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Background: The patients with intrahepatic cholangiocarcinoma (iCCA) are
highly susceptible to recurrence after radical resection, while predicting
recurrence remains challenging. Adjacent-to-tumor tissues (ATTs), as the main
microenvironment for postoperative recurrence, exhibited superior predictive
value for recurrence compared with tumor tissues. However, the postoperative
recurrence prediction model based on iCCA ATTs characteristics has not been
studied. This study aims to construct recurrence prediction model based on iCCA
ATTs and discover possible beneficial postoperative treatment options.
Methods: Consensus clustering was employed to classify the proteome of 116
iCCA ATTs. Multivariate Cox regression was used to construct recurrence
prediction model. Tissue microarray containing 88 iCCA ATTs (another
independent cohort) and immunohistochemistry were used for validating the
expression of target proteins.

Results: We classified iCCA ATTs into two subtypes (S1and S2) based on 116 iCCA
patients’ proteomic data, where S1 exhibited higher recurrence rates and immune
scores than those of S2. We constructed a multivariate Cox regression model
based on four molecules (ENO3, HSPA13, POSTN, PTBP3). The expression of
POSTN was an independent prognostic factor for recurrence of iCCA. The high-
risk group for recurrence exhibited a poorer response to immunotherapy but was
more sensitive to certain chemotherapy and targeted therapies.

Conclusions: We obtained novel molecular subtyping and constructed a
postoperative recurrence prediction model based on iCCA ATTs, offering novel
perspectives for tumorigenesis and providing some references for postoperative
treatment options.
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1 Introduction

Intrahepatic cholangiocarcinoma (iCCA) is the second most
common primary malignant tumor of the liver, accounting for 10-
20%, and its incidence has been increasing year by year over the past
40 years (1). Even after radical resection, iCCA is still very prone to
recurrence and metastasis (2). The five-year survival rate of iCCA is
9% (3), which is much worse than that of hepatocellular carcinoma
(HCC). Adjacent-to-tumor tissues (ATTs) have generally been
analyzed as control samples in previous cancer research (4-7).
With the increasing understanding, ATTs are considered to be an
intermediate state between normal and cancerous tissues through a
comprehensive transcriptome analysis (8). There are genomic
instability and early-stage cancer evolution in ATTs of cancer at
spatial transcriptome level (9). Moreover, gene expression profile of
ATTs was highly correlated with the survival of HCC patients (10-
13). Strikingly, ATTs exhibited superior predictive value for clinical
outcomes and recurrence compared to tumor tissues in both lung
adenocarcinoma and colorectal cancer patients (14, 15). However,
there remains a lack of recurrence prediction models based on
multi-omics data derived from ATTs in iCCA.

Proteomics has played a pivotal and unique role in molecular
subtyping of both tumors or ATTs (6, 13, 16, 17), offering novel
insights and strategies for precise classification, personalized treatment,
therapeutic monitoring, and prognostic assessment. While proteomic
analysis of ATTs shows promise for developing recurrence predictive
models, systematic proteomic study of iCCA ATTs is notably absent. A
novel and efficient proteomic-based recurrence risk prediction model is
urgently needed to guide postoperative treatment of iCCA.

In this study, we conducted molecular subtyping at proteomic
level and identified the immune status of different subtypes of iCCA
ATTs. Furthermore, we constructed, evaluated and validated a
multi-factor Cox regression prediction model for recurrence of
iCCA. Finally, we conducted drug response prediction based on
the risk stratification determined by the predictive model (Figure 1).

2 Materials and methods
2.1 Patient cohort collection

We collected tissues from 116 iCCA patients who underwent liver
resection prior to receiving any anticancer therapy and matched

Abbreviations: iCCA, Intrahepatic cholangiocarcinoma; ATTs, Adjacent-to-
tumor tissues; HCC, Hepatocellular carcinoma; MS, Mass Spectrometry; iBAQ,
Intensity-based absolute quantification; PAM, Partitioning around medoids; OS,
Overall survival; DFS, Disease-free survival; DEP, Differential expressed protein;
PermFIT, Permutation-based feature importance test; LASSO, Least absolute
shrinkage and selection operator; SVM, Support vector machine; DNN, Deep
neural networks; DCA, Decision curve analysis; IHC, Immunohistochemical; IRS,
Immunoreactive-score; aDC, Activated dendritic cells; pDC, Plasmacytoid
dendritic cells; MSC, Mesenchymal stem cells; CTC, Circulating tumor cells;
NK, Nature killer; AUC, Area under the receiver operating curve; ROC, Receiver
operating curve; AOD, Average optical density; TIDE, Tumor immune

dysfunction and exclusion; ECM, Extracellular matrix.
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adjacent liver tissues. Each patient received a pathological diagnosis
from the department of pathology at Zhongshan Hospital (Shanghai,
China), which was confirmed as iCCA and follow-up ended in
December 2022. All tissue samples were collected according to
standardized protocols. All patients included in the study signed
informed consent forms allowing the use of their data and tissue
samples. The Ethics Committee of Zhongshan Hospital reviewed and
approved the use of all human tissues involved in the study (B2021-
611). The baseline clinicopathological features of the 116 iCCA patients
are presented in Supplementary Table S1.

2.2 Transcriptomic and proteomic
sequencing, quality control and
quantification

The transcriptome and proteome quantification of the ATT
samples of the 116 iCCA patients were performed using high-
throughput RNA-sequencing (RNA-seq) and mass spectrometry
(MS) based shotgun proteomics approaches, respectively. Principal
component analysis (PCA) was performed using R software (version
4.0.4) to evaluate batch effects in the proteomics dataset associated
with the following two variables: batch identifier and sample type
(tumor versus non-tumor) (6).The methods for RNA-seq and MS
data generating, processing and quality control were the same as
those used in the analysis of the corresponding tumor samples (16).
We used the intensity-based absolute quantification (iBAQ) values
for further proteomics analysis (Supplementary Table 2), with a
quantile normalization and log2 transformation. We selected
proteins that were expressed in at least 50% of the samples for
further analysis, with missing values filled in as 0 (18, 19).

2.3 Classification of molecular subtypes
and survival analysis

Molecular classification was conducted through consensus
clustering (20), with a subsample size of 1,000 and a sampling
proportion of 0.8. Partitioning around medoids (PAM) algorithm
and euclidean distance were used for clustering. The optimal K
value was 2. Kaplan-Meier curves and log-rank tests were used for
estimating survival. The endpoint of the study was overall survival
(OS). OS was defined as the interval between the date of diagnosis
and the date of patient death or the last follow-up. Disease-free
survival (DFS) was defined as the interval between the date of
surgery and the date of disease recurrence or death for any reason or
the last follow-up (whichever occurs first).

2.4 Differential expressed proteins and
function enrichment analysis

Differential expressed protein (DEP) analysis was performed
using limma (21), with the selection criterion being an absolute
logFC value greater than 1 and a P-adjusted value less than 0.05.
The over/under-representation analysis was performed based on
the hypergeometric distribution model, and the P values were
corrected using the Benjamini-Hochberg method. The GO
annotation file was downloaded from https://geneontology.org/,
version (date-generated 2023-11-16). KEGG pathway annotation
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Outline of the study design. A dataset containing gene expression and proteomics data from 116 intrahepatic cholangiocarcinoma patients and
relevant clinical information was utilized for molecular classification and subtype characterization. We conducted protein functional enrichment
analysis and immune status identification based on the two subtypes. We screened for signature proteins of the S1 by using deepTL and employed
LASSO and Cox regression to construct a recurrence prediction model. The model was evaluated, and immunohistochemical validation was
performed on the key molecule POSTN. We utilized transcriptomic data to predict drug treatment responses based on the group derived from the
predictive model. S1, subtype 1; GO, gene ontology; GSEA, gene set enrichment analysis; POSTN, periostin; LASSO, least absolute shrinkage and
selection operator; IHC, immunohistochemistry; TIDE, tumor immune dysfunction and exclusion.

was obtained from the website of DAVID (22) (https://
davidbioinformatics.nih.gov/). The GSEA analysis (23) was
conducted using the clusterProfiler R package, using org.Hs.eg.db
for gene annotation.

