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Abstract: Recent studies have indicated that platelets may play a role in the advancement of pancreatic cancer by 
supporting tumor growth and increasing resistance to chemotherapy. This study aims to develop a prognostic model 
for pancreatic cancer using a platelet-related gene risk score. Prognostic platelet-related genes (PRGs) were identi-
fied from public databases and analyzed using cluster analysis. We investigated the microenvironment signatures 
and gene mutation patterns across different PRG-based molecular subtypes of pancreatic cancer. A prognostic 
model based on PRGs was developed using LASSO-Cox Regression Analysis. Additionally, we examined the correla-
tion between the risk score and tumor clinical characteristics, as well as drug sensitivity. Two molecular subtypes, 
cluster C1 and C2, were identified. Cluster C2 was associated with a poorer prognosis compared to Cluster C1. The 
C1 group exhibited higher scores for activated CD8+ T cells, central memory CD4+ T cells, and natural killer T cells. 
The C2 group demonstrated a higher frequency of gene mutations. We established and validated a novel prognostic 
prediction model and platelet-related gene risk score for pancreatic cancer. The risk score was positively correlated 
with T stage, N stage, and tumor grade, and it presented a significant prognostic value compared to other clinical 
factors. In conclusion, a novel prognostic prediction model focusing on platelet involvement in pancreatic cancer 
has been developed, offering potential benefits for future drug therapies and clinical prognostic assessments.

Keywords: Platelets, pancreatic cancer, tumor microenvironment signature, chemosensitivity, gene signature, 
prognosis

Introduction

Pancreatic adenocarcinoma (PAAD) ranks  
as the fourth leading cause of cancer-related 
deaths in the USA and is responsible for approx-
imately 227,000 deaths annually worldwide [1]. 
Pancreatic ductal adenocarcinoma (PDAC), 
constituting 80-90% of pancreatic cancer cas- 
es, is characterized by rapid progression, a 
poor prognosis, and an overall 5-year survival 
rate of less than 10% [2]. Currently, surgery is 
the only method that significantly improves 
postoperative survival and extends life expec-
tancy in pancreatic cancer patients. However, 
surgery is an option for only about 20% of 
patients, and even then, the rate of postopera-
tive recurrence remains high. Despite these 
challenges, effective biomarkers to predict 

postoperative survival in PDAC patients are still 
lacking. Consequently, identifying predictive 
indicators remains a critical and urgent clinical 
challenge.

In the past decade, mounting evidence has indi-
cated that platelets play a pivotal role in the 
proliferation, metastasis, and angiogenesis of 
cancer, potentially accelerating pancreatic can-
cer progression by fostering tumor growth and 
increasing chemotherapy resistance [3, 4]. 
Platelets are often referred to as the “little help-
ers” of tumors. Recent research has examined 
the transcriptomes of human PDAC circulating 
tumor cells (CTCs), primary tumors, and meta-
static lesions at a single-cell level. This study 
found significant upregulation of platelet-relat-
ed genes in CTCs, suggesting a potential link 
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between tumors and platelets. There is a nota-
ble association between CTCs and platelet 
aggregation and activation, with CTC metasta-
sis likely being influenced by platelets [5]. 
Further research has revealed that patients 
with advanced pancreatic cancer exhibiting 
higher platelet levels in their blood tend to have 
poorer prognoses and diminished responses to 
chemotherapy. Platelets may release micropar-
ticles that contribute to tumor growth and 
metastasis in pancreatic cancer [6]. Thus, the 
identification of novel biomarkers for predicting 
the prognosis of PAAD patients is essential.

In our current study, we strive to establish a 
predictive model for the clinical prognosis of 
pancreatic cancer. This model is developed by 
analyzing differentially expressed genes asso-
ciated with platelets, tumor microenvironment 
features, and molecular mutations. It incorpo-
rates a risk assessment based on platelet-
related prognostic genes, which correlates with 
clinical characteristics and drug sensitivity.

