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Abstract

Background Gastric cancer, recognized as one of the most lethal malignancies globally, progresses through a
complex, multi-stage development. Elucidating the pathogenic mechanisms behind gastric carcinogenesis and
identifying early diagnostic biomarkers are pivotal for decreasing the prevalence of gastric cancer.

Methods Using datasets on gastric cancer and its transformation from gastritis, we employed machine learning to
create an early diagnostic model, identifying key genes and evaluating accuracy. We prioritized genes in the gastritis-
to-cancer progression, identifying a central driver gene. Pathway analysis revealed its transformation role. Tissue
microarrays and rat models validated the driver genes and networks, confirmed in cell and organoid models. We

also identified cell types secreting CHI3L1 using single-cell RNA sequencing and multiplex immunohistochemistry,
exploring their prognostic significance.

Results We identified 12 driver genes potentially involved in the gastritis-to-cancer transformation, with CHI3L1,
MMP12, CXCL6, IDO1, and CCL20 emerging as the top five genes via a early gastric cancer diagnostic model. CHI3L1
was pinpointed as the central driver across the gastritis-to-cancer spectrum, with its upregulation, along with CD44,
[-catenin, and c-Myc, noted in gastric precancerous lesions. In vitro and organoid studies revealed CHI3L1’s role in
activating the CD44-3-catenin pathway to induce malignancy. Furthermore, our findings indicate that fibroblasts and
dendritic cells are the principal sources of CHI3L1 secretion, a factor that is associated with poor prognosis in gastric
cancer.

Conclusions This study highlights CHI3L1 as a key gene driving the progression from gastritis to gastric cancer,
primarily by activating the CD44-3-catenin pathway, which enhances malignant cell traits. CHI3L1 is mainly secreted
by fibroblasts and dendritic cells, and its high levels are linked to poor gastric cancer prognosis.
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Introduction

Gastric cancer (GC) is recognized as one of the most
lethal malignancies worldwide, with its pathogenesis
following a sequential multistage process that includes
chronic non-atrophic gastritis, chronic atrophic gastri-
tis, intestinal metaplasia, dysplasia, and ultimately carci-
noma [1]. Understanding the pathological mechanisms
underlying gastric carcinogenesis and identifying early
diagnostic biomarkers are crucial for reducing the inci-
dence of GC [2]. Currently, the principal driver genes and
the fundamental pathological mechanisms involved in
the progression from gastritis to GC are not sufficiently
understood [3]. Therefore, it is crucial to analyze GC
datasets in conjunction with datasets pertaining to the
transformation from gastritis to cancer in order to iden-
tify the key driver genes implicated in this transition [4,
5]. This analytical approach facilitates the development of
a diagnostic model that assists in the early detection of
GC, thereby enabling timely intervention.

The initiation and development of GC are intricately
linked to inflammatory responses, characterized by tran-
sitions from gastritis to carcinogenesis. Chronic inflam-
mation orchestrates a variety of cellular outcomes,
including the loss of epithelial cell polarity, disruption of
intercellular junctions, and detachment from the base-
ment membrane [6-8]. These changes precipitate epi-
thelial-mesenchymal transition (EMT), migration, and
invasion [9]. Gastric precancerous lesions (GPL), such
as intestinal metaplasia and dysplasia, constitute pivotal
stages in the malignant transformation from chronic gas-
tritis to GC [10]. Gastric epithelial cells, when stimulated
by various cytokines, undergo transdifferentiation into
intestinal and dysplastic phenotypes, a process that is
accompanied by increased proliferation [11]. Elucidating
the molecular mechanisms underlying abnormal cell pro-
liferation and differentiation in the premalignant phase
is crucial for understanding the pathogenesis of GC and
identifying potential therapeutic targets.

