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Abstract
Background and objective  Colon cancer (CC) is a highly prevalent malignant tumor with a high mortality rate 
worldwide. Despite recent advancements in diagnosis and treatment, the overall prognosis for patients remains 
poor, especially for those with metastasis. Exploring key genes associated with the prognosis of patients with colon 
cancer, establishing effective molecular models, and validating their functions are necessary to optimize patient 
management and develop novel therapeutic strategies. This study aimed to reveal the role of the key gene SERPINE1 
in the progression of colon cancer and its potential clinical application value through bioinformatics analysis and 
experimental validation.

Methods  Multimodal data from colon cancer patients were obtained from The Cancer Genome Atlas (TCGA) 
database. Differentially expressed genes (DEGs) with a fold change ≥ 2 and an adjusted P value less than 0.05 were 
screened. A protein‒protein interaction network was constructed using the STRING database, and 40 core genes 
were identified using Cytoscape software. Genes closely related to the prognosis of colon cancer patients were 
further selected using LASSO regression and Cox proportional hazards regression models to construct a risk scoring 
model for assessing patients’ survival risk. The model performance was evaluated in combination with immune 
cell infiltration analysis and ROC curve assessment, and the associations between the target genes and the tumor 
immune microenvironment were explored. The expression and function of SERPINE1 were subsequently investigated. 
The expression level of SERPINE1 in colon cancer tissues was analyzed by Western blotting. The effects of SERPINE1 
knockdown on the migration and invasion abilities of colon cancer cells were assessed by scratch wound healing and 
Transwell assays. The impact of SERPINE1 knockdown on tumor formation and metastasis in colon cancer cells was 
verified through mouse tumor and metastasis models.
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​​Introduction
Colon cancer (CC) is one of the most common malig-
nant tumors and has high incidence and mortality rates 
globally. According to statistics from the International 
Agency for Research on Cancer, colon cancer ranks as 
the third most common cancer worldwide and the sec-
ond leading cause of cancer-related death [1]. In recent 
years, due to the Westernization of dietary structures, 
changes in lifestyle, and population aging, the incidence 
of colon cancer has been continuously increasing in many 
countries [2]. In China, the incidence and mortality rates 
of colon cancer are also increasing, making it a significant 
public health concern [3].

Accumulating evidence suggests that colorectal can-
cer progression is driven by a complex interplay of epi-
genetic alterations, post-translational modifications, 
and tumor microenvironmental factors. DNA methyla-
tion–based biomarkers have shown promising diagnos-
tic potential, although further validation in prospective 
and noninvasive settings is still required [4]. Mechanis-
tically, multiple regulatory layers contribute to tumor 
development, including O-GlcNAcylation-mediated 
activation of NONO to promote tumor cell proliferation 
[5], as well as dysregulation of protein stability such as 
JOSD1-mediated YAP deubiquitination within the Hippo 
signaling pathway [6]. In addition, noncoding RNA net-
works and microbiota-related signaling, such as the 
HAS-CIRCpedia-5280/miR-4712-5p axis and Fusobac-
terium nucleatum-induced TLR4/NF-κB/PVT1 pathway, 
further modulate autophagy and chemoresistance [7, 
8]. Moreover, tumor cells enhance their survival under 
stress conditions through coordinated regulation of DNA 

damage repair and cell cycle control. Mutant p53 facili-
tates resistance to endoplasmic reticulum stress by sus-
taining Ku70-dependent DNA repair via HDAC6, while 
p21 exhibits dose-dependent dual roles in apoptosis and 
genomic stability during chemotherapy [9–11]. From a 
clinical perspective, integrating molecular features such 
as RAS mutation status and tumor mutational burden 
(TMB) enables improved prognostic stratification, with 
RAS-mutant/TMB-low patients showing the poorest 
outcomes, whereas high TMB is associated with bet-
ter survival even in microsatellite-stable cases [12–15]. 
Additionally, emerging therapeutic strategies targeting 
tumor suppressive pathways, such as TMEM52B-derived 
peptides that inhibit EGFR signaling, further highlight 
the potential for novel targeted interventions [16].

However, despite recent advancements in laparoscopic 
surgery, targeted therapy, and immunotherapy, the prog-
nosis for patients with advanced colon cancer remains 
poor, especially for those with lymph node metastasis or 
distant metastasis, whose 5-year survival rates are signifi-
cantly lower [1, 12]. Therefore, there is still a lack of suf-
ficiently effective therapeutic strategies, highlighting an 
urgent need to identify novel targets to improve clinical 
outcomes.

In recent years, with the rapid development of high-
throughput sequencing technologies and bioinformatics 
tools, researchers have been able to explore the molecu-
lar mechanisms of colon cancer at the genomic, tran-
scriptomic, and proteomic levels [17, 18]. For example, 
public databases such as TCGA and GEO provide a vast 
amount of gene expression data. By integrating these 
data, DEGs related to the prognosis of colon cancer can 

Results  The bioinformatics analysis identified seven target genes related to the prognosis of colon cancer, namely, 
CAMK2B, KIF1A, OPCML, SCN5A, SERPINE1, TH, and UCHL1, based on which a risk scoring model was constructed. 
Further analysis revealed that the risk score was not only associated with patients’ survival prognosis but also 
significantly correlated with the infiltration of immune cells such as T cells and macrophages in the tumor immune 
microenvironment. Among these seven genes, SERPINE1 was highly expressed in colon cancer and was significantly 
positively correlated with a poor prognosis. In vitro experiments revealed that SERPINE1 knockdown inhibited 
the proliferation, migration, and invasion of colon cancer cells. Western blot experiments indicated that SERPINE1 
knockdown upregulated the expression of epithelial cadherin (E-cadherin, E-CAD) and downregulated the expression 
of neural cadherin (N-cadherin, N-CAD) and vimentin (VIM), suggesting that SERPINE1 knockdown may inhibit 
the epithelial‒mesenchymal transition (EMT). In a mouse subcutaneous tumor experiment, SERPINE1 knockdown 
significantly inhibited tumor growth. The liver metastasis model revealed that inhibiting SERPINE1 expression 
significantly reduced the number of liver metastases, further verifying the effect of high SERPINE1 expression on 
promoting the progression of colon cancer.

Conclusions  A risk scoring model constructed based on the results of a bioinformatics analysis can effectively 
predict the survival prognosis of patients with colon cancer and reveals that SERPINE1 promotes the proliferation of 
colon cancer cells and accelerates the distant metastasis of tumor cells by inducing the EMT. These results provide an 
important reference for the prognostic assessment of colon cancer patients and pave the way for the development of 
therapeutic strategies targeting SERPINE1.
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be identified [19–21]. The identification of these genes 
not only offers a new perspective for the molecular clas-
sification of colon cancer but also provides potential 
targets for personalized treatment [22]. Regrettably, the 
current exploitation of data is still insufficient, with most 
studies relying on single analytical methods, limiting the 
depth and breadth of the results. Machine learning-based 
analytical methods can more effectively identify key tar-
gets and more accurately predict patients’ prognosis, pro-
viding a new approach for optimizing clinical treatment 
strategies.

In this study, we systematically analyzed the multi-
modal data of colon cancer patients from TCGA data-
base to identify DEGs closely related to prognosis. By 
constructing protein–protein interaction networks, 
LASSO regression models, and Cox proportional hazards 
models, we identified seven key genes and constructed 
a risk scoring model. This study showed that this model 
not only can predict patient survival well but is also sig-
nificantly correlated with immune cell infiltration in the 
tumor immune microenvironment. In further research, 
we found that SERPINE1, an important gene, is highly 
expressed in colon cancer and is significantly positively 
correlated with a poor prognosis. By combining in vitro 
and in vivo experiments, we verified that SERPINE1 pro-
motes the proliferation, migration, and invasion of colon 
cancer cells by regulating the epithelial‒mesenchymal 
transition (EMT) and accelerating distant metastasis.