Materials and methods

Study design and data collection

The flow chart of our present study was demon-
strated in Figure S1. We sourced the clinical 
phenotype data for pancreatic cancer from the 
UCSC Xena database (http://xena.ucsc.edu/), 
excluding samples lacking survival time and 
status. We included patients with a document-
ed survival time of at least 0 day. The expres-
sion profile data for TCGA-PAAD was retrieved 
from The Cancer Genome Atlas (TCGA) data-
base (https://www.cancer.gov/ccg/) for 176 
tumor samples. As a control group, we obtained 
corresponding normal pancreatic tissue se- 
quencing data from the Genotype-Tissue Ex- 
pression (GTEx) database, which consisted of 
165 samples. Additionally, we collected four 
GEO datasets that included complete survival 
time and status: GSE57495 [7] (63 cases), 
GSE62452 [8] (66 cases), GSE71729 [9] (123 
cases), and GSE85916 (79 cases). Both TCGA 
and GTEx expression data were measured in 
fragments per kilobase of transcript per million 
mapped reads (FPKM) format. TCGA biolinks 
[10] (version 2.24.3) was used to download 
TCGA-PAAD gene SNV mutation information 
calculated by the Mutect2 software. The homol-
ogous recombination defects (HRD), fraction 
altered (FA), nonsilent mutation rate (NSM), 

number of altered segments (NAS), Aneuploidy 
Score, and silent mutation rate (SSM) data for 
each TCGA sample were sourced from previous 
studies [11].

Identification of platelet-related differential 
genes

We collected research data on 300 platelet-
related genes (PRGs) associated with platelet 
biological function [12], and screened for dif-
ferentially expressed platelet-related genes 
(DEPRGs) in the TCGA-PAAD cohort using the 
limma package (version 3.50.3) [13]. To identi-
fy DEPRGs, we set the values |logFC| > 1 and P 
value < 0.05. We searched for protein-protein 
interaction networks between these DEPRGs 
using the STRING database (https://string-db.
org/) and visualized the resulting network with 
Cytoscape [14]. For additional analysis, we 
used the clusterProfiler package (version 4.2.2) 
to conduct Gene Ontology (GO) and Kyoto 
Encyclopedia of Genes and Genomes (KEGG) 
enrichment analyses, which provided further 
insight into the functional significance of the 
genes [15].

Identification of prognostic platelet-related 
genes (PRGs)

The initial selection of differentially expressed 
platelet-related genes (DEPRGs) in the TCGA-
PAAD cohort was conducted using univariate 
Cox regression, with a significance threshold of 
P < 0.05. Subsequently, the Kaplan-Meier algo-
rithm was employed to further refine gene 
selection, also using a significance level of P < 
0.05, to ensure the robustness of our findings. 
Both methodologies identified a common set of 
prognostic platelet-related genes, demonstrat-
ing a robust and consistent association with 
survival. The ‘survival’ package (version 3.5-5) 
was instrumental in facilitating both univariate 
and multiple Cox regression analyses [16].

Consensus clustering analysis

We employed the Consensus Cluster Plus pack-
age (version 1.58.0) to perform consensus 
clustering on tumor samples from the TCGA-
PAAD cohort based on the selected prognostic 
gene expression profiles [17]. We used the 
Partitioning Around Medoids (PAM) algorithm 
and “spearman” as our distance metric, with 
500 bootstraps performed on 80% of the train-
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ing set patients. We set the clustering number 
as 2 to 10, and determined the optimal classifi-
cation by calculating the consensus matrix and 
cumulative distribution function (CDF). We 
established the best cluster number based on 
the cumulative distribution function (CDF). To 
further validate whether the consistency clus-
tering subtypes were associated with survival, 
we performed clustering on data from GEO 
using the same number of clusters following 
removal of batch effects with the SVA package 
(version 3.42.0) [18]. We then used the Kaplan-
Meier (KM) survival curve to verify whether the 
subtypes were associated with survival.

