-I), fibroblasts, monocytes (Im-S-II), macrophages, 
macrophages M2 (Im-S-III), neurons (Im-S-IV) and 
basophils, CD4 + Tcm, cDC, iDC (Im-S-V) (Additional 
file 16: Fig. S16F).

The role of FH in affecting tumor progression 
and microenvironment in PDAC
The immune subtypes were annotated based on their 
gene expression profiles and immune cells infiltration. 
Im-S-II and Im-S-III had similar expression signature, 
and Im-S-IV and Im-S-V had similar expression signa-
ture (Additional file 16: Fig. S16G-H). The prognosis was 
similar for Im-S-II and Im-S-III and similar for Im-S-IV 
and Im-S-V. Based on the above observation, we merged 

(See figure on next page.)
Fig. 7 Characterization of Immune Infiltration in PDAC. A Heatmap illustrating cell type compositions and activities of selected individual gene/
proteins and pathways across 5 immune clusters. The heatmap in the first section illustrates the immune/stromal signatures from xCell. RNA 
and protein abundance of immune-related markers and GSVA scores based on mRNA data for biological pathways upregulated in different 
immune groups are illustrated in the remaining sections. B Kaplan–Meier curves for overall survival based on immune clusters (log-rank test). C 
Key upregulated pathways based on RNA-seq for each immune cluster showing in the annotation boxes. D Boxplot illustrating blood glucose 
among Im-I, Im-II&III and Im-IV&V (one-way ANOVA). E Kaplan–Meier curves for overall survival based on blood glucose high patients (n = 26) 
and blood glucose low patients (n = 26) (log-rank test) involved in immune clusters. F FH amplification status in 3 immune clusters (Fisher’s exact 
test). G Boxplot illustrating FH protein expression among Im-I, Im-II&III and Im-IV&V (one-way ANOVA). H The heatmap indicating the cis-effect 
of FH amplification (Spearman’s correlation). I Heatmap illustrating 3 key enzymes’ expression among Im-I, Im-II&III and Im-IV&V (right). These key 
enzymes are involved in TCA cycle (left). J Spearman-rank correlation of the abundance of 3 ATP synthases and FH (Spearman’s correlation). K 
Boxplot indicating blood glucose of patients with FH amplification and FH wild type (Wilcoxon test). L, M Boxplots indicating glucose transporter 
SLC4A2 protein expression of patients with FH amplification and FH wild type (L) (t test) and among 3 immune clusters (M) (one-way ANOVA). 
N Spearman-rank correlation of the abundance of SLC4A2 and blood glucose (Spearman’s correlation). O Distribution of monocytes and cDC 
polarization in PDAC with different FH statuses (Wilcoxon test). P Heatmap illustrating cDC, macrophage M2 and monocytes markers expression 
(left) and their correlation with FH abundance (right). Q Kaplan–Meier curves for overall survival based on cDC score high patients (n = 27) and cDC 
score low patients (n = 27) (log-rank test) involved in immune clusters. R The systematic diagram summarizing the impact of the amplification of FH 
on blood glucose and tumor microenvironment. ****p < 1.0E−4, ***p < 1.0E−3, **p < 1.0E−2, *p < 0.05, ns > 0.05
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the 5 subtypes into 3 subtypes (Im-1: Im-S-I; Im-2: Im-S-
II and Im-S-III; Im-3: Im-S-IV and Im-S-V) (Methods). 
Intriguingly, combined with clinical features, we found 
the blood glucose were comparatively lower in Im-3 (fea-
tured with metabolism). Previous studies have indicated 
that the alteration of blood glucose levels greatly affected 
tumor microenvironment and patients’ prognosis [68]. 
Consistently, our data indicated blood glucose was nega-
tively associated with overall survival (Fig. 7D, E).

To  reveal  the possible mechanisms underlined the 
blood glucose difference among the three subgroups, 
we first compared the genomic events among them, 
and observed the amplification frequency of FH was 
elevated in Im-3 (Fig. 7F, Additional file 29: Table S7D). 
Proteogenomic analysis revealed a cis-effect of FH on 
its cognate protein (Fig.  7G, H). In concordant with 
our result, the association between the protein expres-
sion of FH and its copy number were also observed in 
TCGA [14] and WSU [45] cohort (Additional file  17: 
Fig. S17A). Intriguingly, the frequencies of FH amplifi-
cation showed no difference between patients with and 
without diabetic history (Additional file 17: Fig. S17B). 
The same phenomenon was also observed in both 
TCGA and WSU cohort (Additional file 17: Fig. S17C). 
Fumarate hydratase (FH) is an enzyme of the tricarbox-
ylic acid cycle (TCA cycle) that catalyzes the hydration 
of  fumarate  into malate [69]. Therefore, we surveyed 
the TCA related proteins’ expression and observed 
the expression of several key enzymes in TCA cycle, 
including 2-oxoglutarate dehydrogenase (OGDH), 
Pyruvate dehydrogenase beta subunit (PDHB) and suc-
cinate dehydrogenase B (SDHB) were upregulated in 
Im-3 subgroup (Fig.  7I, Additional file  29: Table  S7E). 
Moreover, three ATP synthase: ATP5B, ATP5O and 
ATP6V1B2 were also positively correlated with FH 
expression and elevated in Im-3, further confirming the 
upregulation of TCA metabolism and ATP synthesis in 
Im-3 (Fig.  7J). We then hypothesized that the amplifi-
cation of FH might decrease patients’ blood glucose 
through elevated TCA cycle. To confirm this assump-
tion, we first compared the blood glucose between 
patients with and without FH amplification. As 
expected, patients with FH amplification showed lower 
blood glucose (Fig. 7K).

We then utilized siRNA to knock down the expression 
of FH in two PDAC cell lines (SW1990 and PANC-1), and 
further examined tumor cell proliferation, detected the 
tumor cell glycolytic rates as well as evaluated the con-
centration of core metabolites of glucose metabolism. 
The experiments were performed under both high glu-
cose and low glucose conditions (Additional file 17: Fig. 
S17D). As a result, comparing to cell lines transfected 
with scrambled siRNA, cell lines that knock down FH 

showed elevated cell proliferation rates in both SW1990 
and PANC-1, under both high and low glucose condi-
tions (Additional file 17: Fig. S17E). Meanwhile, we found 
that the cell lines with FH knock down showed signifi-
cantly higher tumor cell proliferation rates under high 
glucose condition, comparing to low glucose condition. 
In contrast, the cell lines transfected with scrambled 
siRNA showed no difference in tumor cell proliferation 
rates between high glucose and low glucose conditions 
(Additional file 17: Fig. S17E). These results emphasized 
the loss of FH could promote tumor cell proliferation, 
which could be further enhanced under high glucose 
condition.

To illustrate whether lower FH expression promote 
tumor cell proliferation through regulating the glucose 
metabolism, we detected glycolytic rate, glucose con-
sumption, oxaloacetate, and lactate production. As a 
result, in line with the cell proliferation patterns, the 
FH knock down cell lines exhibited decreased glycolytic 
rate, lower glucose consumption, decreased oxaloacetate 
production and increased lactate production under both 
high glucose and low glucose conditions (Additional 
file  17: Fig. S17F). These results demonstrated that FH 
knockdown might altered glucose metabolism into a 
more efficient way and led to increase tumor cell prolif-
eration, specifically under high glucose condition.

Since glucose transporters play an essential role in 
regulating both glucose concentration and TCA cycle 
activity [70]. We then surveyed the protein expression 
of GLUT family, and identified GLUT4 showed upregu-
lated protein expression in patients with FH amplifica-
tion (Fig.  7L, M). Moreover, the protein expression of 
GLUT4 was also negatively correlated with blood glucose 
(Fig. 7N). Therefore, our results indicated the FH amplifi-
cation elevated its cognate protein’s expression, increased 
the TCA cycle, ATP synthesis, and increased the glu-
cose transport, which led to decrease the patients’ blood 
glucose.

Multiple researches have emphasized the close rela-
tionship between the metabolism status of cancer cell and 
immune infiltration. Interestingly, we observed signifi-
cant difference between M2 macrophage and cDC across 
FH statuses. To be more specific, the amplification of FH 
promoted more cDC infiltration, and FH wild type had 
more M2 macrophage infiltration, which was supported 
by the positive correlation between FH and cDC signa-
ture proteins (ALCAM, ALDH1A2, DBI, RAB7A) and 
the negative correlation between FH and M2 macrophage 
markers (FGR, FTL, NDUFB1) (Fig.  7P). Coordinately, 
the cDC polarization score was higher in FH amplifica-
tion group (Fig.  7O). Moreover, the protein expression 
of cDC markers including ALCAM, ALDH1A2, DBI, 
were positively correlated with the protein expression of 
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FH, whereas the protein expression of M2 markers, and 
monocyte markers (such as BPI, FCN1, RETN) were neg-
atively correlated with the protein expression of FH, fur-
ther confirming the FH promoted the monocyte to cDC 
polarization (Fig.  7P). Survival analysis indicated higher 
cDC infiltration led to better prognosis (Fig.  7Q). More 
importantly, to further confirm the potential role of FH in 
altering monocytes and cDC infiltration in PDAC micro-
environment, we collected cultivate supernatant of both 
FH knock down cell lines and scrambled siRNA treated 
cell lines, which were cultivated in either high glucose 
or low glucose conditions, then performed compara-
tive proteomic analysis (Additional file  17: Fig. S17G). 
As a result, cytokines including CCL2, CCL3, CCL5 and 
CCL7 which participated in monocytes recruitment were 
significantly higher in cultivate supernatant of FH knock 
down cell lines, specifically under high glucose condi-
tion (Additional file 17: Fig. S17H). On the contrary, the 
cytokines that promoted the transformation from mono-
cytes to cDCs such as IL-1, IL-12, IL-23 and TNF-α, were 
significantly decreased in cultivate supernatant of FH 
knock down cell lines, specifically under high glucose 
condition (Additional file  17: Fig. S17H). These results 
demonstrated the impact of FH on the monocytes’ trans-
formation to cDC cells and also emphasized that high 
glucose condition could further enhanced this affect. In 
sum, PDAC patients with FH amplification might mean 
more favorable prognosis because of lower blood glucose 
and more cDC infiltration in tumor microenvironment 
(Fig. 7R). It also reminded us that maintaining blood glu-
cose  levels within  a  normal  range was important for 
PDAC patients to prolong survival.

Integration with immune subtype revealed immune 
infiltrative features of ECM subtypes
PDAC is a kind of stroma-rich tumor. To investigate the 
relationship between tumor microenvironment (TME) 
and immune subtypes in PDAC, we performed integra-
tive analysis to investigate the distinctive features of ECM 
subtypes [71]. For 226 patients with HE staining, the 48 
patients (21.3%) were identified as desert-subtype, 85 
patients (37.6%) were identified as reactive subtype, and 
77 patients (34.1%) were identified as inter-subtype; 16 
patients (7.0%) were defined as NEC (not elsewhere clas-
sified), respectively (Additional file 18: Fig. S18A).

To illustrate the diverse molecular features of differ-
ent ECM subtypes, we performed comparative analysis 
among three ECM subtypes, utilizing both proteomic 
and phosphoproteomic data. Pathway enrichment analy-
sis indicated that proteins upregulated in deserted sub-
type were enriched in focal adhesion, complement and 
coagulation cascades etc. In reactive subtype, proteins 
involved in DNA replication, DNA repair and chromatin 

remodeling were upregulated. The molecular character-
istic of inter-subtype was intermediate between the two. 
At the phosphoproteome level, the three ECM subtypes 
exhibited similar characteristics as we observed at pro-
teome level (Additional file 18: Fig. S18B).

To illustrate whether tumor purity was associated with 
ECM subtyping, we then compared the tumor purity 
among the ECM subtypes and found that deserted sub-
type had the lowest tumor purity (median = 40%) among 
the three types, reactive subtype had the highest tumor 
purity (median = 60%), and inter-subtype was between 
the two (median = 50%) (Additional file  18: Fig. S18C). 
Correspondingly, the expression of ECM marker proteins 
(COL1A1, COL8A1, and ENG) was significantly lower in 
reactive than in deserted subtype (Additional file 18: Fig. 
S18D). The lower expression patterns of ECM marker 
proteins (COL1A1 and MMP23B) in reactive subtype 
were further confirmed by IHC staining (Additional 
file  18: Fig. S18E). Different proportions of stroma in 
deserted, inter-, and reactive subtype are associated with 
different molecular characteristics [71]. In order to inves-
tigate the biological diversity between samples with high 
and low tumor purity, we divided the samples into high 
and low tumor purity group (high: 50%-80%, median: 
70%; low: 10%-50%, median: 40%) and conducted both 
comparative proteomic and phosphoproteomic analysis 
between groups. As a result, we found that both proteins 
and phosphoproteins that enriched in the key pathways 
of tumorigenesis such as cell cycle, DNA replication, and 
RNA splicing were upregulated in patients with high 
tumor purity, whereas proteins that enriched in ECM–
receptor interaction and focal adhesion were upregulated 
in patients with low tumor purity (Additional file 19: Fig. 
S19B). These results revealed the biological diversity of 
PDAC tumor with different tumor purity.

Importantly, in order to provide therapeutic advice 
to patients with different ECM subtypes, we further 
matched subtype specific proteins with known drug tar-
get protein. As a result, we observed MAP2K3 which 
could be targeted by Pimasertib, MAPK1 which could be 
targeted by Purvalanol, MMP9 which could be targeted 
by Marimastat were significantly elevated in reactive 
ECM subtypes (Additional file 18: Fig. S18F).

Additionally, to further illustrate the association 
between immune subtypes and ECM subtypes, we com-
pared subtype assignment of our PDAC patients using 
each of the two classifiers. As a result, no significant over-
lap of samples between two subtypes was observed, yet 
the reactive subtype of ECM subtyping was orthogonally 
distributed across the three immune subtypes, suggest-
ing that this class is not restricted to a specific immune 
feature (Additional file  18: Fig. S18G-H). Further sur-
vival analysis revealed that our immune subtyping could 
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capture differences in survival in reactive subtype (Addi-
tional file 18: Fig. S18I). We then conducted comparative 
analysis and found the immune cell infiltration character-
istics were consistent with immune subtypes (Additional 
file  18: Fig. S18J). Our immune subtype could further 
divide ECM subtype into different immune subtypes and 
identify the different immune infiltration of patients in 
the same ECM subtype.

