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Background: Colorectal cancer (CRC) ranks among the most prevalent forms of cancer and is a significant contributor to cancer-
related mortality globally. Platelets play a crucial role in tumor biology by interacting with various immune cells, influencing
multiple biological processes.

Methods: We utilized datasets from TCGA, GSE17536, GSE39582, and GSE103479 to develop a platelet-related gene signature
(PRS) using least absolute shrinkage and selection operator (LASSO) analysis. The effectiveness of PRS in predicting responses to
immunotherapy was assessed using three immunotherapy datasets (GSE91061, GSE78220, and IMvigor210) and several predictive
scores.

Results: The PRS demonstrated robust performance in forecasting the survival outcomes of CRC patients. In the TCGA cohort,
the areas under the ROC curves for 1-, 3-, and 5-year survival were 0.845, 0.849, and 0.785, respectively. Further analysis identified
PRS as an independent risk factor for CRC patients. A nomogram was constructed to predict clinical outcomes for CRC patients.
Additionally, a lower PRS score was associated with higher TMB scores, elevated PD1 and CTLA4 immunopheno scores, reduced
TIDE and immune escape scores, higher response rates, and more favorable clinical outcomes, suggesting better immunotherapy
responses. Conversely, lower PRS scores correlated with increased ICs, values for certain drugs used in chemotherapy and
targeted therapy. Patients in the high-risk group exhibited elevated gene set scores related to cancer hallmarks such as Notch
signaling, hypoxia, and glycolysis.

Conclusion: Our study established a PRS for CRC that serves as a valuable tool for predicting prognosis, stratifying risk, and
guiding treatment decisions for CRC patients.
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1. Introduction

Colorectal cancer (CRC) is one of the most common types of
cancer and a leading cause of cancer death worldwide [1].
There are an estimated 1,880,000 new cases of CRC and
915,000 CRC-related deaths worldwide [2]. At present,
despite radical surgery combined with chemo- and radio-
therapy for the management of CRC, many patients expe-
rience drug resistance, recurrence, and metastasis, which are
the main causes of CRC-related death [3]. For decades, the

TNM staging system has been the gold standard for eval-
uating the clinical outcome of CRC. However, many CRC
cases at the same stage have varied clinical prognoses,
demonstrating the shortcomings of the TNM staging system
in predicting the prognosis of CRC patients [4]. Immuno-
therapy was suggested as a major treatment modality for
CRC [5]; however, limited biomarkers could be used for
predicting the immunotherapy benefits of patients.

The challenge in CRC immunotherapy lies in the fact
that only a small fraction of patients with MSS tumors
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benefit from immune checkpoint inhibitors. Current re-
search has focused on overcoming this limitation by ex-
ploring combination therapies, including combining ICIs
with chemotherapy, targeted therapy, and anti-angiogenic
agents. While early-phase clinical trials have shown promise,
these combination therapies often result in modest im-
provements in survival and response rates, especially in
patients with advanced or metastatic CRC [6-8]. Moreover,
not all patients who receive immunotherapy, including those
with MSI-H tumors, achieve long-lasting responses, leading
to tumor relapse or resistance over time. This necessitates
a better understanding of the molecular mechanisms driving
resistance to immunotherapy in CRC. This evidence sug-
gested the urgent need for biomarkers for predicting the
prognosis and immunotherapy benefits.

Platelets are one of the main subtypes of blood cells that
are correlated with hemostasis and thrombosis [9]. Patients
would spot bleeding, bruising, and purple spots when
platelets reduced. A severely reduced platelet count may
result in bleeding in the brain or lung [10]. Studies have
revealed the important functions of platelets in cancer. In
many solid cancers, the platelets were increasing, which may
result in secreting cytokines and boosting tumor growth and
angiogenesis [11]. By releasing vascular endothelial growth
factor (VEGF), platelets engaged in the angiogenesis and
tumor progression [12]. Moreover, platelets showed sig-
nificant correlation with the drug sensitivity in chemo-
therapy and immunotherapy [13-15]. Platelets were
involved in many biological processes in tumors via the
interaction of the many immune cells [16, 17]. In CRC,
platelets have been shown to influence tumor growth
through multiple mechanisms. A growing body of evidence
suggests that platelets promote CRC progression by facili-
tating tumor cell proliferation, survival, and migration. For
instance, platelets release various growth factors such as
VEGEF, platelet-derived growth factor (PDGF), and trans-
forming growth factor-beta (TGF-), all of which contribute
to angiogenesis and tumor vascularization [18, 19]. Platelets
interact with tumor cells to promote the formation of the
pre-metastatic niche and increase the ability of tumor cells to
invade distant organs in CRC [20]. Additionally, platelets
have been implicated in modulating the immune system,
promoting an immunosuppressive microenvironment that
allows tumors to evade immune surveillance in CRC [21].
Thus, it is necessary to fully elucidate the role of platelet-
related genes (PRGs) in CRC.

After obtaining PRGs from databases, we developed
a platelet-related gene signature (PRS) using the data from
four datasets, including one dataset from the Cancer Ge-
nome Atlas (TCGA) and three datasets from Gene Ex-
pression Omnibus (GEO). The role of PRS in predicting the
prognosis, immune infiltration, and therapy benefits in CRC
was also evaluated.