This study aims to successfully construct a risk scor-
ing model with good predictive ability by integrating 
bioinformatics and experimental validation, providing a 
new tool for the prognostic assessment of colon cancer 
patients. Moreover, this study reveals the role of SER-
PINE1 in the progression of colon cancer and clarifies its 
mechanism of influencing tumor metastasis by regulat-
ing the EMT and the immune microenvironment. These 
achievements not only provide theoretical support for 
precision medicine for colon cancer patients but also lay 
an important foundation for the development of targeted 
therapeutic strategies and new drug targets. Addition-
ally, this study provides new potential biomarkers for 
the diagnosis and prognosis of colon cancer, which can 
help identify high-risk patients early, optimize treatment 
plans, and thereby improve patient survival rates and 
quality of life.

Materials and methods
Patient information and clinical tissues
Sixty patients with primary colon cancer diagnosed by 
pathology at the Second Affiliated Hospital of Harbin 
Medical University were included. We based our classi-
fication on the 8th edition of the American Joint Com-
mission on Cancer’s tumor, lymph node, and histological 
classification for colon cancer. The inclusion criteria were 

patients aged 18–65 years with no endocrine, cardiovas-
cular, hematological, or infectious diseases. The exclusion 
criteria were as follows: patients younger than 18 years 
or older than 70 years and patients who had not received 
any antitumor treatment before surgery. This study was 
approved by the Scientific Ethics Committee of the Sec-
ond Affiliated Hospital of Harbin Medical University in 
China. This study was conducted in accordance with the 
Declaration of Helsinki, and written informed consent 
was obtained from each participant before the study 
began (ethical approval number: KY2023-012).

Data collection and preprocessing
The data for this study were sourced from the public 
genomics database TCGA. Specifically, the transcrip-
tomic data and clinical information from TCGA-COAD 
project were downloaded. This dataset includes the tran-
scriptomic data and clinical data of 483 colon cancer tis-
sues and 41 adjacent nontumor control tissues. Based on 
the clinical information, the clinical samples were divided 
into two groups: the N0 group (no lymph node metasta-
sis) and the N1–3 group (with lymph node metastasis).

Differential expression analysis
The optimal regularization parameter (λ) was deter-
mined through 10-fold cross-validation to identify key 
genes and select them for inclusion in the multivariate 
Cox proportional hazards model using LASSO regres-
sion. The “survival” package in the R language was used 
to construct the model and calculate the risk score. The 
risk score was based on the Cox regression coefficients, 
and patients were divided into high- and low-risk groups 
according to the median value. Kaplan‒Meier survival 
curves were plotted to compare differences. The “ggplot2” 
and “survminer” packages were used to visualize the sur-
vival analysis results, including survival curves, risk score 
distribution plots, and heatmaps. The predictive ability of 
the model was assessed using ROC curves, with higher 
AUC values indicating better performance. The C-index 
was calculated to evaluate the model’s discriminatory 
ability. Univariate and multivariate Cox analyses were 
conducted to assess the independent diagnostic capabil-
ity of the prognostic model [23].

Data collection and preprocessing
Gene expression profiles and corresponding clinical data 
for colorectal cancer were obtained from the TCGA-
COAD cohort, which served as the primary dataset for 
model construction. Patients with incomplete survival 
information were excluded. Two independent exter-
nal validation cohorts, GSE17536 and GSE271719, were 
downloaded from the Gene Expression Omnibus (GEO) 
database to evaluate the robustness and generalizability 
of the model.
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interaction score threshold set at 0.4. The results were 
then imported into Cytoscape software, and the cyto-
Hubba plugin was used to identify core genes within the 
network. The top 40 proteins were selected for PPI net-
work construction to reveal their potential interactions in 
colon cancer.

Prognostic model construction
In this study, we combined least absolute shrinkage and 
selection operator (LASSO) regression with multivariate 
Cox proportional hazards models to screen and estab-
lish a prognostic molecular model for colon cancer. First, 
the expression levels of the 40 core genes identified in 
the PPI network were extracted and integrated with 
patients’ clinical prognostic information (including the 
survival time and status) to form a comprehensive data-
set containing gene expression and clinical features. The 
“glmnet” package in R was used for the LASSO regres-
sion analysis. By introducing the L1 regularization term, 
LASSO regression can effectively handle multicollinear-
ity in high-dimensional data and perform feature selec-
tion and model fitting simultaneously.

Analysis of immune cell infiltration
In this study, immune cell infiltration was analyzed using 
the “IOBR” package in R software, which integrates mul-
tiple algorithms. Normalized gene expression data and 
reference sets were input, and after default parameters 
were set, the infiltration scores of various immune cells in 
colon cancer samples were obtained. The “limma” pack-
age in R was used for the differential expression analy-
sis to identify differentially expressed mRNAs between 
the groups. The screening threshold for differentially 
expressed genes was set at a fold change greater than 2 
and a P value less than 0.05. The results were visualized 
in the form of volcano plots and heatmaps using the 
“ggplot” package, which intuitively displays the statistical 
significance and clustering of gene expression.

Single-sample gene set enrichment analysis (ssGSEA)
We employed the “GSVA” (Gene Set Variation Analysis) 
package in R software to systematically evaluate the activ-
ity of the biological pathways in the samples. This pack-
age can score gene expression profiles for HALLMARK 
pathways and KEGG pathways, revealing differences in 
pathway activity among different samples. Specifically, 
GSVA calculates the enrichment score of each gene set in 
a sample to assess changes in the activity of specific path-
ways. This method not only avoids the loss of information 
associated with a traditional binary classification (i.e., 
whether a sample contains genes of a particular pathway) 
but also provides a more continuous and comprehensive 
profile of pathway activity and expression.

For data preprocessing, TCGA RNA-seq count data 
were converted into transcripts per million (TPM) values 
and normalized using log2(TPM + 1). GEO datasets were 
processed using platform-specific normalization meth-
ods, followed by log2 transformation. Gene identifiers 
were annotated to official gene symbols, and when mul-
tiple probes corresponded to the same gene, their average 
expression values were used. To minimize technical bias 
and batch effects, each dataset was processed indepen-
dently and not directly merged.

Model construction and risk stratification
The TCGA cohort was randomly divided into a training 
set and an internal validation set at a ratio of 1:1 using the 
“caret” R package. Based on 20 hub genes identified from 
prior network analysis, Least Absolute Shrinkage and 
Selection Operator (LASSO) regression was first applied 
in the training set using the glmnet package to reduce 
dimensionality and prevent overfitting, with the optimal 
penalty parameter determined via ten-fold cross-valida-
tion. Genes with non-zero coefficients were retained and 
subsequently subjected to univariate Cox proportional 
hazards regression analysis, with P < 0.05 considered sta-
tistically significant.

The selected genes were then included in multivariate 
Cox regression analysis to identify independent prognos-
tic factors, resulting in four high-risk genes and their cor-
responding coefficients. A prognostic risk score model 
was constructed as a linear combination of gene expres-
sion levels weighted by their Cox regression coefficients: 
Risk score = Σ (Expression of gene_i×Coefficient_i). 
Patients were stratified into high- and low-risk groups 
based on the median risk score in the training cohort, 
and the same cutoff value was applied to the internal vali-
dation set and external cohorts.

Model evaluation and statistical analysis
The predictive performance of the prognostic model was 
evaluated in the training set, internal validation set, and 
external validation cohorts (GSE17536 and GSE271719). 
Kaplan–Meier survival analysis and log-rank tests were 
performed using the survival and survminer R packages 
to compare overall survival between high- and low-risk 
groups.

Time-dependent receiver operating characteris-
tic (ROC) curves were generated using the timeROC R 
package to assess model performance at different time 
points, and the area under the curve (AUC) was calcu-
lated accordingly.