In sum, the molecular characteristics were different 
among deserted, reactive, and inter-ECM subtype, which 
were associated with tumor purity. Our immune subtyp-
ing could help to illustrate the immune infiltration of 
diverse ECM subtypes and help to decipher the complex-
ity and heterogeneity of patients belonging to the same 
ECM subtype.

HOGA1 inactivation promotes PDAC growth 
through activating LARP7‑CDK1 pathway
We found that HOGA1 (4-hydroxy-2-oxoglutarate aldo-
lase, mitochondrial) was downregulated by more than 
80% in pancreatic cancer tumor tissues compared with 
non-tumor tissues in proteomic results (Student’s t test, 
P < 1.0E−4, FC = 0.14) (Fig. 8A), and western blotting of 
12 pairs of pancreatic cancer tissues (Fig. 8B, Additional 
file 20: Fig. S20C, Additional file 30: Table S8A). We veri-
fied that HOGA1 expression in tumors was also signifi-
cantly downregulated compared with NATs in CPTAC 
cohort [17] (Additional file  20: Fig. S20B). The expres-
sion of HOGA1 was association with better prognosis 
(Additional file 20: Fig. S20A). To investigate the role of 
HOGA1 in the development of pancreatic cancer, we 
constructed both HOGA1 overexpressed and HOGA1 
knocked down PANC-1 and BxPC-3 cell lines and per-
formed further analysis. As a result, overexpressed 
HOGA1 slowed down cell proliferation in PANC-1 and 
BxPC-3 cells (Student’s t test, P = 6.1E−4, P = 1.1E−4, 
respectively) (Additional file  20: Fig. S20D, Additional 
file  30: Table  S8C), whereas HOGA1-knocking down 
cells exhibited increased proliferation ability in compari-
son to control cells (Student’s t test, P = 0.01, P = 1.7E−4, 
respectively) (Fig.  8C, Additional file  30: Table  S8B). 

HOGA1 is known as a mitochondrial protein and is 
one of the enzymes (4-hydroxy-2-oxoglutarate aldolase) 
involved in metabolism of hydroxyproline to glyoxylate 
[72]. To determine whether the metabolic enzymatic 
activity of HOGA1 is important for the expansion of 
tumor cells, we treated PANC-1 and BxPC-3 cells with 
hydroxyproline and glyoxylate, respectively, and found 
the neither of them affected the cell proliferation (Addi-
tional file  20: Fig. S20E, Additional file  30: Table  S8D). 
Together with the observations that HOGA1 not only 
expressed in mitochondrial, but also located in cytosol 
(Additional file 20: Fig. S20F), these results suggested that 
the tumor suppressor role of HOGA1 was not due to its 
metabolic activity.

To investigate the potential non-metabolic role of 
HOGA1 in PDAC, we further utilized HOGA1 over-
expressed-, HOGA1 knocked down-PANC-1 cell lines 
(PANC-1-HOGA1-OE, PANC-1-HOGA1-KD) and set 
PANC-1 cell lines without transfection (WT) as control 
(Additional file 21: Fig. S21A), and performed compara-
tive proteomic analysis among PANC-1-HOGA1-KD, 
PANC-1-HOGA1-OE, and WT. As a result, 7878 pro-
teins were detected across the different cell lines. The 
correlation among three replicates were 0.95. Com-
paring to the wild type PANC-1, a total of 220 proteins 
were significantly upregulated in PANC-1-HOGA1-KD. 
Meanwhile, 209 proteins were downregulated in PANC-
1-HOGA1-OE. Further pathway enrichment indicated 
that, in concordant with the fast cell proliferation rates of 
PANC-1-HOGA1-KD, we found proteins that enriched 
in cell cycle process, DNA repair process showed sig-
nificantly enhanced expression in PANC-1-HOGA1-
KD, and decreased expression in PANC-1-HOGA1-OE, 
comparing to wild type PANC-1, suggested HOGA1 
might impact tumor cell proliferation process (Addi-
tional file  21: Fig. S21B, Additional file  30: Table  S8K). 
This assumption was further supported by the increased 
expression of CDKs (CDK1, CDK4, CDK5 and CDK6, 
etc.), MCMs (MCM2, MCM4, MCM6, MCM7 etc.) 
in PANC-1-HOGA1-KD, and decreased expression of 
them in PANC-1-HOGA1-OE, comparing to wild type 
PANC-1 (Additional file 21: Fig. S21B, Additional file 30: 

Fig. 8 HOGA1 loss promotes pancreatic cancer growth via activating LARP7-CDK1 pathway. A Boxplot showing the differential expression of 
HOGA1 in tumors and NATs (t test). B Western blot analysis detecting the expression of HOGA1, LARP7, CDK1, CCNB1, and CCNB2, in tumor 
tissues and tumor-adjacent non-tumor tissues. N = tumor-adjacent non-tumor tissue, T = tumor tissue. The right panel shows quantified 
western blot results of the 12 pairs of samples. C Proliferation of PANC-1 and BxPC-3 cells associated with various treatments (n = 4 repeats 
per group). D Co-immunoprecipitation assay showing that exogenous HOGA1 and exogenous LARP1/4/4B/7 interact in the PANC-1 cells. E 
Co-immunoprecipitation assay showing that endogenous HOGA1 and endogenous LARP1/4/4B/7 interact in the BxPC-3 cells. F, H The expression 
levels of LARP1/4/4B/7 in PANC-1 cells with various treatments. I, J The ubiquitination levels of LARP7 in PANC-1 cells with various treatments. K–N 
The expression levels of CDK1, CCNB1, and CCNB2, in PANC-1 cells with various treatments. O Xenograft tumor image pictures (left) and tumor 
weight (right) of indicated PANC-1 cells subcutaneously injected into nude mice. P The systematic diagram summarizing the impact of the HOGA1 
expression on cell proliferation. ****p < 1.0E−4, ***p < 1.0E−3, **p < 1.0E−2, *p < 0.05, ns > 0.05

(See figure on next page.)
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Table  S8J). Intriguingly, the LARP7, which has been 
reported to regulated cell proliferation process in tumors 
[73], was found to be dominantly expressed in PANC-
1-HOGA1-KD (Additional file 21: Fig. S21C).

We used tandem affinity purification to identify 
HOGA1-interacting proteins in PANC-1 cells. A total 
of 773 different proteins were detected in the cells 
(Additional file  30: Table  S8E). GO analysis showed 
that most HOGA1-interacting proteins took part in the 
mRNA binding related pathways (Additional file  20: 
Fig. S20G, Additional file 30: Table S8F). Among them, 
we found La family RNA-binding proteins (LARPs) 
were enriched in HOGA1-interacting proteins, includ-
ing LARP1, LARP4, LARP4B, and LARP7. Accord-
ingly, the interactions between HOGA1 and those 
LARPs were confirmed via co-immunoprecipitation 
assays using either exogenous HOGA1 and LARPs in 
PANC-1 cells (Fig.  8D), or endogenous HOGA1 and 
LARPs in BxPC-3 cells (Fig.  8E). To explore whether 
HOGA1 affected the LARPs function, we examined the 
expression level of LARPs in HOGA1 knocking down 
and overexpressing PANC-1 cells. We found the pro-
tein levels of LARP7, but not other LARP members, 
increased significantly in HOGA1 knocking down cells 
(Fig.  8F). Conversely, HOGA1 overexpression resulted 
in decreased protein levels of LARP7 (Fig. 8G). LARP7 
mRNA level did not change along with the HOGA1 lev-
els (Additional file  20: Fig. S20H-I, Additional file  30: 
Table  S8G), excluding the possibility that HOGA1 
regulated LARP7 levels at the transcriptional level. 
Treatment with proteasome inhibitor MG132 elevated 
cellular LARP7 levels and prevented the degradation 
of LARP7 caused by HOGA1 overexpression (Fig. 8H). 
In addition, overexpression of HOGA1 increased the 
ubiquitination levels of LARP7 (Fig.  8I); in contrast, 
knock down of HOGA1 decreased the ubiquitination 
levels of LARP7 (Fig.  8J). These results indicated that 
HOGA1 regulated LARP7 expression by the ubiquitin 
proteasome pathway.

As a known oncogene, LARP7 promoted G2/M cell 
cycle transition and tumorigenesis via the CDK1 com-
plex (Additional file  20: Fig. S20J, Additional file  30: 
Table  S8H). We validated that knocking down HOGA1 
resulted in increased levels of CDK1, CCNB1, and 
CCNB2 (Fig.  8K), and facilitated G2/M cell cycle tran-
sition in PANC-1 cells (Additional file  20: Fig. S20J). In 
contrast, overexpression of HOGA1 decreased the lev-
els of CDK1, CCNB1, and CCNB2 (Fig.  8L). Moreover, 
depleting LARP7 abrogated the regulatory effects of 
HOGA1 on CDK1, CCNB1, and CCNB2 (Fig. 8M, N). In 
the pancreatic cancer tissues, we confirmed that protein 
levels of LARP7, CDK1, and CCNB1 increased notably in 
tumor tissues compared with non-tumor tissues (Fig. 8B, 

Additional file  20: Fig. S20C). In addition, we noted 
that loss of HOGA1 expression promoted the xenograft 
growth of PANC-1 cells, whereas knockdown of LARP7 
abrogated the effect of HOGA1 and delayed the xeno-
graft growth of tumor cells (Fig.  8O, Additional file  30: 
Table  S8I). Taken together, these results indicated that 
HOGA1 loss in pancreatic cancer promoted cancer pro-
gress through activating LARP7-CDK1 pathway.

In summary, our study presented a comprehensive pro-
teogenomic map of PDAC. The dominant pathway that 
was altered in the proteome subtypes of PDAC revealed 
the molecular mechanism underlying clinical pheno-
types and outcomes. We identified a potential drugga-
ble protein, HOGA1, and demonstrated the value of this 
multi-omics approach. We believe that this study pro-
vides valuable information regarding biology of PDAC 
and enables discovery novel diagnostic and therapeutic 
strategies.

Discussion
As an aggressive disease that typically presents at an 
advanced stage, PDAC is usually refractory to most treat-
ment modalities. Despite the remarkable progress in 
precision oncology by genomic profiling of PDAC, the 
existing strategies targeting genetic abnormalities have 
limitations. A more comprehensive understanding of 
PDAC based on proteogenomic can fill the gap between 
genome abnormalities and oncogenic protein machinery. 
Here, we presented an integrative proteogenomic charac-
terization of 217 paired tumor/NAT samples with 7 years 
of prognosis information that exhibited a range of clinic-
pathologic spectrum of this disease, extending and refin-
ing analytical opportunities provided by prior studies.

Although multiple genomic studies have been per-
formed on PDAC, the biomarker for accurately predict-
ing the metastasis of PDAC is still lacking. Our data 
showed the amplification of ADAM9 (8p11.22) had a 
critical role in PDAC metastasis. The role of ADAM9 
in metastatic capacity of PDAC has not previously been 
reported. Our findings deciphered a novel mechanism 
that ADAM9 amplification led to increase the epithelial 
cell migration-related proteins and break the cell–matrix 
interaction to promote PDAC metastasis. Further-
more, our data contributed to the understanding of the 
specific cooperation of ADAM9 and CDCP1 in acti-
vating WNT/β-catenin signaling pathway through SRC-
CTNNB1_pS191. Indeed, recent studies demonstrated 
the WNT/β-catenin signaling pathway in promoting pan-
creatic cancer development [74]. Our results elucidated 
the potential role of ADAM9 and CDCP1 in activating 
WNT/β-catenin signaling pathway and contributed to 
the metastasis in PDAC. Hence, our systematic analysis 
not only proposed amplification of ADAM9 which could 
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be utilized as a biomarker for PDAC metastasis, but also 
offered support for the utilization of SRC inhibitor (Bosu-
tinib) in the treatment of pancreatic cancer.

Given the clear importance of the TME in tumorigen-
esis, understanding the multi-faceted roles of the com-
plex TME components has garnered much attention. 
Recently, integrated proteogenomic provided a valu-
able resource for investigating TME [75]. Immune clas-
sification allowed the description of 5 PDAC subtypes 
(Im-S-I-V). Our results included protein signatures and 
cellular pathways for each subtype, as well as distinctive 
immune cell infiltration. For example, Im-S-IV&V with 
favorable prognosis showed elevated TCA cycle and 
cDC cell infiltration. These characteristics have been 
suggested to be caused by the cis-effect of FH (Fuma-
rate hydratase). Since a hallmark of PDAC is depend-
ency on cellular metabolic pathways for tumor growth 
[76], it is important to decipher the mechanism of met-
abolic alteration in PDAC tumors. The integrative pro-
teogenomic analysis identified the amplification of FH 
as a previously undocumented metabolic regulator of 
PDAC. Further analysis indicated the FH amplification 
functioned by increasing the rate-limiting enzymes in 
TCA cycle, and upregulating the glucose transporter 4 
(GLUT4)-mediated glucose transport and consequen-
tially decreasing patients’ blood glucose. Although clin-
ical researches have indicated patients with low blood 
glucose concentrations harbored favorable prognosis, 
the mechanism has not been illustrated [77]. Our find-
ings illustrated the importance of blood glucose control 
in treating PDAC.

Here, we showed that HOGA1, which was previ-
ously known as a mitochondrial protein and involved in 
metabolism of hydroxyproline to glyoxylate, contributed 
to tumor progression through its signaling role. Targeting 
LARP7 was able to intercept the tumor-promoting effect 
of HOGA1 loss and avoid affecting glyoxylate metabo-
lism. HOGA1 functions like a tumor suppressor and 
HOGA1 decreased notably in pancreatic cancer, indicat-
ing the loss of HOGA1 might affect PDAC progression. 
Therefore, the decreased expression of HOGA1 might be 
a diagnostic indicator of PDAC, and inhibiting LARP7, 
which collaborated with HOGA1, would provide another 
feasible strategy for suppressing pancreatic cancer devel-
opment in clinic.