2.5 Immune infiltration analysis and drug
reaction prediction

Estimation of the relative abundance of different types of immune
cells in tissue samples was performed using the xCell (24). The
ESTIMATE (25) score was used to evaluate the immune or stromal
score of the samples. OncoPredict (26) was used to predict the response
to chemotherapy and targeted therapy, and the TIDE (27) score was
used to predict the response to immune checkpoint inhibitors.

2.6 Signature protein selection and
development of recurrence prediction
model

The permutation-based feature importance test (PermFIT) in
the deepTL package was proposed to help explain individual
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features in complex frameworks, including support vector
machine (SVM) and deep neural networks (DNN). Deep learning
algorithm PermFIT (28) was used for subtype-specific signature
proteins selection. Here, we used the differential genes set of S1 as
the input matrix and used the PermFIT-DNN and PermFIT-SVM
algorithms to identify 38 and 52 signature proteins, respectively.
Given the presence of multicollinearity among variables or when
the number of variables exceeds the sample size, it was necessary to
first conduct variable selection using Least Absolute Shrinkage and
Selection Operator (LASSO) regression, followed by the
construction of a Cox regression model to assess prognostic
implications (29, 30). Signature proteins selected by PermFIT-
DNN were subsequently subjected to rigorous variable selection
using LASSO logistic regression (glmnet R package) (31), with
penalty parameters optimized through iterative contour regression
analysis. After 10-fold cross-validation, the optimal lambda (A.min)
was selected. When coefficient was not equal to 0, the number of
feature proteins in the model was determined by the number of the
most common proteins. The selected variables were first included in
univariate Cox regression analysis (32, 33), and then the variables
with P values less than 0.05 were included in multivariate Cox
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regression analysis. The multivariate Cox proportional hazards
regression was performed using stepwise backward selection of
variables (34).

2.7 Validation of the recurrence prediction
model

We used the ‘caret’ package for 10-fold cross-validation to
validate the model and obtain the optimal parameters. In terms
of performance evaluation, we used the time-dependent area under
the curve AUC curve to evaluate the discriminatory ability of the
prediction model, and used the calibration curve to evaluate the
accuracy of the prediction model. To measure the clinical utility and
discriminatory ability of the model, we also used the decision curve
analysis (DCA) curve (35) to evaluate the detection efficacy of the
prediction model compared with the clinical TNM staging.

2.8 Tissue microarray experiment and
immunohistochemical validation

A TMA containing 88 iCCA ATTs samples (another
independent cohort) was established (Supplementary Table 3).
Immunohistochemical (IHC) staining was conducted with THC
reagents from Fuzhou Maixin Biotech Co., Ltd. (Fuzhou, Fujian,
China). In brief, TMA underwent deparaffinization and rehydration
prior to antigen retrieval. Subsequently, it was blocked using a
solution containing 3% hydrogen peroxide and 1x Animal-Free
Blocking Solution. Then, the sections were incubated with primary
antibodies (POSTN, 19899-1-AP, Proteintech Group, Rosemont,
IL, USA) overnight at 4°C. The next day, the sections were
incubated with the secondary antibody at 37°C for 1 h, and 3,3
N-diaminobenzidine tetrahydrochloride (DAB) staining was
conducted. Finally, they were counterstained with hematoxylin
for 2 min.

Using the PANNORAMIC 1000 slice scanner (3DHISTECH
Ltd., Budapest, Hungary), the tissue sections were scanned and
imaged. CaseViewer analysis software (3DHISTECH Ltd.) was used
to calculate the immunoreactive-score (IRS) of the target area. IRS
was a combination of the intensity (0 to 3 points) and proportion of
positive cells (0 to 4 points). The IRS was calculated by multiplying
two parameters: Staining Intensity (SI), Scored on a scale of 0-3, 0:
No staining, 1: Weak staining, 2: Moderate staining, 3: Strong
staining; Percentage of Positive Cells (PP), scored on a scale of 0-
4, 0: 0% positive cells, 1: 0<PP < 10%, 2: 10<PP < 50%, 3: 50<PP <
80%, 4: 80<PP < 100%. Final IRS = SI x PP, resulting in a total score
ranging from 0 to 12. The median IRS was defined as the threshold
value to distinguish the low and high POSTN expression groups.

3 Results

3.1 Molecular subtyping and functional
feature analysis of ICCA ATTs

We collected a total of 116 iCCA patients’ tumor samples and
paired ATT samples. The patients had never received any anti-cancer
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therapy (such as radiation, immunotherapy or chemotherapy) before
surgery. Prior to MaxQuant database searching, we assessed batch
effects between tumor tissues and paired adjacent-to-tumor tissues
through PCA. We focused primarily on the first two principal
components in the PCA (Supplementary Figure 1A). The analysis
results demonstrated that batch effects had a negligible impact on
inter-sample variation, whereas sample type showed significant
effects. Cumulative recurrence was observed in 61 patients (52.6%)
by the end of December 2022, and overall clinical information was
shown in Supplementary Table 1. RNA sequencing and proteomic
profiling were performed on tumor tissues and ATTs from 116
iCCA patients.

We used the proteomic data of iCCA ATTs to perform consensus
clustering analysis (Supplementary Figures 1B-D). The iCCA ATTs
were divided into two subtypes that 36 cases were classified into
subtype 1 and 80 cases into subtype 2 (subtype 1 and subtype 2 were
abbreviated as S1 and S2, respectively) (Figure 2A). By comparing with
classical proteomic subtypes of tumor tissues, we observed that tumor
subtypes and adjacent non-tumor tissue subtypes did not correspond
one-to-one (Supplementary Figure 1E). Instead, a subset of cases
within the tumor subtypes clustered into a distinct adjacent tissue
subtype, suggesting that the adjacent non-tumor tissues harbor
important early alterations that influence patient prognosis,
particularly recurrence. Through comparative analysis of clinical
prognostic information, we found that the S1 had a recurrence rate
of 78%, while the S2 had a recurrence rate of 56%, with a statistically
significant difference between them (Chi-square test, P = 0.026358).
However, no statistically significant difference was observed in the
composition of TNM stages between the subtypes (Fisher’s exact test,
P =0.168). These findings suggested that ATTs has provided important
prognostic information, particularly regarding recurrence. The Kaplan-
Meier curve showed that the prognosis of subtype S1 was worse than
subtype S2 (log-Rank test, P = 0.014) (Figure 2B, Supplementary
Figure 1F). Proteomic profiling revealed 970 upregulated and 13
downregulated proteins in S1 compared with their expression in S2
(Supplementary Figure 1G; Supplementary Table 4).

GO enrichment analysis revealed that the upregulated proteins of
S1 were primarily enriched in key regulatory processes, including the
regulation of nitrogen compound metabolism, development, stimulus
response, signal transduction, and multicellular organismal processes;
Conversely, the downregulated proteins of S1 were associated with
small molecules biosynthesis, glucose metabolism, extracellular
exosomes, chromatin structural organization (Supplementary
Table 5). KEGG pathway enrichment analysis showed that the
upregulated proteins in S1 were predominantly associated with
immune-related pathways, including antigen processing and
presentation, the NOD-like receptor signaling pathway, the B cell
receptor signaling pathway, the chemokine signaling pathway, and
regulation of the actin cytoskeleton. In contrast, the downregulated
proteins remained enriched in metabolic pathways, particularly
glycolysis/gluconeogenesis (Figure 2D). These implied that S1
harbored the molecular foundation for transformation from ATTs
to tumor, whereas S2 demonstrated functional features closer to
normal liver tissues. Meanwhile, via GSEA analysis based on the
differential proteins of subtypes (Figure 2C), we found that
extracellular matrix receptor interaction pathway played the most
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FIGURE 2
The distinct features of the two ATT subtypes. (A) Heatmap of clinical stages and differential protein expression levels (Z-score normalized) across
different subtypes. (B) This part presented the Kaplan-Meier survival curves, illustrating the probability of survival over time for different patient
groups, with disease-free survival (DFS) as the primary endpoint of interest (log-rank test). (C) GSEA analysis of differentially expressed proteins
among ATT subtypes. (D) Heatmap of GO functional enrichment terms for differentially expressed proteins among ATT subtypes. (E) Comparison of
ESTIMATE scores among ATT subtypes (Wilcoxon rank-sum test). (F) Determination of relative cellular composition differences among ATT subtypes
using xCell (Wilcoxon rank-sum test). (G) Differential transcriptional expression levels (Log2(TPM)) of immune-related genes among ATT subtypes
(Wilcoxon rank-sum test). TPM, transcripts per million. *P < 0.05, **P < 0.01, ***P < 0.001.

important role in tumor cell proliferation, survival, and invasive
capacity (36, 37).