Protein–protein interaction (PPI) network
The STRING database (https://string-db.org/) was used 
to perform the PPI analysis and visualize the proteins 
encoded by the differentially expressed mRNAs, with an 

https://string-db.org/
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Drug treatment sensitivity
We used the “pRRophetic” package in R software to 
predict the sensitivity of high-risk and low-risk CC 
patients to clinically relevant chemotherapeutic and tar-
geted drugs. The pRRophetic package, which is based 
on gene expression data, uses machine learning algo-
rithms to construct drug sensitivity prediction models 
that can estimate the response of tumor cells to various 
chemotherapeutic drugs. Specifically, the package uses 
pre-trained models derived from the Cancer Cell Line 
Encyclopedia (CCLE) and Genomics of Drug Sensitivity 
in Cancer (GDSC) database—two authoritative resources 
containing gene expression data and corresponding drug 
response profiles of thousands of cancer cell lines, includ-
ing CRC cell lines. These pre-trained models establish a 
robust correlation between gene expression patterns and 
drug sensitivity, which is then applied to the gene expres-
sion profiles of our high-risk and low-risk CRC patient 
groups to estimate their drug response. For the analysis, 
we first input the normalized gene expression data (log2-
transformed TPM values for TCGA-COAD cohort and 
log2-transformed normalized values for GEO cohorts) of 
high-risk and low-risk patients into the pRRophetic pack-
age. The package then calculates the half-maximal inhibi-
tory concentration (IC50) for each selected drug in both 
groups; a lower IC50 value indicates higher sensitivity of 
tumor cells to the corresponding drug. Quality control of 
prediction results: After the prediction was completed, 
the distribution of IC50 values of each drug in the two 
groups was checked to exclude abnormal prediction val-
ues caused by data errors or algorithm deviation.

Cell culture
A 15 ml centrifuge tube with 10 ml of DMEM-F12(Gibco) 
was prepared in advance. Human colon cancer cell lines 
HCT116 and Lovo cells (purchased from Procell, Wuhan, 
China) remove from liquid nitrogen, quickly placed in a 
37 °C water bath to thaw thoroughly, and then mixed in 
a centrifuge tube. After centrifugation at 1000  rpm for 
5 min, the supernatant was aspirated, and the cells were 
resuspended and added to DMEM-F12 containing 10% 
fetal (Gibco) bovine serum. After mixing thoroughly, the 
cells were cultured in a 37 °C incubator with 5% CO2.

CCK-8 detection
HCT-116 cells in the logarithmic growth phase from the 
SERPINE1-KD group and the control group were seeded 
into 96-well plates at a density of 5 × 10³ cells per well, 
with 100µL of culture medium added to each well, and 
cultured for 24  h to allow cell adhesion. Subsequently, 
cytarabine(HY-13605,MCE) at different concentration 
gradients (0, 0.625, 1.25, 2.5, 5, 10µmol/L) was added 
respectively, with 3 replicate wells set for each concen-
tration, and a blank control group (only culture medium 

added, no cells) was set at the same time. Following this, 
the cells were treated with CCK-8 solution (Vazyme, 
Nanjing, China) for 2 h, and the optical density at 450 nm 
(OD450) was measured using a microplate reader (Bio-
Rad, USA).

Transwell assay
The Transwell assay was conducted using 24-well plates 
and polycarbonate filters (8  μm pores, Corning). Tran-
swell inserts without Matrigel were used to observe 
cell migration. A total of 2 × 104 cells were suspended 
in serum-free medium and plated in the upper cham-
ber, while 600 µL of complete medium was added to the 
lower chamber. After incubation for 24  h, the cells in 
the Transwell chamber were fixed with paraformalde-
hyde and stained with 0.25% crystal violet. The cells that 
migrated to the lower side of the membrane were imaged 
and counted. Cell migration and invasion abilities were 
statistically analyzed using ImageJ software.

Wound healing assay
A six-well plate was prepared, and three evenly spaced 
horizontal lines were drawn on the bottom with a marker 
as a reference line for subsequent imaging. Cell suspen-
sions were prepared at a density of 5 × 105 cells per well 
and seeded into six-well plates. An optical microscope 
was used to capture images of three random fields of 
view as the 0-hour control. Images were captured again 
after 24 and 48 h. Before each image was captured, the 
cells were rinsed with PBS to remove detached cells, and 
the culture medium containing 1% fetal bovine serum 
was replaced with fresh culture medium [24].

Tissue immunofluorescence staining
Frozen tissue sections were removed from the − 20  °C 
freezer and brought to room temperature. The sections 
were rinsed three times with PBS. They were then fixed 
with cold acetone for 20  min, followed by aspiration of 
the supernatant and washes with PBS. After permeabi-
lization with 0.5% Triton X-100 for 20  min and washes 
with PBS, the sections were blocked with 5% BSA and 
goat serum for 1  h without washing. The primary anti-
PAI-1 (1:200, Abcam) was added, and the samples were 
incubated overnight at 4  °C. The primary antibody was 
aspirated, and the sections were washed three times 
with PBS before the addition of the anti-AF-594 second-
ary antibody and incubation for 1 h at 37 °C in the dark. 
After washes with PBS, DAPI was added and incubated 
for 10 min to stain the nuclei. Finally, an antiquenching 
agent was added, and the sections were sealed with nail 
polish, air-dried in the dark, and observed and photo-
graphed under a confocal microscope.
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Immunohistochemical (IHC) staining
Colon cancer tissues were fixed, dehydrated, and embed-
ded in paraffin before sectioning (4 μm thick). The sec-
tions were dewaxed and rehydrated and then pretreated 
with 3% H₂O₂ for 20 min. The sections were placed in 
citrate buffer and heated in a pressure cooker until boil-
ing, followed by a 2-minute steam timer; then, they were 
naturally cooled and washed three times with PBST (each 
for 5 min). Blocking was performed with 10% goat serum, 
and anti-PAI-1(1:200, Abcam) was added and incubated 
overnight at 4 °C. The next day, the sections were washed 
at room temperature, incubated with the secondary anti-
body for 30 min, and then washed three times with PBS. 
DAB was incubated with the sections for 10 min for color 
development, and the sections were rinsed with PBS and 
observed under a microscope. The nuclei were stained 
with hematoxylin, dehydrated with a gradient of alcohol 
solutions, treated with xylene, sealed with neutral resin, 
air-dried, and photographed [25].

Western blot
After trypsin digestion, the cells were washed three 
times with PBS, lysed with RIPA lysis buffer containing 
PMSF on ice for 30 min, sonicated for 1 min (13000 r), 
and centrifuged for 15 min to collect the supernatant for 
the protein concentration measurement. The samples 
were mixed with 5× loading buffer, boiled for 10–20 min 
at 100 °C, and stored at −20 °C. After the gel was pre-
pared, protein samples were loaded into the wells and 
electrophoresed at 80 V until reaching the upper gel and 
at 120 V until reaching the bottom, after which electro-
phoresis was terminated. The proteins were transferred 
to a PVDF membrane at 250 mA on ice for 1–2 h. The 
membrane was blocked with 5% skim milk at 37 °C for 
1 h, and then the primary anti-PAI-1(1:1000,Abcam), 
N-cadherin(1:10000,Abcam), E-cadherin(1:5000,Abcam), 
Vimentin(1:20000,Proteintech)was added and incubated 
overnight at 4 °C. After the membrane was washed three 
times with TBST, the secondary goat anti-mouse or goat 
anti-rabbit antibody (1:5000 Affinity) was added, and the 
mixture was incubated at room temperature for 1 h. The 
membrane was washed again three times with TBST, and 
the chemiluminescent substrate was added for detection 
using an ECL imaging system [26].

Lentivirus transduction
The shRNA sequences used were as follows:

SERPINE1-RNAi (60421-1)–​C​A​G​A​C​A​G​T​T​T​C​A​G​G​C​
T​G​A​C​T​T;

SERPINE1-RNAi (60423-1)–​C​A​T​C​A​T​C​A​A​T​G​A​C​T​G​
G​G​T​G​A​A;

SERPINE1-RNAi (60424-1)–​G​C​A​T​C​T​G​T​A​C​A​A​G​G​A​
G​C​T​C​A​T.

