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and CCCTC-Binding Factor Transcriptional
Regulatory Study

Rui Zhuang Sun?, Kun Peng Qiao®, Xiao Lian Xu?, Yan Hua Chen?,
Jun Meng? ¢4

Abstract

Background: Pancreatic ductal adenocarcinoma (PDAC) is among
the most aggressive malignancies with extremely poor prognosis.
This study systematically evaluates the expression patterns, biologi-
cal functions, and regulatory mechanisms of the SH3-domain kinase
binding protein 1 (SH3KBP1) in PDAC through multi-omics integra-
tive analysis strategies.

Methods: Key predictive genes were identified using machine learn-
ing algorithms, including support vector machine (SVM), least absolute
shrinkage and selection operator (LASSO) regression, and SHapley Ad-
ditive exPlanations (SHAP), based on multi-omics datasets. Validation
analysis was performed using mRNA expression data from 179 PDAC
tumor samples and 171 adjacent non-tumor samples (including four
adjacent tissues and 167 normal controls), combined with proteomics
data from 300 pairs of PDAC and non-tumor samples. Single-cell RNA
sequencing and spatial transcriptomics analyzed cell-type-specific dis-
tribution and spatial localization characteristics of SH3KBP1. Clustered
regularly interspaced short palindromic repeats (CRISPR) knockout
experiments assessed functional dependency, and transcription factor
binding site prediction explored upstream regulatory mechanisms. All
analyses were performed on the R platform using specialized packages.

Results: Machine learning analysis successfully identified SH3KBP1

Manuscript submitted September 6, 2025, accepted October 21, 2025
Published online October 31, 2025

#Department of Laboratory Medicine, Ruijin-Hainan Hospital, Shanghai
Jiao Tong University School of Medicine (Hainan Boao Research Hospital),
Qionghai 571437, China

®Department of Pathology, Ruijin-Hainan Hospital, Shanghai Jiao Tong
University School of Medicine (Hainan Boao Research Hospital), Qionghai
571437, China

“Department of Laboratory Medicine, Ruijin Hospital, Shanghai Jiao Tong
University School of Medicine, Shanghai 200025, China

dCorresponding Author: Jun Meng, Department of Laboratory Medicine,
Ruijin-Hainan Hospital, Shanghai Jiao Tong University School of Medicine
(Hainan Boao Research Hospital), Qionghai 571437, China.

Email: mj40563@rjh.com.cn

doi: https://doi.org/10.14740/wjon2668

as a key predictive biomarker for pancreatic cancer. The gene was
consistently selected by multiple algorithms. The constructed predic-
tive model demonstrated excellent performance, with a maximum
area under the curve (AUC) value 0f 0.994, and SHAP analysis further
confirmed its important contribution to pancreatic cancer prediction.
Validation analysis showed significant overexpression of SH3KBP1
in PDAC tumor tissues, with a diagnostic receiver operating char-
acteristic curve AUC value reaching 0.985, demonstrating excellent
diagnostic capability. Survival analysis revealed significant associa-
tions between high SH3KBP1 expression and poorer overall survival,
disease-specific survival, and progress-free interval. Proteomics and
immunohistochemistry analysis further confirmed significant upregu-
lation of SH3KBP1 at the protein level. CRISPR knockout experi-
ments revealed functional dependency of some PDAC cell lines on
SH3KBP1. Single-cell RNA sequencing data showed that SH3KBP1
was mainly enriched in malignant epithelial cell populations with ob-
vious copy number variation characteristics, and spatial transcriptom-
ics analysis further confirmed its significant enrichment in tumor core
regions. Transcriptional regulatory analysis suggested that transcrip-
tion factor CCCTC-binding factor (CTCF) may regulate SH3KBP1
transcriptional activity by binding to its promoter region, with both
showing significant positive correlations in expression levels.

Conclusions: Via multi-omics integrative analysis, this study system-
atically elucidated the expression characteristics, spatial distribution,
biological functions, and transcriptional regulatory networks of SH3K-
BP1 in PDAC, confirming its excellent diagnostic/prognostic value and
potential as a PDAC molecular target, particularly involving the CTCF
regulatory axis. It also provides a key theoretical basis for understand-
ing how SH3KBP1-mediated signaling pathways (regulated by CTCF)
drive pancreatic cancer development and progression.

Keywords: Pancreatic ductal adenocarcinoma; SH3KBP1; Machine
learning; Spatial transcriptomics; Single-cell RNA sequencing; Tran-
scription factor CTCF; Multi-omics integrative analysis

Introduction

Pancreatic ductal adenocarcinoma (PDAC) is among the most
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aggressive and poorly prognostic gastrointestinal malignancies,
with a 5-year survival rate of less than 10% [1], significantly
lower than other common solid tumors. Due to the subtle early
symptoms and lack of screening methods, approximately 80%
of patients are diagnosed at advanced stages, thereby losing the
opportunity for a surgical cure. Although standard chemothera-
py regimens, including FOLFIRINOX [2] and gemcitabine [3]
combination therapy, have shown improvements, the overall re-
sponse rate remains unsatisfactory. Therefore, there is an urgent
need to identify new molecular targets to aid in the early screen-
ing, diagnosis, and development of targeted therapies for PDAC.