In summary, we identified the subtype S1 of iCCA ATTs
associated with poor prognosis and recurrence. At the same time,
we found that the S1 was more enriched in the regulatory process
based on functional enrichment analysis, suggesting the changes in
S1 exhibited some tumorigenic transformation.
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3.2 Comparison of immune status of iCCA

ATT subtypes

We explored the immune scores and stromal scores among
different iCCA ATT subtypes. The immune scores and stromal
scores of S1 were higher than those of S2, while no differences in
immune or stromal scores were found in the paired tumor tissues
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(Figure 2E; Supplementary Table 6). We investigated the relative
abundance of immune cells in different iCCA ATT subtypes
(Figure 2F). We found that there were differences in the
composition of immune cells among the iCCA ATT subtypes.
The proportion of activated dendritic cells (aDC), plasmacytoid
dendritic cells (pDC) and mesenchymal stem cells (MSC) in S1 were
higher than those in S2, while the proportion of hepatocyte in S2
was higher than that in S1(Figures 1H, 2F; Supplementary Table 7).
However, we did not find differences in the relative abundance of
CD4" or CD8" T cells between S1 and S2. This result suggested that
S1 ATTs were in more active immune state. It suggested that the
subtype of dendritic cells may regulate T cell function to promote
the formation of liver tumor cells. Our findings suggested that the
changes of dendritic cells in S1 may serve an immunomodulatory
role by regulating T cells function, ultimately promoting tumor
relapse (38).

We further compared the immune checkpoint related genes
among different subtypes and found there were differences in three
genes: CD47, HLA-E and LGALS9. The expression level of these
genes in S1 were much higher than those in S2 (Figure 2G). In
particular, the gene expression level of HLA-E was higher in S1 than
in S2. Recent studies have found that HLA-E and CD94-NKG2A
have the strongest immune interaction between circulating tumor
cells (CTC) and natural killer cells (39). Mechanistically, the observed
HLA-E overexpression in S1 may enhance CTC-NK cell interaction,
leading the impairment of immune surveillance capacity.

3.3 Screening of subtype signatured
proteins and construction of recurrence
prediction model

We used the deepTL tool to test eight methods of screening
subtype signature proteins. The algorithm combination of
PermFIT-DNN had the best performance with an accuracy of
0.98 and an AUC of 0.99. We selected 38 proteins screened by
the PermFIT-DNN algorithm as the Sl-signatured proteins, and
these 38 proteins were composed of proteins with high and low
expression in S1 ATTs (Figure 3A; Supplementary Table 8).

In order to make the prediction model simpler and more
effective, we firstly used LASSO regression to reduce the number
of signature proteins which are important for iCCA tumor
recurrence. By cross-verifying the curve, we took the value of
A.min as the number of variables included in the equation
(Figure 3B). A total of 8 proteins were included, namely ENO3,
GMIP, HSPA13, MANBA, PLOD2, POSTN, PTBP3, and TBC1D5
(Figure 3C; Supplementary Table S9).

Next, the stepwise regression method was used to construct the
multivariate Cox proportional risk regression model. As the result,
there are four proteins involved in the model, including ENO3 (HR,
0.91; 95% CI, 0.84-0.98), HSPA13 (HR, 1.08; 95% CI, 1.00-1.16),
POSTN (HR, 1.02; 95% CI, 1.00-1.04) and PTBP3 (HR, 1.03; 95%
CI, 0.99-1.06) (Figure 3D). After determining the coefficients, we
used the following formula for this four-protein model to calculate
the risk score (Figure 3E):

Risk score= 0.0740 x PAygparz + 0.0166 X PApogrn + 0.0266 x
PAprpps — 0.0985 x PAgnos3, where PA means protein abundance.
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3.4 Evaluation and validation of recurrence
prediction model

We evaluated the performance of the prediction model in terms
of both differentiation and calibration. We tested the model’s
consistency index (C-index), which is 0.67, to measure the
differentiation of the prediction model. We also plotted the area
under the receiver operating curve (AUC) to compare the
performance of the predictive model. The AUC for one-year
recurrence prediction reached 0.758 (95% CI, 0.667-0.848), the
AUC for two-years recurrence prediction reached 0.724 (95% CI,
0.628-0.820) and the AUC for the three-years was 0.689 (95% CI,
0.592-0.805) (Figure 4A). To evaluate the generalization ability of
the relapse prediction model, we performed an internal 10-fold
cross-validation. The mean value of AUC reached 0.7177(range:
0.6746-0.7854) and the mean value of C-index reached 0.6749
(range: 0.6447-0.7142).

In addition, we used calibration curves to measure the ability to
predict the calibration degree of the model. The calibration curve
showed that the survival results predicted by the model are in good
agreement with the actual survival results, which confirming the
good fitting degree of the predicted model (Figure 4B;
Supplementary Figures 3A, B). We also performed decision curve
analysis (DCA) to further compare the clinical benefit of the
predictive model with tumor node metastasis classification
(Supplementary Figure 3C). Receiver operating curve (ROC) and
decision curve analysis (DCA) showed that the predictive model
had better predictive ability and higher clinical application value
than the traditional TNM classification.

3.5 Immunohistochemical validation of
POSTN

As mentioned above, we constructed a recurrence prediction
model containing ENO3, HSPA13, POSTN and PTBP3.
Furthermore, we conducted internal validation and evaluation. To
further verify the role of the molecules which made up the
prediction model, we attempted immunohistochemical validation
on iCCA ATTs samples. We used univariate survival analysis to
select molecules with P value less than 0.05, resulting in a total of
189 molecules. We further selected molecules with higher
expression levels in the proteomic data cohort. Ultimately, we
decided to conduct immunohistochemical validation of the
POSTN molecule in tissue microarray, to investigate its
expression level in iCCA ATTs samples and its relationship with
survival and recurrence (Figure 4C). This molecule, also identified
as the peritendinous extracellular matrix protein, demonstrates
significant associations with tumor metastatic potential
and prognosis.

We observed heterogeneous POSTN expression in this tissue
microarray which was composed of 88 iCCA ATT samples
(Figure 4D). We utilized the immunoreactive score (IRS) for semi-
quantitative immunohistochemical evaluation, and discovered that
the scores of POSTN molecules differed between recurrent patients
and non-recurrent patients, with a higher IRS of POSTN molecules in
recurrent patients (Figure 4E). Simultaneously, we also observed that
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FIGURE 3

Signature protein screening and construction of recurrence prediction model. (A) Signature protein screening for ATT S1 was conducted using
PermFIT in conjunction with Deep Neural Networks (DNN), Support Vector Machines (SVM), and Random Forest (RF) algorithms. The Area Under the
Curve (AUC) and accuracy (ACC) metrics are shown. (B) LASSO regression coefficient path plot using the least angle regression (LARS) method. The
upper x-axis represents the number of feature proteins at different A values, while the lower x-axis represents the logarithm of the penalty
coefficient L. The weight coefficients of certain features rapidly decrease to zero as A gradually increasing. Key variables are selected by controlling
the value of A. (C) Cross-validation curve for LASSO regression. The y-axis represented the cross-validation error (smaller errors indicated better
fitting). It can be observed that eight feature proteins were selected when the error was minimized in this study. (D) Forest plot of a multivariate Cox
regression model was constructed based on four protein molecules. When the hazard ratio (HR) and its 95% confidence interval (Cl) for a variable do
not intersect the dashed line, it is considered that the variable has a statistically significant impact on patient recurrence outcomes. HR < 1 indicated
that the variable was a protective factor, while HR > 1 indicating risk factors. The molecule ENO3 was shown to be a protective factor, whereas the
molecule HSPA13 was a risk factor. (E) Based on the contributions of the four protein molecules to recurrence outcomes in the model, scores were
assigned to each protein’s values, which were then summed to obtain a total score. The predicted probability of recurrence events for an individual
was calculated through a functional transformation relationship between the total score and the probability of recurrence events occurring. *P <
0.05, **P < 0.01, #, Hazard ratio.
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FIGURE 4