Immune infiltration analysis

We analyzed 28 immunocyte characteristic 
genes extracted from previous research to 
evaluate the distribution of specific cellular 
components in the immune microenvironment 
[19]. The single sample gene set enrichment 
analysis (ssGSEA) method was used to calcu-
late scores for the 28 immune cells [20]. 
Differences between subtypes were compared 
using the Kruskal-Wallis test. In addition, 
immune cell infiltration was evaluated using the 
ESTIMATE package (version 1.0.13) [21].

Gene mutation analysis

To compare gene mutation patterns between 
subtypes, we obtained mutation data from 
TCGA-PAAD and used the maftools package 
(version 2.10.15) to generate gene mutation 
waterfall plots [22]. We also conducted com-
parative assessments of Homologous Recom- 
bination Defects, Fraction Altered, Number of 
Segments, Nonsilent Mutation Rate, Aneuploidy 
Score, and Silent Mutation Rate between 
subtypes.

Establishment and validation of platelet-relat-
ed risk model

The paper utilized the prognostic genes which 
had been pre-screened previously. Lasso-Cox 
regression analysis was then conducted on the 
TCGA-PAAD cohort utilizing the glmnet package 
(version 4.1-6) for the purpose of obtaining rep-
resentative genes and establishing prognostic 
risk characteristics [23]. The formula for the 
feature model is Risk Score = αi × βi PRGs (αi 
represent the regression coefficient of each 
gene, βi represent the gene expression value). 

Patients were partitioned into cohorts of high 
and low-risk groups based on the median risk 
score before using the survminer [24] package 
(version 0.4.9) to describe and compare the 
survival curves of both the high and low-risk 
groups via KM analysis. Moreover, the accuracy 
of the risk model was evaluated through the 
assessment of the area under the curve (AUC) 
of the receiver operating characteristic (ROC) 
curve, with the “timeROC” package (version 
0.4) utilized in R [25]. Finally, the established 
model was verified with data collected from 
four cohorts of GEO.

Comparison between risk model and clinical 
phenotypes

To compare the proportions of various sub-
types between different risk groups, chisq.test 
was utilized while wilcox.test was used to com-
pare the differences in risk scores among vari-
ous phenotypes. Also, to illustrate the potent 
predictive ability of the risk model in terms  
of predicting survival, we performed univariate 
and multivariate cox regression analyses, 
examining the effect of both risk scores and the 
various clinical phenotypes on survival.

Drug sensitivity of risk model genes

Data including gene expression, drug sensitivi-
ty, and cell lines were obtained from the 
CellMiner [26] database (https://discover.nci.
nih.gov/cellminer/). Since some missing values 
(NA) were present in the drug sensitivity data, 
the impute.knn function from version 1.68.0  
of the impute [27] package was utilized for eval-
uation and completion of the drug data. 
Pearson correlation coefficient was then calcu-
lated between the gene expression and differ-
ent drugs within the risk model. The gene and 
drug screening process involved the use of P < 
0.01 and |cor| > 0.55 as criteria.

Cell culture and transfection

Pancreatic cancer cell lines HPAC cells were 
purchased from Cell Bank of Type Culture 
Collection of Chinese Academy of Sciences. 
HPAC cells were infected with pLKO.1-shRNA. 
Silenced cells were selected by puromycin (4 
μg/mL) for at least 4 days. All cells were rou-
tinely cultured in DMEM/F12 (1:1) + 0.002 mg/
ml insulin + 0.005 mg/ml transferrin + 40 ng/
ml hydrocortisone + 10 ng/ml epidermal growth 
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factor + 10% FBS in a humidified incubator con-
taining 5% CO2 at 37°C.

Western blot

The total cell lines protein was extracted using 
RIPA Lysis Buffer and PMSF (Thermo Scientific) 
according to the manufacturer’s protocol, and 
the protein concentration was measured by 
total protein concentration determination (BCA 
method). The following primary antibodies: 
GNA15 polyclonal antibody (Abcam, ab154157, 
1:2000) and the GAPDH specific polyclonal 
antibody (Abcam, ab8245, 1:1000).

Cell proliferation assay

HPAC cells were cultured in 96-well plates 
(5,000 cells per well). After cell stabilization, 
Cell Counting Kit-8 reagent (CCK-8) (C0037, 
Beyotime, China) was added, and the absor-
bance at 450 nm was detected using a micro-
plate reader at 1, 2, 3, 4, and 5 days to analyze 
the cell proliferation status.