The aims of this study were to characterize PDAC 
tumors and NATs using a multi-omics synthesis and to 
provide a proteogenomic resource to decipher the impact 
of genomic alterations in gene expression, protein abun-
dance, and phosphorylation modification. There are 
some limitations to a study of this type. (1) The informa-
tion of PDAC remote metastasis came from 80 months of 
follow-up, and samples used in our study were primary 

tumor without remote metastatic samples. The conclu-
sion that ADAM9 promotes metastasis requires fur-
ther validation in metastatic samples. (2) The proteomic 
measurements in this study were performed from PDAC 
tumor and NAT tissues, while the effects of intratumoral 
heterogeneity were not fully accessed. Integrating single-
cell and spatial omics would be useful to further explore 
the mechanism of pancreatic cancer progression in the 
future.

We hope that the specific observations and hypotheses 
described in this manuscript, and the data that under-
lie them, will serve as a rich resource for those studying 
PDAC and for the larger research community, includ-
ing for the development of targeted chemotherapy or 
immunotherapy.

In summary, the proteogenomic analysis presented 
here demonstrated that proteomic data provided addi-
tional insights beyond those available with genomic data 
alone, improving our understanding of PDAC and strati-
fication of PDAC patients, while also identifying poten-
tially useful diagnostic and therapeutic targets.

Conclusions
In summary, integrated multi-omics analysis has 
improved our understanding of PDAC and stratifica-
tion of PDAC patients, while also identified potentially 
useful diagnostic and therapeutic targets. We found 
that TP53 mutations led to poor prognosis in younger 
PDAC patients by upregulating CDK4-mediated cell 
proliferation process. The ADAM9 (8p11.22) gain could 
drive PDAC metastasis. Proteome-based stratification 
of PDAC revealed three subtypes (S-I, S-II, and S-III) 
related to different clinical and molecular features. Anal-
ysis of the immune subtypes of PDAC revealed a meta-
bolic tumor subgroup that harbored FH amplicons led 
to better prognosis through increased glucose transport 
and enhanced TCA cycle process. Finally, we found that 
loss of HOGA1 promoted the tumor growth via activat-
ing LARP7-CDK1 pathway. These results suggested that 
HOGA1 could be a new therapeutic target in PDAC.

Methods
Sample selection
The tumor tissue and normal adjacent tissue samples 
used in this study were obtained from the Zhongshan 
Hospital, Fudan University. The present study was carried 
out in compliance with the ethical standards of Helsinki 
Declaration II and approved by the Institution Review 
Board of Fudan University Zhongshan Hospital (B2019-
200R). A total of 229 patients were randomly selected 
from January 2012 to December 2016 with pancreatic 
ductal adenocarcinomas, who were undergoing surgical 
resection. All cases had PDAC histology but collected 
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regardless of histologic grade or surgical stage. Patients 
were excluded if they had advanced disease, active sec-
ond malignancy, or received any prior treatment, such 
as radiotherapy or chemotherapy. Clinical information 
of 229 patients, including gender, age, degree of differ-
entiation, TNM stage (AJCC cancer staging system 8th 
edition), cancer metastasis status, survival status, drink-
ing status, smoke status, vessel invasion, postoperative 
radiotherapy, postoperative chemotherapy, hypertension, 
diabetes, preoperative jaundice, CA19-9, metastatic site, 
is listed in Additional file 23: Table S1. In particular, only 
patients with diabetes > 1  year were included, patients 
with recent onset diabetes were not considered. Patients 
were classified as TNM stages I, II, and III, respectively. 
Our cohort did not include clinically stage IV (meta-
static) patients. The information of remote metastasis 
came from 80 months of follow-up. And samples used in 
our study were primary tumor without remote metastatic 
samples. Each sample was assigned a new research ID, 
and the patient’s name or medical record number used 
during hospitalization was de-identified.

Sample preparation
Formalin-fixed, paraffin-embedded (FFPE) specimens 
were prepared and provided by Zhongshan hospital. 
One 3-μm-thick slide from FFPE blocks was sectioned 
for hematoxylin and eosin (H&E) staining. For genomic, 
proteomic and phosphoproteomic sample preparation, 
8-μm-thick slides were sectioned, deparaffinized with 
xylene and washed with gradient ethanol. Samples were 
just sectioned by 8-μm-thick slides without xylene depar-
affinization nor gradient ethanol wash for RNA sample 
preparation. Selected specimens according to H&E stain-
ing were scraped, and materials were aliquoted and kept 
in storage at − 80 °C until further processing.

Tumor purity
Histology of the tumor and normal adjacent tissues was 
checked by two expert pathologists to confirm the sam-
ple quality according to the following standards: (1) Path-
ologically defined PDAC tumors; (2) no tumor cells in 
the normal adjacent tissues. Selected specimens accord-
ing to H&E staining were scraped. Information regard-
ing tumor histological subtype, grade, and tumor purity 
was provided. The samples used for multi-omics analysis 
were characterized with histologic tumor purity ranged 
from 10 to 80% (median = 50%). The tumor purity of all 
samples is presented in Additional file 23: Table S1B, and 
examples of H&E-stained tumor are presented in Addi-
tional file 22: Fig. S22.

Both ABSOLUTE and ESTIMATE algorithms were 
utilized to evaluate the overall computational purity 
score for each sample. Computational tumor purity was 

inferred by R package ESTIMATE v1.1.0 [78] and ABSO-
LUTE [79] using proteome/mRNA data and WES data, 
respectively.

Whole‑exome sequencing
DNA extraction and DNA quantification. DNA from the 
149 paired tumor/NAT specimens was extracted accord-
ing to the manufacturer’s instructions of QIAamp DNA 
Mini Kit (QIAGEN, Hilden, Germany). The quality of the 
isolated and contamination was verified by the following 
methods:

1. DNA degradation and contamination were moni-
tored on 1% agarose gels.

2. DNA concentration was measured by Qubit® DNA 
Assay Kit in Qubit® 2.0 Fluorometer (Invitrogen, CA, 
USA).

Library preparation and DNA sequencing. A total 
amount of 0.2  µg genomic DNA per sample was used 
as input material for the DNA preparation. For whole-
exome sequencing, libraries were generated by using 
Agilent SureSelect Human All Exon kit (Agilent Technol-
ogies, CA, USA) following manufacturer’s recommenda-
tions and index codes were added to each sample. Briefly, 
fragmentation was carried out by hydrodynamic shearing 
system (Covaris, Massachusetts, USA) to generate 180–
280 bp fragments. Remaining overhangs were converted 
into blunt ends via exonuclease/polymerase activities. 
After adenylation of 3′ ends of DNA fragments, adapter 
oligonucleotides were ligated. DNA fragments with 
ligated adapter molecules on both ends were selectively 
enriched in a PCR reaction. After PCR reaction, libraries 
hybridize with liquid phase with biotin labeled probe and 
then use magnetic beads with streptomycin to capture 
the exons of genes. Captured libraries were enriched in 
a PCR reaction to add index tags to prepare for sequenc-
ing. Products were purified using AMPure XP system 
(Beckman Coulter, Beverly, USA) and quantified using 
the Agilent high sensitivity DNA assay (Agilent) on an 
Agilent Bioanalyzer 2100 system (Agilent Technologies, 
CA, USA).

Clustering and Sequencing. The clustering of the 
index-coded samples was performed on a cBot Cluster 
Generation System using a HiSeq PE Cluster Kit (Illu-
mina) according to the manufacturer’s instructions. After 
cluster generation, the DNA libraries were sequenced on 
Illumina NovaSeq 6000 platform and 150 bp paired-end 
reads were generated.

Whole-exome Sequencing Quality Control. The origi-
nal fluorescence image files obtained from NovaSeq 
6000 platform are transformed to short reads (Raw 
data) by base calling, and these short reads are recorded 
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in FASTQ format, which contains sequence informa-
tion and corresponding sequencing quality information. 
Sequence artifacts, including reads containing adapter 
contamination, low-quality nucleotides, and unrecogniz-
able nucleotide [80], undoubtedly set the barrier for the 
subsequent reliable bioinformatics analysis. Hence, qual-
ity control is an essential step and applied to guarantee 
the meaningful downstream analysis.

The steps of data processing were as follows:

1. Discard the paired reads if either one read contains 
adapter contamination (> 10 nucleotides aligned to 
the adapter, allowing ≤ 10% mismatches).

2. Discard the paired reads if more than 10% of bases 
are uncertain in either one read.

3. Discard the paired reads if the proportion of low 
quality (Phred quality < 5) bases is over 50% in either 
one read.

All the downstream bioinformatics analyses were 
based on the high-quality clean data, which were 
retained after these steps. At the same time, QC statis-
tics including total reads number, raw data, raw depth, 
sequencing error rate, percentage of reads with Q30 
(the percent of bases with Phred-scaled quality scores 
greater than 30) and GC content distribution were cal-
culated and summarized. WES was conducted with 
mean coverage depths of 179X (range 92-444X) for 
tumor samples and 149X (range 68-386X) for adjacent 
non-tumor samples, which is consistent with the rec-
ommendations for WES [81].

Genomic variant calling
WES sequencing reads after the exclusion of low-qual-
ity reads were mapped to the UCSC hg19 reference 
sequence with Burrows-Wheeler Aligner (BWA) software 
to obtain the original mapping results stored in BAM for-
mat [82, 83]. Then, SAMtools was used to sort the BAM 
files and perform duplicate marking, local realignment, 
and base quality recalibration to generate the final BAM 
file for computing the sequence coverage and depth [84]. 
ANNOVAR was performed to annotate the Variant Call 
Format file obtained in the previous step [85].

Filter conditions were set to identify the candidate 
genetic alterations as follows:

1. Remove mutations with coverage less than 10 × ;
2. Remove variant sites in dbSNP and with mutant allele 

frequency (MAF) > 0.001 in the 1000 Genomes data-
bases (1000 Genomes Project Consortium) and the 
Novo-Zhonghua (in-house unrelated healthy indi-
vidual database), but include sites with MAF ≥ 0.001 

and < 0.1 with COSMIC evidence (http:// cancer. 
sanger. ac. uk/ cosmic) [86–88];

3. Variations in the exosmic or splicing region (10  bp 
upstream and downstream of splicing sites);

4. Remove synonymous mutations;
5. Retain the non-synonymous SNVs if the functional 

predictions by PolyPhen-2, SIFT, MutationTaster, and 
CADD all show the SNV is not benign [89–92];

6. Retain genes identified by Cancer Gene Census 
(CGC, http:// www. sanger. ac. uk/ scien ce/ data/ can-
cer-gene-census).

Somatic variant calling
For the 149 PDAC tumor samples, we referred to previ-
ous published papers [93, 94] and developed a variant 
selection pipeline to detect somatic variant calling.

1. Known constitutional polymorphisms using known 
human variation databases, 1000 Genomes databases 
(1000 Genomes Project Consortium) and the Novo-
Zhonghua (in-house unrelated healthy individual 
database) [87];

2. Known somatic variation in PDAC and other com-
mon malignancies as reported in COSMIC V90 [95];

3. The presence of the same sequence change in exome 
or whole genome sequencing data derived from 186 
constitutional DNA samples analyzed in CGP (CGP 
normal panel); specifically, where the same base 
change was observed in at least two constitutional 
sample at allele fractions greater than 10%, the vari-
ant has not previously been confirmed as somatic in 
COSMIC or in two or more samples at < 10%.

4. Sequence contexts 5′ and 3′ to the reported sequence 
change highlighting regions of homopolymer 
sequence that are prone to PCR slippage and artifacts 
altering the last base of the homopolymer or insert-
ing the same base as the homopolymer at + 1, + 2 of 
the tracks and often present in unidirectional reads 
and < 10% variant allele burden;

5. Variant specific metrics to include protein annota-
tion, sequence depth, and % of reads reporting the 
variant allele.

Effects of copy number alternations
GISTIC2 was applied to identify significantly amplifica-
tion/deletion regions and genes based on UCSC known 
genes. Genomic alterations impacted mRNA and pro-
tein abundance at the same locus were defined as cis-
effects, while the impact of other loci was defined as 
trans-effects.

http://cancer.sanger.ac.uk/cosmic
http://cancer.sanger.ac.uk/cosmic
http://www.sanger.ac.uk/science/data/
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Copy‑number alterations analysis
Exome-based somatic copy number alteration (SCNA) 
was called by following somatic CNA calling pipeline 
in GATK’s (GATK 4) Best Practice. The results of this 
pipeline and segment files of every 1000 were input in 
GISTIC2, to identify significantly amplified or deleted 
regions across all samples, which could be accumulated 
driving regions. To exclude false positives as much as 
possible, relatively stringent cutoff thresholds were used 
with parameters: -ta 0.5 -tb 0.5 -brlen 0.5 -conf 0.95. 
Other parameters were the same as default values.

Detection and calling of somatic mutations
BWA and SAMtools were used for genome alignment, 
and muTect Software [96] was used for identifying the 
Somatic SNV sites, whereas Strelka [97] was used to 
detect the Somatic InDels. Control-FREEC was used to 
detect SCNAs. SAMtools mpileup and bcftools were 
used for the variant calling and to identify the SNPs and 
InDels. Statistical analysis included two-tailed Student’s t 
test and Fisher’s exact test.

Mutation signature analysis
Based on the single nucleotide substitution and its adja-
cent bases pattern of samples, frequencies of 96 possible 
mutation types for each sample could be estimated. Non-
negative matrix factorization (NMF) algorithm was used 
to estimate the minimal components that could explain 
maximum variance among samples. Then each compo-
nent was compared to mutation patterns of 30 validated 
cancer signatures reported from the COSMIC database 
(https:// cancer. sanger. ac. uk/ signa tures) individually to 
identify cancer-related mutational signatures and carcin-
ogen signatures. Cosine similarity analysis [98, 99] was 
used to measure the similarity between component and 
signatures, which ranged from 0 to 1, indicating maximal 
dissimilarity to maximal similarity. After decomposing 
matrix of samples’ 96 substitution classes into 5 signa-
tures, contribution of signatures in each sample could be 
estimated.