Evaluation of the recurrence prediction model and immunohistochemical validation of key molecule. (A) The area under the receiver operating
characteristic (ROC) curve (AUC) was used to assess the discriminatory ability of the recurrence prediction model. (B) The calibration curve,
presented as a scatter plot of actual recurrence incidence versus predicted recurrence incidence, illustrates the model's calibration accuracy. The
closer the curve is to the diagonal line, the higher the model's calibration degree. This figure depicted the calibration curve for predicting post-
surgery recurrence after one year. (C) Screening process for key molecules including iBAQ values selection and univariate survival curve analysis.
(D) This part displayed immunohistochemical staining of the POSTN molecule. Case 1 represented high expression of POSTN on ATT tissue
microarrays, while Case 2 depicted low expression of POSTN on ATT tissue microarrays. Scale bar was 200pm&2um. (E) Comparison of
immunohistochemical scores of POSTN with respect to recurrence outcomes. (F) Survival curve analysis was conducted for recurrence outcomes
between the high-expression and low-expression groups of POSTN. (G) Multivariate survival analysis was performed for recurrence outcomes
between the high-expression and low-expression groups of POSTN. **P < 0.01, #, Hazard ratio.

the IRS of POSTN molecules was higher in deceased patients than in
surviving patients (Supplementary Figure 3D). These indicated that
POSTN molecules played a certain role in predicting the recurrence
of iCCA patients.

We classified the tissue microarray samples into high-expression
and low-expression groups based on the average optical density
(AOD) and conducted the analysis of survival curves (Figure 4F;
Supplementary Figure 3E). The prognosis of tissue microarray
samples with high expression of POSTN was poorer than those of
low expression. In the multivariate survival analysis, the expression of
POSTN was an independent prognostic factor for survival and
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recurrence in iCCA patients (Figure 4G; Supplementary Figure 3F).
This finding also verified the validity of our four-protein recurrence
prediction model from another perspective.

3.6 Drug reaction prediction based on
recurrence prediction model

In addition, we stratified 116 samples into high-risk and low-
risk group by the median risk score which was derived from
recurrence predictive model. Survival analysis between the high-
risk and low-risk groups showed that the prognosis of iCCA
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patients deteriorated as the risk value increased, with a significant
difference in prognosis (p < 0.0001) (Figure 5A). Patients in the low-
risk group had a better prognosis than those in the high-risk group.

We further investigated whether there were differences in the
response to chemotherapy, targeted therapy, and immune
checkpoint treatment between the two risk groups. We predicted
the response to 198 drugs including chemotherapy drugs and
targeted therapy drugs by the transcriptome matrix of iCCA
ATTs. Our analysis revealed that 35 drugs showed significant
differences in response between the high-risk and low-risk group
(Figure 5B). Unexpectedly, 34 drugs exhibited lower IC50 values in
the high-risk group compared to the low-risk group, suggesting that
samples in the high-risk group were more sensitive to these
treatments. Additionally, we identified lapatinib, talazoparib, and
dasatinib as potential targeted therapy options for postoperative
recurrence of iCCA by integrating the expression levels of the target
proteins of these targeted therapies in the high-risk group
(Figure 5C; Supplementary Table 10). Chemotherapeutic agents
such as 5-fluorouracil, gemcitabine, and cytarabine were also
identified as potential chemotherapy options for postoperative
recurrence of iCCA.

We predicted the response to immune checkpoint inhibitor
therapy in the two groups and found that the tumor immune
dysfunction and exclusion (TIDE) scores of high-risk groups were
higher than those of low-risk groups which suggested that samples
in the high-risk groups are less likely to respond to immune
checkpoint inhibitor therapy than those in the low-risk groups
(Figure 5D, Supplementary Table 11). The T cell dysfunction and T
cell exclusion scores exhibited a similar distribution to the TIDE
score. This indicated that the high-risk groups also harbored two
mechanisms that counteract the efficacy of immune checkpoint
inhibitors. These findings suggested that samples in the high-risk
groups may be more sensitive to chemotherapy and targeted
therapies but have a poor response to immune checkpoint
inhibitor therapy, providing a basis and reference for treatment
selection in patients with postoperative recurrence.

4 Discussion

In recent years, molecular classification has gained increasing
attention and widespread application in oncological research and
clinical practice, constituting a pivotal component of precision
medicine. Transitioning from histological to molecular
classification systems has fundamentally facilitated precision
medicine in oncology (40). However, there are still many
difficulties in clinical prediction on postoperative recurrence
based solely on tumor tissue omics analysis. Traditional
perspectives often regard “adjacent non-tumor tissue” merely as a
negative control for surgical margins. However, modern tumor
biology views adjacent-to-tumor tissues as dynamic, heterogeneous
ecosystems that played multifaceted roles in tumor recurrence. The
ATTs provide the macroscopic tumor microenvironment for
postoperative recurrence. The relationship between adjacent-to-
tumor tissues and tumor recurrence fundamentally involves
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dynamic host-tumor interactions. Elucidating this process is
crucial for developing strategies to prevent and control tumor
recurrence. Accordingly, utilizing ATTs expression to predict
response to systemic therapy may hold theoretical promise.
Moreover, there are many uncharacterized biological alterations
that influence patient prognosis and recurrence in ATTs, which
providing a theoretical basis for predicting postoperative recurrence
(41, 42). Therefore, analyzing the proteomics data from iCCA ATTs
may yield favorable results. We found that the subtype S1 had a
higher rate of recurrence than S2, suggesting ATTs played a vital
role in the prediction of recurrence after tumor resection. We
speculate that ATTs provided growth environment for tumor
recurrence. The results that samples of S1 exhibiting higher
immune and stromal scores suggested that there may be some
early immune activities that potentially influenced tumor
recurrence in the samples of S1. In contrast, no such differences
in immune and stromal scores were found in the tumor samples
paired with the iCCA ATTs. This also highlighted that certain
changes have existed in the ATTs that are not present in the
tumor tissues.

The immune cells played a key role in tumor microenvironment
(TME) (43). Immune cells can recognize and destroy newborn
tumor cells during cancer immune monitoring under normal
circumstances. But this may be affected by different factors during
cancer immune reprogramming. The fact that immune cells acted
as guardians (anti-tumor immunity) or bystanders or supporters of
tumors (pro-tumor immunity) made them a “double-edged sword”
in TME (44). We found differences in immune scores between the
ATTs subtypes not in the paired tumor groups suggesting that
ATTs immune activity may be relatively more active. The subtype-
specific variations in dendritic cells (DC) abundance implied a
potential role of DC-mediated antigen presentation in ATTs in
tumor relapse (45). In our study, we observed significant differences
in immune status among ATTs subtypes, with the recurrence-
associated S1 exhibiting a tendency toward immune infiltration.
Although traditional perspectives have suggested that immune
infiltration predicts better therapeutic outcomes, this conclusion
has largely been drawn from studies focusing on tumor tissues.
Furthermore, our study revealed increased expression of immune
checkpoint-related genes in the S1 adjacent tissue subtype. HLA-E
binds to the inhibitory receptor NKG2A on the surface of NK cells
and T cells, directly suppressing the cytotoxic functions of these
cells (39). CD47 interacts with SIRPo on macrophages, transmitting
a signal that inhibits macrophage-mediated phagocytosis of tumor
cells (46, 47). LGALS9 binds to receptors such as Tim-3 on T cells,
ultimately inducing CD8+ T cell exhaustion while enhancing the
suppressive activity of regulatory T cells (48). The elevated
expression of these three genes collectively establishes and
maintains an immunosuppressive tumor microenvironment by
targeting multiple critical mechanisms: inhibiting cytotoxic
immune cells (NK cells, T cells), blocking innate immune
clearance (macrophages), and inducing immune cell exhaustion.
This further supported that the immune infiltration observed in the
S1 adjacent tissue subtype may represent a pro-tumor phenotype.