A substantial body of research has employed advanced
sequencing technologies, including genomics and tran-
scriptome sequencing, to identify potential biomark-
ers linked to the diagnosis and prognosis of GC, such
as COL4A1, Chitinase-3-like protein-1 (CHI3L1), and
various miRNAs. Nonetheless, there is a relative scarcity
of studies concentrating on the gastritis to cancer trans-
formation [12-14]. In this study, we employed datasets
to investigate biomarkers throughout the pathological
progression from inflammation to cancer. Utilizing bio-
informatics and machine learning techniques, we devel-
oped a diagnostic model for GC, identified key driver
genes, and determined CHI3L1 as the central driver gene
in the transformation. To further investigate the under-
lying mechanisms, we developed a rodent model of gas-
tric mucosal carcinogenesis and assessed the expression
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levels of key driver genes, focusing on the CHI3L1 related
pathway. Subsequently, we generated human GPL cells
and organoids to validate the role of CHI3L1 in regulat-
ing downstream pathway and promoting malignancy.
Furthermore, we conducted an analysis of the specific
cell types responsible for the secretion of CHI3L1 and
evaluated the correlation between its expression levels
and the prognosis of GC.

Materials and methods

Gene expression profiling data acquisition

Obtain the GPL dataset (GSE55696) [15] and GC data-
sets (GSE66229 [16], GSE79973 [17]) from the Gene
Expression Omnibus Database (GEO). The GSE55696
dataset contains 20 chronic gastritis (CG) samples, 19
low-grade intraepithelial neoplasia (LGIN) samples, 20
high-grade intraepithelial neoplasia (HGIN) samples, and
19 early gastric cancer (EGC) samples. The GSE66229
dataset contains 100 normal samples and 300 GC sam-
ples. The GSE79973 dataset serves as the validation set,
consisting of 10 normal samples and 10 GC samples. Pre-
process the three datasets separately and use the “limma”
package [18] for standardization and normalization for
quality control. Samples were merged by “ComBat” in the
“sva” package with the algorithm for batch correction.

Screening of diagnostic biomarkers for the transformation
of gastritis to cancer

We aimed to identify genes associated with the trans-
formation characteristics of chronic gastritis from
inflammation to cancer. Based on the literature and pre-
vious research [19], we conducted Weighted Gene Co-
Expression Network Analysis (WGCNA) analysis on the
GSE55696 dataset containing gastritis to cancer trans-
formation samples (CG-LGIN-HGIN-EGC) [20]. Use a
soft threshold of 1-20 for topology calculation to deter-
mine the optimal soft threshold. Transform the relation-
ship matrix into an adjacency matrix, and then further
transform it into a topological overlap matrix (TOM).
To classify TOM-based modules, use the average linkage
hierarchical clustering method, with each module con-
taining no less than 60 genes. Similar modules were sub-
sequently merged. Finally, the Pearson method was used
to calculate the correlation between the merged module
and the features of inflammatory cancer transformation
disease, and the module with the strongest positive cor-
relation with the features was selected as the core mod-
ule. In addition, we define gene significance (GS) as a
measure of the association between a single gene and a
target trait, and module membership (MM) as a mea-
sure of the correlation between gene expression profiles
and the principal components of a given module. Simul-
taneously, we performed differential gene expression
(DEGs) analysis on GSE66229 data using the “limma”
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package, comparing the differentially expressed genes
between normal samples and GC tissue samples. The cri-
teria were defined as P.adj.value <0.05 and logfC=0.585.
LogFC>0.585 is defined as an up gene, logFC<0.585 is
defined as a down gene, and the remaining genes are not
included in subsequent studies. Intersection of WGCNA
and DEGs to obtain candidate genes for diagnostic bio-
markers of inflammatory-cancer transformation.

Gene ontology (GO) and Kyoto encyclopedia of genes and
genomes (KEGG) enrichment analysis and gene expression
The “clusterProfiler 4.12.6” package [21] was utilized for
enrichment analysis of diagnostic biomarkers, employ-
ing both GO and the KEGG databases. We use GO to
annotate the biological processes, molecular functions,
and cellular components of genes. Use KEGG to anno-
tate gene pathways. When P.adj.value <0.05, enrichment
has statistical significance. For candidate genes, use the
limma package to extract expression levels for intergroup
comparison differences.