RNA extraction
RNA was extracted from tissues by using TIANGEN® 
RNAprep Pure FFPE Kit (#DP439) according to the rea-
gent protocols. For library preparation of RNA sequenc-
ing, a total amount of 500 ng RNA per sample was used 
as the input material for the RNA sample preparations. 
Sequencing libraries were generated using Ribo-off® 
rRNA Depletion Kit (H/M/R) (Vazyme #N406) and 
VAHTS® Universal V6 RNA-seq Library Prep Kit for 
Illumina (#N401-NR604) following the manufacturer’s 

recommendations, and index codes were added to 
attribute sequences to each sample. The libraries were 
sequenced on an Illumina platform and 150  bp paired-
end reads were generated.

RNA‑Seq data analysis
RNA-seq raw data quality was assessed with the FastQC 
(v0.11.9), and the adaptor was trimmed with Trim_
Galore (version 0.6.6) before any data filtering criteria 
was applied. Reads were mapped onto the human refer-
ence genome (GRCh38.p13 assembly) by using STAR 
software (v2.7.7a). The mapped reads were assembled 
into transcripts or genes by using StringTie software 
(v2.1.4) and the genome annotation file (hg38_ucsc.
annotated.gtf ). For quantification purpose, the relative 
abundance of the transcript/gene was measured by a nor-
malized metrics, FPKM (Fragments Per Kilobase of tran-
script per Million mapped reads). Transcripts with an 
FPKM score above one were retained, resulting in a total 
of 23,655 gene IDs. All known exons in the annotated file 
were 100% covered.

Protein extraction and tryptic digestion
Lysis buffer [0.1  M Tris–HCl (pH 8.0), 0.1  M DTT 
(Sigma, 43,815), 1  mM PMSF (Amresco, M145)] was 
added to the extracted tissues and subsequently soni-
cated for 1  min (3  s on and 3  s off, amplitude 25%) on 
ice. The supernatants were collected, and the extracted 
tissues were then lysed with 4% sodium dodecyl sulfate 
(SDS) and kept for 2 h at 99 °C with shaking at 1500 rpm. 
The solution was collected by centrifugation at 12,000 × g 
for 5  min. A fourfold volume of acetone was added to 
the supernatant and kept in -20  °C for a minimum of 
4  h. Subsequently, the acetone-precipitated proteins 
were washed three times with cooled acetone and then 
pumped out using the Concentrator plus (Eppendorf, 
Germany). Filter-aided sample preparation (FASP) pro-
cedure was used for protein digestion [100]. The pro-
teins were resuspended in 200 μL 8 M urea (pH 8.0) and 
loaded twice in 30 kD Microcon filter tubes (Sartorius) 
and centrifuged at 12,000g for 20  min. The precipitate 
in the filter was washed twice by adding 200 μL 50 mM 
 NH4HCO3. The precipitate was resuspended in 50 μL 
50  mM  NH4HCO3. Protein samples underwent trypsin 
digestion (enzyme-to-substrate ratio of 1:50 at 37  °C for 
18–20 h) in the filter and then were collected by centrifu-
gation at 12,000g for 15  min. Additional washing, twice 
with 200 μL of MS water, was essential to obtain greater 
yields. Finally, the centrifugate was dried by using the 
Concentrator plus (Eppendorf, Germany).

https://cancer.sanger.ac.uk/signatures
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First dimensional reversed‑phase separation
The dried peptides were re-dissolved with 100μL 10 mM 
 NH4HCO3 and loaded into a homemade Durashell 
Reverse Phase column [2  mg packing (3  μm, 150  Å, 
Agela) and two C18 layers (12 μm, Empore) in a 200 μL 
tip] and then eluted sequentially with nine gradient elu-
tion buffer that contains 6%, 9%, 12%, 15%, 18%, 21%, 
25%, 30%, 35% ACN (diluted with 10  mM  NH4HCO3, 
adjusted pH to 10.0 using  NH3

.H2O). The nine fractions 
then were combined into three groups (6% + 15% + 25%, 
9% + 18% + 30%, 12% + 21% + 35%) and dried under Con-
centrator plus (Eppendorf, Germany) for sub-sequential 
MS analysis.

Phosphopeptide enrichment
For the phosphoproteomic analysis, peptides were 
extracted from the FFPE slides after trypsin digestion 
using the methods described above. The tryptic peptides 
were then enriched with High-Select™ Fe-NTA Phospho-
peptide Enrichment Kit (Thermo Scientific cat. A32992), 
following the manufacturer’s recommendation. Briefly, 
peptides were suspended with binding/wash buffer (con-
tained in the enrichment kit), mixed with the equilibrated 
resins, and incubated at 21–25 °C for 30 min. After incu-
bation, the resins were washed thrice with binding/wash 
buffer and twice with water. The enriched peptides were 
eluted with elution buffer (contained in the enrichment 
kit) and dried in a Concentrator plus (Eppendorf ).

LC–MS/MS analysis
For the proteome profiling samples, the peptide samples 
were analyzed using Q Exactive HFX LC–MS/MS analy-
ses on an Easy-nLC 1200 liquid chromatography sys-
tem (Thermo Fisher Scientific) coupled to a Q Exactive 
HFX via a nano-electrospray ion source (Thermo Fisher 
Scientific). Dried peptide samples re-dissolved in buffer 
A (0.1% FA in water) were loaded to a 2-cm self-packed 
trap column using buffer A and separated on a 15  cm 
long, homemade C18 nano-capillary analytical column 
(75  mm inner diameter) packed with C18 resin (par-
ticle size: 3  μm, pore size: 100  Å; Dikma Technologies 
Inc., Lake Forest, CA, USA). The peptides were sepa-
rated onto an analytical column with a 75 min gradient 
(buffer A: 0.1% formic acid in water; buffer B: 0.1% formic 
acid in 80% ACN) at a constant flow rate of 600 nL/min 
(0–75 min, 0 min, 4% B; 0–10 min, 4–15% B; 10–60 min, 
15– 30% B; 60–69 min, 30–50% B; 69–70 min, 50–100% 
B; 70–75  min, 100% B). The eluted peptides were ion-
ized under 2  kV and subjected to MS. MS analysis was 
performed in a data-dependent manner with full scans 
(m/z 300–1400) acquired using an Orbitrap mass ana-
lyzer at a mass resolution of 120,000 at m/z 400. The top 
20 precursor ions were selected for fragmentation in an 

HCD cell at a normalized collision energy of 32%, and 
then fragment ions were transferred into the Orbitrap 
analyzer operating at a resolution of 7500 at m/z 400. 
The automatic gain control (AGC) for full MS was set to 
3e6, and that for MS/MS was set to 5e4, with maximum 
ion injection times of 20 and 60  ms, respectively. The 
dynamic exclusion of previously acquired precursor ions 
was enabled at 18 s.

For the phosphoproteomic analysis, the phospho-
peptides were analyzed on FAIMS interfaced Orbit-
rap Fusion Lumos Tribrid Mass Spectrometer (Thermo 
Fisher Scientific, Rockford, IL, USA) equipped with an 
Easy nLC-1000 (Thermo Fisher Scientific, Rockford, 
IL, USA) and a Nanoflex source (Thermo Fisher Scien-
tific, Rockford, IL, USA). Dried peptide samples re-dis-
solved in buffer A (0.1% FA in water) were loaded to a 
2  cm self-packed trap column using buffer A and sepa-
rated on a 150 μm inner diameter column with a length 
of 30 cm over a 150 min gradient (buffer A: 0.1% FA in 
water; buffer B: 0.1% FA in 80% ACN) at a constant flow 
rate of 600 nL/min (0–150 min, 0 min, 4% B; 0–10 min, 
4–15% B; 10–125 min, 15–30% B; 125–140 min, 30–50% 
B; 140–141  min, 50–100% B; 141–150  min, 100% B). 
The eluted phosphopeptides were ionized and detected. 
Compensation Voltages (CV) among -30  V, -60  V, and 
-120  V were interrogated to find precursor rich CVs. 
Mass spectra were acquired over the scan range of m/z 
350–1500 at a resolution of 120,000 (AUG target value of 
5E5 and max injection time 50 ms). For the MS2 scan, the 
higher-energy collision dissociation fragmentation was 
performed at a normalized collision energy of 30%. The 
MS2 AGC target was set to 1e4 with a maximum injec-
tion time of 10 ms, peptide mode was selected for monoi-
sotopic precursor scan, and charge state screening was 
enabled to reject unassigned 1 + , 7 + , 8 + , and > 8 + ions 
with a dynamic exclusion time of 45  s to discriminate 
against previously analyzed ions between ± 10 ppm.

Peptide identification and protein quantification
MS raw files generated by LC–MS/MS were processed 
with “Firmiana” (a one-stop proteomic cloud platform 
(https:// pheno mics. fudan. edu. cn/ firmi ana/) [101] soft-
ware utilizing Mascot search engine against the human 
NCBI reference proteome database (updated on 04–07-
2013). Protease was Trypsin/P. The maximum number 
of missed cleavages was set to two. A mass tolerance of 
10  ppm for precursor and 50 mmu for production was 
allowed. The fixed modification was carbamidomethyl 
(C), and the variable modifications were acetylation 
(Protein N-term) and oxidation (M). For the phospho-
proteomic data, variable modifications were oxidation 
(M), acetylation (Protein N-term) and phospho (S/T/Y). 
The cutoff of false discovery rate (FDR) by using a 

https://phenomics.fudan.edu.cn/firmiana/
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target-decoy strategy was 1% for peptide. Each peptide 
was assigned either as a unique peptide to a particular 
protein group or set as a razor peptide to a single pro-
tein group with the most peptide evidence. The protein 
groups assembled by “Firmiana” were filtered to 1% pro-
tein-level FDR also using target-decoy strategy. In gener-
ating site-level reports (phosphopeptide-enriched data), 
sites were computed localization probability using ptmRS 
[102] algorithm. Sites probability equal or greater than 
0.75 were considered as confidently localized.

Quality control of the mass spectrometry data
For the quality control of the performance of mass spec-
trometry, the HEK293T cell (National Infrastructure Cell 
Line Resource) lysate was measured every three days as 
the quality control standard. The quality control standard 
was digested and analyzed using the same method and 
conditions. A pairwise Spearman’s correlation coefficient 
was calculated for all quality control runs in the statisti-
cal analysis environment R (version 4.0.2). The average 
correlation coefficient among the standards was 0.95, 
demonstrating the consistent stability of the mass spec-
trometry platform.

Principal component analysis
To elucidate the multi-omics difference between PDAC 
tumors and NATs and reveal molecular alterations upon 
PDAC tumorigenesis, we performed principal compo-
nent analysis (PCA) on all three omics levels (transcrip-
tome, proteome, and phosphoproteome) between tumors 
and NATs. The PCA function under the scikit-learn R 
package was implemented for unsupervised clustering 
analysis with the parameter “n_components = 2” on the 
expression matrix of global proteomic data containing 
19,992 mRNAs, 7055 proteins, or 7399 phosphopro-
teins. The 95% confidence coverage was represented by 
a colored ellipse for each group, which was calculated 
based on the mean and covariance of points in each spe-
cific group (tumor and NAT).

To elaborate the proteomics data difference based on 
sample collection time and experimental batches, PCA 
of proteomic data was conducted based on years of sam-
ple collection and experimental batches. The PCA func-
tion under the scikit-learn R package was implemented 
for unsupervised clustering analysis with the parameter 
“n_components = 2” on the expression matrix of global 
proteomic data containing 7055 proteins.

Global Heatmap
We applied two-way hierarchical clustering to the 
global proteomic data on samples and mRNA/pro-
teins/phosphoproteins to identify the global differential 

protein expression. Each protein expression value in the 
global proteomic expression matrix was transformed 
to a z-score across all samples. For the sample-wise and 
protein-wise clustering, distance was set as “Euclidean” 
distance, and the weight method was “complete.” The 
z-score-transformed matrix was clustered using R pack-
age: pheatmap (version 1.0.12).

Differential protein analysis
Student’s t test was used to examine whether proteins 
were differentially expressed between the tumors and 
NATs. Upregulated or downregulated proteins in tumors 
were defined as proteins differentially expressed in 
tumors compared with NATs (T/NAT > 2 or < 1/2, two-
tailed Student’s t test, Benjamini–Hochberg adjusted 
p < 0.05). Wilcoxon rank-sum test was used to examine 
whether proteins were differentially expressed between 
patients with different mutation statuses (Benjamini–
Hochberg adjusted p < 0.05). Wilcoxon rank-sum test 
was also used to examine whether proteins were differ-
entially expressed between patients with diabetes history 
or not (Benjamini–Hochberg adjusted p < 0.05). One-way 
ANOVA test was used to examine whether proteins were 
differentially expressed among three proteomic subtypes 
and immune subtypes (Benjamini–Hochberg adjusted 
p < 0.05).

Pathway enrichment analysis
Differential expressed proteins identified in tumor or 
NAT were subjected to Gene Ontology and KEGG path-
way enrichment analysis in DAVID (https:// david. ncifc 
rf. gov/) with the P value < 0.05.The significance of the 
pathway enrichment analysis was determined by Fisher’s 
exact test on the basis of KEGG pathways and categorical 
annotations, including the GO “biological process” term.

Cell cycle analysis
Multi-gene proliferation scores (MGPSs) were calculated 
as the mean expression level of all cell cycle-regulated 
genes in each sample as described previously [103, 104]. 
Briefly, MGPS was calculated from the mean normalized 
proteomic data in each sample in our study.