Cell scratch assay

HPAC Cells were prepared into suspension, add 
100 µl of suspension containing 30,000 cells 
to the scratched insertion well, and remove the 
insert after the cells overgrow into the insertion 
well. Then, the cells were cultured in serum free 
medium and the wound healing status was 
evaluated at 36 hours.

Transwell assay

5 × 104 cells were plated in the upper chamber 
in serum-free medium. Filled the culture medi-
um containing fetal bovine serum into the bot-
tom of the well to induce migration and inva-
sion. Cells were incubated for 4-6 hours and 
stained with hematoxylin and eosin (Boyden 
chamber). Randomly select five fields and count 
cells.

Results

Function analysis of differential platelet-relat-
ed genes (PRGs) in PAAD

We performed a differential analysis of platelet 
genes, resulting in the identification of 8 down-
regulated genes and 202 upregulated genes 
(Figure S2A and S2B). Subsequently, these  
210 differentially expressed genes underwent 

enrichment analysis, focusing on the top 10 
entries in each category of Gene Ontology (GO) 
analysis, encompassing molecular function, 
biological process, and cellular component, as 
well as the top 30 pathways in the Kyoto 
Encyclopedia of Genes and Genomes (KEGG) 
analysis (Figure S2C and S2D). The majority of 
the enriched results demonstrated a strong 
association with platelets. Additionally, we con-
structed a protein-protein interaction network 
for the genes, revealing prominent interactions 
of genes such as SRC, MAPK3, RHOA, and 
HRAS with other genes (Figure S2E).

Selection of prognostic PRGs

We conducted univariate Cox regression analy-
sis on 210 differentially expressed genes and 
found 74 genes, of which 22 were classified as 
protective genes and 52 as risk genes (Figure 
1A). Subsequently, we employed the Kaplan-
Meier algorithm to assess the survival associa-
tion of the 74 genes identified and ultimately 
pinpointed 35 genes linked to survival (Figure 
1B). Visualization of the univariate Cox regres-
sion results for the 74 genes and the Kaplan-
Meier curves for the 35 genes was carried out 
to elucidate their impact on survival.

Clustering analysis of 35 prognostic PRGs

The optimal number of clusters was determined 
based on the cumulative distribution function 
(CDF) (Figure 2A). Upon observing the CDF 
delta area curve, the clustering result was 
found to be relatively stable when selecting 2 
clusters (Figure 2B and 2C). Ultimately, a value 
of k = 2 was chosen, yielding two molecular 
subtypes: cluster C1 with 73 cases, and cluster 
C2 with 103 cases. Subsequent analysis of the 
prognostic characteristics of both molecular 
subtypes revealed a significant difference in 
prognosis, with cluster 2 showing poorer prog-
nosis compared to cluster 1 (Figure 2D). 
Additionally, the clustering results of 35 prog-
nostic genes were validated in data from four 
GEO datasets, after removing batch effects, 
demonstrating significant differences in prog-
nosis between the two molecular subtypes 
(Figure 2E). Furthermore, stromal components, 
immune components, and ESTIMATE scores in 
the tumor microenvironment were significantly 
higher in the C1 group compared to the C2 
group (Figure 2F). Moreover, using the ssGSEA 
method, 28 types of immune cells were scored, 
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Figure 1. The prognostic significance of 74 platelet genes in PAAD. A: Forest plot displaying 74 platelet genes with P 
< 0.05 in univariate Cox regression analysis. B: Kaplan-Meier (KM) survival curve for 35 platelet genes associated 
with survival.

and the differences between the two subtypes 
were tested using the Kruskal-Wallis test, 
revealing higher scores of activated CD8+ T 
cells, central memory CD4+ T cells, and natural 
killer T cells in the C1 group compared to the C2 
group (Figure 2G).