2. Materials and Methods

2.1. Datasets Sources and Identification of differentially
Expressed Genes. From TCGA dataset (n=402), GSE17536
(n=172), GSE39582 (n=>560), and GSE103479 (1= 150)
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dataset, we downloaded mRNA data of CRC for PRS
construction. Another three datasets, IMvigor210 dataset
(n=298), GSE91061 (n=98), and GSE78220 (N=28), ob-
tained from the GEO database, were selected as an im-
munotherapy cohort for evaluating the role of PRS in
predicting the immunotherapy benefits. Limma packages
were used to identify differentially expressed genes (DEGs)
between in CRC with [Log2FC]| value > 1.5 and P value < 0.05
as the cut-off. PRGs were collected from gene set enrichment
analysis (GSEA) gene sets (https://www.gsea-msigdb.org/
gsea/index.jsp/) with “platelet” as the researching keyword
and a total 480 PRGs were obtained in our study (Supporting
Table 1).

2.2. Construction of the PRS and Predictive Nomogram.
Potential prognostic markers among PRGs in CRC were
identified by univariate Cox regression analysis. To construct
the PRS, we performed least absolute shrinkage and selection
operator (LASSO) analysis using the glmnet R package.
Following the identification of PRS candidates and their
corresponding coefficients, we calculated the risk score for
each HCC case. The CRC samples were subsequently divided
into high- and low-risk groups based on the optimal cut-off
value determined using the survminer R package. To assess
the predictive performance of PRS for clinical outcomes in
CRC patients, we generated ROC curves and calculated the
C-index using the survivalROC R package. Univariate and
multivariate Cox regression analyses were conducted to
identify risk factors associated with overall survival (OS)
rates in CRC patients. Additionally, a predictive nomogram
was developed to estimate the 1-, 3-, and 5-year OS rates of
CRC patients using the nomogramEx R package. The ac-
curacy of the nomogram predictions was evaluated by
comparing actual versus predicted survival outcomes
through calibration curves.

2.3. Immune Infiltration Analysis. The ESTIMATE method
was used to determine the immune score and ESTIMATE
score of each CRC case [22]. The abundance of immune cells
in CRC was determined by seven methods, all of which have
unique properties and strengths [23]. Gene set scores in-
volved in immune cells and immune functions-related of
CRC cases were calculated using the single-sample gene set
enrichment analysis (ssGSEA) method with the “GSVA”
package. Relative expression of human leukocyte antigen
(HLA)-related genes and immune checkpoints in different
risk score groups was visualized with the “ggpubr” or
“ggplot” R package.

2.4. Therapy Benefits Analysis. To evaluate the performance
of the PRS in predicting immunotherapy response in CRC
patients, we utilized several predictive scores. These
included:

1. Tumor Immune Dysfunction and Exclusion (TIDE)
Score: Obtained from the TIDE platform (http://tide.
dfci.harvard.edu/).
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2. Immunopheno Score: Retrieved from The Cancer
Immunome Atlas (https://tcia.at/home).

3. Immune Escape Score: Derived from a previous
study [24].

4. Tumor Mutation Burden (TMB) Score: Calculated to
assess genetic alterations.

Lower TIDE and immune escape scores, along with
higher immunopheno scores and TMB scores, indicated
a reduced likelihood of immune escape and better effec-
tiveness of immunotherapy treatment.

Additionally, data from the Genomics of Drug Sensitivity
in Cancer (GDSC) database (https://www.cancerrxgene.org/)
were used to calculate the ICs, values for various drugs in each
CRC case using the “oncoPredict R” package. A higher ICs
value signified lower drug sensitivity.

Similar methods could be found in previous studies
[25, 26].

3. Results

3.1. Identification of Potential Prognostic Biomarkers.
Compared with normal tissues, we identified 5084 DEGs in
CRC tissues with |Log fold change| > 1.5 and p value < 0.05
as the cutoff (Figure 1(a)). These DEGs contained 165 PRGs
(Figure 1(b)). By performing univariate Cox regression
analysis, we found 29 potential prognostic biomarkers in
CRC (Figure 1(c), p <0.05).

3.2. Machine Learning Developed a Prognostic PRS.
Potential prognostic biomarkers were submitted to perform
LASSO regression analysis, with which we constructed a PRS
containing 19 genes. The coeflicient and partial likelihood de-
viance of PRS is shown in Figure 1(d). The risk score of each
CRC case was calculated using the following formula: Risk score
= (—0.1193) * F2RL2%? + 0.0434 +* GNGT1°? + 0.3198 « PTPN
6°® + (—0.0374) * KIF20A®? + (-0.0391) * SERPINA1? + 0.15
30 « TIMP1¥® + 0.0327 * ADRA2B™® + (—0.4070) * TUBA
1C™® + (—0.2643) * ABHD6%? + (—0.0935) * GLA™® + (—0.02
46) x* GNG5™® + 0.0905 * GP6™® + (—0.1382) * MANF™® +
01815 * TUBB2A®® + (-0.2794) * ASAHI®® + (=0.0678) *
CAPI®® + (—0.4844) * PRKAR2A®® + 0.1018 % VAV2SP 4
(-0.012) * TMSB4X“®. We then clustered CRC cases into high
and low PRS score groups. Further analysis showed that CRC
patients with a high risk score experienced an unfavorable
survival outcome with AUCs of 1-year, 3-year, and 5-year ROC
of 0.845, 0.849, and 0.785 in the TCGA cohort; 0.670, 0.747, and
0.731 in the GSE17536 cohort; 0.667, 0.721, and 0.762 in the
GSE39582 cohort; and 0.686, 0.738, and 0.775 in the GSE103479
cohort, respectively (Figures 1(e), 1(f), 1(g), 1(h), all p <0.05).