Kinase activity score calculation
To investigate the kinase activity of PDAC patients, we 
used gene set variation analysis (GSVA) to estimate the 
kinase activity, which define an activity score calculated 
from the degree of expression of a substrate’s set in each 
sample within the given dataset. Substrates of every 
kinase were collected from the PhosphoSitePlus database 
(version 6.6.0.4).

https://david.ncifcrf.gov/
https://david.ncifcrf.gov/
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Phosphopeptide analysis–kinase and substrate regulation
KSEA algorithm was used to estimate the kinase activi-
ties based on the abundance of phosphosites. Kinase–
substrate enrichment analysis (KSEA) estimates 
changes in a kinase’s activity by measuring and averag-
ing the amounts of its identified substrates instead of 
a single substrate, which enhances the signal-to-noise 
ratio from inherently noisy phosphoproteomic data 
[105, 106]. If the same phosphorylation motif was 
shared by multiple kinases, it was used for estimat-
ing the activities of all known kinases. The use of all 
curated substrate sequences of a particular kinase mini-
mizes the overlapping effects from other kinases and 
thus improves the precise measurement of kinase activ-
ities. The information of kinase-substrate relationships 
was obtained from publicly available databases includ-
ing PhosphoSite [107], Phospho.ELM [108], and Phos-
phoPOINT [109]. The information of substrate motifs 
was obtained either from the studies [110] or from an 
analysis of KSEA dataset with Motif-X [105].

Protein–protein interaction network construction
Interaction network among the proteins and phospho-
rylated proteins was generated with STRING v 11.0 
(https:// string- db. org/) using medium confidence (0.4), 
and experiments and database as the active interaction 
sources. The network was visualized using Cytoscape 
version 3.8.0 [111].

Immunohistochemistry (IHC)
Formalin-fixed, paraffin-embedded tissue sections of 
10  µm thickness were stained in batches for detecting 
YAP1_pS109, RB1_pS807, ADAM9, CDCP1, ACOX1, 
S100A4, MCM6, COL1A1, and MMP23B in a cen-
tral laboratory at the Zhongshan Hospital according 
to standard automated protocols. Deparaffinization 
and rehydration were performed, followed by antigen 
retrieval and antibody staining. IHC was performed 
using the Leica BOND-MAX auto staining system 
(Roche). Antibody was introduced, followed by detec-
tion with a Bond Polymer Refine Detection DS9800 
(Bond). Slides were imaged using an OLYMPUS BX43 
microscope (OLYMPUS) and processed using a Imag-
eScope (Leica).

YAP1_pS109: Phospho-YAP (Ser109) (E5I9G) Rabbit 
mAb (#53,749) (Cell Signaling)
RB1_pS807: Phospho-Rb (Ser807/811) 
(D20B12) Rabbit mAb (#8516) (Cell Signaling)
E2F1: rabbit monoclonal anti-E2F1 (ab288369) anti-
body (Abcam)

E2F1_pS364: Phospho-E2F1(aa 350–450) Rabbit 
polyclonal antibody (ab5391) (Abcam)
ADAM9: rabbit polyclonal anti-ADAM9 (ab186833) 
antibody (Abcam)
CDCP1: rabbit monoclonal anti-CDCP1 (ab252947) 
antibody (Abcam)
ACOX1: rabbit polyclonal anti-ACOX1 (10,957–1-
AP) antibody (Proteintech)
S100A4: rabbit polyclonal anti-S100A4 (16,105–1-
AP) antibody (Proteintech)
MCM6: rabbit polyclonal anti-MCM6 (13,347–2-
AP) antibody (Proteintech)
COL1A1: mouse monoclonal anti-collagen type I 
(67,288–1-Ig) antibody (Proteintech)
MMP23B: rabbit polyclonal anti-MMP23B (13,020–
1-A) antibody (Proteintech)

Weighted gene co‑expression network analysis (WGCNA)
WGCNA was performed on the entire 161 samples using 
R package [112] to identify differentially co-expressed 
gene modules. A soft threshold at power 5 was selected 
based on scale free topology model fit  (R2 = 0.8). Gene 
modules functional annotation was performed using 
ConsensusPathDB (http:// cpdb. aamol gen. mpg. de/) 
[113]. The eigengenes of each module were used to meas-
ure the association between a module and clinical infor-
mation. Pearson correlations of each module and clinical 
information were further analyzed.

ECM subtyping
ECM subtypes of tumor tissues were checked by two 
expert pathologists following standards: (1) “deserted” 
regions with thin, spindle-shaped fibroblasts, loose 
matured fibers, and often keloid or myxoid features, (2) 
“reactive” regions containing plump fibroblasts with 
enlarged nuclei, few acellular components, often rich in 
inflammatory infiltrate, (3) regions with intermediate lev-
els of these features [71]. The information of ECM sub-
types is in Additional file 23: Table S1B.

Consensus clustering analysis
The protein expression matrix of the 217 paired tumor 
samples was used to identify the proteomic subtypes 
using the consensus cluster method. Consensus cluster-
ing was performed using the ConsensusClusterPlus R 
package [57] with the top 50% standard deviations pro-
teins (n = 3527). The following detail settings were used 
for clustering: number of repetitions = 10,000 bootstraps; 
pItem = 0.8 (resampling 80% of any sample); pFeature = 1 
(resampling 100% of any protein); and clusterAlg = “hc”; 

https://string-db.org/
http://cpdb.aamolgen.mpg.de/
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and distance = “spearman.” The number of clustering 
was determined by three factors, the average pairwise 
consensus matrix within consensus clusters, the delta 
plot of the relative change in the area under the cumula-
tive distribution function (CDF) curve, and the average 
silhouette distance for consensus clusters. We selected 
a 3-cluster as the best solution for the consensus matrix 
with k = 3 or k = 4 deemed to be a cleanest separation 
among clusters, but the average silhouette distance for 
k = 3 was larger than k = 4 or k = 5 and did not have sig-
nificant negative values. Based on the evidence above, 
the PDAC proteomic data were clustered into 3 groups 
(Additional file 11: Fig. S11A-B).

For the transcriptomic and phosphoproteomic data, 
the top 50% standard deviations genes within the tumor 
tissues were selected for subtyping. Here as well, we per-
formed consensus clustering and set the same parameters 
as that for the proteome subgrouping. k = 3 provided the 
clearest separation among the clusters, and we selected 
three clusters as the best solution for the consensus 
matrix (Additional file 11: Fig. S11A).

Survival analysis
Kaplan–Meier survival curves (log-rank test) were used for 
OS or DFS of the proteomic subtypes and patients. P value 
less than 0.05 was considered as significantly different. 
Prior to the log-rank test of a given protein, phosphopro-
tein, or phosphosite, survminer 0.2.4 R package with max-
stat (maximally selected rank statistics) (http://r- addict. 
com/ 2016/ 11/ 21/ Optim al- Cutpo int- maxst at. html) was 
used to determine the optimal cutpoint for the selected 
samples according to the previous study [114]. DFS or OS 
curves were then calculated (Kaplan–Meier analysis, log-
rank test) based on the optimal cutpoint. This method was 
used in the previous studies, such as Xu et al. Cell [115].

Immune subtype identification
The abundances of 64 different cell types for PDAC sam-
ples in mRNA level were computed via xCell (https:// 
xcell. ucsf. edu/). Therefore, for this analysis, 54 PDAC 
tumor samples with mRNA data were utilized. Based 
on these 64 signatures, consensus clustering was per-
formed in order to identify groups of samples with simi-
lar immune/stromal characteristics. Consensus clustering 
was performed using the R packages ConsensusClus-
terPlus [57]. Consensus Cluster Plus parameters were 
reps = 10,000, pItem = 0.8, pFeature = 1, clusterAlg = “hc,” 
distance = “spearman.” As summarized in Fig. 7, the clus-
tering analysis of the tumors (vertical column) by xCell 
score (horizontal rows) divided 54 PDAC tumors into five 
immune clusters. A consensus matrix with k = 5 appeared 
to have the clearest cut between clusters and showed sig-
nificant association with the patients’ survival.

Screening potential drug targets
The potential clinical utility of those proteins is annotated 
in Additional file 6: Fig. S6E, Additional file 18: S18F and 
Fig.  6R, supported by the annotation in the DrugBank 
database (https:// www. dgidb. org/ sourc es/ DrugB ank).

Functional experiments
Cell culture
PANC-1, SW1990, and BxPC-3 cells were purchased 
from ATCC. Dulbecco’s modified Eagle’s medium 
(DMEM) was used to culture the PANC-1 and SW1990, 
which also contained 10% fetal bovine serum (FBS), 100 
U/ml penicillin, and 100 mg/ml streptomycin (HyClone; 
GE Healthcare Life Science). Roswell Park Memorial 
Institute (RPMI 1640 Medium) was used to culture the 
BxPC-3, which also contained 10% fetal bovine serum 
(FBS), 100 U/ml penicillin, and 100 mg/ml streptomycin 
(HyClone; GE Healthcare Life Science). All the cells were 
maintained at 37 °C in a humidified 5%  CO2 atmosphere.

Plasmids
The sequence of human HOGA1, LARP1, LARP4, and 
LARP7 open reading frame was obtained using Polymer-
ase chain reaction (PCR) from CDNA. The PCR frag-
ment was inserted into Pcdna3.1-FLAG, Pcdna3.1-HA, 
Pcdna3.1-myc, or pLVXyu-BirA by the recombinant 
method and was confirmed by sequencing identification.

BioID-HOGA1-F:5′-GTC GTC GTC GTC GTC GAA 
TTC ATG CTG GGT CCC CAA GTCTG-3′
BioID-HOGA1-R:5′-AGA GGG GCG GGA TCC GAG 
CCA GCC GTT GCT GGT -3′
HOGA1-F:5′-AAC GGG CCC TCT AGA CTC GAG 
ATG CTG GGT CCC CAA GTCT-3′
HOGA1-R:5′-TAG TCC AGT GTG GTG GAA TTC 
GAG CCA GCC GTT GCT GGT-3′
LARP7-F:5′-AAC GGG CCC TCT AGA CTC GAG 
ATG ATC CCT AAC ATA GAA GGA ATGG-3′
LARP7-R:5′-TAG TCC AGT GTG GTG GAA TTC 
ATC ATA TTC AGA AAA TCT TAT ATG TTT ACT-3′
LARP4-F:5′-AAC GGG CCC TCT AGA CTC GAG 
ATG TTG CTT TTC GTG GAG CAG -3′
LARP4-R:5′-TAG TCC AGT GTG GTG GAA TTC 
CTT TGG TGA TCT GGG TGGCA-3′
LARP4B-F:5′-AAC GGG CCC TCT AGA CTC GAG 
ATG ACT TCT GAT CAG GAC GCT AAGG-3′
LARP4B-R:5′-TAG TCC AGT GTG GTG GAA TTC 
CTG AGG AGA CTT GGG GGGAG-3′
LARP1-F:5′-AAC GGG CCC TCT AGA CTC GAG 
ATG AAG GAA CAG GAG AAA GGA GAA-3′
LARP1-R:5′-TAG TCC AGT GTG GTG GAA TTC CTT 
TCC CAA AGT CTG TGT GTT CG-3′

http://r-addict.com/2016/11/21/Optimal-Cutpoint-maxstat.html
http://r-addict.com/2016/11/21/Optimal-Cutpoint-maxstat.html
https://xcell.ucsf.edu/
https://xcell.ucsf.edu/
https://www.dgidb.org/sources/DrugBank
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Cell transfections
Plasmid transfections were carried out by the polyeth-
ylenimine (PEI), Lipofectamine 3000 (Invitrogen), and 
Lipofectamine 2000 (Invitrogen) methods. In the PEI 
transfection method, 400 μL of DMEM (serum-free 
medium) and the plasmid were placed in an empty EP 
tube and PEI was added into the medium. The mixture 
was incubated for 15  min. Meanwhile, the cell culture 
medium was replaced with fresh 10% FBS medium. After 
15 min, the mixture was added to the cells, and the fresh 
medium was replaced after 12–16 h. After 36–48 h, the 
transfection was completed. In the Lipofectamine 3000 
transfection method, DMEM (250 μL) was added to two 
empty EP tubes and Lipofectamine 3000 was added to 
one of the tubes and mixed for 5 min. The plasmid and 
P3000 were added in the other tube and then added to 
the medium containing Lipofectamine 3000, mixed, 
and allowed to stand for 5 min. Meanwhile, the cell cul-
ture medium was replaced with fresh 10% FBS medium. 
After 5 min, the mixture was added to the cells, and the 
fresh medium was replaced after 12 h. After 36–48 h, the 
transfection was completed and the cells were treated. 
In the Lipofectamine 2000 transfection method, 125 μL 
of DMEM (serum-free medium) and the siRNA were 
placed in an empty EP tube.125 μL of DMEM (serum-
free medium) and the Lipofectamine 2000 were placed 
in another empty EP tube then added to the medium 
containing siRNA. The mixture was incubated for 5 min. 
Meanwhile, the cell culture medium was replaced with 
fresh 10% FBS medium. After 5  min, the mixture was 
added to the cells. After 36–48  h, the transfection was 
completed.

HOGA1 siRNA-homo-sense:5′-GGA UAA AUG UUA 
CAU UCU ATT-3′
HOGA1 siRNA-homo-antisense:5′-UAG AAU GUA 
ACA UUU AUC CTT-3′
LARP7 siRNA-homo-sense:5′-GAA GAA AGG CCG 
AAU GAA ATT-3′
LARP7 siRNA-homo-antisense:5′-UUU CAU UCG 
GCC UUU CUU CTT-3′
ADAM9 siRNA-1-homo-sense: 5′-GGA AGU ACC 
UGU AAG CUU AAA-3′
ADAM9 siRNA-1-homo-antisense: 5′-UAA GCU 
UAC AGG UAC UUC CUU-3′
ADAM9 siRNA-2-homo-sense: 5′-GUA UGU AUA 
UUA UGU UAA AUA-3′
ADAM9 siRNA-2-homo-antisense: 5′-UUU AAC 
AUA AUA UAC AUA CUA-3′
FH siRNA-1-homo-sense: 5′-GGA UCA ACA AGC 
UGA UGA AUG-3′
FH siRNA-1-homo-antisense: 5′-UUC AUC AGC 
UUG UUG AUC CUU-3′

Gene silencing
To generate cells stably knocked down for HOGA1 and 
LARP7, pMKO-HOGA1, or pMKO-LARP7 were trans-
fected into cells, using pCMV-VSVG and pCMV-Gag 
as packaging plasmids. Twenty-four hours after trans-
fection, the virus supernatant was collected to infect 
target cells. Puromycin was used to select stable cells 
for ~ 7 days.