Mutation characteristics of the two molecular 
subtypes

We analyzed the single nucleotide variant (SNV) 
mutation data from TCGA-PAAD. Figure S3A 

illustrates the top 15 genes with the highest 
mutation frequencies in each subtype. This 
analysis highlighted a notably higher muta- 
tion rate in genes such as KRAS and TP53  
in the C2 group. Additionally, we assessed  
the variance in six key indicators among sub-
types: “Homologous Recombination Defects”, 
“Fraction Altered”, “Number of Segments”, 
“Nonsilent Mutation Rate”, “Aneuploidy Score”, 
and “Silent Mutation Rate”. Our findings indi-
cate significant disparities between the C1 and 
C2 groups in these metrics, with the C1 group 
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Figure 2. Molecular subtypes based on platelet genes and their charactistics in PAAD. A: Heatmap of sample clus-
tering based on consensus k = 2. B: Cumulative distribution function (CDF) curve of the TCGA sample cohort. C: 
CDF Delta area curve of the TCGA sample cohort, illustrating the clustering number k on the horizontal axis and the 
relative change in the area under the CDF curve on the vertical axis. D: KM survival curve depicting the prognosis 
of two subtypes in the TCGA-PAAD cohort. E: KM survival curve illustrating the prognosis of two subtypes in the GEO 
cohort. F: Differences in ESTIMATE immune infiltration between various molecular subtypes of the TCGA cohort. G: 
Comparative analysis of 28 immune cell scores among different molecular subtypes in the TCGA cohort.

consistently exhibiting lower values than the C2 
group, as detailed in Figure S3B.

Establish and evaluation of prognostic risk 
model

We utilized 35 candidate prognostic-related 
PRGs to develop a prognostic risk model using 

Lasso-Cox regression analysis, as illustrated in 
Figure 3A and 3B. This model informed the cre-
ation of a prognostic scoring system for each of 
the 18 PRGs, calculated based on gene expres-
sion and regression coefficients as follows: 
Risk Score = 0.069 * GNA15 + 0.091 * MGLL 
+ 0.09 * UBASH3B + 0.214 * SERPINE1 + 
0.446 * STAT1 - 0.532 * FYN + 0.095 * CD9 + 
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Figure 3. Independent platelet genes detiction and risk score establishment in PAAD. A: Trajectory of each indepen-
dent variable with changing λ values by lasso analysis. B: Confidence interval analysis under varying λ by lasso analy-
sis. C: KM survival curve and ROC curve of risk score, based on the risk model constructed from 18 genes in the 
TCGA-PAAD cohort. D: KM survival curve and ROC curve of risk score in high and low-risk groups of the GSE57495 
cohort. E: KM survival curve and ROC curve of risk score in high and low-risk groups of the GSE62452 cohort. F, G: 
KM survival curve and ROC curve of risk score in high and low-risk groups of the GSE71729 and GSE85916 cohorts.

0.23 * GNAI3 - 0.103 * HABP4 + 0.281 * 
RAB27B - 0.711 * MAGED2 - 0.323 * PSAP - 
0.031 * ARRB2 - 0.271 * PCYOX1L - 0.009 * 
GP1BA - 0.073 * FAM3C - 0.105 * TRPC7 - 
0.106 * PRKCG. We then stratified the TCGA-
PAAD cohort patients into high-risk (88 cases) 
and low-risk (88 cases) groups based on the 
median risk score. Kaplan-Meier survival analy-
sis revealed that high-risk patients exhibited 
significantly poorer overall survival compared 
to their low-risk counterparts, as depicted  
in Figure 3C. This pattern was consistent in 
external datasets: GSE57495 (Figure 3D), 
GSE62452 (Figure 3E), GSE71729 (Figure 3F), 
and GSE85916 (Figure 3G), where high-risk 
patients consistently showed lower overall sur-

vival rates. To assess the prognostic accuracy 
of our risk features, we calculated the area 
under the curve (AUC) for 1-year, 2-year, and 
5-year receiver operating characteristic (ROC) 
curves. The AUCs for the TCGA-PAAD cohort 
were 0.77, 0.84, and 0.89 at 1, 3, and 5 years, 
respectively. The risk features also demonstrat-
ed robust performance in the GEO cohorts, 
underscoring the reliability and effectiveness 
of our prognostic assessment.