During tumorigenesis, most malignant biological be-
haviors are driven by specific signaling pathways, including
proliferation, invasion, metastasis, and cell cycle abnormali-
ties. Identifying key driver genes and regulatory molecules
has become an important foundation for molecular subtyping
and personalized therapy in the context of precision medicine.
In recent years, high-throughput omics technologies and big
data analysis have accelerated the development of tumor target
screening. Some traditional studies have identified differen-
tially expressed genes (DEGs) associated with the progression
of cervical cancer precursors through microarray and tran-
scriptomic analysis, among which SH3-domain kinase binding
protein 1 (SH3KBP1) has been listed as a potential candidate
gene involved in tumor evolution [4].

SH3KBP1 is an adaptor protein containing an SH3 do-
main, initially thought to be involved in such processes as
endocytosis, signal transduction, and cytoskeleton remod-
eling [5-7]. Recent studies have shown that SH3KBPI not
only plays a role in physiological signal transduction but may
also act as a tumor-associated molecule involved in regulating
various malignant features of cancer. In a study of infantile
hemangiomas, SH3KBP1 was found to be one of the most sig-
nificantly upregulated genes, closely related to angiogenesis,
immune microenvironment, and tumor progression; its inter-
ference in vitro significantly affected the migration and inva-
sion abilities of tumor cells [7]. Additionally, in glioblastoma
research, increased SH3KBP1 expression was closely associ-
ated with activation of the epidermal growth factor receptor
(EGFR) signaling pathway and could serve as a tumor stem
cell marker, participating in the maintenance of self-renewal
ability [8]. This study further indicated that SH3KBP1 regu-
lates tumor signaling cascades as an adaptor protein by directly
interacting with EGFR.

Although SH3KBP! has shown oncogenic potential in
various solid tumors, its expression characteristics, func-
tional mechanisms, and transcriptional regulation in PDAC
have not been systematically elucidated. This study integrates
multi-platform databases, including The Cancer Genome At-
las (TCGA), the Proteomic Data Commons (PDC), the cancer
Dependency Map (DepMap), the Gene Expression Omnibus
(GEO), and the Sequence Read Archive (SRA), combined
with transcriptomic, proteomic, single-cell transcriptomics,
and spatial transcriptomic data, to systematically evaluate
SH3KBP1 expression levels, clinical value, spatial expression
patterns, and functional dependencies in PDAC. Furthermore,
potential upstream transcription factors of SH3KBP1 were
screened through such databases as Cistrome, and preliminary
results suggest that SH3KBP1 may be regulated by CCCTC-

binding factor (CTCF). These findings will provide important
evidence for understanding the role of SH3KBP1 in PDAC
and the development of novel therapeutic targets.

Materials and Methods

Least absolute shrinkage and selection operator (LASSO),
support vector machine (SVM), and SHapley Additive
exPlanations (SHAP)

This study obtained three PDAC-related gene expression
datasets from the GEO database: GSE217384, GSE263733,
and GSE154763. All datasets were standardized and quality-
controlled, and low-expressed genes and samples with ex-
cessive missing values were removed. Gene expression data
were log2-transformed for normalization. LASSO regression
was used for feature selection, identifying key genes related to
PDAC prognosis by adjusting the regularization parameter 2,
while random forest (RF) and SVM-recursive feature elimina-
tion (SVM-RFE) algorithms were used for feature selection
cross-validation. Venn diagram analysis compared the feature
selection results of the three algorithms, identifying core pre-
dictive genes consistently recognized by multiple algorithms.
Ten-fold cross-validation was used to evaluate the stability
and generalization ability of the model, and the optimal fea-
ture number was determined by accuracy and error rate curves.
Multiple machine learning algorithms, including partial least
squares (PLS) regression, RF, decision trees search (DTS),
SVM, logistic regression (LR), k-nearest neighbors (KNN),
eXtreme Gradient Boosting (XGBoost), Gradient Boosting
Machine (GBM), Neural Network (NeuralNet), and General-
ized Linear Model Boosting (glmBoost), were compared for
performance, with receiver operating characteristic (ROC)
curve and area under the curve (AUC) used to evaluate predic-
tion performance. SHAP was used for model interpretability
analysis, calculating each feature’s contribution to the model’s
prediction. Feature importance distribution was visualized us-
ing a bee swarm plot, and SHAP dependency plots analyzed
interactions between key genes. Based on feature selection and
performance evaluation, a final PDAC prognosis prediction
model was constructed, integrating gene expression levels and
corresponding regression coefficients to output individual risk
prediction probabilities.