Construct the transformation progression stage model

In order to clarify the role of gastritis-to-cancer biomark-
ers in the diagnosis of GC, we constructed a GC diag-
nostic model based on random forest (RF) [22], support
vector machine (SVM) [23], extreme gradient boosting
(XGBoost) [24], and generalized linear model (GLM)
[25]. The “DALEX” package [26] was used to explain
the model, calculate the residual reverse accumulation
of the four methods, and compare the Receiver operat-
ing characteristic (ROC) curves of the model’s diagnos-
tic efficiency. The samples were randomly divided into
the training and validation groups in a 7:3 ratio. We cre-
ated four classification models by 5-fold cross-validation
using the “train” function in the “caret” package. The
importance of each gene calculated by the four methods
was scored and ranked. Select the top 5 genes in terms
of importance as the key for subsequent evaluation and
validation of model diagnostic efficiency. At the same
time, in order to determine the role of model genes in the
process of gastritis-to-cancer transformation, we con-
structed diagnostic models for CG, LGIN, HGIN, and
EGC based on each stage of evolution. And drew Venn
plots by taking the intersection of the top five genes of
importance in all stages of CG-LGIN-HGIN-EGC-GC
to identify the core driving genes that stably play a role
throughout the entire stage.

Diagnostic model efficiency and validation

Use the “rms” and “ggDCA” packages to build the nomo-
gram, calibration, and decision curve analysis (DCA)
curves of the diagnostic model to test its diagnostic effi-
ciency. In order to further evaluate the accuracy of the
GC diagnostic model, we used the data from GSE79973
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as the validation set to validate the GC diagnostic model
and assess its accuracy and stability in prognosis.

Enrichment analysis of core driver genes and protein-
protein interaction (PPI) network

To further investigate the gene sets that were identi-
fied as key drivers in EGC samples using the aforemen-
tioned technique, we used Gene Set Enrichment Analysis
(GSEA) [27] to examine the pathways and processes that
might promote the emergence of GC. And through the
STRING website (https://string-db.org/), perform inte
raction analysis between proteins enriched in pathways
and driver gene proteins and construct an interaction
network.

Prognostic and immunological analysis of target gene
CHI3L1

The high and low expression of the CHI3L1 gene on the
prognosis and survival of GC patients were obtained
from the Kaplan-Meier Plotter (https://kmplot.com/an
alysis/) database [28] and the BEST (https://rookieutopi
a.hiplot.com.cn/app_direct/BEST/) database [29], respe
ctively. The single-cell resolution data analysis was con-
ducted using the GSE167297 dataset [30] integrated from
the Single cell and Spatially resolved Cancer Resources
(SCAR) (http://scaratlas.com/) database [31]. Cell quality
control was performed using the “Seurat” [32] standard
with 200 < nFeatures <6000 and MT < 10%. Normalize the
gene expression matrix and identify highly variable genes
using the ‘NormalizeData’ and ‘FindVariable Features’
functions, respectively, and perform principal compo-
nent analysis (PCA) dimensionality reduction clustering
and clustering. Observe the expression of CHI3L1 and
CD44 in specific cell populations.

Immunohistochemical staining

The human GC tissue microarrays were purchased
from Shanghai Outdo Biotech, China. De-wax the tis-
sue microarray in an oven at 63°C for one hour. Perform
antigen retrieval, anti-CHI3L1 antibody incubation, and
secondary antibody incubation sequentially. Use the
automated immunohistochemistry instrument with the
specified program from the “Autostainer Link 48 Oper-
ating Instructions” Stain with hematoxylin for 1 min,
mount with neutral balsam, and scan the images using
the Aperio scanner (Aperio XT, LEICA). HistoScore =
((1x% weakly stained cells) + (2x% moderately stained
cells) +(3x% strongly stained cells)).

The gastric mucosa of the rats was subjected to mul-
tiple immunohistochemical staining. Utilizing tyramide
signal amplification (TSA) technology, the concurrent
labeling of three distinct proteins within a single tis-
sue section was accomplished. The procedure involves
the following steps: dewaxing paraffin sections to water,
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performing antigen retrieval, blocking endogenous per-
oxidase activity with hydrogen peroxide, blocking non-
specific binding with serum, applying the anti-a-SMA
antibody (Servicebio, GB111364, ) and the HRP-labeled
goat anti-rabbit antibody, applying the appropriate
TSA reagent, conducting microwave treatment, repeat-
ing serum blocking, repeating the above steps and
successively applying the anti-CD11lc antibody (Ser-
vicebio, GB11059), and anti-CHI3L1 antibody (Protein-
tech, 12036-1-AP). The cell nuclei were stained with
DAPI, autofluorescence was quenched, and the slides
were mounted. Subsequently, the scanning was con-
ducted utilizing a Pannoramic MIDI scanner (Hungary,
3DHISTECH).