Comparison of risk score in different clinical-
pathological features

To explore the association between Risk Score 
and tumor clinical characteristics in TCGA-
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PAAD, we examined the variation of Risk Score 
across different clinical phenotypes. Our find-
ings indicated a positive correlation between 
the Risk Score and increased T stage, N stage, 
and grade (Figure S4A). However, no significant 
relationship was observed between M stage, 
age, and Risk Score. This lack of correlation 
with M stage may be attributed to inadequate 
follow-up data. Furthermore, we compared the 
clinical-pathological features across different 
Risk Score groups within the TCGA cohort, 
observing analogous trends (Figure S4B).

Comparison of RiskScore with other clinical 
prognostic variables

We performed both univariate and multivariate 
Cox regression analyses to further assess the 
impact of RiskScore and additional clinical vari-
ables on survival outcomes. The univariate Cox 
regression analysis demonstrated that Risk- 
Score presented a notably higher risk com-
pared to other factors (P < 0.001), with a haz-
ard ratio (HR) of 2.718 (Figure 4A). Consistently, 
the multivariate Cox regression analysis yielded 
similar results (P < 0.001, HR = 2.713) (Figure 
4B). Additionally, an analysis of the area under 
the curve (AUC) line graph for these variables 
revealed that over 1, 2, 3, 4, and 5 years, the 
AUC for RiskScore consistently exceeded that 
of other factors, underlining its significance 
(Figure 4C).

Drug sensitivity of risk model genes

We established a link between three genes - 
GNA15, HABP4, and ARRB2 - and six drug sen-
sitivities, using a correlation coefficient thresh-
old of |cor| > 0.55 and a P-value < 0.01 as 
criteria. Our analysis indicated that GNA15 
positively correlates with the sensitivities  
to several drugs, including Methylprednisolone, 
Chelerythrine, Asparaginase, Fludarabine.1, 
Fludarabine.2, Zalcitabine, Nelarabine, and 
Sapacitabine (Figure S5A-H). In addition, 
HABP4 was positively correlated with the  
sensitivity to Telatinib (Figure S5I), and ARRB2 
showed a similar positive correlation with 
Sapacitabine’s sensitivity (Figure S5J). Re- 
markably, Sapacitabine’s sensitivity was posi-
tively associated with both ARRB2 and GNA15 
genes (Figure S5H and S5J). Nelarabine exhib-
ited the strongest correlation with the GNA15 
gene, with a correlation coefficient of 0.684 
(Figure S5G).

Validation the key gene - GNA15 of riskscore in 
HPAC cells

Initially, we assessed GNA15 expression at the 
protein level in five pancreatic cancer cell lines 
using Western blot analysis (Figure 5A). Among 
these, the HPAC cell line, which exhibited high 
GNA15 expression, was chosen for knockdown 
experiments (Figure 5B). Subsequent CCK8 

Figure 4. Univariate and multivariate Cox regression analyses of RiskScore with clinical characteristics and AUC time 
trends. A: Univariate Cox regression analysis of RiskScore and clinical characteristics. B: Multivariate Cox regression 
analysis of RiskScore and clinical characteristics. C: AUC line chart, with the horizontal axis representing the time in 
years and the vertical axis indicating the AUC value of the model.
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Figure 5. Pancreatic cancer cell expression of GNA15, with knockdown inhibiting proliferation, invasion, and migra-
tion. A: GNA15 protein expression levels in HS766T, CFPAC-1, ASPC-1, HPAC, and SW1990 cells. B: Western blot 
analysis of GNA15 knockdown in HPAC cells. C: CCK8 assay assessing the viability of HPAC-Con, HPAC-sh1, and 
HPAC-sh2 cells following GNA15 knockdown. D and E: Cell scratch and Transwell assays examining the effects of 
reduced GNA15 expression on migration and invasion in HPAC-Con, HPAC-sh1, and HPAC-sh2 cells.

assays demonstrated that GNA15 knockdown 
significantly inhibited the proliferation of HPAC 
cells (Figure 5C). Similarly, cell scratch and 
transwell assays revealed that GNA15 knock-
down markedly reduced the migration (Figure 
5D) and invasion (Figure 5E) capabilities of 
HPAC cells, respectively.