Test set data of PDAC transcriptome and corresponding
clinical follow-up information were obtained from the TCGA,
with expression data in fragments per kilobase of transcript
per million mapped reads (FPKM) format and a log,(FPKM
+ 1) transformation applied for subsequent analysis. Protein-
level data were obtained from the PDC, including 300 cases of
PDAC and 300 non-tumor tissue samples. Immunohistochem-
ical data were obtained from the Human Protein Atlas (THPA),
using antibody HPA003351 to visualize SH3KBP1 protein ex-
pression in PDAC tissue. Clustered regularly interspaced short
palindromic repeats (CRISPR) knockout functional dependen-
cy data came from the DepMap database, extracting Chronos
scores from typical PDAC cell lines, such as JOPACA1, PA-
TU8988S, BXPC3, and KP2. These scores were used to assess
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the dependency of each cell line on specific genes, with lower
(negative) scores indicating a gene essential for cell growth
and survival. A threshold was set to classify genes as highly
dependent (negative scores) or less critical (positive scores),
facilitating the identification of potential therapeutic targets
in PDAC. Spatial transcriptomic data were obtained from
the GEO database sample GSM8452847, single-cell RNA
sequencing data came from the National Center for Biotech-
nology Information (NCBI) SRA project PRINA885258, and
transcription factor target data and chromatin immunoprecipi-
tation (ChIP) binding prediction information were taken from
the Cistrome Data Browser and University of California, Santa
Cruz (UCSC) Genome Browser. All data were uniformly pro-
cessed based on the human reference genome version hg38.

Single-cell transcriptomics analysis

Single-cell RNA-seq data analysis was performed using the R
Seurat package. Data were first quality controlled, retaining
cells with gene counts between 200 and 7,500, mitochondrial
gene proportions below 20%, and total unique molecular iden-
tifier (UMI) counts exceeding 500. Standardization was per-
formed using the LogNormalize method, and principal compo-
nent analysis (PCA) dimensionality reduction was conducted,
followed by t-distributed stochastic neighbor embedding (t-
SNE) visualization. Cell clustering was performed using the
Louvain algorithm, and each cluster was annotated based on
cell-type-specific marker genes. SH3KBP1 expression in dif-
ferent cell subpopulations was displayed using FeaturePlot.
Copy number variation (CNV) inference was performed using
the inferCNV package, with non-malignant cells like T cells
used as references, and a copy number variation heatmap was
generated to distinguish malignant cells.

Spatial transcriptomics analysis

Spatial transcriptomic data were analyzed using Seurat and
STUtility. First, image stitching and spatial coordinate align-
ment were performed on sample GSM8452847, followed by
expression matrix normalization. Tumor scores were con-
structed based on key driver genes (such as KRAS, TP53, and
SMADA4) to discriminate and delineate tumor and non-tumor
regions. SH3KBP1 spatial expression was presented using
SpatialFeaturePlot, and expression differences between differ-
ent regions were further compared.

Transcription factor prediction and binding analysis

To identify potential upstream transcription factors regulating
SH3KBP1 expression, this study integrated TCGA differential
expression analysis results (log,FC > 1, false discovery rate
(FDR) < 0.05), genes significantly co-expressed with SH3K-
BP1 (Spearman correlation coefficient R > 0.5, P < 0.05), and
the chromatin immunoprecipitation sequencing (ChIP-seq)
target gene collection in PANC-1 cells from the Cistrome da-

tabase. The intersection genes were considered candidate tran-
scription factors. Binding site scores from the Cistrome data-
base were further used to filter target transcription factors, and
ChIP enrichment tracks for transcription factors like CTCF in
the SH3KBP1 promoter region were visualized in the UCSC
Genome Browser.

Statistical analysis

All statistical analyses were conducted using R (version 4.2.1).
Group differences were assessed using the non-parametric
Wilcoxon rank-sum test, with expression distributions shown
using box plots or violin plots. Diagnostic ability was evalu-
ated using the pROC package to plot ROC curves, calculate
AUC values, and report 95% confidence intervals. Survival
analysis was performed using the survival and survminer pack-
ages, with Kaplan-Meier curves dividing high and low expres-
sion groups based on median expression values, and Log-rank
tests were used to assess survival differences. Hazard ratios
(HRs) and P-values were reported. Correlation analysis was
performed using the Spearman method, and trends and cor-
relation strengths were visualized using ggplot2. All P-values
were two-tailed, and P < 0.05 was considered statistically sig-
nificant.

Results

Flowchart

The flowchart of this paper is shown in Figure 1.

Machine learning analysis confirms SH3KBP1 as a key
biomarker for PDAC prediction

LASSO regression 10-fold cross-validation showed that
SH3KBP1 was successfully retained at the optimal A param-
eter, which corresponds to the best model complexity balance
point (Fig. 2a). Consistency validation across multiple algo-
rithms demonstrated that SH3KBP1 was identified as a core
predictive feature by the LASSO, RF, and SVM-RFE algo-
rithms, thus occupying an important position at the intersection
of the corresponding Venn diagram (Fig. 2b). LASSO coeffi-
cient path analysis showed that the coefficient of SH3KBPI
remained stable during the shrinkage process as A increased
(Fig. 2¢).