The POSTN gene, also known as periostin, was located on
chromosome 13q13.3 and encoded a protein belonging to the Gla
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FIGURE 5
Prediction of drug treatment response based on risk groups from the predictive model. (A) Utilizing the risk prediction values output by the
predictive model, ATT cohort samples were stratified into high-recurrence and low-recurrence risk groups based on the median risk prediction
value. Survival curve analysis revealed that samples in the high-recurrence risk group were more prone to recurrence. (B) The x-axis represented the
types of targeted and chemotherapeutic drugs, while the y-axis indicated the number of samples with drug targets in the high-risk group. The size
of the graphical elements denoted the absolute value of the median difference in IC50 values between the high-risk and low-risk groups. All drugs
displayed in the figure exhibit lower IC50 values in the high-recurrence risk group compared to the low-recurrence risk group. IC50, half maximal
inhibitory concentration. (C) Representative drugs showing significant IC50 differences between the high-recurrence and low-recurrence risk groups
are presented (Wilcoxon rank-sum test). (D) Prediction of immunotherapy response and comparison of T cell dysfunction and immune exclusion
scores between the high-recurrence and low-recurrence risk groups (Wilcoxon rank-sum test).

domain-containing family (49), whose members were typically
involved in the regulation of the extracellular matrix (ECM) and
cell-cell interactions. POSTN protein was expressed in various
tissues, with particularly high expression in connective tissues and
certain tumors. In relevant immunohistochemical experiments, the
expression level of this molecule was not high in normal liver
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tissues. However, in our omics analysis, we found that the
expression level of POSTN in the iCCA ATTs of SI was more
than two-fold higher than those in S2. As a component of the
extracellular matrix, POSTN protein contributed to maintaining
tissue structure and strength. It can enhance cell-cell adhesion and
promoted cell migration, playing crucial roles in wound healing and
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embryonic development. POSTN protein can initiate intracellular
signaling pathways, influencing cell growth, differentiation, and
survival by binding to multiple receptors. High expression of
POSTN was associated with increased tumor aggressiveness and
metastatic potential in various cancers such as lung cancer, breast
cancer, and colon cancer (50). POSTN protein can bind to integrin
receptors, activating intracellular signaling pathways such as the
FAK and ERK pathways, which were vital for cell migration and
survival (50). POSTN from preoperative serum can serve as an
independent biomarker reflecting the prognosis of liver cancer
patients (51, 52). In our study, we also found that POSTN can
serve as an independent prognostic and recurrence biomarker for
iCCA. However, the underlying mechanisms, such as whether the
carboxylation status of POSTN affected its action on target tissues,
remained unclear and warrant further investigation.

Clinical predictive models can be used to inform an individual’s
diagnosis or prognosis, and provided more evidence-based
information for decision-making by physicians, patients, and
healthcare policymakers (53). Currently, the preventive
postoperative treatment for iCCA patients primarily involves
attempts with various therapeutic modalities including
chemotherapy, targeted therapy, and immunotherapy. There is no
clear guidance provided by existing guidelines. We tried to establish
ATT-based predictive model for early interventions in high-risk
recurrence patients.

It was found that ENO3 was involved in the Wnt/B-catenin
signaling pathway. As a glycolytic enzyme, it can inhibit tumor
growth and metastasis in hepatocellular carcinoma by suppressing
the Wnt/B-catenin pathway (54, 55). HSPA13 participates as a
novel component of the TNF-o. receptor complex, promoting cell
survival and inflammatory responses while inhibiting cell death
through binding to RIP1 and TNFR1 (56-58). POSTN is involved
in multiple pathways, including TGF-, PI3K/Akt, Wnt, NF-xB,
and MAPK. As a secreted extracellular matrix protein, it can bind to
integrins and activate multiple signaling pathways, playing roles in
diseases such as cancer and inflammation (59-62). PTBP3
participates in RNA metabolism and regulatory pathways,
functioning as an RNA-binding protein involved in mRNA
splicing, stability regulation, and translational control, thereby
promoting tumor progression (63, 64). Both POSTN and ENO3
may be associated with the Wnt signaling pathway. ENO3 has been
confirmed as an inhibitor of the Wnt/B-catenin signaling pathway,
whereas POSTN has been reported to activate multiple signaling
pathways including Wnt. This suggests that these two molecules
may play opposing roles in the regulation of the Wnt pathway.
Within the hepatocellular carcinoma microenvironment, low
expression of ENO3 may fail to effectively inhibit the Wnt
pathway, while high expression of POSTN continuously activates
this pathway. Their combined effect leads to excessive activation of
Wnt signaling, thereby accelerating hepatocellular carcinoma
progression. This implied that they may functionally antagonize
each other, although not through direct molecular interaction.

Furthermore, we found that samples in the high-risk group
tended to be more sensitive to certain chemotherapy and targeted
therapies but less responsive to immune checkpoint inhibitors,
which offering a valuable reference for the treatment of
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postoperative patients. Additionally, we identified targeted
therapies such as lapatinib, talazoparib, and ulixertinib which
have not yet been applied in iCCA treatment. Our results
provided a theoretical basis and potential direction for their off-
label use in this setting. The construction of predictive model based
on signature proteins had played a certain role in suggesting the
recurrence of tumor, so that early intervention can be carried out.
Of course, if dynamic monitoring of patients after tumor resection
can be carried out in the future, it would be an expanded application
of precision medicine.

Overall, we identified molecular subtypes associated with poor
prognosis through proteomic analysis of iCCA ATTs, offering novel
perspectives for oncology research. We constructed a multivariate
Cox regression prediction model based on subtype-specific
signature proteins, providing a basis for recurrence prediction.
The predictive model provided drug recommendation for
postoperative recurrent patients.

5 Conclusions

We identified molecular subtypes associated with poor
prognosis through proteomic analysis of iCCA ATTs, offering
novel perspectives for oncology research. We constructed a
multivariate Cox regression prediction model based on subtype-
specific signature proteins, providing a basis for recurrence
prediction. The predictive model provided drug recommendation
for postoperative recurrent patients.

Data availability statement

The datasets presented in this study can be found in online
repositories. The names of the repository/repositories and accession
number(s) can be found in the article/Supplementary Material.

Ethics statement

The studies involving humans were approved by the Medical
Ethics Committee of Zhongshan Hospital of Fudan University
(Y2020-622). The studies were conducted in accordance with the
local legislation and institutional requirements. The participants
provided their written informed consent to participate in this study.

Author contributions

RP: Visualization, Investigation, Data curation,
Conceptualization, Formal analysis, Writing - original draft. QZ:
Writing - review & editing, Visualization, Validation. WM:
Software, Writing - review & editing, Methodology. HW: Formal
analysis, Software, Writing — review & editing. WL: Supervision,

frontiersin.org


https://doi.org/10.3389/fonc.2026.1753415
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

Ping et al.

Resources, Writing — review & editing, Funding acquisition. DY:
Writing - review & editing, Conceptualization, Supervision,
Resources, Project administration, Funding acquisition.

Funding

The author(s) declared that financial support was received for
this work and/or its publication. This project was supported by
grants from the National Natural Science Foundation of China
(32270711, 82273387 and 82273386), the National Key Research
and Development Program of China (2018YFC1312100), Beijing
Nova Program (20220484230) and the State Key Laboratory of
Medical Proteomics (SKLP-K202408).

Acknowledgments

We thank the proteomics and bioinformatics platforms in the
National Center for Protein Sciences (Beijing) for support in
proteomics data generation and largescale data processing.

Conflict of interest

The author(s) declared that this work was conducted in the
absence of any commercial or financial relationships that could be
construed as a potential conflict of interest.