3.3. The Performance of PRS in Evaluating the Prognosis of
CRC Patients. To compare the performance of the PRS with
other clinical characteristics in evaluating the prognosis of
CRC patients, we calculated the C-index for PRS and various
clinical features (age, gender, tumor grade, and clinical
stage). Our analysis revealed that the C-index of PRS was

significantly higher than that of the clinical characteristics in
both the TCGA and GEO cohorts (Figure 2(a)). Further
univariate and multivariate Cox regression analyses con-
firmed PRS as an independent risk factor for survival out-
comes in CRC patients within the TCGA and GEO datasets
(Figures 2(b), 2(c), all p <0.05). To enhance the prediction of
clinical outcomes for CRC patients, we developed a nomo-
gram (Figure 2(d)). As illustrated in Figure 2(e), the no-
mogram demonstrated excellent agreement between
predicted and actual observed survival rates at 1, 3, and
5years in the TCGA cohort. These findings underscore the
robust and consistent performance of PRS in predicting
clinical outcomes for CRC patients.

3.4. Dissection of PRS-Based  Tumor  Immune
Microenvironment. The correlation between the PRS score
and immune cell infiltration in CRC is illustrated in
Figure 3(a). Specifically, a negative correlation was observed
between the risk score and the levels of immune-activated
cells, including CD8+ T cells, CD4+ T cells, and dendritic
cells (Figures 3(b), 3(c), 3(d), p < 0.05). ssGSEA revealed that
patients with a lower PRS score exhibited higher abundances
of B cells, CD8+ T cells, neutrophils, and tumor-infiltrating
lymphocytes (TILs) in CRC (Figure 3(e)). In patients with
a high PRS score, gene set scores related to APC co-
stimulation, cytolytic activity, inflammation promotion,
and T cell co-stimulation were downregulated (Figure 3(f)).
Additionally, CRC patients with a high PRS score showed
lower stromal scores, immune scores, and ESTIMATE
scores (Figure 3(g), all p <0.05).

3.5. PRS as an Indicator for Predicting Therapy Benefits in
CRC. The data suggested a lower expression of immune
checkpoints and HLA-related genes in CRC patients with
high-risk scores (Figures 4a, b, all p<0.05). As shown in
Figures 4c, d, a lower risk TMB score and PD1&CTLA4
immunopheno score were found in CRC patients with a low-
risk score (p <0.05). Further analysis suggested that CRC
patients with low risk scores had a lower intratumoral
heterogeneity score, lower immune escape, lower TIDE
score, and lower T cell dysfunction score (Figures 4e, f, g, all
p <0.05).

A higher immunopheno score indicated a greater po-
tential for benefiting from immunotherapy [27]. Conversely,
a higher TIDE score suggested a reduced likelihood of
immune escape and improved response to immunotherapy
[28, 29]. Elevated expression of HLA-related genes and
immune checkpoints implied broader antigen presentation,
thereby increasing the chances of successful immunotherapy
[30]. Therefore, CRC patients with a low-risk score may
experience better outcomes from immunotherapy.

To validate these findings, we analyzed three immuno-
therapy datasets: GSE91061, GSE78220, and IMvigor210. In
the GSE91061 dataset, which included cutaneous melanoma
patients receiving anti-PD-L1 therapy, responders exhibited
significantly lower risk scores compared to nonresponders
(Figure 4(h), p <0.01). This data indicated more favorable
clinical outcomes for patients with lower risk scores
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FiGure 1: Construction of a platelet-related signature in CRC. (a) Differentially expressed genes in CRC in the TCGA cohort. (b) The overlap
between differentially expressed genes and platelet-related genes. (c) Potential biomarkers identified using univariate Cox analysis. (d) The
coeflicient and partial likelihood deviance of PRS. The survival curve and corresponding ROC curve of CRC with high- and low-risk scores
in TCGA (e), GSE17536 (f), GSE39582 (g), and GSE103479 (h) cohorts.

(p=0.006), while those with higher risk scores showed
a lower response rate (p<0.05). Consistent results were
observed in both the GSE78220 and IMvigor210 cohorts
(Figures 4(i), 4()).

Additionally, we examined the ICs, values of common
drugs used in chemotherapy and targeted therapy, given
their critical role in CRC treatment. Our analysis revealed
that CRC patients with a low risk score had lower IC5, values
for several drugs, including oxaliplatin, 5-fluorouracil, iri-
notecan, bevacizumab, cetuximab, and panitumumab
(Figures 5a, b). This suggests that patients with low-risk
scores exhibit greater sensitivity to chemotherapy and tar-
geted therapies.

3.6. Difference in Functional Enrichment in Different PRS
Score Groups. We investigated the functional enrichment
differences between different PRS score groups to elucidate
how PRS-related genes contribute to the development of

bladder cancer. As illustrated in Figure 6, the high-risk score
group exhibited elevated gene set scores in several key
pathways, including peroxisome, P53 pathway, notch sig-
naling, IL2-STATS5 signaling, hypoxia, glycolysis, DNA re-
pair, coagulation, angiogenesis, and mTORCI signaling in
CRC (all p<0.05).