Rat model

Specific-pathogen-free (SPF) male Wistar rats, aged 4-5
weeks and weighing between 90 and 120 g, were pro-
cured from Sibef Biotechnology Co., LTD. (Beijing). The
experimental procedures received approval from the Ani-
mal Research Ethics Committee of Beijing University of
Chinese Medicine. Based on our team’s prior research on
model generation, a quadrifactorial protocol incorporat-
ing 1-Methyl-3-nitro-1-nitrosoguanidine (MNNG) was
utilized to induce a gastric mucosal carcinogenesis model
in the rodent subjects [33]. The control group was sup-
plied with standard SPF-grade chow and potable water,
while the model group underwent a series of sequential
interventions. Beginning in the first experimental week,
the rodents in the model group were given ad libitum
access to a 120 pg/mL MNNG potable solution and a diet
of SPF-grade chow supplemented with 0.05% ranitidine, a
histamine H2-receptor antagonist. In the following week,
an irregular dietary regimen was introduced to simulate
feast-famine cycles. In the third week, a 2% sodium salic-
ylate solution was administered intragastrically.

Cell model

Human GES-1 cells were procured from Wuhan Ser-
vicebio Technology Co., Ltd. and cultured in Dulbec-
co’s Modified Eagle Medium (DMEM; Thermo Fisher,
USA) supplemented with 10% fetal bovine serum (FBS;
Hyclone, USA), 100 U/mL penicillin, and 100 pg/mL
streptomycin (Thermo Fisher). Human AGS cells were
obtained from the Cell Bank / Stem Cell Bank of the
Chinese Academy of Sciences and cultured in RPMI-
1640 medium (Thermo Fisher) with 10% FBS (Hyclone,
USA), 100 U/mL penicillin, and 100 pg/mL streptomycin
(Thermo Fisher). MC cells were established as previously
described [34]. In brief, the GES-1 cells were cultured
to a density of 2x10° cells/dish. During the logarithmic
growth phase, the culture medium was replaced with
DMEM complete medium containing 20 pm of MNNG.
After 24 h of culture, the MNNG-containing medium
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was discarded, and the cells were then cultured in
DMEM complete medium supplemented with 10% fetal
bovine serum at 37°C and 5% CO,. The GPL cells (MC)
were obtained after approximately one week of culture.

Cell Counting Kit-8 and wound healing assay

Seed cells into a 96-well plate and incubate overnight
to allow for cell adhesion. Subsequently, based on prior
research [35], 500 ng/mL of CHI3L1 was added to the
culture medium, and the treatment was maintained for
72 h. Following this incubation period, add 10 pL of Cell
Counting Kit-8 (CCK-8) solution to each well and return
the plate to the incubator for an additional hour. Measure
the optical density (OD) of each well at a wavelength of
450 nm using a microplate reader. Finally, calculate cell
viability based on the obtained absorbance values.

Cells cultured in a 6-well plate were subjected to a
scratch assay using a 10-pL pipette tip. Subsequently,
500 ng/mL of CHI3L1 was administered and incubated
for 24 h at 37°C. Images were captured using a 4xobjec-
tive lens on a microscope (Zeiss, Germany). The scratch
area was quantitatively analyzed using Image ] software
(National Institutes of Health, USA), and the results were
expressed as the percentage of wound closure. The per-
centage of wound closure was calculated using the for-
mula: ((0 h area —12/24 h area) / 0 h area)x100%.

Western blot

The protein samples of tissues and cells were fraction-
ated via SDS-PAGE and subsequently electrotransferred
onto PVDF membranes. The membranes were initially
incubated in TBST buffer supplemented with 5% non-
fat milk to block non-specific binding sites, followed by
incubation with the indicated primary antibody. Western
blot analysis was performed using anti-CHI3L1 (Protein-
tech, 12036-1-AP), anti-CD44 (Proteintech, 60224-1-Ig),
anti-B-catenin (BD, 610154), anti-c-Myc (Proteintech,
10828-1-AP), and anti-B-actin (Proteintech, 66009-1-
Ig). Subsequently, the membranes were probed with the
corresponding secondary antibody. Protein bands were
detected using a chemiluminescent substrate (Bio-Rad)
and quantified with an Imaging System (Qingxiang,
China).