A scrambled shRNA was used as a negative control. 
Briefly, 1.5 × 105 tumor cells were seeded into 24-well 
plates in 500  µl of culture medium and cultured over-
night at 37 °C. When the cell density reached 30%−50%, 
the cells were infected with the lentivirus in the pres-
ence of polybrene. The medium was replaced with 500 µl 
of fresh medium per well after 1  day, and the infection 
status was observed after 2–3 days. Stable cell lines were 
selected with puromycin for 3‒4 weeks, and SERPINE1 
knockdown was confirmed by Western blotting before 
use in subsequent experiments.

Subcutaneous tumor model
A total of 10 SPF BALB/c nude mice (male, 6 weeks old, 
18–20 g) were randomly assigned to two groups with five 
mice per group via a computer-generated random num-
ber table by an independent investigator after 7 days of 
acclimatization under standard laboratory conditions. 
Confluent normal colon cancer cells and SERPINE1-
knockdown colon cancer cells were digested with trypsin, 
washed with PBS, and adjusted to a density of 2 × 10^6 
cells/ml. In a laminar flow hood, the BALB/c nude mice 
(male,6weeks old,18–20  g) were fixed according to the 
group, and 0.2 ml of the cell suspension was subcutane-
ously injected 0.3 cm into the back from the right front 
limb armpit. The length and width of the tumors were 
measured weekly with calipers, and the tumor volume 
was calculated using the formula V = 1/2*W^2*L, with 
the data recorded.

Liver metastasis model
Confluent normal colon cancer cells and SERPINE1-
knockdown colon cancer cells were digested with trypsin, 
washed with PBS, and adjusted to a density of 2 × 10^6 
cells/ml. Six- to eight-week-old nude mice(n = 3) were 
administered analgesics and anesthetized in accordance 
with the experimental animal rights protocol. An 8-mil-
limeter incision was made in the skin directly above the 
spleen. Within 30 to 60  s, 100  µl of cells were injected 
into the exposed tip of the spleen. After 5  min, the 
abdominal cavity was closed. The mice were euthanized 
after 6 weeks to obtain the liver.

Statistical methods
In the bioinformatics study, for comparisons between 
two groups of data, t tests or Mann‒Whitney U tests 
were selected based on whether the data followed a nor-
mal distribution. For multiple comparison analyses, the 
false discovery rate (FDR) method was used to adjust P 
values to avoid type I errors. Correlations were deter-
mined using Spearman’s correlation analysis. The survival 
analysis was conducted using the Kaplan‒Meier survival 
analysis and log-rank tests; for Cox proportional hazards 
regression analysis (used to calculate hazard ratios [HR]), 
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95% confidence intervals (CIs) were provided for all HR 
values to ensure the completeness of result descriptions. 
All the statistical analyses were performed in R software, 
with P < 0.05 indicating statistical significance.

For experimental validation, all experiments were 
independently repeated three times. A single-blind pro-
cedure was strictly implemented throughout the experi-
ment: mice were labeled with anonymous digital codes, 
the investigator responsible for modeling, breeding and 
outcome assessment was blinded to group allocation, and 
code decoding was only performed during data statisti-
cal analysis. The sample size was determined based on 
previous similar studies and the 3R principles to ensure 
statistical power. The statistical analysis and visualization 
of the data were performed using ImageJ and GraphPad 
Prism 9.0 software. The experimental data are presented 
as the means ± standard deviations. Independent sam-
ples following a normal distribution were analyzed using 
parametric t tests, whereas independent samples not fol-
lowing a normal distribution were analyzed using non-
parametric t tests. P < 0.05 was considered statistically 

significant (*P < 0.05, P < 0.01; * P < 0.001, P < 0.0001; ns: 
P > 0.05).

Results
Identification of core genes associated with the lymph 
node metastasis of colon cancer
Colon cancer samples were divided into N0 (no metas-
tasis) and N1–3 (with metastasis) groups based on the 
lymph node metastasis status. This staging method not 
only clearly distinguishes samples with different meta-
static statuses but also helps us gain a deeper under-
standing of the changes in gene expression during tumor 
progression and their impacts on patients’ prognosis. We 
employed rigorous bioinformatics analysis techniques to 
screen for differentially expressed genes (DEGs). Specifi-
cally, we set the screening thresholds at a fold change ≥ 2 
and an adjusted P value less than 0.05 to ensure that 
the selected genes had high statistical significance and 
biological relevance. Compared with the N0 group (no 
lymph node metastasis), 83 significantly differentially 
expressed genes (DEGs) were identified in the N1–3 
group (with lymph node metastasis) (Fig.  1A and B), 

Fig. 1  Screening of differentially expressed genes (DEGs) and analysis of protein‒protein interaction networks.(A) Hierarchical clustering heatmap of 
DEGs between N0 (non-metastatic) and N1–3 (lymph node metastatic) colon cancer samples (red: upregulated; blue: downregulated).(B) Volcano plot of 
DEGs filtered by |log₂FC|≥1 and adjusted P < 0.05 (red: upregulated; green: downregulated; gray: non-significant).(C) PPI network of DEGs constructed via 
STRING (confidence score ≥ 0.400).(D) Top 40 hub genes identified by cytoHubba, with TH, NGF, BDNF, etc., as core hub genes (red/orange nodes indicate 
higher centrality)
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providing an important foundation for further explora-
tion of immune cell infiltration in the tumor microenvi-
ronment and potential biomarkers. After screening the 
DEGs, we used the STRING online analysis tool to con-
struct a protein‒protein interaction network containing 
87 DEGs and set the confidence level at 0.400 to ensure 
the reliability and accuracy of the constructed network 
(Fig.  1C). The PPI results were subsequently imported 
into the cytoHubba plugin in Cytoscape software, and 40 
core hub genes were screened from the constructed pro-
tein‒protein interaction network and visualized (Fig. 1D). 
Among them, TH, NGF, BDNF, NPY, GAP43, STMN2, 
and CAMK2A were located at more central positions in 
the network.

Construction of a prognostic model to predict the 
prognosis of colon cancer patients
Through the construction of a LASSO regression model 
based on the 40 core genes described above, genes 
related to the prognosis of colon cancer patients were 
screened. The results showed that 7 genes, namely, 
CAMK2B, KIF1A, OPCML, SCN5A, SERPINE1, TH, 
and UCHL1, were closely related to the prognosis of 
patients with colon cancer (Fig.  2A-B). The analysis of 
immune cell infiltration revealed that the expression lev-
els of CAMK2B, KIF1A, OPCML, SCN5A, and TH were 
significantly positively correlated with the infiltration 
score of Treg cells, whereas SERPINE1 expression was 
significantly negatively correlated with the infiltration 
score of Treg cells; all genes except SERPINE1 were nega-
tively correlated with activated memory CD4+ T cells; all 
genes except CAMK2B were negatively correlated with 
NK cells; and all genes except KIF1A were positively 
correlated with M0 macrophages (Fig.  2C). The multi-
variate Cox analysis indicated that among these 7 genes, 
the expression levels of SERPINE1, CAMK2B, TH, and 
UCHL1 had independent predictive power for the prog-
nosis of patients with colon cancer, and their expression 
was associated with a poor prognosis (Fig. 2D). A prog-
nostic model was constructed using the multivariate Cox 
algorithm, as described in the Materials and Methods 
section. Using this formula, we calculated the risk scores 
for colon cancer patients with prognostic information in 
TCGA database. The ROC curves revealed that the AUC 

value of the prognostic model was 0.633 for predicting 
the 1-year survival rate of patients with colon cancer, 
0.609 for the 3-year survival rate, and 0.634 for the 5-year 
survival rate (Fig.  2E). To further evaluate the robust-
ness and generalizability of the prognostic model, two 
independent GEO cohorts (GSE17536 and GSE271719) 
were used for external validation. The same risk score 
formula derived from the TCGA cohort was applied to 
these datasets. Time-dependent ROC analysis demon-
strated improved predictive performance in the external 
cohorts, with AUC values reaching up to approximately 
0.75 (Fig.  2F, G), indicating good generalizability of the 
model across independent datasets. Figure 2H shows the 
risk scores, survival status, and expression levels of the 
four genes constituting the model in patients with colon 
cancer. The survival analysis revealed that patients in the 
high-risk group had a worse prognosis than those in the 
low-risk group did (Fig. 2I). We included the clinical fac-
tors of colon cancer patients in TCGA database, such as 
age, sex, and stage, along with the prognostic model, in 
univariate and multivariate Cox regression analyses to 
investigate whether the prognostic model could serve as 
an independent predictor of the prognosis of colon can-
cer patients. The results showed that both the prognostic 
model and stage could serve as independent predictors of 
the prognosis of patients with colon cancer (Fig. 2J, K).