References

1. Bray F, Laversanne M, Sung H, Ferlay J, Siegel RL, Soerjomataram I, et al. Global cancer
statistics 2022: GLOBOCAN estimates of incidence and mortality worldwide for 36 cancers
in 185 countries. CA: A Cancer ] For Clin. (2024) 74:229-63. doi: 10.3322/caac.21834

2. Chinese Society of Liver Cancer Clinical Collaboration. Chinese expert consensus on
management of intrahepatic cholangiocarcinoma (2022 edition). Chin J Digestive Surg.
(2022) 21:1269-301. doi: 10.1097/CM9.0000000000002950

3. Yao K], Jabbour S, Parekh N, Lin Y, Moss RA. Increasing mortality in the United
States from cholangiocarcinoma: an analysis of the National Center for Health Statistics
Database. BMC Gastroenterol. (2016) 16:117. doi: 10.1186/s12876-016-0527-z

4. Hodo Y, Hashimoto S, Honda M, Yamashita T, Suzuki Y, Sugano S, et al.
Comprehensive gene expression analysis of 5'-end of mRNA identified novel
intronic transcripts associated with hepatocellular carcinoma. Genomics. (2010)
95:217-23. doi: 10.1016/j.ygeno0.2010.01.004

5. Cancer Genome Atlas Research Network and Cancer Genome Atlas Research N.
Comprehensive and integrative genomic characterization of hepatocellular carcinoma.
Cell. (2017) 169:1327-41:€23. doi: 10.1016/j.cell.2017.05.046

6. Jiang Y, Sun A, Zhao Y, Ying W, Sun H, Yang X, et al. Proteomics identifies new
therapeutic targets of early-stage hepatocellular carcinoma. Nature. (2019) 567:257-61.
doi: 10.1038/s41586-019-0987-8

7. Gao Q, Zhu H, Dong L, Shi W, Chen R, Song Z, et al. Integrated proteogenomic
characterization of HBV-related hepatocellular carcinoma. Cell. (2019) 179:561-77:¢22.
doi: 10.1016/j.cell.2019.08.052

8. Aran D, Camarda R, Odegaard J, Paik H, Oskotsky B, Krings G, et al.
Comprehensive analysis of normal adjacent to tumor transcriptomes. Nat Commun.
(2017) 8:1077. doi: 10.1038/s41467-017-01027-z

9. Erickson A, He M, Berglund E, Marklund M, Mirzazadeh R, Schultz N, et al.
Spatially resolved clonal copy number alterations in benign and Malignant tissue.
Nature. (2022) 608:360-7. doi: 10.1038/s41586-022-05023-2

10. Hoshida Y, Villanueva A, Kobayashi M, Peix J, Chiang DY, Camargo A, et al. Gene
expression in fixed tissues and outcome in hepatocellular carcinoma. N Engl ] Med.
(2008) 359:1995-2004. doi: 10.1056/nejmoa0804525

Frontiers in Oncology

12

10.3389/fonc.2026.1753415

Generative Al statement

The author(s) declared that generative AI was not used in the
creation of this manuscript.

Any alternative text (alt text) provided alongside figures in this
article has been generated by Frontiers with the support of artificial
intelligence and reasonable efforts have been made to ensure
accuracy, including review by the authors wherever possible. If
you identify any issues, please contact us.

Publisher’s note

All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated
organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

Supplementary material

The Supplementary Material for this article can be found online
at: https://www.frontiersin.org/articles/10.3389/fonc.2026.1753415/
full#supplementary-material

11. Pan Q, Qin F, Yuan H, He B, Yang N, Zhang Y, et al. Normal tissue adjacent to
tumor expression profile analysis developed and validated a prognostic model based on
Hippo-related genes in hepatocellular carcinoma. Cancer Med. (2021) 10:3139-52.
doi: 10.1002/cam4.3890

12. Zhu XD, Zhang JB, Zhuang PY, Zhu HG, Zhang W, Xiong YQ, et al. High
expression of macrophage colony-stimulating factor in peritumoral liver tissue is
associated with poor survival after curative resection of hepatocellular carcinoma. J
Clin Oncol. (2008) 26:2707-16. doi: 10.1200/jc0.2007.15.6521

13. ZhuH, Lin Y, Lu D, Wang S, Liu Y, Dong L, et al. Proteomics of adjacent-to-tumor
samples uncovers clinically relevant biological events in hepatocellular carcinoma. Natl
Sci Rev. (2023) 10:nwad167. doi: 10.1093/nsr/nwad167

14. Dolgalev I, Zhou H, Murrell N, Le H, Sakellaropoulos T, Coudray N, et al.
Inflammation in the tumor-adjacent lung as a predictor of clinical outcome in
lung adenocarcinoma. Nat Commun. (2023) 14:6764. doi: 10.1038/s41467-023-
42327-x

15. Kim J, Kim H, Lee M-S, Lee H, Kim YJ, Lee WY, et al. Transcriptomes of the
tumor-adjacent normal tissues are more informative than tumors in predicting
recurrence in colorectal cancer patients. | Transl Med. (2023) 21:209. doi: 10.1186/
$12967-023-04053-2

16. Liu W, Wang H, Zhao Q, Tao C, Qu W, Hou Y, et al. Multiomics analysis reveals
metabolic subtypes and identifies diacylglycerol kinase alpha (DGKA) as a potential
therapeutic target for intrahepatic cholangiocarcinoma. Cancer Commun (Lond).
(2024) 44:226-50. doi: 10.1002/cac2.12513

17. Zhao Y, Guo M, Zhao F, Liu Q, Wang X. Colonic stem cells from normal tissues
adjacent to tumor drive inflammation and fibrosis in colorectal cancer. Cell Commun
Signaling. (2023) 21:186. doi: 10.1186/s12964-023-01140-1

18. Gongalves E, Poulos RC, Cai Z, Barthorpe S, Manda SS, Lucas N, et al. Pan-cancer
proteomic map of 949 human cell lines. Cancer Cell. (2022) 40:835-49:e8. doi: 10.1016/
j.ccell.2022.06.010

19. Webb-Robertson BJ, Wiberg HK, Matzke MM, Brown JN, Wang J, McDermott JE,
et al. Review, evaluation, and discussion of the challenges of missing value imputation

frontiersin.org


https://www.frontiersin.org/articles/10.3389/fonc.2026.1753415/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fonc.2026.1753415/full#supplementary-material
https://doi.org/10.3322/caac.21834
https://doi.org/10.1097/CM9.0000000000002950
https://doi.org/10.1186/s12876-016-0527-z
https://doi.org/10.1016/j.ygeno.2010.01.004
https://doi.org/10.1016/j.cell.2017.05.046
https://doi.org/10.1038/s41586-019-0987-8
https://doi.org/10.1016/j.cell.2019.08.052
https://doi.org/10.1038/s41467-017-01027-z
https://doi.org/10.1038/s41586-022-05023-2
https://doi.org/10.1056/nejmoa0804525
https://doi.org/10.1002/cam4.3890
https://doi.org/10.1200/jco.2007.15.6521
https://doi.org/10.1093/nsr/nwad167
https://doi.org/10.1038/s41467-023-42327-x
https://doi.org/10.1038/s41467-023-42327-x
https://doi.org/10.1186/s12967-023-04053-2
https://doi.org/10.1186/s12967-023-04053-2
https://doi.org/10.1002/cac2.12513
https://doi.org/10.1186/s12964-023-01140-1
https://doi.org/10.1016/j.ccell.2022.06.010
https://doi.org/10.1016/j.ccell.2022.06.010
https://doi.org/10.3389/fonc.2026.1753415
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

Ping et al.

for mass spectrometry-based label-free global proteomics. J Proteome Res. (2015)
14:1993-2001. doi: 10.1021/pr501138h

20. Wilkerson MD, Hayes DN. ConsensusClusterPlus: a class discovery tool with
confidence assessments and item tracking. Bioinformatics. (2010) 26:1572-3.
doi: 10.1093/bioinformatics/btq170

21. Ritchie ME, Phipson B, Wu D, Hu Y, Law CW, Shi W, et al. limma powers
differential expression analyses for RNA-sequencing and microarray studies. Nucleic
Acids Res. (2015) 43:e47. doi: 10.1093/nar/gkv007

22. Sherman BT, Hao M, Qiu J, Jiao X, Baseler MW, Lane HC, et al. DAVID: a web
server for functional enrichment analysis and functional annotation of gene lists (2021
update). Nucleic Acids Res. (2022) 50:W216-21. doi: 10.1093/nar/gkac194

23. Subramanian A, Tamayo P, Mootha VK, Mukherjee S, Ebert BL, Gillette MA, et al.
Gene set enrichment analysis: a knowledge-based approach for interpreting genome-
wide expression profiles. Proc Natl Acad Sci USA. (2005) 102:15545-53. doi: 10.1073/
pnas.0506580102