Model performance evaluation confirmed the predictive
value of SH3KBP1. Ten-fold cross-validation results showed
that the feature combination including SH3KBP1 achieved
the best accuracy of 0.850 with 28 features (Fig. 2d), and the
prediction error rate dropped a minimum of 0.141 with 26 fea-
tures (Fig. 2e). Multi-algorithm ROC performance comparison
showed that the model incorporating SH3KBP1 achieved the
highest AUC value of 0.994 in the neural network algorithm,
with AUC values exceeding 0.960 in PLS, RF, DTS, and other
algorithms (Fig. 2f). Univariate analysis showed that SH3K-
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Figure 1. Flow diagram.

BP1 exhibited excellent independent predictive ability among
the candidate genes (Fig. 2g). SHAP interpretability analysis
revealed the significant contribution of SH3KBP1, with this
gene ranking high in feature importance (Fig. 2h). SHAP value
distribution analysis showed significant differences in SHAP
value distribution between high and low expression samples,
indicating that changes in SH3KBP1 expression had a sig-
nificant impact on model prediction (Fig. 2i). SHAP depend-
ency plots further revealed the complex interaction patterns of
SH3KBP1 with other key genes, including synergistic effects
with PCDH8B and OR7E31P, as well as regulatory relation-
ships with USR1 and CAPZA3 (Fig. 2j). The final predictive
model integrated the regression coefficients of such key genes
as OR7E31P (-7.15), SH3KBP1 (-9.58), PCDH&B (-6.62),
USRI (-11.3), and CAPZA3 (-7.38), outputting a comprehen-
sive risk prediction probability (Fig. 2k).

SH3KBP1 is highly expressed in PDAC and has potential
prognostic value

In the TCGA-PDAC dataset, SH3KBP1 expression was sig-
nificantly higher in tumor tissues than normal tissues (Fig. 3a).
ROC curve analysis indicated its excellent tumor identification
ability with an AUC of 0.985 (Fig. 3b). Further statistical com-
parison showed that the mean, standard deviation, and distri-
bution range of SH3KBP1 expression in the tumor group were
all higher than those in the normal group (Fig. 3c). Kaplan-
Meier analysis indicated that high SH3KBP1 expression was
associated with poorer overall survival (OS), disease-specific
survival (DSS), and progress-free interval (PFI; Fig. 3d).

SH3KBP1 protein level is significantly elevated in PDAC
tissues

Immunohistochemical images from the THPA database showed

that SH3KBP1 was prominently expressed in PDAC tissues but
almost undetectable in non-tumor tissues (Fig. 4a). Further sta-
tistics showed that SH3KBP1 was expressed in various tumor
types, with PDAC patients showing a relatively high positive
ratio (Fig. 4b).

Protein-level validation of SH3KBP1 upregulation in
PDAC

Using PDC database, this study analyzed protein expression
data from 300 PDAC samples and 300 non-tumor samples.
The violin plot showed that SH3KBP1 expression was signifi-
cantly elevated in PDAC samples (Fig. 5a), and its ROC curve
AUC was 0.911, further supporting its potential diagnostic
value (Fig. 5b).

SH3KBP1 shows functional dependency in PDAC cell sur-
vival

CRISPR knockout experimental results from the DepMap da-
tabase showed that SH3KBP1 knockout led to mildly negative
CRISPR scores in PDAC cell lines, including JOPACAL, PA-
TU8988S, BXPC3, and KP2, suggesting its potential involve-
ment in tumor cell growth regulation (Fig. 6).

Single-cell analysis reveals that SH3KBP1 is mainly ex-
pressed in malignant cells

Single-cell transcriptomic data from the PRINA885258 pro-
ject were analyzed to assess cell heterogeneity. Quality control
parameters (nFeature, nCount, and MT.percent) showed rea-
sonable distributions (Fig. 7a), and t-SNE clustering clearly
separated multiple cell types, including T cells, macrophages,
fibroblasts, and malignant cells (Fig. 7b). A pie chart further
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Figure 2. Machine learning feature selection and SHAP interpretability analysis based on multiple datasets. (a) Ten-fold cross-
validation A parameter selection curve for LASSO regression, with the optimal A value marked by a red vertical line. (b) Venn
diagram of feature selection results from three machine learning algorithms (LASSO, RF, SVM-RFE), with SH3KBP1 located in
the intersection area of the algorithms. (c) LASSO regression coefficient shrinkage path diagram. (d) Ten-fold cross-validation
accuracy curve with the number of features, showing a maximum accuracy of 0.850. (e) Ten-fold cross-validation error rate curve,
showing a minimum error rate of 0.141. (f) ROC performance comparison of multiple machine learning algorithms, with the PLS
algorithm having the highest AUC (0.994). (g) Univariate prediction efficiency analysis of key genes. (h) SHAP feature importance
ranking diagram. (i) SHAP value summary diagram, showing the distribution of the impact of gene expression on prediction. (j)
SHAP dependence diagram, showing the interaction between SH3KBP1 and such genes as PCDH8B, OR7E31P, USR1, and
CAPZAS. (k) Flowchart of the final prediction model constructed based on key genes.
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Figure 2. (continued) Machine learning feature selection and SHAP interpretability analysis based on multiple datasets. (a) Ten-
fold cross-validation A parameter selection curve for LASSO regression, with the optimal A value marked by a red vertical line.
(b) Venn diagram of feature selection results from three machine learning algorithms (LASSO, RF, SVM-RFE), with SH3KBP1
located in the intersection area of the algorithms. (c) LASSO regression coefficient shrinkage path diagram. (d) Ten-fold cross-
validation accuracy curve with the number of features, showing a maximum accuracy of 0.850. (e) Ten-fold cross-validation error
rate curve, showing a minimum error rate of 0.141. (f) ROC performance comparison of multiple machine learning algorithms,
with the PLS algorithm having the highest AUC (0.994). (g) Univariate prediction efficiency analysis of key genes. (h) SHAP fea-
ture importance ranking diagram. (i) SHAP value summary diagram, showing the distribution of the impact of gene expression on
prediction. (j) SHAP dependence diagram, showing the interaction between SH3KBP1 and such genes as PCDH8B, OR7E31P,
USR1, and CAPZAS3. (k) Flowchart of the final prediction model constructed based on key genes.