4. Discussion

In this study, we developed a PRS for CRC using the LASSO
method. Further analysis revealed that PRS serves as an
independent risk factor for stomach adenocarcinoma
(STAD) patients and demonstrates robust performance in
predicting OS rates. Additionally, our findings indicated that
PRS can be a valuable indicator for predicting immuno-
therapy benefits. Specifically, a lower PRS score was asso-
ciated with better responses to immunotherapy, suggesting
improved clinical outcomes for patients with lower PRS
scores.
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The PRS was constructed with 19 genes, including
F2RL2, GNGTI1, PTPN6, KIF20A, SERPINAI1, TIMPI,
ADRA2B, TUBAI1C, ABHD6, GLA, GNG5, GP6, MANF,
TUBB2A, ASAHI, CAP1, PRKAR2A, VAV2, and TMSB4X.
PTPN6 enhances chemosensitivity of tumor cells by
inhibiting the SPI/MAPK signaling pathway in CRC [31].
KIF20A accelerated cellular malignant behavior and pro-
motes chemosensitivity by regulating the JAK/STATS3 sig-
naling pathway in CRC [32]. SERPINA1 promotes tumor
progression and correlates with poor clinical outcomes in
CRC [33]. TIMPI inhibited sorafenib-triggered ferroptosis
by activating the PI3K/Akt signaling pathway in CRC [34].
ABHDS inhibited tumor progression by the AKT signaling
pathway in CRC [35]. CAP1 mediates the cyclic AMP signals
that activate Rapl in stimulating matrix adhesion in
CRC [36].

Our study revealed that the PRS functions as an in-
dependent risk factor in CRC and demonstrates robust
performance in predicting OS rates. Interestingly, PRS has
shown broader applicability across various cancer types. For
instance, in triple-negative breast cancer, PRS was effective in
predicting prognosis and identifying drug sensitivity genes
[37]. Additionally, PRS has been utilized to forecast outcomes
in pancreatic adenocarcinoma [38]. Furthermore, PRS serves
as a prognostic biomarker in hepatocellular carcinoma [39].

Immunotherapy plays a crucial role in the therapeutic
strategy for CRC patients [40, 41]. Our study revealed that
CRC patients with a high-risk score exhibited higher TIDE
scores, higher immune escape scores, lower PD1 and CTLA4
immunopheno scores, lower TMB scores, lower response
rates, and poorer clinical outcomes. Previous research has
indicated that TMB serves as an important predictor of
immunotherapy benefits, with higher TMB scores being
associated with better responses to immunotherapy [42, 43].
Additionally, patients with elevated TIDE scores are more
likely to experience immune escape [28]. Therefore, PRS
may serve as a valuable indicator of immunotherapy benefits
in CRC. Specifically, patients with low-risk scores are more
likely to benefit from immunotherapy, exhibiting better
clinical outcomes.

We investigated the differences in functional enrichment
between different PRS score groups to better understand
how PRS-related genes contribute to the development of
CRC. Our analysis revealed that the high-risk score group
exhibited elevated gene set scores in several key pathways,
including hypoxia, glycolysis, DNA repair, coagulation, and
angiogenesis in CRC. Epithelial NOTCH signaling remodels
the tumor microenvironment and drives poor prognosis
subtypes and metastasis [39]. The NOTCH signaling
pathway is crucial for regulating platelet production,
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differentiation, and function. Platelet-related genes, such as
PTPNG6, have been shown to modulate Notch signaling,
influencing platelet activation and aggregation [44]. Hypoxia
was correlated with tumor initiation and progression in CRC
[45]. Hypoxia is a key factor in tumor progression and is
linked to platelet activation. Platelets have been shown to
contribute to tumor angiogenesis by secreting hypoxia-
inducible factors (HIFs) and other cytokines that stimu-
late the growth of new blood vessels [46]. Platelets are di-
rectly involved in the angiogenesis process by releasing
factors like VEGF and PDGF. In CRC, elevated platelet levels
are often associated with increased angiogenesis, which
contributes to tumor vascularization and metastasis.
Platelet-related genes like TUBA1C and GP6 play crucial
roles in regulating platelet aggregation and the release of
proangiogenic factors [47]. Enrichment in these pathways
suggests that platelets actively support tumor growth by
promoting blood vessel formation and enhancing nutrient
and oxygen delivery to the tumor. Glycolysis played a vital
role in liver metastases and histone lactylation in CRC [48].
The enrichment of specific pathways related to platelet
function, including Notch signaling, hypoxia, glycolysis,
angiogenesis, and mTORCI signaling, provides valuable
insight into the role of platelets in CRC progression and drug
sensitivity. These pathways are directly involved in tumor
growth, immune evasion, and resistance to therapy, making

them essential for predicting prognosis and response to
treatment in CRC patients. Understanding the mechanistic
role of these pathways in the context of platelet-related genes
helps refine predictive models, offering new opportunities
for targeted therapeutic interventions in CRC.

4.1. Limitations. There were certain limitations on our in-
vestigation. The PRS in testing and training cohorts were
retrieved from several databases. Heterogeneity could still
exist even if the data were standardized before analysis.
There was no internal clinical cohort to validate the PRS. To
make sure that our findings are reliable, it would be pref-
erable to carry out research in additional cell lines or to
confirm the roles of additional genes of PRS.

5. Conclusion

Our investigation developed a PRS in CRC. The PRS acted as
an indicator for predicting the prognosis, stratifying risk,
and guiding treatment for CRC patients.