Differences in immune features between different risk 
score groups
To explore the association between the risk score and the 
tumor immune microenvironment (TIME) in colon can-
cer, we systematically analyzed the correlation between 
the risk score and immune cell infiltration, immune-
related signatures, immune cell marker gene expression, 
and cancer-related pathway activity across different risk 
score groups. The analysis of immune cell infiltration 
revealed that the risk score was positively correlated with 
several immune cell types and scores, including acti-
vated myeloid dendritic cells, B cells, and CD4+ naive T 
cells, but negatively correlated with common lymphoid 
progenitor cells and natural killer T cells (Fig.  3A).The 
correlation analysis between the risk score and immune 
response revealed that the risk score was positively cor-
related with the IFN-γ response (r = 0.17, P < 0.001), 

(See figure on previous page.)
Fig. 2  Construction and characterization of a colon cancer prognostic model via LASSO and Cox regression analyses. (A) LASSO regression with 10-fold 
cross-validation for optimal λ selection. (B) LASSO coefficient profiles identified seven prognostic genes: CAMK2B, KIF1A, OPCML, SCN5A, SERPINE1, TH, 
and UCHL1.(C) Correlation heatmap of seven core genes and immune infiltration. Red represents positive correlation and blue represents negative cor-
relation. SERPINE1 was negatively correlated with Tregs, while CAMK2B and KIF1A showed positive correlations. (D) Multivariate Cox forest plot indicated 
that SERPINE1, CAMK2B, TH, and UCHL1 were independent prognostic predictors. (E) ROC curves revealed moderate predictive efficiency, with AUC 
values of 0.633 (1-year), 0.609 (3-year), and 0.634 (5-year). (F) Time-dependent ROC analysis of the prognostic model in the GSE17536 external validation 
cohort. (G) Time-dependent ROC analysis of the prognostic model in the GSE271719 external validation cohort.(H) Risk score distribution, survival status, 
and expression heatmap of model genes in high-risk (orange) and low-risk (blue) groups. (I) Univariate Cox analysis showed that age, gender, tumor stage 
and risk score significantly affected prognosis. (J) Multivariate Cox analysis confirmed risk score and stage as independent prognostic factors. (K) Kaplan–
Meier survival analysis indicated poorer overall survival in the high-risk group (p = 0.0049)
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lymphocyte infiltration (r = 0.22, P < 0.001), macrophage 
regulation (r = 0.38, P < 0.001), and the TGF-β response 
(r = 0.64, P < 0.001) (Fig.  3B). These results indicate that 
the risk score is closely associated with the functional 
status of the TIME, and changes in the risk score may be 
accompanied by alterations in immune response activity 
and lymphocyte infiltration intensity.

We subsequently explored the differential expression 
of characteristic genes of various immune cells between 
the high- and low-scoring groups. Figure  3C shows the 
correlation between the expression of each gene in colon 
cancer patients from the two groups. Compared with that 
in the low-scoring group, the expression of characteristic 
genes related to dendritic cells, macrophages, NK cells, 
and Th1 cells was increased in the high-scoring group, 
whereas the expression of characteristic genes related 
to CD8+ T cells was decreased (Fig. 3D). In addition, we 
analyzed the differences in the activity of cancer-related 
pathways and specific signatures between the high-risk 
and low-risk groups.Compared with those in the low-
scoring group, the IFN-γ signature score and hypoxia 
score were higher in the high-scoring group, whereas the 
scores of multiple cancer-related pathways were lower 
(Fig. 3E).These results suggest that the risk score is asso-
ciated with the functional status of cancer-related path-
ways and the hypoxic microenvironment.

Collectively, these findings demonstrate that the risk 
score is closely associated with the immune landscape 
of colon cancer, including immune cell infiltration, 
immune-related signature activity, immune cell marker 
gene expression, and cancer-related pathway activity. 
Future studies can further verify the regulatory mecha-
nisms underlying these associations, such as explor-
ing the role of risk score-related factors in regulating 
immune cell function and pathway activity, which may 
provide new insights for the immunotherapeutic man-
agement of colon cancer.

Correlation analysis between the risk score and immune 
features
We subsequently analyzed immune cell infiltration using 
various algorithms (such as xCell, TIMER, quanTIseq, 
MCP-counter, EPIC, CIBERSORT-ABS, and CIBER-
SORT) to explore the correlation between the risk score 

and immune cell infiltration (Fig.  4A). The results from 
multiple algorithms all indicated that the risk score was 
significantly positively correlated with tumor-associated 
fibroblasts and M2 macrophages (Fig.  4B), suggest-
ing that the higher the risk score was, the greater the 
infiltration of these two immune cell types. The rela-
tionships between the risk score calculated by the ESTI-
MATE algorithm and the immune score, stromal score, 
and ESTIMATE score were subsequently explored. The 
results showed that the immune score, stromal score, and 
ESTIMATE score of the high-risk-score group were sig-
nificantly higher than those of the low-risk-score group 
(p < 0.05, Fig. 4C). Subsequently, we further revealed the 
correlation between the model score and the expression 
of four genes in the model with Hallmark pathways and 
KEGG pathways. The results revealed that both the risk 
score and the expression of the four genes were related to 
various oncogenic pathways (Fig. 4D and E).

Prediction of drug treatment sensitivity in colon cancer 
patients using the prognostic model
The “prophetic” package was used to explore the dif-
ferences in sensitivity to commonly used chemothera-
peutic drugs between high-risk and low-risk groups of 
colon cancer patients. Drug candidates were selected 
according to their clinical relevance in colorectal can-
cer: they include agents either approved for CRC treat-
ment, under clinical evaluation in advanced CRC, or 
widely reported to regulate proliferation, survival, or 
metabolism in colorectal cancer cells. The results of this 
study showed that, compared with the low-risk group, 
the high-risk group was less sensitive to bexarotene, 
cyclopamine, dasatinib, DMOG, imatinib, midostaurin, 
nilotinib, pazopanib, pyrimethamine, rapamycin, shiko-
nin, and temsirolimus (Fig.  5A-L)but more sensitive to 
cytarabine and metformin(Fig.  5M, N).To validate these 
in silico findings, we further performed CCK-8 assays to 
evaluate the sensitivity of cytarabine in HCT-116 colon 
cancer cells with SERPINE1 knockdown (SERPINE1-KD) 
and corresponding control cells. Consistent with the bio-
informatics prediction, the CCK-8 results demonstrated 
that the SERPINE1-KD group exhibited significantly 
enhanced sensitivity to cytarabine compared with the 
control group (Supplementary Fig. 2 A, B). Specifically, 