quantified the proportion of each cell type, with malignant
cells constituting the highest proportion (Fig. 7c¢). DotPlot
showed characteristic marker gene expression in each cell type
(Fig. 7d). SH3KBP1 expression was primarily enriched in the
malignant cell population in the t-SNE space (Fig. 7¢). Further
single-cell CNV heatmap analysis, compared with normal ref-
erence cells, confirmed that this population exhibited signifi-
cant chromosomal instability, supporting its identification as
tumor cells (Fig. 71).

Spatial expression analysis shows SH3KBP1 elevated in
tumor regions

Based on spatial transcriptomic data from GSM8452847,
hematoxylin and eosin (H&E) staining images and nCount_
Spatial distribution maps showed the tissue structure and
sequencing quality (Fig. 8a, left). Key PDAC driver genes
(CDKN2A, TP53) also exhibited characteristic expression
patterns in the tumor region (Fig. 8a, right). KRAS and
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SMADA4 spatial expression maps were used to construct the
tumor score (Fig. 8b), further distinguishing the tissue into
normal and tumor regions (Fig. 8c¢). SH3KBP1 exhibited sig-
nificantly higher expression in tumor regions (Fig. 8d, left),
as confirmed by the violin plot statistical analysis (Fig. 8d,
right).

Multi-databases integrating to identify potential upstream
transcription factors for SH3KBP1

This study integrated SH3KBP1 co-expressed genes (CEQG),
TCGA-PDAC DEGs, and the ChIP-seq target gene set from
the PANC-1 cell line to identify four potential transcription
factors that may regulate SH3KBP1: CTCEF, ETS1, ZEB1, and
SIN3A (Fig. 9a). Based on the predictions from the Cistrome
Data Browser (CDB) database, CTCF and ZEB1 had higher
binding scores at the SH3KBP1 promoter region (1.23 and
0.944, respectively), suggesting their potential regulatory roles
(Fig. 9b).
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Figure 3. SH3KBP1 expression and its clinical correlation analysis in the TCGA-PDAC dataset. (a) Expression distribution of

SH3KBP1 in normal groups and tumor groups. (b) ROC diagn

ostic curve analysis of SH3KBP1. (c) Comparison of expression

level distribution, mean value, and statistical characteristics. (d) Kaplan-Meier survival analysis of SH3KBP1 expression level

with OS, DSS, and PFI.

CTCF may regulate SH3KBP1 transcription by binding
to its promoter

TCGA data analysis showed that CTCF expression was signifi-
cantly elevated in PDAC (Fig. 10a), with its ROC curve show-
ing an AUC of 0.964, indicating its potential diagnostic value
(Fig. 10b). Spearman correlation analysis further revealed a
significant positive correlation between CTCF and SH3KBP1
(R=0.517; Fig. 10c). ChIP-seq tracks showed that CTCF was
enriched at the SH3KBP1 gene promoter region, suggesting
its direct binding and regulation of SH3KBP1 transcriptional
activity (Fig. 10d).

Discussion

This study integrates transcriptomics, proteomics, single-cell
omics, spatial transcriptomics, and functional dependency
data to systematically evaluate the expression characteristics,
biological functions, and potential regulatory mechanisms of
SH3KBP1 in PDAC. The research provides systematic sup-
port for SH3KBP1 as a novel molecular marker and poten-
tial therapeutic target for PDAC, further revealing that it may
contribute to tumorigenesis and development through multi-
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ple pathways. SH3KBP1 is an adaptor protein containing an
SH3 domain. Early studies have shown that it participates in
the formation of such signaling complexes as EGFR, ¢-CBL,
and Grb2, regulating processes like receptor endocytosis, cell
proliferation, and migration. In glioblastoma, SH3KBP1 has
been confirmed to directly bind to EGFR, promoting the acti-
vation of downstream signaling pathways, including the RAS/
RAF/MEK/ERK and PI3K/AKT axes, thereby enhancing tu-
mor stemness and invasiveness [8]. As a signaling integrator,
SH3KBP1 demonstrates the ability to promote cell growth and
metastasis in various malignant tumors.