Discussion

In our study, we identified two molecular sub-
types, Cluster C1 and Cluster C2, in pancreatic 
cancer. Cluster C2 was associated with a poor-
er prognosis compared to Cluster C1. Notably, 
the scores for activated CD8+ T cells, central 
memory CD4+ T cells, and natural killer T cells 
were higher in the C1 group than in the C2 
group. Additionally, a higher frequency of gene 
mutations was observed in the C2 group. We 
also developed and validated a new prognostic 
prediction model and a platelet-related gene 
risk score for pancreatic cancer, focusing on 
the role of platelets. This risk score was found 
to increase with the progression of T stage, N 
stage, and grade, and it presented a significant-
ly higher risk than other clinical prognostic fac-
tors. It is important to note that the current 

5-year survival rate for pancreatic adenocarci-
noma (PAAD) is less than 10% [28-30]. The 
long-term overall survival (OS) rates and prog-
nosis of pancreatic adenocarcinoma (PAAD) 
remain dismal, largely attributed to its aggres-
sive malignancy, rapid progression, and limited 
therapeutic alternatives [29, 31]. Platelets are 
known to facilitate tumor growth and metasta-
sis across various cancers. Studies have indi-
cated that tumor-infiltrating platelets (TIPs) 
serve as an independent prognostic factor. 
Incorporating TIPs into the American Joint 
Committee on Cancer (AJCC) TNM staging sys-
tem could enhance risk stratification and 
improve the prediction of surgical outcomes in 
patients with pancreatic ductal adenocarcino-
ma (PDAC).

We identified 35 genes related to platelet sur-
vival and classified them into two subtypes 
using CDF analysis. Subsequent prognostic sig-
nature analysis revealed significant differences 
in prognosis between the two molecular sub-
types. Moreover, the C1 group exhibited signifi-
cantly higher tumor microenvironment levels 
than the C2 group. Further analysis indicated 
that the C2 group, associated with poor progno-
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sis, showed lower scores for activated CD8+ T 
cells, central memory CD4+ T cells, and natural 
killer T cells. 

Currently, immune checkpoint inhibitors that 
target CTLA4 and PD1/PDL1 depend on the 
activation of effector anti-tumor CD8+ T cells 
within the tumor microenvironment. Cancers 
characterized by high tumor mutational burden 
(TMB) and genomic instability, such as micro-
satellite instability in colorectal cancer, tend to 
exhibit increased CD8+ T cell infiltration and 
are associated with a favorable prognosis. 
However, pancreatic ductal adenocarcinoma 
(PDAC) typically presents with a lower TMB and 
is driven predominantly by chromosomal insta-
bility. Most PDAC cases lack the predictive 
markers for CD8+ T cell infiltration, including 
high tumor mutation burden and a substantial 
neoantigen load. Despite this, a minority of 
PDAC patients with a relatively better prognosis 
demonstrate significant CD8+ T cell infiltration, 
suggesting a possible role for these cells in 
driving anti-tumor immune responses.

CD4+ T cells can be categorized into helper T 
cells (Th1, Th2, Th19, Th17, Th22, Tfh) and reg-
ulatory T cells (Treg cells) based on their cyto-
kine secretion profiles. Treg cells, a distinct 
subset of CD4+ T cells, can suppress the activ-
ity of CD8+ T cells and the production of inter-
feron by releasing inhibitory cytokines like IL-10 
and TGF-β. This action impedes the activation 
and proliferation of effector T cells. Additionally, 
the expression of cytotoxic T-lymphocyte asso-
ciated antigen 4 (CTLA-4) by Treg cells enhanc-
es the IDO pathway in dendritic cells and effec-
tor T cells, thereby diminishing the immune 
function of these effector cells. In pancreatic 
cancer, an inverse relationship exists between 
the number of peripheral blood Treg cells and 
patient survival. In early-stage (I-III) untreated 
pancreatic cancer, there is nearly a twofold 
increase in Treg cells in the peripheral blood, 
constituting about 13% of CD4+ T cells. 
Patients with a higher proportion of Treg cells 
within tumor-infiltrating lymphocytes often have 
a worse prognosis. Accordingly, our findings 
suggest that the poorer prognosis observed in 
the C2 group, characterized by platelet-associ-
ated genes, might be linked to the tumor 
immune microenvironment. Moreover, this 
group exhibited a higher frequency of muta-
tions in genes such as KRAS and TP53.