RNA sequencing

The tissue lysates from rats were prepared using an RNA
lysis buffer (Promega). The extracted RNA was then com-
bined with purification beads to enhance its purity. Fol-
lowing successful quality control, the subsequent steps of
library construction and sequencing were conducted by
Shanghai OE Biotech Co., Ltd. (China). Subsequent data
processing and analysis were conducted on the OE cloud
platform.
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Human gastric mucosa derived organoid culture

The human gastric mucosa samples were obtained from
patients who underwent gastroscopy examination at
Dongfang Hospital of the Beijing University of Chi-
nese Medicine (Beijing, China). Informed consent was
obtained from all participants, and all procedures were
conducted in compliance with the ethical standards and
approval of the institutional review and ethics boards of
Beijing University of Chinese Medicine (Approval Num-
ber: JDF-IRB-2023031702). The protocol for culturing
organoids derived from human gastric mucosa was based
on established methodologies as detailed in published lit-
erature [36]. The gastric mucosal tissue was precisely sec-
tioned using a scalpel and subsequently incubated in 10
mL of chelation buffer solution containing 10 mM EDTA
at 37 C for 10-15 min. Post-incubation, the mixture was
allowed to settle for one minute, and the supernatant was
then discarded. Subsequently, 5 mL of pre-cooled Dul-
becco’s Phosphate-Buffered Saline (DPBS) was added,
and the tissue was gently pipetted up and down multiple
times. The supernatant was collected and subjected to
centrifugation at 4 ‘C and 300 g for 3 min to isolate the
pellet. The gastric glands were then resuspended in 50 puL
of matrix gel. This suspension was seeded into a 24-well
plate and incubated in a cell culture incubator for 30 min
prior to the addition of complete culture medium.

Organoid Immunofluorescence staining

Organoids were seeded into Lab-Tek II 4-Well Sterile
Chamber Slides and subsequently fixed with 3.7% form-
aldehyde at room temperature for 30 min. This was fol-
lowed by three washes with phosphate-buffered saline
(PBS). Permeabilization was achieved using 0.2% Triton
X-100 for 15 min, after which the samples were blocked
with PBS containing 1% bovine serum albumin (BSA)
and 0.2% Triton X-100 for 30 min. Primary antibodies,
including anti-B-catenin (BD, 610154), anti-phospho-p-
catenin (CST, 9567 S), anti-CD44 (Proteintech, 60224-
1-Ig), and anti-c-Myc (Proteintech, 10828-1-AP), were
incubated overnight at 4 °C, followed by washes with
PBS. Subsequently, secondary antibodies were incubated.
The indicated antibody was incubated overnight at 4 C
again, followed by incubation of corresponding second-
ary antibody. Finally, DAPI was incubated at room tem-
perature, and images were captured using a Nikon AX
confocal microscope (Nikon, Japan).

Data analysis

The bioinformatics analysis from the public databases
was implemented based on R version 4.3.0. All experi-
mental data were subjected to statistical analysis and
visualized using GraphPad Prism 8 (GraphPad Software).
Measurement data are presented as the mean + standard
error of the mean (SEM). The Student’s t-test compared
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two samples, while One-Way ANOVA compared mul-
tiple samples, followed by the Tukey test for significant
results. Each experiment was independently replicated
three times, and a p-value of less than 0.05 was consid-
ered to indicate statistical significance.

Results

Identification of biomarkers indicative of the progression
from gastritis to cancer