In PDAC, a highly malignant and immunosuppressive tu-
mor, the function of SH3KBPI1 has not been fully elucidated.
This study finds that SH3KBP1 is widely overexpressed in
PDAC tissues, suggesting that it may not only serve as a dis-
ease marker but also play a driving role. Combined with single-
cell and spatial transcriptomic data, SH3KBP1 was shown to be
predominantly enriched in malignant epithelial cells, exhibiting
significant spatial heterogeneity in tumor tissues. This expres-
sion pattern is similar to its localization in glioblastoma stem
cells, implying its potential involvement in maintaining PDAC
stemness or regulating the epithelial-mesenchymal transition
(EMT) process [9]. Furthermore, previous studies have shown
that SH3KBP1 may promote tumor cell migration and inva-
sion through the regulation of Rho GTPases [10, 11] and cy-
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Figure 4. SH3KBP1 protein expression analysis based on the THPA (Antibody: HPA003351). (a) Immunohistochemical images
showing the expression of SH3KBP1 in non-PDAC and PDAC tissues, with magnification levels of x 40 and x 80. (b) Distribution
of the proportion of positive patients with SH3KBP1 in various tumor types.
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Figure 5. SH3KBP1 protein expression analysis based on the PDC database. (a) Violin plot showing the expression distribution
of SH3KBP1 in non-PDAC and PDAC samples (300 cases in each group). (b) ROC curve evaluating the discriminative ability of
SH3KBP1 in PDAC (AUC = 0.911).
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Figure 6. CRISPR knockout score of the SH3KBP1 gene in PDAC cell
lines based on the DepMap database. Bar chart showing the CRISPR
dependency scores (CRISPR score) of SH3KBP1 in four PDAC cell
lines (JOPACA1, PATU8988S, BXPC3, and KP2).

toskeleton remodeling, and its role in angiogenesis is gaining
increasing attention [7]. Collectively, these mechanisms suggest
that SH3KBP1 not only is involved in cell proliferation but also
widely participates in tumor progression and metastasis, acting
as a multifunctional cancer-associated molecule.

Furthermore, SH3KBP1 may function as a signaling inte-
grator and amplifier in multiple classical cancer-related signal-
ing pathways. As an adaptor protein for EGFR signaling, it may
not only activate the RAS/RAF/MEK/ERK axis [12] but also
enhance the activation of the PI3K/AKT pathway, involved in
anti-apoptotic regulation and metabolic reprogramming [13].
Studies in breast cancer and other tumors have confirmed that
SH3KBP1 promotes EGFR phosphorylation [14-16], further
recruiting Src family kinases [17] and, thereby, enhancing the
activity of downstream STAT3 and NF-«B signaling pathways
[13]. These pathways are highly relevant to PDAC drug resist-
ance, immunosuppressive state, and stemness maintenance.

In addition to the EGFR-related axis, SH3KBP1 may
also regulate tumor metastasis and EMT status by modulating
the TGF-f signaling pathway [18]. Through its SH3 domain,
SH3KBP1 might interact with SMAD family regulators [19]
to enhance the activation of TGF-B-induced EMT programs.
Its high expression at the tumor infiltration edge suggests that
it may be closely related to tumor cell plasticity. Moreover,
studies have shown that SH3KBP1 is involved in the synergis-
tic activation of the JAK/STAT pathway in certain malignan-
cies [20, 21], possibly by regulating key molecules like IL-6R
and SOCS, contributing to the remodeling of the inflamma-
tory microenvironment and the construction of immune es-
cape mechanisms. In metabolic reprogramming, SH3KBP1
may also regulate glycolysis (the Warburg effect) [22] and
glutamine metabolism. Metabolomics studies have shown that
under high SH3KBP1 expression, key glycolytic enzymes,
such as HK?2 and PKM2, are significantly upregulated [23-25],
accompanied by increased nuclear expression of HIF-1a [26],
suggesting that SH3KBP1 helps tumor cells adapt to hypoxic
environments and gain metabolic advantages. This character-
istic is particularly relevant to the low perfusion and high hy-
poxia features of the PDAC microenvironment. Additionally,
SH3KBP1 may participate in antigen presentation escape and

immune suppression by regulating the membrane expression
of programmed death-ligand 1 (PD-L1) [27] and major histo-
compatibility complex I (MHC-I) [28].