(See figure on previous page.)
Fig. 3  Analysis of the correlation between the colon cancer risk score and immune profile. (A) Correlation network of risk score with immune cell in-
filtration and immune scores. Green lines represent positive correlations, and purple lines represent negative correlations. The risk score was positively 
correlated with activated myeloid dendritic cells, B cells and naive CD4⁺ T cells, while negatively correlated with common lymphoid progenitors and NKT 
cells. (B) Scatter plots showing correlations between risk score and multiple immune responses. Risk score was positively associated with IFN-γ response 
(r = 0.17, P = 0.001), lymphocyte infiltration (r = 0.22, P < 0.001), macrophage regulation (r = 0.38, P < 0.001), and TGF-β response (r = 0.64, P < 0.001). Dashed 
lines indicate correlation trends. (C) Heatmap illustrating expression correlations of immune cell signature genes in colon cancer. Color gradients from 
blue (low) to red (high) represent expression levels; correlation coefficients reflect the strength of pairwise associations. (D) Expression heatmap of im-
mune signature genes between high- and low-risk groups. Immune cell-related genes (dendritic cells, macrophages, NK cells, Th1 and CD8⁺ T cells) were 
differentially expressed between the two groups with the same color scale as in (C). (E) Comparison of IFN-γ signature, hypoxia score and cancer pathway 
scores between risk subgroups. Red represents the high-risk group and blue represents the low-risk group. ****P < 0.0001, ***P < 0.001, **P < 0.01, *P < 0.05
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Fig. 4  Correlation analysis between the colon cancer risk score and immune cell invasion and pathways. (A) Analysis of immune cell infiltration. Immune 
cell infiltration was analyzed using a variety of algorithms (xCell, Timer, quanTIseq, MCP-counter, EPIC, CIBERSORT-ABS, and CIBERSORT). The dots in the 
graph represent the correlation scores of immune cells obtained using different algorithms; the color varies from red (positive correlation) to blue (nega-
tive correlation), and the size of the dots indicates the strength of the correlation. (B) Correlations of risk scores with specific immune cells. The scatter 
plot shows a positive correlation between risk scores and tumor-associated fibroblasts (CAFs) and M2 macrophages. The dashed line in each scatter plot 
represents the correlation trend, and the Spearman correlation coefficient (R) and P value represent the strength and statistical significance of the correla-
tion. (C) The relationship between the risk score and the ESTIMATE algorithm score. The violin plot shows the differences in the distributions of immune 
scores, interstitial scores, and ESTIMATE scores between the high- and low-risk score groups. The white dots represent the median, the black lines repre-
sent the interquartile ranges, and the whiskers represent the minimum and maximum values of the data. An asterisk indicates statistical significance. (D) 
Correlations of the risk score with Hallmark pathways. The heatmap shows the correlations between the risk score and multiple Hallmark pathways. The 
color changes from green (positive correlation) to brown (negative correlation), with an asterisk indicating statistical significance. (E) Correlations of the 
risk score with KEGG pathways. The heatmap shows the correlations between the risk score and multiple KEGG pathways. The color coding is the same 
as that in Figure D, with an asterisk indicating statistical significance. ****P < 0.0001, ***P < 0.001, **P < 0.01, *P < 0.05
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Fig. 5  Differences in drug sensitivity between different risk groups in terms of colon cancer scores. (A–L) Comparative analysis of predicted drug sensitiv-
ity between high-risk and low-risk groups using the pRRopheticalgorithm. Boxplots show the estimated IC50 values of bexarotene (A), cyclopamine (B), 
dasatinib (C), DMOG (D), imatinib (E), midostaurin (F), nilotinib (G), pazopanib (H), pyrimethamine (I), rapamycin (J), shikonin (K), and temsirolimus (L). The 
high-risk group exhibited significantly higher predicted IC50 values, indicating reduced sensitivity to these agents compared with the low-risk group. (M, 
N) Predicted IC50 values of cytarabine (M) and metformin (N) in high- and low-risk groups. The high-risk group showed significantly lower IC50 values, 
suggesting increased sensitivity to these drugs
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Fig. 6 (See legend on next page.)
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the half-maximal inhibitory concentration (IC50) of cyta-
rabine in SERPINE1-KD HCT-116 cells was significantly 
lower than that in the control cells, indicating that the 
downregulation of SERPINE1 can effectively improve the 
responsiveness of colon cancer cells to cytarabine treat-
ment. This experimental evidence not only confirms the 
reliability of our drug sensitivity prediction results but 
also reveals a potential regulatory role of SERPINE1 in 
modulating the efficacy of cytarabine in colon cancer.

Expression and biological functions of SERPINE1 in colon 
cancer
In this study, we first quantitatively analyzed the expres-
sion of SERPINE1 in colon cancer tissues using immu-
nofluorescence and immunohistochemical techniques. 
We observed a significant increase in the expression of 
SERPINE1 in colon cancer tissues compared with nor-
mal tissues using immunofluorescence staining (Fig. 6A). 
A subsequent immunohistochemical analysis confirmed 
this finding, showing that the expression level of SER-
PINE1 in colon cancer tissues was significantly higher 
than that in normal tissues (Fig. 6B). We further investi-
gated the role of SERPINE1 in colon cancer by selecting 
two cell lines, HCT-116 and Lovo, for experimental vali-
dation. The experimental design included three groups: 
an untreated group (Ctrl), a negative control group 
(NC), and a SERPINE1 knockdown group (KD). Using 
shRNA technology to knock down SERPINE1, we found 
that SERPINE1 was expressed in the untreated group 
(Ctrl) and negative control group (NC), while its expres-
sion was reduced in the KD groups (60421, 60423, and 
60424), as confirmed by Western blotting. The cell line 
with the lowest expression was selected for subsequent 
experiments (Supplementary Fig. 1 A). We conducted a 
plate cloning experiment to further verify the function 
of SERPINE1, which revealed a significant decrease in 
the proliferation capacity of the SERPINE1-knockdown 
group (Supplementary Fig. 1B). We also observed a sig-
nificant reduction in the migration capacity of colon 
cancer cells in Transwell and scratch wound healing 
assays. The Transwell assay revealed that the number of 
HCT-116 and Lovo cells that penetrated the chamber 
membrane in the SERPINE1-KD group was significantly 
lower than that in the Ctrl and NC groups (Fig. 6C). The 
scratch wound healing assay further confirmed these 
results, showing that the degree of wound healing in the 

SERPINE1-KD group was significantly lower than that in 
the NC and Ctrl groups at 24 and 48 h (Fig. 6D). The pro-
liferation and invasion of tumor cells are highly complex 
processes regulated by various mechanisms and factors. 
We detected changes in the expression of proteins related 
to the epithelial‒mesenchymal transition (EMT) using 
Western blotting and confocal microscopy of immuno-
fluorescence staining to further explore the role of SER-
PINE1 in colon cancer. The experimental results revealed 
that in the HCT-116 and Lovo cell lines, SERPINE1 
knockdown affected the expression levels of the key EMT 
markers E-cadherin (E-CAD), N-cadherin (N-CAD), and 
vimentin (VIM). Specifically, compared with that in the 
Ctrl and NC groups, the expression of E-CAD was sig-
nificantly upregulated in the SERPINE1 knockdown (KD) 
group, whereas the expression of N-CAD and VIM was 
significantly downregulated in the KD group. These find-
ings suggest that SERPINE1 knockdown may be associ-
ated with a reduced transition toward a mesenchymal 
phenotype, potentially by promoting the expression of 
the epithelial marker E-CAD while inhibiting the expres-
sion of N-CAD and VIM (Fig.  6E, Supplementary Fig. 
1 C).