Data Availability Statement

This study received availability of data and materials from
the TCGA dataset (https://tcga-data.nci.nih.gov/tcga/) and
GEO (https://www.ncbi.nlm.nih.gov/gds).


https://tcga-data.nci.nih.gov/tcga/
https://www.ncbi.nlm.nih.gov/gds

10

Ethics Statement

The authors have nothing to report.

Consent

The authors have nothing to report.

Conflicts of Interest

The authors declare no conflicts of interest.

Author Contributions

Yufang Wang: writing-original draft preparation, in-
vestigation, and formal analysis. Junjie Yang: data curation
and writing-review and editing. Xiaofang Xu: conceptual-
ization and resources. Tao Yu: methodology, supervision,
software, validation, and project administration.

Funding

No funding was received for this manuscript.

Acknowledgments

The authors have nothing to report.

Supporting Information

Additional supporting information can be found online in the
Supporting Information section. (Supporting Information)

Supplementary Table 1. The information of 480 genes
related to platelets.

References

[1] C. Kong, L. Liang, G. Liu, et al., “Integrated Metagenomic and
Metabolomic Analysis Reveals Distinct gut-microbiome-derived
Phenotypes in early-onset Colorectal Cancer,” Gut 72, no. 6
(2023): 1129-1142, https://doi.org/10.1136/gutjnl-2022-327156.

[2] H. Sung, J. Ferlay, R. L. Siegel, et al., “Global Cancer Statistics
2020: GLOBOCAN Estimates of Incidence and Mortality
Worldwide for 36 Cancers in 185 Countries,” CA: A Cancer
Journal for Clinicians 71, no. 3 (2021): 209-249, https://
doi.org/10.3322/caac.21660.

[3] H. Zheng, H. Liu, H. Lj, et al., “Characterization of Stem Cell
Landscape and Identification of stemness-relevant Prognostic
Gene Signature to Aid Immunotherapy in Colorectal Cancer,”
Stem Cell Research & Therapy 13, no. 1 (2022): 244, https://
doi.org/10.1186/s13287-022-02913-0.

[4] J.B. O’Connell, M. A. Maggard, and C. Y. Ko, “Colon Cancer
Survival Rates with the New American Joint Committee on
Cancer Sixth Edition Staging,” Journal of the National Cancer
Institute 96, no. 19 (2004): 1420-1425, https://doi.org/10.1093/
jnci/djh275.

[5] K.Ganesh, Z. K. Stadler, A. Cercek, et al., “Immunotherapy in
Colorectal Cancer: Rationale, Challenges and Potential,”
Nature Reviews Gastroenterology & Hepatology 16, no. 6
(2019): 361-375, https://doi.org/10.1038/s41575-019-0126-x.

[6] M. Singh, V. K. Morris, I. N. Bandey, D. S. Hong, and S. Kopetz,
“Advancements in Combining Targeted Therapy and

European Journal of Cancer Care

Immunotherapy for Colorectal Cancer,” Trends in Cancer 10, no. 7
(2024): 598-609, https://doi.org/10.1016/j.trecan.2024.05.001.

[7] M. Al Zein, M. Boukhdoud, H. Shammaa, et al., “Immuno-
therapy and Immunoevasion of Colorectal Cancer,” Drug
Discovery Today 28, no. 9 (2023): 103669, https://doi.org/
10.1016/j.drudis.2023.103669.

[8] C. J. M. Williams, A. M. Peddle, P. M. Kasi, et al., “Neo-
adjuvant Immunotherapy for dMMR and pMMR Colorectal
Cancers: Therapeutic Strategies and Putative Biomarkers of
Response,” Nature Reviews Clinical Oncology 21, no. 12
(2024): 839-851, https://doi.org/10.1038/s41571-024-00943-6.

[9] M. Holinstat, “Normal Platelet Function,” Cancer and Me-
tastasis Reviews 36, no. 2 (2017): 195-198, https://doi.org/
10.1007/s10555-017-9677-x.

[10] P. J. Vinholt, “The Role of Platelets in Bleeding in Patients
with Thrombocytopenia and Hematological Disease,” Clinical
Chemistry and Laboratory Medicine 57, no. 12 (2019):
1808-1817, https://doi.org/10.1515/cclm-2019-0380.

[11] D. Buergy, F. Wenz, C. Groden, and M. A. Brockmann,
“Tumor-Platelet Interaction in Solid Tumors,” International
Journal of Cancer 130, no. 12 (2012): 2747-2760, https://
doi.org/10.1002/ijc.27441.

[12] M. Z. Wojtukiewicz, E. Sierko, D. Hempel, S. C. Tucker, and

K. V. Honn, “Platelets and Cancer Angiogenesis Nexus,”

Cancer and Metastasis Reviews 36, no. 2 (2017): 249-262,

https://doi.org/10.1007/s10555-017-9673-1.

]. Bottsford-Miller, H. J. Choi, H. J. Dalton, et al., “Differential

Platelet Levels Affect Response to Taxane-based Therapy in

Ovarian Cancer,” Clinical Cancer Research 21, no. 3 (2015):

602-610, https://doi.org/10.1158/1078-0432.ccr-14-0870.

[14] B. H. Segal, T. Giridharan, S. Suzuki, et al., “Neutrophil In-
teractions with T Cells, Platelets, Endothelial Cells, and of
Course Tumor Cells,” Immunological Reviews 314, no. 1
(2023): 13-35, https://doi.org/10.1111/imr.13178.