Human shHOGA1: GAT TGG GCT GAT TGT TCA 
CAA 
Human shLARP7: CGT GAG TGG AGT GAT TGT 
GAA 

Transwell migration assays
Cell migration assays were performed with 24-well 
transwells (8-μm pore size, Falcon). In total, 1.5 ×  105 
transfected cells were suspended in serum-free DMEM 
medium and added to the upper chamber, and 700μL 
DMEM with 10% FBS was placed in the lower cham-
ber. After 16 h of incubation, cells on the lower surface 
of membrane were fixed in 4% paraformaldehyde and 
stained with crystal violet. Cells in six microscopic fields 
were counted and photographed.

PDAC cells proteome
For the proteomic analysis of PDAC cells, cells were lysed 
in lysis buffer (8  M Urea, 100  mM Tris Hydrochloride, 
pH 8.0) containing protease and phosphatase Inhibitors 
(Thermo Scientific) followed by 1 min of sonication (3  s 
on and 3 s off, amplitude 25%). The lysate was centrifuged 
at 14,000g for 10 min and the supernatant was collected 
as whole tissue extract. Protein concentration was deter-
mined by Bradford protein assay. Extracts from each 
sample (500 μg protein) was reduced with 10 mM dithi-
othreitol at 56  °C for 30  min and alkylated with 10  mM 
iodoacetamide at room temperature (RT) in the dark for 
additional 30 min. Samples were then digested using the 
filter-aided proteome preparation (FASP) method with 
trypsin. Briefly, samples were transferred into a 30kD 
Microcon filter (Millipore) and centrifuged at 14,000g 
for 20 min. The precipitate in the filter was washed twice 
by adding 300μL washing buffer (8  M urea in 100  mM 
Tris, pH 8.0) into the filter and centrifuged at 14,000g 
for 20  min. The precipitate was resuspended in 200μL 
100  mM NH4HCO3. Trypsin with a protein-to enzyme 
ratio of 50:1 (w/w) was added into the filter. Proteins were 
digested at 37 °C for 16 h. After tryptic digestion, peptides 
were collected by centrifugation at 14,000g for 20  min 
and dried in a vacuum concentrator (Thermo Scientific). 
Dried peptides were then used for proteomic analysis.



Page 39 of 47Tong et al. Journal of Hematology & Oncology          (2022) 15:168  

Immunoprecipitation
For immunoprecipitation, cells were lysed with 0.5% 
NP-40 buffer containing 50  mM Tris–HCl (pH 7.5), 
150 mM NaCl, 0.3% NONIDET P-40, 1 μg mL − 1 apro-
tinin, 1 μg mL − 1 leupeptin, 1 μg mL − 1 pepstatin, and 
1 mM PMSF. Cell lysates were incubated with Flag beads 
(Sigma) for 3  h at 4  °C. The binding complexes were 
washed with 0.5% NP-40 buffer and mixed with loading 
buffer for SDS-PAGE.

Glycolytic rate assays
Glycolytic rate assay was performed according to the 
published procedure with slight modifications [116]. 
Briefly, PDAC cells (high glucose cultivated PANC-1, 
high glucose cultivated PANC-1 FH KD, low glucose cul-
tivated PANC-1, low glucose cultivated PANC-1 FH KD, 
high glucose cultivated SW1990, high glucose cultivated 
SW1990 FH KD, low glucose cultivated SW1990, low 
glucose cultivated SW1990 FH KD) (5 ×  105) seeded in a 
6-well plate were washed once with PBS and incubated in 
2 ml of Krebs buffer (126 mM NaCl, 2.5 mM KCl, 25 mM 
NaHCO3, 1.2  mM NaH2PO4, 1.2  mM  MgCl2, 2.5  mM 
 CaCl2) without glucose for 30  min at 37  °C. The Krebs 
buffer was removed, and 2 ml of Krebs buffer containing 
5.5 mM glucose spiked with 10 μCi of D-[5-3H]-glucose 
was then added into each well followed by incubation for 
1 h at 37 °C. An aliquot of Krebs buffer (50 μl) was mixed 
with an equal volume of 0.2 N HCl in an uncapped PCR 
tube, which was then transferred into a 1.5  ml Eppen-
dorf tube containing 0.5  ml of unlabeled distill water. 
The Eppendorf tubes were sealed to allowed diffusion of 
 3H2O into unlabeled water for 24 h at 37 °C. The amount 
of diffused  3H2O was measured using a scintillation 
counter and normalized to the cell number counted in 
each sample.

Glucose uptake assay
Glucose uptake was measured by a kit obtained from 
Promega (#J1342) according to the manufacturer’s 
instructions. Briefly, 10,000 PDAC cells were seeded into 
96-well plates and grew for 12 h. The cells were washed 
twice with PBS and incubated with 1  mM of 2-DG 
for 10  min at 37  °C. The uptake was terminated by the 
addition of an acid detergent solution (stop buffer), and 
neutralization buffer was then added to neutralize the 
acid. The 2-DG6P detection reagent containing glucose-
6-phosphate dehydrogenase, NADP+, reductase, recom-
binant luciferase, and proluciferin substrate was added to 
the sample wells. The plate was incubated for 1 h at 25 °C, 
and luminescence intensity was read on a luminometer 

with 0.3–1  s integration. The glucose uptake level was 
normalized according to the cell number counted in a 
duplicate sample.

Metabolite measurement by LC–MS/MS
The metabolites were extracted using a previously 
described protocol [117, 118]. Briefly, the samples were 
resuspended in HPLC-grade  H2O before flow injecting 
and analyzing with the Q Executive HFX mass spec-
trometer (Thermo Fisher) coupled to a Shimadzu HPLC 
system (LC 20AB) via Multiple reaction monitoring 
(MRM) mode to only detect the concentration of pyru-
vic acid, lactate, and oxaloacetate. The relative concentra-
tion of pyruvic acid, lactate, and oxaloacetate could all be 
analyzed.

Tandem affinity purification
Cells were transfected with pLVXyu-BirA-HOGA1. 
Apply biotin (50  μM final concentration) to cells after 
12–16 h. After 36–48 h, the transfection was completed 
and the cells were lysed on ice in 0.1% NP40 buffer con-
taining 50 mM Tris–HCl (pH 7.5), 150 mM NaCl, 0.3% 
NONIDET P-40, 1 μg mL − 1 aprotinin, 1 μg mL − 1 leu-
peptin, 1  μg  mL − 1 pepstatin, and 1  mM PMSF. After 
removal of insoluble cell debris by high-speed centrifu-
gation, cell lysates were incubated with SBP beads (Mil-
lipore) for 3 h at 4 °C. The precipitates were washed three 
times with 0.1% NP40 buffer, two times with ddH2O, and 
three times with 50  mM NH4HCO3. On-bead tryptic 
digestion was performed at 37 °C overnight. The peptides 
in the supernatant were collected by centrifugation and 
dried in a speed vacuum (Eppendorf ). Samples were re-
dissolved in NH4HCO3 buffer containing 0.1% formic 
acid and 5% acetonitrile (ACN) before being subjected to 
mass spectrometry.

Western blotting
Protein samples were separated using SDS-PAGE. The 
protein was transferred onto a NC membrane. Then, 
the membranes were blocked using tris-buffered saline 
tween (TBST) with 5% skimmed milk at room tempera-
ture for 1 h, followed by incubation using corresponding 
primary antibodies at 4 °C overnight. Next day, the mem-
branes were then incubated in anti-mouse or anti-rabbit 
IgG at room temperature for 1 h. The protein bands were 
visualized using an enhanced chemiluminescence protein 
detection kit (Pierce Biotechnology; Thermo Fisher Sci-
entific, Inc), and then, the signal was quantified by Image 
J (NIH, Bethesda, MD, USA).
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Quantitative RT‑PCR
The Superscript III RT kit (Invitrogen) was used with 
random 3 hexamer primers to produce cDNA from 4 μg 
total RNA. ACTIN was used as the endogenous control 
for samples. All primers for analysis were synthesized 
by TSINGKE  Biological Technology (Shanghai). The 
analysis was performed by using an Applied Biosystems 
7900HT Sequence Detection System, with SYBR green 
labeling.

QPCR-LARP1-F: 5′-ACA CAA GTG GGT TCC ATT 
ACAAA-3′
QPCR-LARP1-R:5′-CTC CGC GAT TGG CAG GTA 
T-3′
QPCR-LARP4B-F:5′-GAC AAG TTC CAT CCC ACC 
TTTG-3′
QPCR-LARP4B-R:5′-CCA TTG GCA TCC GAT CCC 
T-3′
QPCR-LARP4-F:5′-CCA CCC CAG TAA CTC ATG 
GAA-3′
QPCR-LARP4-R:5′-AGC TCT GCA TTA CCC TCA 
GGA-3′
QPCR-CDK1-F:5′-GGA TGT GCT TAT GCA GGA 
TTCC-3′
QPCR-CDK1-R:5′-CAT GTA CTG ACC AGG AGG 
GATAG-3′
QPCR-CCNB1-F:5′-AAC TTT CGC CTG AGC CTA 
TTTT-3′
QPCR-CCNB1-R:5′-TTG GTC TGA CTG CTT GCT 
CTT-3′
QPCR-CCNB2-F:5′-TTG GCT GGT ACA AGT CCA 
CTC-3′
QPCR-CCNB2-R:5′-TGG GAA CTG GTA TAA GCA 
TTGTC-3′
QPCR-HOGA1-F:5′-GGT CCC CAA GTC TGG TCT 
TCT-3′
QPCR-HOGA1-R:5′-GAT ACC CGC AAT GTC CAC 
CTT-3′
QPCR-LARP7-F:5′-GGC TCT GAC ATT GAG TCC 
ACT-3′
QPCR-LARP7-R:5′-TGC TTC AAC TCT GTC CCG 
TTT-3′

Cell proliferation assay
Different groups of cells (2000 cells/well) were seeded 
into 96-well plates. At the indicated detection times, 
CCK8 reagent was added into each well. The plates were 
incubated at 37  °C for 1  h, and then, absorbance of the 
96-well plates was detected at a wavelength of 450 nm.

Ubiquitination assay
pcDNA3.1-Ub-HA and target plasmids were transfected 
for 24–48 h. MG132 was added for 8 h before harvesting 
the cells. Cells were next lysed in 1% SDS buffer (Tris–
HCl pH 7.5, 0.5  mM EDTA, 1  mM DTT), and boiled 
for 10  min, and the lysates were diluted 5–tenfold. Flag 
Beads was added into the lysates for 3 h at 4 °C.

Flow cytometric analysis
Approximately  106 treated cells were suspended in cold 
70% ethanol for 3 h and incubated for 1 h at 37 °C in PBS 
with DNase-free RNase A (100  mg  mL − 1) and pro-
pidium iodide (50  mg   mL−1). The cells were next ana-
lyzed using a fluorescence-activated cell sorter (FACS). 
Data are presented as means ± SD of three independent 
experiments.

Xenograft tumorigenesis experiments
Different groups of PANC-1 cells (5 ×  106) were re-sus-
pended in PBS and injected subcutaneously (SC) into the 
right flank of 5-week-old BALB/c-nude mice. The weight 
and the tumor diameter of each mouse were measured 
every week. Tumor volume  (mm3) was calculated as fol-
lows: (shortest diameter)2 × (longest diameter) × 0.5. 
Four weeks later all mice were  killed.

Quantification and statistical analysis
Statistical details of experiments and analyses were 
noted in the figure legends and supplementary tables. 
Standard statistical tests were used to analyze the asso-
ciation between clinical information and multi-omics 
data. Student’s t test, Wilcoxon test, one-way ANOVA, 
and Kruskal–Wallis test were used for continuous data; 
Fisher’s exact test was used for categorical data. The 
Benjamini–Hochberg adjusted P values of differentially 
expressed RNA/proteins/phosphoproteins were calcu-
lated. Log-rank tests and Kaplan–Meier survival curves 
were used to compare the overall survival and disease free 
survival. All statistical tests were two-sided, and statisti-
cal significance was considered when p < 0.05. Variables 
associated with survival were identified using univariate 
Cox proportional hazards regression models. The cor-
relation between two sets of data was calculated using 
Spearman’s correlation. All the analyses of clinical data 
were performed in R (version 4.0.2) and GraphPad Prism 
8. For functional experiments, each was repeated at least 
three times independently, and results were expressed 
as mean ± standard error of the mean (SEM). Statistical 
analysis was performed using GraphPad Prism 8.
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Additional file 1: Fig. S1. Quality assessment of proteomic data of 
PDAC, related to Fig. 1. A‑D. The number of identified mRNA (A), protein 
(B), phosphoprotein (C) and phosphosite (D) in the tumors and NATs. E 
Trinucleotide motif frequency plots and mutations frequency similarity 
of identified five mutational profiles (Fudan cohort). F Trinucleotide motif 
frequency plots and mutations frequency similarity of identified five 
mutational profiles (CPTAC cohort). G Spearman’s correlation analysis of 16 
HEK293T cell samples as MS quality control to evaluate the robustness of 
label-free quantification (Spearman’s correlation coefficients, 0.88-0.98). H 
The cumulative identified proteins in the 220 NATs (blue) and 226 tumors 
(red). I Distribution of log10-transformed FOT abundance of identified 
proteins in 226 tumors and 220 NATs that passed quality control. Red 
presents tumor samples (n = 226), blue denotes NAT samples (n = 220). 
In the box plots, the middle bar represents the median, and the box repre-
sents the interquartile range; bars extend to 1.5× the interquartile range. J 
Proteomic datasets filtered at different levels for various statistical analyses. 
16,584 gene products (GPs) identified in 446 PDAC samples; 16,567 GPs: at 
1% protein level FDR; 12,602 GPs: at high abundance range (FOT ≥ 1E−5) 
and discard KRTs; 7,055 GPs: GPs identified in at least 38 tumor samples 
or 37 NAT samples. K Venn diagram summary of the number of identified 
mRNA (19,992), proteins (16,584), phosphoproteins (7,399). L PCA analysis 
of proteomic data based on years of sample collection (left) and experi-
mental batches (right)..