24. Aran D, Hu Z, Butte AJ. xCell: digitally portraying the tissue cellular heterogeneity
landscape. Genome Biol. (2017) 18:220. doi: 10.1186/s13059-017-1349-1

25. Yoshihara K, Shahmoradgoli M, Martinez E, Vegesna R, Kim H, Torres-Garcia W,
et al. Inferring tumour purity and stromal and immune cell admixture from expression
data. Nat Commun. (2013) 4:2612. doi: 10.1038/ncomms3612

26. Maeser D, Gruener RF, Huang RS. oncoPredict: an R package for predicting in vivo
or cancer patient drug response and biomarkers from cell line screening data. Briefings
Bioinf. (2021) 22:bbab260. doi: 10.1093/bib/bbab260

27. Jiang P, Gu S, Pan D, Fu ], Sahu A, Hu X, et al. Signatures of T cell dysfunction and
exclusion predict cancer immunotherapy response. Nat Med. (2018) 24:1550-8.
doi: 10.1038/s41591-018-0136-1

28. Mi X, Zou B, Zou F, Hu J. Permutation-based identification of important
biomarkers for complex diseases via machine learning models. Nat Commun. (2021)
12:3008. doi: 10.1038/s41467-021-22756-2

29. Alba AC, Agoritsas T, Walsh M, Hanna S, Iorio A, Devereaux PJ, et al.
Discrimination and calibration of clinical prediction models: Users' guides to the
medical literature. Jama. (2017) 318:1377-84. doi: 10.1001/jama.2017.12126

30. Feng ZH, Liang YP, Cen JJ, Yao HH, Lin HS, Li JY, et al. m6A-immune-related
IncRNA prognostic signature for predicting immune landscape and prognosis of
bladder cancer. ] Transl Med. (2022) 20:492. doi: 10.2139/ssrn.4163710

31. Tibshirani R. Regression shrinkage and selection via the lasso. J R Stat Society: Ser B
(Methodological). (2018) 58:267-88. doi: 10.1111/j.2517-6161.1996.tb02080.x

32. Rangelova E, Stoop TF, van Ramshorst TME, Ali M, van Bodegraven EA, Javed
AA, et al. The impact of neoadjuvant therapy in patients with left-sided resectable
pancreatic cancer: an international multicenter study. Ann Oncol. (2025) 36:529-42.
doi: 10.1016/j.annonc.2024.12.015

33. Jiang L, Qin J, Dai Y, Zhao S, Zhan Q, Cui P, et al. Prospective observational study
on biomarkers of response in pancreatic ductal adenocarcinoma. Nat Med. (2024)
30:749-61. doi: 10.1038/s41591-023-02790-x

34. Pocock SJ, Ferreira JP, Gregson J, Anker SD, Butler J, Filippatos G, et al. Novel
biomarker-driven prognostic models to predict morbidity and mortality in chronic
heart failure: the EMPEROR-Reduced trial. Eur Heart J. (2021) 42:4455-64.
doi: 10.1093/eurheartj/ehab579

35. Tao S, YuL, LiJ, Wu ], Huang X, Xie Z, et al. Insulin resistance quantified by estimated
glucose disposal rate predicts cardiovascular disease incidence: a nationwide prospective
cohort study. Cardiovasc Diabetol. (2025) 24:161. doi: 10.1186/s12933-025-02672-1

36. Sleeboom JJF, van Tienderen GS, Schenke-Layland K, van der Laan LJW, Khalil
AA, Verstegen MMA. The extracellular matrix as hallmark of cancer and metastasis:
From biomechanics to therapeutic targets. Sci Transl Med. (2024) 16:eadg3840.
doi: 10.1126/scitransimed.adg3840

37. Sutherland TE, Dyer DP, Allen JE. The extracellular matrix and the immune
system: A mutually dependent relationship. Science. (2023) 379:eabp8964. doi: 10.1126/
science.abp8964

38. Pittet MJ, Di Pilato M, Garris C, Mempel TR. Dendritic cells as shepherds of T cell
immunity in cancer. Immunity. (2023) 56:2218-30. doi: 10.1016/j.immuni.2023.08.014

39. Liu X, Song J, Zhang H, Liu X, Zuo F, Zhao Y, et al. Immune checkpoint HLA-E:
CD94-NKG2A mediates evasion of circulating tumor cells from NK cell surveillance.
Cancer Cell. (2023) 41:272-87:€9. doi: 10.1016/j.ccell.2023.01.001

40. Zhou Z, Lin T, Chen S, Zhang G, Xu Y, Zou H, et al. Omics-based molecular
classifications empowering in precision oncology. Cell Oncol (Dordr). (2024) 47:759-
77. doi: 10.1007/s13402-023-00912-8

41. Raudenska M, Sztalmachova M, Gumulec ], Fojtu M, Polanska H, Balvan J, et al.
Prognostic significance of the tumour-adjacent tissue in head and neck cancers.
Tumour Biol. (2015) 36:9929-39. doi: 10.1007/s13277-015-3755-x

42. Passaro A, Al Bakir M, Hamilton EG, Diehn M, André F, Roy-Chowdhuri S, et al.
Cancer biomarkers: Emerging trends and clinical implications for personalized
treatment. Cell. (2024) 187:1617-35. doi: 10.1016/j.cell.2024.02.041

Frontiers in Oncology

13

10.3389/fonc.2026.1753415

43. Sadeghi M, Dehnavi S, Sharifat M, Amiri AM, Khodadadi A. Innate immune cells:
Key players of orchestra in modulating tumor microenvironment (TME). Heliyon.
(2024) 10:€27480. doi: 10.1016/j.heliyon.2024.e27480

44. Pefia-Romero AC, Orenes-Pinero E. Dual effect of immune cells within tumour
microenvironment: Pro- and anti-tumour effects and their triggers. Cancers (Basel).
(2022) 14:1681. doi: 10.3390/cancers14071681

45. Dou A, Fang J. Heterogeneous myeloid cells in tumors. Cancers (Basel). (2021)
13:3772. doi: 10.3390/cancers13153772

46. Chuang CH, Zhen YY, Ma JY, Lee TH, Hung HY, Wu CC, et al. CD47-mediated
immune evasion in early-stage lung cancer progression. Biochem Biophys Res Commun.
(2024) 720:150066. doi: 10.1016/j.bbrc.2024.150066

47. Huang C, Wang X, Wang Y, Feng Y, Wang X, Chen S, et al. Sirpo. on tumor-
associated myeloid cells restrains antitumor immunity in colorectal cancer independent
of its interaction with CD47. Nat Cancer. (2024) 5:500-16. doi: 10.1038/s43018-023-
00691-z

48. Hill CN, Maita G, Cabrolier C, Aros C, Vega-Letter AM, Gonzalez P, et al.
Galectin-9 and Tim-3 in gastric cancer: a checkpoint axis driving T cell
exhaustion and Treg-mediated immunosuppression independently of anti-PD-1
blockade. Front Immunol. (2025) 16:1600792. doi: 10.3389/fimmu.2025.1600792

49. Dorafshan S, Razmi M, Safaei S, Gentilin E, Madjd Z, Ghods R. Periostin: biology
and function in cancer. Cancer Cell Int. (2022) 22:315. doi: 10.1186/s12935-022-
02714-8

50. Gonzalez-Gonzalez L, Alonso J. Periostin: A matricellular protein with multiple
functions in cancer development and progression. Front Oncol. (2018) 8:225.
doi: 10.3389/fonc.2018.00225

51. Riener MO, Fritzsche FR, Soll C, Pestalozzi BC, Probst-Hensch N, Clavien PA,
et al. Expression of the extracellular matrix protein periostin in liver tumours and bile
duct carcinomas. Histopathology. (2010) 56:600-6. doi: 10.1111/j.1365-
2559.2010.03527.x

52. Jang SY, Park SY, Lee HW, Choi YK, Park KG, Yoon GS, et al. The
combination of periostin overexpression and microvascular invasion is related
to a poor prognosis for hepatocellular carcinoma. Gut Liver. (2016) 10:948-54.
doi: 10.5009/gnl15481