[15] C. Hinterleitner, J. Strihle, E. Malenke, et al., “Platelet PD-L1
Reflects Collective Intratumoral PD-L1 Expression and Pre-
dicts Immunotherapy Response in Non-small Cell Lung
Cancer,” Nature Communications 12, no. 1 (2021): 7005,
https://doi.org/10.1038/s41467-021-27303-7.

[16] Z. Li, Y. Ding, J. Liu, et al., “Depletion of Tumor Associated
Macrophages Enhances Local and Systemic platelet-mediated
anti-PD-1 Delivery for Post-surgery Tumor Recurrence
Treatment,” Nature Communications 13, no. 1 (2022): 1845,
https://doi.org/10.1038/s41467-022-29388-0.

[17] T. Tyagi, K. Jain, T. O. Yarovinsky, et al., “Platelet-Derived
TLT-1 Promotes Tumor Progression by Suppressing CD8+
T Cells,” Journal of Experimental Medicine 220, no. 1 (2023):
€20212218, https://doi.org/10.1084/jem.20212218.

[18] X. Li, X. Chen, S. Gong, et al., “Platelets Promote CRC by
Activating the C5a/C5aR1 Axis via PSGL-1/JNK/STATI
Signaling in tumor-associated Macrophages,” Theranostics 13,
no. 6 (2023): 2040-2056, https://doi.org/10.7150/thno.80555.

[19] R. Moench, M. Gasser, K. Nawalaniec, et al., “Platelet-Derived
Growth  Factor (PDGF) cross-signaling via Non-
corresponding Receptors Indicates Bypassed Signaling in
Colorectal Cancer,” Oncotarget 13, no. 1 (2022): 1140-1152,
https://doi.org/10.18632/oncotarget.28281.

[20] A. Contursi, R. Fullone, P. Szklanna-Koszalinska, et al.,
“Tumor-Educated Platelet Extracellular Vesicles: Proteomic
Profiling and Crosstalk with Colorectal Cancer Cells,” Cancers
(Basel) 15, no. 2 (2023): 350, https://doi.org/10.3390/
cancers15020350.

[21] J. Li, J. Liu, S. Yang, et al., “PD-L1 Positive Platelets Mediate
Resistance to Immune Checkpoint Inhibitors in Patients with

[13


https://doi.org/10.1155/ecc/6430579
http://doi.org/10.1136/gutjnl-2022-327156
http://doi.org/10.3322/caac.21660
http://doi.org/10.3322/caac.21660
http://doi.org/10.1186/s13287-022-02913-0
http://doi.org/10.1186/s13287-022-02913-0
http://doi.org/10.1093/jnci/djh275
http://doi.org/10.1093/jnci/djh275
http://doi.org/10.1038/s41575-019-0126-x
http://doi.org/10.1016/j.trecan.2024.05.001
http://doi.org/10.1016/j.drudis.2023.103669
http://doi.org/10.1016/j.drudis.2023.103669
http://doi.org/10.1038/s41571-024-00943-6
http://doi.org/10.1007/s10555-017-9677-x
http://doi.org/10.1007/s10555-017-9677-x
http://doi.org/10.1515/cclm-2019-0380
http://doi.org/10.1002/ijc.27441
http://doi.org/10.1002/ijc.27441
http://doi.org/10.1007/s10555-017-9673-1
http://doi.org/10.1158/1078-0432.ccr-14-0870
http://doi.org/10.1111/imr.13178
http://doi.org/10.1038/s41467-021-27303-7
http://doi.org/10.1038/s41467-022-29388-0
http://doi.org/10.1084/jem.20212218
http://doi.org/10.7150/thno.80555
http://doi.org/10.18632/oncotarget.28281
http://doi.org/10.3390/cancers15020350
http://doi.org/10.3390/cancers15020350

European Journal of Cancer Care

[22

[23

[24

(25]

(26]

[27

[28

(29]

(30]

[31]

(32]

(33]

(34]

(35]

Colorectal Cancer,” Cell Communication and Signaling 23,
no. 1 (2025): 29, https://doi.org/10.1186/s12964-025-02034-0.
K. Yoshihara, M. Shahmoradgoli, E. Martinez, et al., “In-
ferring Tumour Purity and Stromal and Immune Cell Ad-
mixture from Expression Data,” Nature Communications 4,
no. 1 (2013): 2612, https://doi.org/10.1038/ncomms3612.

T. Li, J. Fu, Z. Zeng, et al., “TIMER?2.0 for Analysis of tumor-
infiltrating Immune Cells,” Nucleic Acids Research 48, no. W1
(2020): W509-w14, https://doi.org/10.1093/nar/gkaa407.

Y. Sun, L. Wu, Y. Zhong, et al., “Single-Cell Landscape of the
Ecosystem in early-relapse Hepatocellular Carcinoma,” Cell
184, no. 2 (2021): 404-2l.el6, https://doi.org/10.1016/
j.cell.2020.11.041.

J. Ye, W. Tian, B. Zheng, and T. Zeng, “Identification of
cancer-associated Fibroblasts Signature for Predicting the
Prognosis and Immunotherapy Response in Hepatocellular
Carcinoma,” Medicine (Baltimore) 102, no. 45 (2023): 35938,
https://doi.org/10.1097/md.0000000000035938.

F. Li, Q. Feng, and R. Tao, “Machine Learning-based Cell
Death Signature for Predicting the Prognosis and Immuno-
therapy Benefit in Stomach Adenocarcinoma,” Medicine
(Baltimore) 103, no. 10 (2024): e37314, https://doi.org/
10.1097/md.0000000000037314.