Additional file 2: Fig. S2. Phosphoproteomic characterization, related 
to Fig. 1. A. MS2 spectrums of the YAP1 at S109 and RB1 at S807. B. IHC 
staining of YAP1 at S109 and RB1 at S807 in PDAC tumor tissues and NATs. 
C. Boxplot indicting the phosphosite expression of YAP1_pS109 and 
RB1_pS807 between tumors and NATs.

Additional file 3: Fig. S3. The impacts of somatic copy number altera-
tions in PDAC cohort, related to Fig. 2. A Bar plots showing pathway 
enrichment of cis/trans-effect between CNA and protein (left) or phospho-
protein (right). B Distribution of IRF6 status between the younger patients’ 
group (≤ 60) and the older patients’ group (> 60) (left). The boxplot reveals 
the comparison of the mRNA (middle) and protein (right) abundance 
of IRF6 between the younger patients (≤ 60) and the older patients (> 
60) (Wilcoxon test). C Kaplan-Meier curves for overall survival based on 
IRF6 abundance in the younger patients (left) or the older patients (right) 
(log-rank test). D The heatmap indicating the protein abundance of genes 

participated in cell cycle in the four groups (TP53 mut, younger patients; 
WT, younger patients; TP53 mut, older patients; WT, older patients). 
Each column represents a sample. E Spearman-rank correlation of the 
abundance of CDK4 and phosphosites. Cell cycle and cell proliferation 
associated phosphosites are labeled in pink. **** p < 1.0E-4, *** p < 1.0E-3, 
** p < 1.0E-2, * p < 0.05, ns > 0.05.

Additional file 4: Fig. S4. Characteristics of PDAC patients with KRASG12D 
mutations. A The volcano plot showing the phosphosites that significantly 
altered between tumors with KRASG12D and with other types of KRAS 
mutations. B The heatmap indicating the phosphorylation abundance 
of RAF1, MAP2K2, MAPK1 across tumors with different KRAS mutations. C 
Kaplan-Meier curves for overall survival based on the phosphorylation of 
E2F1 at S364 (left) and based on the TF activity of E2F1 (right). D The box 
plots indicating the inferred TF activity of E2F1 (right), phosphorylation 
of E2F1 at S364 (middle) and the protein expression of E2F1 (left) across 
the tumors with diverse KRAS mutations. E IHC staining of E2F1_pS364 
and E2F1 in tumors with different KRAS mutations. F The scatter plots 
indicating correlation between protein expression of E2F1 (green) and 
phosphorylation of E2F1 at S364 (red) with the TF activity of E2F1. G The 
heatmap revealing the expression patterns of E2F1’s TGs across the PDAC 
patients. Color of each cell shows the z scored FPKM of the mRNAs. H The 
scatter plot showing significance of correlation between proteins with 
their cognate mRNAs (y axis), versus the significance of protein’s Hazard 
ratio (x axis). Proteins negatively associated with patients’ overall survival 
are color coded in red. I The systematic diagram summarizing that the 
phosphorylation of E2F1 at S364 enhanced the cell proliferation process 
and led to poor prognosis in tumors with KRASG12D mutations. **** p < 
1.0E-4, *** p < 1.0E-3, ** p < 1.0E-2, * p < 0.05, ns > 0.05.

Additional file 5: Fig. S5. Integrated multi-omics features in tumor tissues 
compared with NATs of the PDAC, related to Fig. 3. A Principal compo-
nent analysis (PCA) of RNA-Seq (19,992 genes) in 54 tumors and 51 NATs. 
Red, tumors; blue, NATs. B PCA of 7,399 phosphoproteins in 113 paired 
samples. Red, tumors; blue, NATs. C A volcano plot showing the results of 
a two-tailed Student’s t test comparing tumors and NATs at transcriptome 
level. D A volcano plot showing the results of a two-tailed Student’s t 
test comparing tumors and NATs at phosphoproteome level. E–G. KEGG 
pathway analysis of differentially expressed mRNAs (E), proteins (F) and 
phosphoproteins (G) revealing pathways that were significantly enriched 
in tumors and NATs. H, I Gene-wise correlations of mRNA and protein 
expression in NATs (H) and tumors (I). J, K Gene-wise correlations of phos-
phosites and protein expression in NATs (J) and tumors (K). **** p < 1.0E-4, 
*** p < 1.0E-3, ** p < 1.0E-2, * p < 0.05, ns > 0.05.

Additional file 6: Fig. S6. Proteomic features in tumor tissues compared 
with NATs of the PDAC in CPTAC cohort, related to Fig. 3. A Venn diagram 
summary of the number of up-regulated (left) and down-regulated 
(right) proteins between Fudan cohort and CPTAC cohort. B Differentially 
expressed proteins in tumors and NATs in CPTAC cohort (right panel). 
The left panel shows KEGG pathway analysis of identified differentially 
expressed proteins. Red, up-regulated pathways; blue, down-regulated 
pathways. C Differential expression of the pancreas-specific proteins 
in tumors and NATs (list from The Human Protein Atlas). Red, pancreas 
enriched proteins; green, pancreas enhanced protein; blue, pancreas 
grouped protein (left panel). The right panel shows KEGG pathway analysis 
of identified pancreas-specific proteins. D The expression of pancreas 
signature proteins in tumors and NATs in CPTAC cohort. E Heatmap (left) 
showing the fold change of 15 potential targets between tumors and 
NATs in CPTAC cohort. Scatter plot (right) shows the Cox regression coef-
ficient of these proteins. Name in red indicates FDA-approved drugs. **** 
p < 1.0E-4, *** p < 1.0E-3, ** p < 1.0E-2, * p < 0.05, ns > 0.05.

Additional file 7: Fig. S7. The expression of phosphotyrosine in PDAC 
cohort, related to Fig. 3. A. The proportion of phosphorylation sites 
S, T and Y in tumors and NATs, respectively. B. The comparison of the 
percentage of phosphorylation sites S, T and Y in Fudan cohort and other 
gastrointestinal tumor cohorts. C. The scatter plot demonstrating the T/
NAT ratio of phosphotyrosine (y axis) and T/NAT ratio of their correspond-
ing proteins (x axis). D. Heatmap showing the expression of altered 
proteins and their corresponding phosphotyrosine. Significance (survival)  
of proteins which were negatively correlated with prognosis are labeled. 

https://doi.org/10.1186/s13045-022-01384-3
https://doi.org/10.1186/s13045-022-01384-3
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E. Boxplot of PLEC (left) and PLEC/Y4611 (right) expression between 
metastasis/non-metastasis patients (Wilcoxon test). **** p < 1.0E-4, *** p < 
1.0E-3, ** p < 1.0E-2, * p < 0.05, ns > 0.05.

Additional file 8: Fig. S8. The effects of diabetes on the proteogenomic 
characteristics of PDAC, related to Fig. 4. A The boxplot representing the 
comparison of blood glucose concentration between patients with dia-
betes and without diabetes. B The Kaplan-Meier curves for overall survival 
based on diabetic patients with or without medical treatment. C The 
heatmap showing the distribution of 10q25.3 deletion and MTOR muta-
tions across different samples in TCGA cohort. D The bar plot showing 
the distribution of patients with 10q25.3 deletion between patients with 
diabetes and without diabetes in WSU cohort. E The scatter plot depicting 
the cis-effect of genes located in 10q25.3 between CNA and RNA (left) or 
RNA and protein (right). F The boxplot indicating the protein expression 
of AKT1 between patients with and without diabetes history (Wilcoxon 
test). G The expression heatmap describing the phospho-substrates of 
MTOR downregulated by MTOR mutations. H The scatter plot depicting 
the correlation between abundance of EIF4EBP1_pT37 and GSVA score 
(Spearman’s correlation). I The boxplots indicating the protein expres-
sion of AKT1S1, EIF4E3, EIF4EBP1, and RPTOR between patients with and 
without diabetes history (Wilcoxon test). J Spearman-rank correlation of 
the protein expression of AKT1S1, EIF4E3, EIF4EBP1, and RPTOR versus the 
GSVA score of translational initiation. **** p < 1.0E-4, *** p < 1.0E-3, ** p < 
1.0E-2, * p < 0.05, ns > 0.05.

Additional file 9: Fig. S9. 8p11.22 amplification is associated with PDAC 
metastasis, related to Fig. 5. A Western blot assays were conducted 
for detecting ADAM9 protein in PANC-1 cells after si-ADAM9-1 and 
si-ADMA9-2 knocked down. B The scatter plot depicting the correla-
tion between ADAM9 expression and expression of ADAM9-interacting 
proteins (Spearman’s correlation). C The scatter plot depicting the correla-
tion between the abundance of SRC and pathways (GSVA score). D The 
boxplots indicating the protein expression of ADAM9 (left) and CDCP1 
(right) between tumor tissues and NATs in CPTAC cohort (Student’s t test). 
E Spearman-rank correlation of ADAM9 and CDCP1 protein expression 
(left). The scatter plot on the right depicting the correlation of CDCP1 
and SRC protein expression in CPTAC cohort (Spearman’s correlation). F 
Spearman-rank correlation of the abundance of ADAM9 and epithelial 
cell migration (GSVA score) in CPTAC cohort (Spearman’s correlation). G 
Heatmap of the relative abundance of epithelial-cell-migration-related 
proteins that are significantly associated with ADAM9 expression in CPTAC 
cohort. H WGCNA of 93 PDAC samples depicting module eigengenes 
(MEs) highly correlated with primary tumor in the patients with five 
metastasis sites (upper heatmap of the left panel). Enrichment analysis for 
the different MEs is presented in the lower heatmap of the left panel (P 
value < 0.05). The heatmap (right) shows the differential proteins involved 
the overrepresented pathways of different modules corresponding to 
the five metastasis sites. I Protein-regulatory network showing proteins 
participated in metastasis-sites-associated pathways. J Boxplot of ADAM9 
protein expression among five metastasis sites (Kruskal-Wallis test). **** p 
< 1.0E-4, *** p < 1.0E-3, ** p < 1.0E-2, * p < 0.05, ns > 0.05.

Additional file 10: Fig. S10. Protein expression changes in PANC-1 
cell lines after ADAM9 knocked down and the co-expressed proteins of 
ADAM9, related to Fig. 5. A The schematic work flow of validation experi-
ments for the protein expression changes after ADAM9 knocked down. B 
The volcano plot showed the proteins that significantly altered between 
PANC-1 cells with ADAM9 KD and Scrambled siRNA. The GO processes 
enriched by proteins downregulated in ADAM9 KD cell lines are noted 
on the left. C Expression of proteins participated in collagen-containing 
extracellular matrix, WNT signaling pathway and cell migration involved 
in angiogenesis in the ADAM9 KD group and Scrambled siRNA group (n = 
3 repeats per group). D The schematic work flow of co-immunoprecipita-
tion assay of ADAM9 KD group and Scrambled siRNA group in PANC-1 cell 
lines. E Table showing GO processes enriched by the proteins interact with 
ADAM9. F Network of proteins interacting with ADAM9.

Additional file 11: Fig. S11. Multi-omics subtypes of PDAC patients, 
related to Fig. 6. A Consensus matrices of identified clusters (k = 2 to 
4) of transcriptomic, proteomic, and phosphoproteomic subtypes. B 
The consensus CDF and delta area (change in CDF area) plots, as well as 

the silhouette plots, are shown. C Heatmaps showing the comparison 
between transcriptomic and phosphoproteomic subtypes (columns) with 
proteomic subtypes (rows). Each row sums to one, with different entries 
showing the proportion of tumors allocated to proteomic subtypes. D The 
boxplots of overrepresented proteins (One-way ANOVA) and the associa-
tion of the proteins with prognosis (log-rank test) among three proteomic 
subtypes. E The Sankey plot revealing the association between our prot-
eomic subtypes and Collisson subgroups. F Kaplan-Meier plot comparing 
the survival outcomes between Collisson QM-PDA samples assigned into 
two proteomic clusters (S-II and S-III). G Differential expression protein 
between S-II and S-III included in Collisson QM-PDA samples. H Bubble 
diagram revealing the enriched pathway of upregulated proteins in S-III 
included in Collisson QM-PDA samples. I Kaplan-Meier curves for overall 
survival of patients with tumor located on head (H-PDAC) and with tumor 
located on body-tail (BT-PDAC) in Fudan cohort (left) and CPTAC cohort 
(right) (log-rank test). J The heatmap indicating the GSVA scores of the 
pathway at proteomic level (upper) and proteins enriched in cell cycle and 
ERBB signaling pathway (lower) between H-PDAC and BT-PDAC in CPTAC 
cohort. **** p < 1.0E-4, *** p < 1.0E-3, ** p < 1.0E-2, * p < 0.05, ns > 0.05.

Additional file 12: Fig. S12. Multi-omics characteristics of the three 
proteomic subtypes, related to Fig. 6. A Bar plot showing the number of 
overexpressed molecules in each proteomic subtypes at both proteome 
and transcriptome level. B Heatmap of the characteristic molecules of 
each proteomic subtypes at proteome (left) and transcriptome (right) 
level. Molecules previously reported to be associated with PDAC are 
marked in red. C Scatter plot displaying the significance of molecules that 
highest expressed in S-III at RNA level (y axis) and at protein level (x axis). 
Enriched biological pathways are showed on the right. D The systematic 
diagram summarizing significantly altered proteins that enriched in 
ErbB_EGFR signaling pathway. Color of each cell shows Z-scored average 
abundance of the protein among proteome subtypes. E The kinome tree 
of three proteomic subtypes. F Coxcomb diagrams showing the distribu-
tion of 10 kinase family in three proteomic subtypes. G The association of 
kinase-substrate pairs overrepresented in proteomic subtypes. **** p < 
1.0E-4, *** p < 1.0E-3, ** p < 1.0E-2, * p < 0.05, ns > 0.05.