In terms of regulatory mechanisms, we predicted and pre-
liminarily validated several potential transcription factors that
regulate SH3KBP1 expression based on the Cistrome database,
with CTCF showing the highest binding intensity and a posi-
tive correlation with its expression. CTCF is a typical chroma-
tin architectural regulator involved in transcription regulation,
enhancer insulation, and the stability of the three-dimensional
genomic structure [29, 30]. CTCF may promote SH3KBPI
transcriptional activation by modulating chromatin accessibility
at the SH3KBP1 promoter region. Additionally, CTCF is also
upregulated in PDAC, suggesting that it may collaborate with
SH3KBP1 in the unique transcriptional regulatory network of
PDAC. This finding provides important clues for further in-
vestigating SH3KBP1’s upstream regulation and chromatin
opening status. Further exploration of the CTCF binding sites
and their role in SH3KBP1 expression in PDAC suggests that
CTCF’s interaction with the chromatin architecture may facili-
tate a more accessible chromatin environment at the SH3KBP1
locus, thereby enhancing its transcription. This could be criti-
cal in PDAC, where the dysregulation of chromatin structure
and transcriptional networks plays a significant role in tumor
progression. Furthermore, the upregulation of CTCF in PDAC
could indicate a synergistic effect, such that CTCF regulates not
only SH3KBP1 but also other genes involved in cancer-related
pathways, potentially contributing to the malignant character-
istics of PDAC cells. Investigating the specific binding sites of
CTCEF within the SH3KBP1 promoter and its effect on chroma-
tin modification could reveal novel therapeutic targets for dis-
rupting this regulatory loop in PDAC.

From a clinical translation perspective, SH3KBP1 has po-
tential diagnostic and prognostic value. It consistently shows
high expression across multiple omics platforms, and ROC
analysis indicates its good discriminative ability, suggesting that
it could serve as an auxiliary diagnostic marker in tissue sec-
tion analysis or liquid biopsy. Moreover, its expression level is
correlated with patient survival, demonstrating its potential for
stratifying risks and guiding personalized treatment. SH3KBP1
primarily localizes to the cytoplasm and membrane, provid-
ing a feasible basis for developing small molecule inhibitors,
antibody-drug conjugates (ADCs), or other targeted strategies.
CRISPR functional dependency scores show that certain PDAC
cell lines are addicted to SH3KBP1, suggesting its potential ap-
plicability for patients with specific molecular subtypes. Com-
bining spatial expression patterns, future approaches could inte-
grate nanodrug delivery technologies to precisely target areas of
high expression, improving treatment selectivity and efficiency.

However, this study has certain limitations. All data come
primarily from secondary analyses of publicly available data-
bases, and although cross-validation across multiple platforms
enhances the credibility of the conclusions, experimental
evidence is lacking. Future research should further validate
SH3KBP1’s role in PDAC development through cell models
and animal experiments and clarify its mechanisms in such
pathways as EGFR, JAK/STAT, TGF-f, etc. Additionally, its
potential impact on the tumor immune microenvironment and
feasibility as a target for immune combination therapy war-
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Figure 7. Analysis of cell heterogeneity and SH3KBP1 expression in PDAC tissues based on single-cell sequencing data from
the NCBI SRA project (accession number: PRINA885258). (a) Sample quality control parameters, including the number of
genes (nFeature), number of UMIs (nCount), and mitochondrial gene ratio (MT.percent). (b) t-SNE dimensionality reduction map
showing the spatial distribution of different cell populations. (c) Pie chart showing the composition ratio of various cell types in
the sample. (d) DotPlot showing the expression levels and expression proportions of characteristic marker genes in each cell
population. (e) Expression distribution of SH3KBP1 in various cell populations (t-SNE map). (f) Inference of whether cells are
malignant based on single-cell CNV analysis, with the upper panel showing reference cells (e.g., T cells) and the lower panel
showing the CNV heatmap of other cells.
rants further exploration. A schematic diagram (Fig. 11) illus- activation of SH3KBPI1, resulting in its overexpression and
trates the proposed role of SH3KBP1 in PDAC pathogenesis. subsequent activation of downstream signaling molecules. El-

Loss or downregulation of CTCF may lead to transcriptional evated SH3KBP1 promotes EGFR-related signaling cascades,
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thereby enhancing cell proliferation, invasion, and EMT and
facilitating a motile and metastatic phenotype. Collectively,
this model suggests that the CTCF-SH3KBP1 regulatory axis
may play a crucial oncogenic role in PDAC by driving malig-
nant transformation and tumor progression.

In conclusion, this study systematically reveals SH3KBP1’s
high expression characteristics and multifunctional oncogenic
potential in PDAC, suggesting its important application pros-
pects as a molecular marker and therapeutic target. Future in-
depth mechanistic studies and clinical translation efforts may
promote its application in precision medicine for PDAC.

Limitations

This study has several limitations. All analyses relied on pub-

licly available datasets, which may have introduced selection
bias and data heterogeneity across platforms and cohorts. To
reduce these effects, standardized preprocessing and cross-
dataset validation were applied. The results are based mainly
on bioinformatics predictions and lack experimental valida-
tion; thus, future cellular and animal studies are needed to con-
firm SH3KBP1’s functional role in PDAC. Although the ap-
plied algorithms and statistical methods have been previously
validated, model performance may still be affected by dataset
composition. Further prospective and experimental studies are
required to strengthen these findings.