M. Palmeri, J. Mehnert, A. W. Silk, et al., “Real-World Ap-
plication of Tumor Mutational burden-high (TMB-high) and
Microsatellite Instability (MSI) Confirms Their Utility as
Immunotherapy Biomarkers,” ESMO Open 7, no. 1 (2022):
100336, https://doi.org/10.1016/j.esmoop.2021.100336.

J. Fu, K. Li, W. Zhang, et al., “Large-Scale Public Data Reuse to
Model Immunotherapy Response and Resistance,” Genome
Medicine 12, no. 1 (2020): 21, https://doi.org/10.1186/s13073-
020-0721-z.

A. Lin, J. Zhang, and P. Luo, “Crosstalk Between the MSI
Status and Tumor Microenvironment in Colorectal Cancer,”
Frontiers in Immunology 11 (2020): 2039, https://doi.org/
10.3389/fimmu.2020.02039.

A. Lin and W. H. Yan, “HLA-G/ILTs Targeted Solid Cancer
Immunotherapy: Opportunities and Challenges,” Frontiers in
Immunology 12 (2021): 698677, https://doi.org/10.3389/
fimmu.2021.698677.

H. Fang, W. Ma, X. Guo, and ]. Wang, “PTPN6 Promotes
Chemosensitivity of Colorectal Cancer Cells via Inhibiting the
SP1/MAPK Signalling Pathway,” Cell Biochemistry and
Function 39, no. 3 (2021): 392-400, https://doi.org/10.1002/
cbf.3604.

M. Xiong, K. Zhuang, Y. Luo, et al., “KIF20A Promotes
Cellular Malignant Behavior and Enhances Resistance to
Chemotherapy in Colorectal Cancer Through Regulation of
the JAK/STATS3 Signaling Pathway,” Aging (Albany NY) 11,
no. 24 (2019): 11905-11921, https://doi.org/10.18632/
aging.102505.

C. H. Kwon, H. J. Park, J. H. Choi, et al., “Snail and serpinA1l
Promote Tumor Progression and Predict Prognosis in Co-
lorectal Cancer,” Oncotarget 6, no. 24 (2015): 20312-20326,
https://doi.org/10.18632/oncotarget.3964.

L. Wang, J]. Wang, and L. Chen, “TIMP1 Represses sorafenib-
triggered Ferroptosis in Colorectal Cancer Cells by Activating
the PI3K/Akt Signaling Pathway,” Immunopharmacology and
Immunotoxicology 45, no. 4 (2023): 419-425, https://doi.org/
10.1080/08923973.2022.2160731.

X. Xiong, C. Yang, Y. Jin, et al., “ABHD6 Suppresses Co-
lorectal Cancer Progression via AKT Signaling Pathway,”
Molecular Carcinogenesis 63, no. 4 (2024): 647-662, https://
doi.org/10.1002/mc.23678.

(36]

(37]

(38]

(39]

(40]

(41]

(42]

(43]

(44]

(45]

(46]

(47

(48]

11

A. Ramsey, L. Akana, E. Miyajima, et al.,, “CAPI (cyclase-
associated Protein 1) Mediates the Cyclic AMP Signals that
Activate Rapl in Stimulating Matrix Adhesion of Colon
Cancer Cells,” Cellular Signalling 104 (2023): 110589, https://
doi.org/10.1016/j.cellsig.2023.110589.

]. Xie, Y. Zou, F. Ye, et al., “A Novel Platelet-Related Gene
Signature for Predicting the Prognosis of Triple-Negative
Breast Cancer,” Frontiers in Cell and Developmental Biology
9 (2021): 795600, https://doi.org/10.3389/fcell.2021.795600.
J. G. Zhao, Y. J. Li, Y. Wu, K. Zhang, L. J. Peng, and H. Chen,
“Revealing platelet-related Subtypes and Prognostic Signature
in Pancreatic Adenocarcinoma,” BMC Medical Genomics 16,
no. 1 (2023): 106, https://doi.org/10.1186/5s12920-023-01530-x.
X.Li, K. Zhao, Y. Lu, J. Wang, and W. Yao, “Genetic Analysis
of Platelet-Related Genes in Hepatocellular Carcinoma Re-
veals a Novel Prognostic Signature and Determines PRKCD as
the Potential Molecular Bridge,” Biological Procedures Online
24, no. 1 (2022): 22, https://doi.org/10.1186/s12575-022-
00185-9.

R. Ruiz-Cordero and W. P. Devine, “Targeted Therapy and
Checkpoint Immunotherapy in Lung Cancer,” Surgical Pa-
thology Clinics 13, no. 1 (2020): 17-33, https://doi.org/10.1016/
j.path.2019.11.002.

A. Hogner and M. Moehler, “Immunotherapy in Gastric
Cancer,” Current Oncology 29, no. 3 (2022): 1559-1574,
https://doi.org/10.3390/curroncol29030131.

L. Liu, X. Bai, ]. Wang, et al., “Combination of TMB and CNA
Stratifies Prognostic and Predictive Responses to Immuno-
therapy Across Metastatic Cancer,” Clinical Cancer Research
25, no. 24 (2019): 7413-7423, https://doi.org/10.1158/1078-
0432.ccr-19-0558.