Additional file 13: Fig. S13. Proteomic subtypes divided early-stage 
PDAC patients into subtypes with different prognosis, related to Fig. 6. 
A Summary of the relationship between proteomic subtypes and TNM 
stage subtypes. B Kaplan-Meier curves for overall survival of early-stage 
(IA and IB) PDAC patients based on 3 proteomic subtypes (log-rank test). 
C Bar plot indicating the enriched pathways in early-stage patients who 
were divided into three proteomic subtypes. D Heatmap of differentially 
expressed kinase signatures among the three proteomic subtypes in 
patients with early-stage PDAC. **** p < 1.0E-4, *** p < 1.0E-3, ** p < 1.0E-
2, * p < 0.05, ns > 0.05.

Additional file 14: Fig. S14. Proteomic subtypes of CPTAC PDAC patients 
based on Fudan’s proteomic stratification, related to Fig. 6. A Consensus 
matrices of identified clusters (k = 2 to 5) of proteomic subtypes in CPTAC 
cohort based on Fudan’s proteomic stratification. B, C The consensus 
CDF (B) and delta area (change in CDF area) plots (C) are shown. D The 
heatmap depicting the relative abundance of signature proteins among 
three proteomic subtypes. E The association of three CPTAC proteomic 
subtypes based on our proteomic stratification with clinical outcomes. 
F Representative GO terms in CPTAC proteomic subtypes based on our 
proteomic stratification. G, H The boxplots indicating the protein expres-
sion of GRB7 (G), AKT2 and ERBB2 (H) among three proteomic subtypes in 
CPTAC cohort based on our proteomic stratification (Kruskal-Wallis test). I 
A volcano plot showing the prognosis associated characteristic proteins 
of three subgroups in CPTAC cohort based on our proteomic stratification. 
Red, proteins that negatively associated with prognosis in Fudan cohort; 
green, proteins that positively associated with prognosis in Fudan cohort. 
J The Sankey plot revealing the association between CPTAC subgroups 
and CPTAC subgroups based on our proteomic stratification. **** p < 1.0E-
4, *** p < 1.0E-3, ** p < 1.0E-2, * p < 0.05, ns > 0.05.

Additional file 15: Fig. S15. Protein markers for three PDAC proteomic 
subtypes, related to Fig. 6. A The boxplot indicating the comparison of 
tumor purity across the proteomic subtypes. B Heatmap indicating the 
expression of protein biomarkers in the three proteomic subtypes. C 
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Kaplan-Meier curves for overall survival based on proteomic abundance 
of ACOX1, S100A4 and MCM6 (log-rank test). D IHC profiling of proteomic 
subtype markers in PDAC. FFPE sections were stained for ACOX1, S100A4 
and MCM6 protein markers in PDAC tumor tissues. The scale bar indicates 
100 μm. **** p < 1.0E-4, *** p < 1.0E-3, ** p < 1.0E-2, * p < 0.05, ns > 0.05.

Additional file 16: Fig. S16. Characterization of immune infiltration in 
PDAC, related to Fig. 7. A Boxplot showing the age among five immune 
clusters. B Heatmap of xCell score between samples in old/young group 
of TCGA cohort. C Distribution of the percentage of proteomics subtypes 
across different immune subtypes (Fisher’s exact test). D The Sankey plot 
revealing the association between proteomics subtypes and immune 
subtypes. E Kaplan-Meier curves for overall survival based on immune 
subtypes in S-II (log-rank test). F Heatmap illustrating cell type composi-
tions and pathways across 5 immune clusters. G Consensus matrices of 
identified clusters (k = 3 and 5) of immune subtypes. H Bar plots of GSVA 
scores among 5 immune subtypes. **** p < 1.0E-4, *** p < 1.0E-3, ** p < 
1.0E-2, * p < 0.05, ns > 0.05.

Additional file 17: Fig. S17. The impact of FH amplification in PDAC, 
related to Fig. 7. A Scatter plot on the left presents the correlation 
between FH copy number and FH expression in TCGA cohort (left) or in 
WSU cohort (right). B, C The bar plot shows the distribution of patients 
with FH amplification between diabetes and non-diabetes in our cohort 
(B), in TCGA cohort (C, left) and in WSU cohort (C, right). D The schematic 
work flow of our validation experiments for the FH in prompting PDAC 
tumor cell proliferation through regulating glucose metabolism. E Prolif-
eration of PDAC cells (SW1990: left; PANC1: right) associated with various 
treatments (n = 4 repeats per group). F The comparison of glycolytic rates, 
glucose consumption, oxaloacetate and lactate production associated 
with various treatments (n = 4 repeats per group). G The schematic 
work flow of our validation experiments for the impacts of FH on tumor 
immune microenvironments. H The heatmap showing the expression 
patterns of cytokines detected in supernatants of cell cultures across 
cells under different treatments (n = 3 repeats per group). The schematic 
diagrams on the right shows the impacts of cytokines such as IL12, TNF in 
transforming monocytes to cDCs (up); the impacts of cytokines including 
CCL7, CCL3 in recruiting monocytes (bottom). **** p < 1.0E-4, *** p < 1.0E-
3, ** p < 1.0E-2, * p < 0.05, ns > 0.05.

Additional file 18: Fig. S18. Characterization of ECM subtypes in PDAC, 
related to Fig. 7. A H&E-stained slides of samples of deserted, inter, reac-
tive ECM subtypes. B The expression heatmap describing differentially 
expressed proteins and phosphoproteins among three ECM subtypes. 
The enriched biological pathways were annotated on the right. C Boxplot 
illustrating the purity of sample among ECM subtypes. D Boxplots show-
ing the expression of ECM markers among ECM subtypes. E IHC profiling 
of ECM markers in ECM subtypes. F Heatmap of drug targets of deserted, 
inter, reactive ECM subtypes. Drugs are labeled on the left. G Boxplot 
illustrating the purity of sample among 5 immune subtypes. H The Sankey 
plot revealing the association between ECM subtypes and our immune 
subtypes. I The association of five immune clusters with clinical outcomes 
in reactive ECM subtype samples. J Heatmap showing the xCell signatures 
among five immune clusters in reactive ECM subtype samples. **** p < 
1.0E-4, *** p < 1.0E-3, ** p < 1.0E-2, * p < 0.05, ns > 0.05.

Additional file 19: Fig. S19. Biological diversity between high and low 
purity samples. A The heatmap indicating the correlation between histo-
logical purity and purity assessed by ESTIMATE and ABSOLUTE package. 
B The expression heatmap describing differentially expressed proteins 
and phosphoproteins in high/low tumor purity. The enriched biological 
pathways are annotated on the right.

Additional file 20: Fig. S20. HOGA1 regulated LARP7 expression, related 
to Fig. 8. A The association of the mRNA expression of HOGA1with 
prognosis (log-rank test). B Boxplot showing the differential expression of 
HOGA1 between tumors and NATs in CPTAC cohort (Student’s t test). C 
Expression of HOGA1, LARP7, CDK1, CCNB1, and CCNB2, in tumor tissues 
were detected by western blot analysis. N = non-tumor adjacent tissue, 
T = tumor tissue. D The impacts of HOGA1 overexpression on PANC-1 
and BxPC-3 cells proliferation. E Proliferation of PANC-1 and BxPC-3 cells 
associated with various treatments (n = 4 repeats per group). F Cellular 

localization of HOGA1 in PANC-1 cells. G GO term category of HOGA1 
interacting proteins. H–I LARP7 mRNA levels in PANC-1 cells with various 
treatments. J The percentage of G2/M phase cells in PANC-1 cells (n = 5 
repeats per group). **** p < 1.0E-4, *** p < 1.0E-3, ** p < 1.0E-2, * p < 0.05, 
ns > 0.05.

Additional file 21: Fig. S21. Protein expression changes in PANC-1 cell 
lines after HOGA1 knocked down and over expressed, related to Fig. 8. 
A The schematic work flow of validation experiments for the protein 
expression changes after HOGA1 knocked down and over expressed. B 
The volcano plot showing the proteins that significantly altered between 
PANC-1 cells with HOGA1 KD (left)/HOGA1 OE (right) and WT. The GO 
processes enriched by proteins upregulated in HOGA1 KD cell lines and 
downregulated in HOGA1 OE cell lines compared with WT are noted on 
the bottom. C Expression of proteins involved in cell cycle in the HOGA1 
OE group, HOGA1 KD group and WT group. (n = 3 repeats per group).

Additional file 22: Fig. S22. Hematoxylin and eosin (H&E) staining on 
PDACs. The tumor cell purities of tumor tissues and the non-tumor cell 
purities of tumor-adjacent tissues.

Additional file 23: Table S1. Clinicopathologic Information and Multi-
omics Data in PDAC Cohort. Table S1A Multi-omics information of PDAC 
cohort. Table S1B Clinicopathologic information of the 229 PDAC.

Additional file 24: Table S2. The Impacts of Somatic Copy Number 
Alterations in PDAC Cohort. Table S2A Matrix of amplification peaks, fol-
lowed by the genes contained in them, 95% confidence level. Table S2B 
Matrix of deletion peaks, followed by the genes contained in them, 95% 
confidence level. Table S2C Matrix of the top 10 mutated genes in PDAC 
of Fudan cohort. Table S2D Matrix of the 10 mutated genes used in 
Figure 1C of ICGC, 2012 cohort. Table S2E Matrix of the 10 mutated genes 
used in Figure 1C of ICGC, 2016 cohort. Table S2F Matrix of the 10 mutated 
genes used in Figure 1C of TCGA, 2018 cohort. Table S2G Matrix of the 10 
mutated genes used in Figure 1C of UTSW, 2015 cohort. Table S2H Matrix 
of the 10 mutated genes used in Figure 1C of CPTAC, 2021 cohort.

Additional file 25: Table S3. Integrated Multi-omics Features in Tumor 
Tissues Compared with NATs of the PDAC. Table S3A Matrix of 7,055 pro-
tein groups and their relative intensities in at least 1/6 of the samples (226 
tumors and 220 NATs). Table S3B 19,992 mRNA and their ratio of tumors/
NATs (54 tumors and 51 NATs). Table S3C A list of protein identified both 
in protein and mRNA level. Table S3D A list of phosphosites used for KSEA 
analyses.

Additional file 26: Table S4. The Effects of Diabetes on the Proteog-
enomic Characteristics of PDAC. Table S4A Mutations and arm events 
information in PDAC patients with or without diabetes history. Table S4B 
Matrix of differential pathway enrichment in patients with or without 
diabetes history at mRNA level. Table S4C Matrix of differential pathway 
enrichment in patients with or without diabetes history at protein level.

Additional file 27: Table S5. 8p11.22 Amplification Associated with PDAC 
Metastasis. Table S5A The matrix describing mutations in PDAC metastatic 
patients and non-metastatic patients. Table S5B Matrix of GSVA scores 
of pathways significantly altered in PDAC metastatic patients and non-
metastatic patients, proteome level. Table S5C Matrix of xCell signatures 
significantly altered in PDAC metastatic patients and non-metastatic 
patients, transcriptome level. Table S5D Matrix describing the cis-effects of 
genes located on chromosome 8p11.22. Table S5E Matrix describing the 
expression of ADAM9-interacting proteins in PDAC metastatic patients 
and non-metastatic patients. Table S5F Relative abundance of WNT-sign-
aling-related proteins and phosphosite. Table S5G MS matrix of protein 
groups and their relative intensities in Scrambled siRNA and ADAM9 KD 
groups. Table S5H List of interacting proteins of ADAM9 identified by 
immunoprecipitation assay. Table S5I WGCNA analysis showing module-
trait relationships in PDAC patients with five different metastasis sites. 
Table S5J Protein expression in metastatic site-specific modules.

Additional file 28: Table S6. Proteomic Subtypes of PDAC Patients. 
Table S6A Proteomic subtypes, transcriptomic subtypes and phospho-
proteomic subtypes of PDAC patients. Table S6B A list of differentially 
expressed proteins among three subtypes. Table S6C Pathway altera-
tions in the proteomic subtypes of the PDAC cohort. Table S6D Matrix of 
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protein expression and kinase activity of kinase activated in S-III. Table S6E 
Matrix of differential pathway enrichment between patients located in 
H-PDAC and BT-PDAC. Table S6F Matrix of differentially expressed proteins 
between patients located in H-PDAC and BT-PDAC.

Additional file 29: Table S7. Characterization of Immune Infiltration 
in PDAC. Table S7A Matrix of xCell signatures significantly altered in 
5 immune subgroups. Table S7B Matrix describing the expression of 
proteins in 5 immune subgroups. Table S7C Matrix of GSVA scores of path-
ways significantly altered in 5 immune subgroups, transcriptome level. 
Table S7D Matrix of amplification/deletion events of genes in 5 immune 
subgroups. Table S7E Matrix describing the expression of proteins 
involved in TCA cycle.

Additional file 30: Table S8. HOGA1 inactivation promotes pancreatic 
cancer growth through activating LARP7-CDK1 pathway. Table S8A 
Quantified western blot results of 12 pairs of samples. Table S8B Prolifera-
tion of PANC-1 and BxPC-3 cells associated with HOGA1 knocked down. 
Table S8C Proliferation of PANC-1 and BxPC-3 cells associated with HOGA1 
overexpressed. Table S8D Proliferation of PANC-1 and BxPC-3 cells associ-
ated with metabolic enzyme treatment. Table S8E A list of 773 different 
proteins detected in PANC-1 cells. Table S8F GO term category of HOGA1 
interacting proteins in cultured PANC-1 cells. Table S8G LARP7 mRNA 
levels in PANC-1 cells with various treatments. Table S8H The percentage 
of G2/M phase cells in PANC-1 cells. Table S8I Tumor weight of indicated 
PANC-1 cells subcutaneously injected into nude mice. Table S8J MS matrix 
of protein groups and their relative intensities in WT, HOGA1 KD and 
HOGA1 OE groups. Table S8K GO term category of proteins upregulated in 
HOGA1 KD group and downregulated in HOGA1 OE group.
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