Utilizing 35 candidate prognostic-related PRGs, 
we developed a novel prognostic risk model. 
Patients in the TCGA-PAAD cohort were strati-
fied into two risk groups based on the median 
risk score, comprising 88 high-risk and 88 low-
risk cases. The high-risk group exhibited poorer 
overall survival compared to the low-risk group. 
The receiver operating characteristic (ROC) 
curve analysis for 1, 3, and 5-year intervals 
showed area under the curve (AUC) values of 
0.77, 0.84, and 0.89, respectively. This risk 
model also demonstrated robust performance 
across various GEO cohorts, highlighting its 
accuracy and consistency in prognostic evalua-
tion. Further analysis revealed a correlation 
between increased T stage, N stage, and grade 
with higher risk scores. However, no significant 
association was found between M stage, age, 
and risk score, potentially due to limited follow-
up data for the M stage. We also identified a 
positive association between three genes 
(GNA15, HABP4, and ARRB2) and six drug sen-
sitivities, suggesting a potential for predicting 
drug therapy responses.

Our study, however, has several limitations. 
Firstly, there is a need to corroborate our cur-
rent model and risk score using both bulk and 
single-cell sequencing data. Secondly, further 
investigations into the underlying mechanisms, 
both in vivo and in vitro, are warranted. Lastly, 
additional validation through clinical samples 
and clinical trials is essential to strengthen the 
findings.

Conclusion

In conclusion, our study successfully developed 
a novel prognostic prediction model and risk 
score for pancreatic cancer, emphasizing the 
role of platelets. This advancement holds prom-
ise for enhancing future drug therapies and 
improving prognostic predictions in clinical 
practice.
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Figure S1. Study Flowchart.
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Figure S2. Analysis of differential platelet-related genes (PRGs) and their functions. A: Volcano plot illustrating the differential analysis of platelet genes. B: Heatmap 
displaying variations in platelet genes. C: Bar graph presenting Gene Ontology (GO) enrichment analysis of differential platelet genes. D: Bubble plot depicting Kyoto 
Encyclopedia of Genes and Genomes (KEGG) enrichment analysis of differential platelet genes. E: Protein-protein interaction network of differential platelet genes.
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Figure S3. Genomic alterations in TCGA-PAAD cohort molecular subtypes. A: Analysis of somatic mutations in vari-
ous molecular subtypes of the TCGA-PAAD cohort. B: Comparative analysis of “Homologous Recombination De-
fects”, “Fraction Altered”, “Number of Segments”, “Nonsilent Mutation Rate”, “Aneuploidy Score”, and “Silent Muta-
tion Rate” across different molecular subtypes of the TCGA cohort.
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Figure S4. Clinical phenotype comparisons in TCGA cohort RiskScore groups. A: Comparison of clinical phenotypes 
between RiskScore groups in the TCGA cohort. B: Analysis of RiskScore variations among different phenotypes in the 
TCGA cohort (Wilcoxon test, *P < 0.05; **P < 0.01; ***P < 0.001; ****P < 0.0001).
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Figure S5. Drug sensitivity analysis. A-J: The figure 
illustrates the relationship between gene expres-
sion and drug sensitivity, with the horizontal axis 
indicating gene expression values and the vertical 
axis showing sensitivity Z-score values. A positive 
correlation is denoted by Cor > 0, while a negative 
correlation is indicated by Cor < 0.