I. Seo, H. W. Lee, S. J. Byun, et al., “Neoadjuvant Chemo-
radiation Alters Biomarkers of Anticancer Immunotherapy
Responses in Locally Advanced Rectal Cancer,” Journal for
Immunotherapy of Cancer 9, no. 3 (2021): e001610, https://
doi.org/10.1136/jitc-2020-001610.

J. Jiang, W. Li, L. Zhou, et al.,, “Platelet ITGA2B Inhibits
caspase-8 and Rip3/MIkl-dependent Platelet Death Though
PTPN6 During Sepsis,” iScience 26, no. 8 (2023): 107414,
https://doi.org/10.1016/j.is¢i.2023.107414.

K. Qureshi-Baig, D. Kuhn, E. Viry, et al., “Hypoxia-Induced
Autophagy Drives Colorectal Cancer Initiation and Pro-
gression by Activating the PRKC/PKC-EZR (Ezrin) Pathway,”
Autophagy 16, no. 8 (2020): 1436-1452, https://doi.org/
10.1080/15548627.2019.1687213.

Q. Wu, L. You, E. Nepovimova, et al., “Hypoxia-Inducible
Factors: Master Regulators of Hypoxic Tumor Immune Es-
cape,” Journal of Hematology & Oncology 15, no. 1 (2022): 77,
https://doi.org/10.1186/513045-022-01292-6.

J. Sokol, M. Skerenova, K. Biringer, Z. Lasabova, J. Stasko, and
P. Kubisz, “Genetic Variations of the GP6 Regulatory Region
in Patients with Sticky Platelet Syndrome and Miscarriage,”
Expert Review of Hematology 8, no. 6 (2015): 863-868, https://
doi.org/10.1586/17474086.2015.1083417.

J. Zhou, W. Xu, Y. Wu, et al., “GPR37 Promotes Colorectal
Cancer Liver Metastases by Enhancing the Glycolysis and
Histone Lactylation via Hippo Pathway,” Oncogene 42, no. 45
(2023): 3319-3330, https://doi.org/10.1038/s41388-023-02841-0.


http://doi.org/10.1186/s12964-025-02034-0
http://doi.org/10.1038/ncomms3612
http://doi.org/10.1093/nar/gkaa407
http://doi.org/10.1016/j.cell.2020.11.041
http://doi.org/10.1016/j.cell.2020.11.041
http://doi.org/10.1097/md.0000000000035938
http://doi.org/10.1097/md.0000000000037314
http://doi.org/10.1097/md.0000000000037314
http://doi.org/10.1016/j.esmoop.2021.100336
http://doi.org/10.1186/s13073-020-0721-z
http://doi.org/10.1186/s13073-020-0721-z
http://doi.org/10.3389/fimmu.2020.02039
http://doi.org/10.3389/fimmu.2020.02039
http://doi.org/10.3389/fimmu.2021.698677
http://doi.org/10.3389/fimmu.2021.698677
http://doi.org/10.1002/cbf.3604
http://doi.org/10.1002/cbf.3604
http://doi.org/10.18632/aging.102505
http://doi.org/10.18632/aging.102505
http://doi.org/10.18632/oncotarget.3964
http://doi.org/10.1080/08923973.2022.2160731
http://doi.org/10.1080/08923973.2022.2160731
http://doi.org/10.1002/mc.23678
http://doi.org/10.1002/mc.23678
http://doi.org/10.1016/j.cellsig.2023.110589
http://doi.org/10.1016/j.cellsig.2023.110589
http://doi.org/10.3389/fcell.2021.795600
http://doi.org/10.1186/s12920-023-01530-x
http://doi.org/10.1186/s12575-022-00185-9
http://doi.org/10.1186/s12575-022-00185-9
http://doi.org/10.1016/j.path.2019.11.002
http://doi.org/10.1016/j.path.2019.11.002
http://doi.org/10.3390/curroncol29030131
http://doi.org/10.1158/1078-0432.ccr-19-0558
http://doi.org/10.1158/1078-0432.ccr-19-0558
http://doi.org/10.1136/jitc-2020-001610
http://doi.org/10.1136/jitc-2020-001610
http://doi.org/10.1016/j.isci.2023.107414
http://doi.org/10.1080/15548627.2019.1687213
http://doi.org/10.1080/15548627.2019.1687213
http://doi.org/10.1186/s13045-022-01292-6
http://doi.org/10.1586/17474086.2015.1083417
http://doi.org/10.1586/17474086.2015.1083417
http://doi.org/10.1038/s41388-023-02841-0

	Construction of a Platelet-Related Gene Signature for Predicting Prognosis and Drug Sensitivity in Colorectal Cancer
	1. Introduction
	2. Materials and Methods
	2.1. Datasets Sources and Identification of differentially Expressed Genes
	2.2. Construction of the PRS and Predictive Nomogram
	2.3. Immune Infiltration Analysis
	2.4. Therapy Benefits Analysis

	3. Results
	3.1. Identification of Potential Prognostic Biomarkers
	3.2. Machine Learning Developed a Prognostic PRS
	3.3. The Performance of PRS in Evaluating the Prognosis of CRC Patients
	3.4. Dissection of PRS-Based Tumor Immune Microenvironment
	3.5. PRS as an Indicator for Predicting Therapy Benefits in CRC
	3.6. Difference in Functional Enrichment in Different PRS Score Groups

	4. Discussion
	4.1. Limitations

	5. Conclusion
	Data Availability Statement
	Ethics Statement
	Consent
	Conflicts of Interest
	Author Contributions
	Funding
	Acknowledgments
	Supporting Information
	References