SERPINE1 knockdown inhibits tumor growth and 
metastasis in colon cancer animal models
In animal experiments, we systematically explored the 
effects of SERPINE1 knockdown on the tumorigenic and 
metastatic capabilities of colon cancer cells and com-
prehensively validated the important role of SERPINE1 
knockdown in inhibiting tumorigenesis and metastasis 
through the construction of subcutaneous tumor and 
liver metastasis models. The results of the subcutane-
ous tumor experiments revealed that the tumor growth 
curve of the KD group was slower than that of the NC 
group (Fig. 7B), and the tumor volume and weight of the 
KD group were less than those of the NC group (Fig. 7A 
and C). Immunofluorescence staining of subcutaneous 
tumors showed that the expression of SERPINE1 was 
reduced in the KD group compared with the NC group 
(Fig.  7D). In the liver metastasis model, the number of 
liver metastases in the KD group was significantly lower 
than that in the NC group (Fig. 7E). These results indicate 
that SERPINE1 knockdown effectively inhibits tumor 
growth and metastasis, suggesting that SERPINE1 may 

(See figure on previous page.)
Fig. 6  Results of the quantitative analysis of SERPINE1 expression levels in colon cancer tissues. (A) Immunofluorescence staining of SERPINE1 in normal 
and colon cancer tissues. SERPINE1 fluorescence intensity was significantly higher in cancer tissues, and statistical comparison of mean fluorescence 
intensity (MFI) is shown in the histogram. (B) Immunohistochemical detection further confirmed elevated SERPINE1 protein levels in colon cancer tissues 
compared with normal controls, with quantitative analysis presented in the bar graph. (C) Scratch wound-healing assay for cell migration. In HCT116 and 
Lovo cells, the migration ability was markedly suppressed in the SERPINE1 knockdown (SERPINE1-KD) group at 24 h and 48 h compared with the control 
(Ctrl) and negative control (NC) groups. (D) Transwell migration assay. Fewer migrated cells were observed in the SERPINE1-KD group than in Ctrl and 
NC groups in both cell lines. (E) Western blot detection of EMT-related proteins. Knockdown of SERPINE1 significantly increased the epithelial marker E-
cadherin, while decreasing the mesenchymal markers N-cadherin and vimentin. All values are mean ± SD. ****P < 0.0001, ***P < 0.001, **P < 0.01, *P < 0.05
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promote colon cancer progression and confirming its 
critical role in the development of colon cancer.

Discussion
Using large-scale multimodal data from TCGA data-
base, this study screened differentially expressed genes 
(DEGs) closely related to the prognosis of patients with 
colon cancer and identified seven prognosis-related 
genes for the construction of a Cox proportional hazards 
model through protein‒protein interaction (PPI) net-
work construction and a LASSO regression model. The 
constructed risk scoring model can effectively predict the 
1-, 3-, and 5-year survival rates of colon cancer patients 
(AUC > 0.6), indicating good predictive performance. 
In recent years, the importance of risk scoring models 
based on multimodal data in evaluating the prognosis 
of patients with cancer has been widely validated. Stud-
ies have successfully developed multigene models for 
predicting the prognosis of patients with cancer through 
the integration of multimodal data, significantly improv-
ing the prediction accuracy [27, 28]. This finding sug-
gests that the strategy of combining multimodal data and 
machine learning algorithms is an effective approach for 

identifying key tumor genes and using them for clinical 
risk predictions.

Further analysis revealed that the risk score not only 
predicts patient survival but also reflects differences 
in the tumor immune microenvironment. The CIBER-
SORT analysis revealed that the expression levels of some 
genes in the model was closely related to the infiltration 
of various immune cell types (such as macrophages and 
regulatory T cells). In patients with high-risk scores, the 
infiltration levels of immunosuppressive cells (such as 
M2 macrophages and fibroblasts) were elevated, whereas 
the levels of tumor-suppressing cells (such as CD8+ T 
cells and NK cells) was reduced. Studies have indicated 
that immunosuppressive cells promote tumor immune 
escape and malignant progression by secreting various 
factors [29, 30]. Therefore, this risk scoring model not 
only provides a precise tool for predicting the prognosis 
but also offers a basis for exploring the potential mecha-
nisms of the tumor immune microenvironment.

Additionally, the clinical application value of the model 
was demonstrated via a drug sensitivity analysis. This 
study revealed differences in the responses of CC patients 
to chemotherapy and targeted drugs based on the risk 
score. The results showed that the low-risk group was 

Fig. 7  Effects of SERPINE1 knockdown on colon cancer tumor growth and metastasis. (A) Volume of the subcutaneous tumors in the knockdown group 
(KD) compared with the control group (NC). The tumor volume in the knockdown group was significantly smaller than that in the control group. (B) 
Tumor growth plot depicting the change in the tumor volume over time in the control and knockdown groups. The curve shows that the tumor growth 
rate was slower in the knockdown group than in the control group. (C) Comparison of the actual masses of tumors from the control and knockdown 
groups in the subcutaneous tumor experiment. The tumor mass in the knockdown group was significantly smaller than that in the control group. (D) 
Immunofluorescence staining showed that the expression of SERPINE1 was lower in the KD group than in the NC group. (E) A comparison of liver me-
tastasis in the control and knockdown groups revealed a significant reduction in the number of liver metastases in the knockdown group.All values are 
mean ± SD. ****P < 0.0001,***P < 0.001,**P < 0.01, *P < 0.05
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more sensitive to bexarotene, cyclopamine, dasatinib, 
DMOG, imatinib, midostaurin, nilotinib, pazopanib, 
pyrimethamine, rapamycin, shikonin, and temsirolimus, 
whereas the high-risk group was more sensitive to cyta-
rabine and metformin. These findings provide important 
guidance for the development of personalized treatment 
strategies. For example, for high-risk CRC patients (with 
high-risk scores), our prediction shows they are more 
sensitive to cytarabine and metformin—cytarabine is a 
first-line adjuvant chemotherapy drug for advanced CRC, 
and metformin has been shown to improve the efficacy 
of chemotherapy in CRC patients with diabetes, sug-
gesting that combining these two drugs may be a more 
effective treatment strategy for high-risk patients. For 
low-risk CRC patients, their higher sensitivity to targeted 
drugs (e.g., dasatinib, pazopanib) and mTOR inhibitors 
(rapamycin, temsirolimus) provides an opportunity for 
less toxic targeted therapy instead of conventional che-
motherapy, which can reduce treatment-related adverse 
events (e.g., myelosuppression, gastrointestinal toxic-
ity) and improve the quality of life of low-risk patients 
[31, 32]. This treatment optimization strategy, which is 
based on the molecular classification, is expected to fur-
ther improve the survival rate and quality of life of CC 
patients.

Through the construction of a LASSO regression 
model, we identified seven genes closely related to 
the prognosis of patients with colon cancer, namely, 
CAMK2B, KIF1A, OPCML, SCN5A, and SERPINE1, 
among others. The multivariate Cox analysis revealed 
that among these seven genes, the expression levels of 
SERPINE1, CAMK2B, TH, and UCHL1 have indepen-
dent predictive power for the prognosis of colon cancer 
patients. Further analysis revealed that the expression 
level of SERPINE1 was significantly correlated with the 
infiltration pattern of immune cells in the tumor immune 
microenvironment. SERPINE1 is closely related to tumor 
invasion, metastasis, and immune regulation in various 
cancers (such as breast cancer and gastric cancer) [33, 
34]. In addition, SERPINE1 has potential applications 
in cancer genesis and treatment by affecting the tumor 
microenvironment and immune regulation [35].

The serine protease inhibitor SERPINE1 orchestrates 
the degradation and remodeling of the extracellular 
matrix (ECM) through its regulatory effects on piv-
otal mediators within the fibrinolytic system, thereby 
establishing a permissive tumor microenvironment that 
potentiates migratory and invasive capacities of breast 
carcinoma cells [36].Furthermore, SERPINE1 promotes 
distant tumor metastasis by stimulating the secretion of 
angiogenic factors, such as vascular endothelial growth 
factor (VEGF), thereby establishing a pro-angiogenic 
vascular microenvironment that supports metastatic 
cell survival and dissemination [37]. In the context of 

therapeutic resistance, elevated SERPINE1 expres-
sion is associated with chemoresistance in lung adeno-
carcinoma, particularly to paclitaxel and gemcitabine, 
potentially through activation of drug efflux pumps or 
anti-apoptotic signaling pathways [38]. Notably, preclini-
cal studies reveal that co-administration of SERPINE1 
inhibitors with immune checkpoint inhibitors (e.g., anti-
PD-1 antibodies) synergistically enhances the efficacy of 
immunotherapy in gastric cancer, offering a novel strat-
egy for precision oncology [39].