53. Mijderwijk HJ, Beez T, Hanggi D, Nieboer D. Clinical prediction models. Childs
Nerv Syst. (2020) 36:895-7. doi: 10.1007/s00381-020-04577-8

54. Cui H, Guo D, Zhang X, Zhu Y, Wang Z, Jin Y, et al. ENO3 inhibits growth and
metastasis of hepatocellular carcinoma via Wnt/f-catenin signaling pathway. Front Cell
Dev Biol. (2021) 9:797102. doi: 10.3389/fcell.2021.797102

55. Chen ], Zhang Z, NiJ, Sun J, Ju F, Wang Z, et al. ENO3 promotes colorectal cancer
progression by enhancing cell glycolysis. Med Oncol. (2022) 39:80. doi: 10.21203/
rs.3.r5-1243620/v1

56. He Y, Xu R, Zhai B, Fang Y, Hou C, Xing C, et al. Hspal3 promotes plasma cell
production and antibody secretion. Front Immunol. (2020) 11:913. doi: 10.3389/
fimmu.2020.00913

57. Gao F, Li M, Zhu L, Li J, Xu J, Jia S, et al. Knockdown of HSPA13 inhibits
TGFB1-induced epithelial-mesenchymal transition of RPE by suppressing the PI3K/
Akt signaling pathway. Invest Ophthalmol Vis Sci. (2024) 65:1. doi: 10.1167/
iovs.65.11.1

58. Gao C, Deng J, Zhang H, Li X, Gu S, Zheng M, et al. HSPA13 facilitates NF-kB-
mediated transcription and attenuates cell death responses in TNFo. signaling. Sci Adv.
(2021) 7:eabh1756. doi: 10.1126/sciadv.abh1756

59. WuY, LiS, YuH, Zhang S, Yan L, Guan X, et al. Integrative single-cell and spatial
transcriptomics analysis reveals ECM-remodeling cancer-associated fibroblast-derived
POSTN as a key mediator in pancreatic ductal adenocarcinoma progression. Int J Biol
Sci. (2025) 21:3573-96. doi: 10.7150/ijbs.108618

60. Huang M, Fang W, Farrel A, Li L, Chronopoulos A, Nasholm N, et al. ALK
upregulates POSTN and WNT signaling to drive neuroblastoma. Cell Rep. (2024)
43:113927. doi: 10.1016/j.celrep.2024.113927

61. Chen C, Guo Q, Liu Y, Hou Q, Liao M, Guo Y, et al. Single-cell and spatial
transcriptomics reveal POSTN(+) cancer-associated fibroblasts correlated with
immune suppression and tumour progression in non-small cell lung cancer. Clin
Transl Med. (2023) 13:e1515. doi: 10.1002/ctm2.1515

62. ang H, Liang Y, Liu Z, Zhang R, Chao J, Wang M, et al. POSTN(+) cancer-
associated fibroblasts determine the efficacy of immunotherapy in hepatocellular
carcinoma. J Immunother Cancer. (2024) 12:¢008721. doi: 10.1136/jitc-2023-
008721

63. Zhao C, Zhao JW, Zhang YH, Zhu YD, Yang ZY, Liu SL, et al. PTBP3 mediates IL-
18 exon skipping to promote immune escape in gallbladder cancer. Adv Sci (Weinh).
(2024) 11:€2406633. doi: 10.1002/advs.202406633

64. ZhouY, Dong C, Shen X, Wang P, Chen T, Li W, et al. Targeting PTBP3-mediated
alternative splicing of COX11 induces cuproptosis for inhibiting gastric cancer
peritoneal metastasis. Adv Sci (Weinh). (2025) 12:e2415983. doi: 10.1002/
advs.202415983

frontiersin.org


https://doi.org/10.1021/pr501138h
https://doi.org/10.1093/bioinformatics/btq170
https://doi.org/10.1093/nar/gkv007
https://doi.org/10.1093/nar/gkac194
https://doi.org/10.1073/pnas.0506580102
https://doi.org/10.1073/pnas.0506580102
https://doi.org/10.1186/s13059-017-1349-1
https://doi.org/10.1038/ncomms3612
https://doi.org/10.1093/bib/bbab260
https://doi.org/10.1038/s41591-018-0136-1
https://doi.org/10.1038/s41467-021-22756-2
https://doi.org/10.1001/jama.2017.12126
https://doi.org/10.2139/ssrn.4163710
https://doi.org/10.1111/j.2517-6161.1996.tb02080.x
https://doi.org/10.1016/j.annonc.2024.12.015
https://doi.org/10.1038/s41591-023-02790-x
https://doi.org/10.1093/eurheartj/ehab579
https://doi.org/10.1186/s12933-025-02672-1
https://doi.org/10.1126/scitranslmed.adg3840
https://doi.org/10.1126/science.abp8964
https://doi.org/10.1126/science.abp8964
https://doi.org/10.1016/j.immuni.2023.08.014
https://doi.org/10.1016/j.ccell.2023.01.001
https://doi.org/10.1007/s13402-023-00912-8
https://doi.org/10.1007/s13277-015-3755-x
https://doi.org/10.1016/j.cell.2024.02.041
https://doi.org/10.1016/j.heliyon.2024.e27480
https://doi.org/10.3390/cancers14071681
https://doi.org/10.3390/cancers13153772
https://doi.org/10.1016/j.bbrc.2024.150066
https://doi.org/10.1038/s43018-023-00691-z
https://doi.org/10.1038/s43018-023-00691-z
https://doi.org/10.3389/fimmu.2025.1600792
https://doi.org/10.1186/s12935-022-02714-8
https://doi.org/10.1186/s12935-022-02714-8
https://doi.org/10.3389/fonc.2018.00225
https://doi.org/10.1111/j.1365-2559.2010.03527.x
https://doi.org/10.1111/j.1365-2559.2010.03527.x
https://doi.org/10.5009/gnl15481
https://doi.org/10.1007/s00381-020-04577-8
https://doi.org/10.3389/fcell.2021.797102
https://doi.org/10.21203/rs.3.rs-1243620/v1
https://doi.org/10.21203/rs.3.rs-1243620/v1
https://doi.org/10.3389/fimmu.2020.00913
https://doi.org/10.3389/fimmu.2020.00913
https://doi.org/10.1167/iovs.65.11.1
https://doi.org/10.1167/iovs.65.11.1
https://doi.org/10.1126/sciadv.abh1756
https://doi.org/10.7150/ijbs.108618
https://doi.org/10.1016/j.celrep.2024.113927
https://doi.org/10.1002/ctm2.1515
https://doi.org/10.1136/jitc-2023-008721
https://doi.org/10.1136/jitc-2023-008721
https://doi.org/10.1002/advs.202406633
https://doi.org/10.1002/advs.202415983
https://doi.org/10.1002/advs.202415983
https://doi.org/10.3389/fonc.2026.1753415
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

	A postoperative recurrence prediction model for intrahepatic cholangiocarcinoma based on multi-omics analysis of adjacent-to-tumor tissues
	1 Introduction
	2 Materials and methods
	2.1 Patient cohort collection
	2.2 Transcriptomic and proteomic sequencing, quality control and quantification
	2.3 Classification of molecular subtypes and survival analysis
	2.4 Differential expressed proteins and function enrichment analysis
	2.5 Immune infiltration analysis and drug reaction prediction
	2.6 Signature protein selection and development of recurrence prediction model
	2.7 Validation of the recurrence prediction model
	2.8 Tissue microarray experiment and immunohistochemical validation

	3 Results
	3.1 Molecular subtyping and functional feature analysis of iCCA ATTs
	3.2 Comparison of immune status of iCCA ATT subtypes
	3.3 Screening of subtype signatured proteins and construction of recurrence prediction model
	3.4 Evaluation and validation of recurrence prediction model
	3.5 Immunohistochemical validation of POSTN
	3.6 Drug reaction prediction based on recurrence prediction model

	4 Discussion
	5 Conclusions
	Data availability statement
	Ethics statement
	Author contributions
	Funding
	Acknowledgments
	Conflict of interest
	Generative AI statement
	Publisher’s note
	Supplementary material
	References