Acknowledgments

None to declare.

640 Articles © The authors | Journal compilation © World | Oncol and Elmer Press Inc™ | https://wjon.elmerpub.com



Sun et al

World ] Oncol. 2025;16(6):630-644

SN

TCGA PDAC OEG

SH3KBP1 TCGA co-expressed gene P < 0.05

CTCF
ETS1
ZEB1

SIN3A

SH3KBP1's possible transcription factor

TF Binding Prediction on SH3KBP1 (chrX)

b Score: 0.944
NM_001353891.2
ZEB1

Score: 0
XM_011545502.2
SIN3A &

Score: 0

XM_017029469. 1
ETS1 Z

Transcription Factor

Score: 1.23
NM_001353890.2
CTCF

19600000

19700000

Score
1.2

0.9
0.6
0.3

0.0

19800000 19900000

Genomic Position (bp)

Figure 9. Prediction analysis of potential transcription factors of SH3KBP1 based on the CDB database. (a) Venn diagram show-
ing the intersection of SH3KBP1-coexpressed genes (P < 0.05) in TCGA-PDAC, upregulated DEG, and TF targets in the PANC-1
cell line, screening out four candidate transcription factors (CTCF, ETS1, ZEB1, and SIN3A). (b) Binding sites and scoring of
transcription factors predicted by the CDB database in the SH3KBP1 promoter region (chrX).

Financial Disclosure

The authors state that this study and the preparation of the
manuscript received no financial support from any funding
body or organization, and there are no financial conflicts of
interest to disclose.

Conflict of Interest

All authors disclose no relevant conflict of interest.
Informed Consent

Not applicable.

Author Contributions

Jun Meng and Rui Zhuang Sun were responsible for the study

design and manuscript revision; Xiao Lian Xu and Yan Hua
Chen oversaw data collection and data analysis; and Rui
Zhuang Sun and Kun Peng Qiao undertook the manuscript
writing and revision. All authors have read and approved the
final version of the manuscript for submission.

Data Availability

The datasets generated and/or analyzed during the current
study are available in the referenced public databases.

Abbreviations

AUC: area under the curve; CDB: Cistrome Data Browser;
CEGs: co-expressed genes; ChIP: chromatin immunoprecipi-
tation; CNV: copy number variation; CRISPR: clustered regu-
larly interspaced short palindromic repeats; CTCF: CCCTC-
binding factor; DEG: differentially expressed gene; DepMap:
the Cancer Dependency Map; DSS: disease-specific survival,
EGFR: epidermal growth factor receptor; EMT: epithelial-

Articles © The authors | Journal compilation © World ] Oncol and Elmer Press Inc™ |  https://wjon.elmerpub.com 641



SH3-KBP| PDAC Model and CTCF Regulation

World ] Oncol. 2025;16(6):630-644

o
c

5 p =5.5e-51
—_—

(¢)

Sensitivity (TPR)

The expression of CTCF
Logy (FPKM+1)

The expression of CTCF
Log, (TPM+1)

19 0.2 ° ° Spearman
R=0.517
- P <0.001

0 - - 0.0 3 lo T T T T

Normal Tumor 0.0 0.21 . 0.4T ) 04?:PR 0.8 1.0 2 3 4 5 6
SRRclely (FERY The expression of SH3KBP1

d Log, (TPM+1)
19.550.000| 19,600,000

Suhad 4 T

CTCF

OMIM Gene Pw\oxiﬁ Dark Geeen Can Be Dueasccns.ﬁ

ENCOO? Candidate Cis-Regulatory Elements cCREs) combined from all cell types

HIK27Ac Mark (Often Found Near Regulatory Elements) on 7 celllines from ENCODE

swakep | |‘ wit by ”

Genetc Varants rom »sm" release

Shon
(UIEIR LR CRRT AL R

15¢

<
00 0 R 0

Figure 10. Expression characteristics of CTCF in PDAC and its correlation with SH3KBP1. (a) Analysis of CTCF expression
difference between normal tissues and tumor tissues in the TCGA database (Log,(FPKM+1)). (b) ROC curve evaluating the
diagnostic efficacy of CTCF for PDAC (AUC). (c) Spearman correlation analysis of SH3KBP1 and CTCF expression levels in
PDAC samples (Log,(TPM+1)). (d) ChIP-seq enrichment map of CTCF in the SH3KBP1 gene region (hg38 reference genome),
showing its potential binding sites and transcriptional regulatory regions.

CTCF LOSS

3

( SH3KBP1 )

Cell proliferation

@C:)@ 2
@

Role of SH3KBP1in cancer
development

SH3KBP1

expenection

PLS8

R(E-

Motile state

Figure 11. Schematic diagram of the role of SH3KBP1 in the PDAC.

642

mesenchymal transition; FPKM: fragments per kilobase of
transcript per million mapped reads; GEO: Gene Expression
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