Accumulating evidence demonstrates its significant 
overexpression in CRC tissues compared to adjacent nor-
mal mucosa, which correlates with advanced tumor stage 
and poor prognosis [40, 41]. Mechanistically, SERPINE1-
driven dysregulation of extracellular matrix (ECM) 
remodeling facilitates cancer progression by enhancing 
matrix metalloproteinase (MMP) activity and disrupting 
tissue architecture [42]. Additionally, SERPINE1 contrib-
utes to the tumor microenvironment (TME) by promot-
ing cancer cell adhesion, migration, and invasion through 
integrin-mediated signaling cascades, thereby acceler-
ating metastatic spread [43].Although SERPINE1 has 
been studied in other cancers, its specific mechanisms 
of action and associations with the immune microenvi-
ronment in colon cancer have not been fully elucidated. 
Therefore, we selected SERPINE1 as the focus of further 
research.

Based on the results of the bioinformatics analysis, 
this study further validated the function of SERPINE1 
through in vitro and in vivo experiments and explored 
its molecular mechanisms in the progression of colon 
cancer. SERPINE1 was highly expressed in CC tissues 
compared with normal tissues. The experiments fur-
ther revealed that SERPINE1 knockdown regulates the 
epithelial‒mesenchymal transition by increasing E-CAD 
expression and decreasing N-CAD and VIM expression, 
reducing the potential of tumor cells to transition to a 
mesenchymal phenotype. These findings confirm the key 
role of SERPINE1 in shaping the malignant phenotype of 
CC cells and suggest that it may accelerate tumor pro-
gression by promoting the EMT.

In addition, animal experiments further validated the 
function of SERPINE1 at the systemic level. The results 
from the mouse subcutaneous tumor model showed 
that SERPINE1 knockdown significantly reduced the 
tumor volume and mass. The liver metastasis model indi-
cated that the number and volume of liver metastases 
in the SERPINE1-knockdown group were significantly 
decreased. These in vivo experimental results are highly 
consistent with the in vitro data and further confirm the 
key role of SERPINE1 in tumor invasion and metastasis.

To further explore the association between SERPINE1 
and metastasis-related molecules, we focused on its inti-
mate link with the epithelial-mesenchymal transition 
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(EMT) process. Accumulating evidence suggests that 
SERPINE1 interacts with core metastatic mediators, 
including matrix metalloproteinase 1 (MMP1) [44, 45], 
matrix metalloproteinase 2 (MMP2) [46, 47], and trans-
forming growth factor-β (TGF-β) [48, 49], as well as with 
metastatic structures and the tumor microenvironment 
(TME) [50, 51].As a downstream effector of TGF-β-
induced EMT, SERPINE1 forms a positive feedback loop 
with TGF-β signaling to sustain mesenchymal pheno-
types and enhance cell motility. Meanwhile, SERPINE1 
cooperates with MMP1 and MMP2 to promote extra-
cellular matrix (ECM) degradation and basement mem-
brane disruption, which are critical steps for cancer cell 
invasion and distant metastasis.These findings collec-
tively position SERPINE1 as a central hub linking EMT, 
matrix remodeling, and immune suppression, highlight-
ing its pivotal role in driving colon cancer metastasis.

This study revealed that high SERPINE1 expression 
not only regulates the malignant behavior of tumor cells 
themselves but also may exacerbate tumor progression 
by altering the infiltration characteristics of immune 
cells in the immune microenvironment. These findings 
provide an important reference for the future devel-
opment of therapeutic strategies targeting SERPINE1.
Mechanistically, SERPINE1 may mediate the formation 
of an immunosuppressive TME through multiple path-
ways: it can activate the TGF-β/Smad signaling pathway 
to promote M2-type macrophage polarization, which in 
turn secretes IL-10 and TGF-β to suppress CD8 + T cell 
activity—a regulatory pattern verified in triple-negative 
breast cancer [52].Meanwhile, it modulates extracellu-
lar matrix remodeling to enhance the recruitment and 
accumulation of regulatory T cells, and increases matrix 
stiffness and collagen deposition to form a physical bar-
rier that impairs the infiltration of anti-tumor immune 
cells into the tumor parenchyma, a mechanism analogous 
to that by which SERPINE1 shapes an immune-exempt 
niche in pancreatic cancer [53]. Collectively, our study 
is the first to elucidate the dual pro-tumor roles of SER-
PINE1 in colon cancer, namely regulating the malignant 
phenotype of tumor cells and reshaping the immuno-
suppressive TME, identifying it as a core molecular hub 
linking tumor proliferation, metastasis and TME immune 
imbalance. This finding lays a theoretical foundation for 
the development of SERPINE1-targeted therapies, as 
targeted inhibition of SERPINE1 can not only directly 
suppress the growth and metastasis of colon cancer cells 
but also reverse the tumor immunosuppressive state and 
restore the body’s anti-tumor immune function, achiev-
ing a dual anti-tumor effect of targeted therapy combined 
with immune activation.

Overall, this study, which combines bioinformat-
ics analysis and experimental validation, not only con-
structed a precise risk scoring model, providing a 

scientific basis for the prognostic assessment and per-
sonalized treatment of CC patients, but also revealed 
the multiple roles of SERPINE1 as a key gene in CC. It 
regulates the EMT and the tumor immune microenvi-
ronment by modulating the expression of the related 
proteins E-CAD, N-CAD, and VIM, promoting tumor 
progression and exacerbating the immunosuppressive 
state. These findings not only suggest potential directions 
for future targeted therapeutic strategies but also pro-
vide a reference for further research on the role of SER-
PINE1 in other tumors. As related research progresses, 
the outcomes of this study are expected to accelerate the 
development of precision medicine for CC and ultimately 
provide new solutions to improve patients’ prognosis and 
quality of life.

Despite identifying the important role of SERPINE1 in 
colon cancer and constructing a prognostic risk model 
with potential clinical applicability, several limitations 
should be acknowledged. Although external validation 
was performed using independent GEO cohorts, the 
model was primarily developed based on retrospective 
public datasets such as TCGA, which may introduce 
selection bias and limit its generalizability across diverse 
populations; moreover, cross-platform heterogeneity 
among transcriptomic datasets may also influence model 
performance. In addition, the predictive performance of 
the model in the TCGA cohort was moderate, suggest-
ing that it may be more suitable for patient risk stratifi-
cation rather than precise individual outcome prediction, 
and future studies integrating multi-omics data and 
comprehensive clinical variables may further improve 
its predictive accuracy. Furthermore, while a Cox regres-
sion–based model was adopted due to its interpretability 
and clinical relevance, more advanced machine learning 
approaches may further enhance predictive performance 
and will be explored in future studies. Finally, although 
our experimental results confirmed the involvement of 
SERPINE1 in epithelial–mesenchymal transition (EMT) 
and the tumor microenvironment, the detailed molecular 
mechanisms underlying its function, as well as its poten-
tial role in modulating drug response, remain to be fully 
elucidated and warrant further investigation.

Conclusions
This study identified genes related to lymph node metas-
tasis in colon cancer through a bioinformatics analysis 
and experimental validation, constructed a prognostic 
model, and revealed correlations between the risk score 
and immune features. Additionally, this study explored 
the expression and biological function of SERPINE1 in 
colon cancer in detail, revealing its important roles in 
regulating tumor progression and the immune microen-
vironment. These findings provide new targets and ideas 
for the diagnosis, prognostic assessment, and treatment 
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of colon cancer. Future research can explore the specific 
molecular mechanisms of these genes in the occurrence 
and development of colon cancer and evaluate their 
potential for clinical application (Fig. 8)
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