The flowchart is shown in Fig. 1. Initially, we selected
364 differentially expressed genes from the GC dataset
GSE66229 (Fig. 2A) to identify key genes involved in GC
development. Concurrently, we employed the WGCNA
method to analyze the GSE55696 dataset, which per-
tains to the transformation from gastritis-to-cancer, in
order to extract gene clusters associated with transforma-
tion characteristics. A threshold of 180 was determined
in accordance with the WGCNA method, and 7 outlier
samples (GSM1341906, GSM1341900, GSM1341913,
GSM1341907, GSM1341908, GSM1341905, and
GSM1341914) were excluded from the analysis (Fig-
ure S1A). The optimal soft threshold is 12 (Figure S1B).
Based on the similarity between modules, a total of 19
modules were obtained (Figure S1C-D). Among them,
the cyan module gene showed the strongest correlation
with the gastritis-to-cancer transformation (R=0.65,
p<0.01, Fig. 2B). We intersected and overlapped genes
related to the transformation of gastritis-to-cancer with
differentially expressed genes in GC and ultimately iden-
tified 12 driver genes (PLA2G7, CXCL1, CXCL6, CHI3L1,
SPP1, MMPI12, TREMI1, MMP7, CXCLS, IDO1, CCL20,
KRT23) that ultimately lead to carcinogenesis (Fig. 2C).
These genes are likely to play significant roles in the
molecular mechanisms underlying gastritis-to-cancer
transformation. GO and KEGG enrichment analyses
revealed that 12 genes are predominantly associated with
various immune cell chemotaxis responses, chemokine
activity, and cancer-related pathways (Fig. 2D-E).

Constructing a EGC diagnosis model through four types of
machine learning

We compared the expression levels of 12 driver genes in
the GSE55696 dataset at four stages of gastritis-to-cancer
transformation. Besides the MMP7, CCL20, CXCL1, and
KRT?23 genes, the results showed that the mRNA expres-
sion levels of the other 8 genes generally went up as the
disease got worse (Fig. 3A). To further screen genes that
play a key role in GC diagnosis, we constructed a GC
diagnosis model based on machine learning algorithms to
identify 12 genes. We used four analysis methods, includ-
ing REF, SVM, XGBoost, and GLM, among the 12 candi-
date genes. The findings indicated that the SVM method
employed in the construction of the GC diagnostic model
exhibited the lowest residual and reverse cumulative
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values (Fig. 3B-C), and the ROC curve demonstrated
that the SVM diagnostic model had the highest accuracy
(AUC=0.98, Fig. 3D). Simultaneously, we evaluated and
quantified the significance of the feature genes identified
by the SVM model (Fig. 3E). Subsequently, we selected
the top five genes with the highest importance scores for
further investigation (CHI3L1, MMPI12, CXCL6, IDOI,
and CCL20).

Validation of diagnostic models

Based on the 5 key genes extracted earlier, we reevalu-
ated the diagnostic efficacy, and the results showed that
the accuracy of the GC diagnostic model was excellent
(AUC=0.941, Fig. 4A). The diagnostic efficacy of CXCL6

and CHI3L1 was excellent (AUC=0.913, AUC=0.896,
Fig. 4B) in evaluating the value of 5 key genes. We used
these 5 genes to construct a column chart to evaluate
individual gene factors (Fig. 4C). The predicted values
in the column chart and the actual observed values are
pretty close to each other, as shown by the calibration
curve. The DCA curve also shows that the model has
good net clinical benefits (Fig. 4D-E).

To determine the expression levels of 5 genes in GC,
we compared the mRNA expression differences between
normal samples and GC tissue samples using the
GSE66229 dataset. The results indicated that, relative to
normal samples, the expression levels of 5 genes were sig-
nificantly elevated in GC samples (Fig. 4F). Meanwhile,
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Fig. 4 Validation of diagnostic models. (A) ROC curve illustrating the comprehensive diagnostic efficacy of the top five key genes within the model. (B)
ROC plots illustrating the diagnostic efficacy of five key genes within the model. (C) A column chart constructed based on key genes. (D) Calibration curve
of column chart. (E) DCA curve chart evaluates the accuracy and clinical benefits of column chart predictions. (F) Comparison of key genes in normal

and GC tissues. ***p <0.001
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we evaluated the accuracy of the GC diagnostic model
in the validation set GSE79973, and the ROC curve
showed that the accuracy of the model diagnosis was
relatively stable (AUC=0.778, Figure S2A). The diagnos-
tic performance of 5 key genes in the model showed that
CHI3L1 and IDO1 had excellent diagnostic performance
(AUC=0.77, AUC=0.73, Figure S2B). The nomogram
constructed from key genes shows relatively stable pre-
dictive ability in the column chart (Figure S2C). At the
same time, the calibration, based on the results from the
nomogram and the DCA, demonstrates robust predictive
performance. Furthermore, its application holds signifi-
cant value for practical clinical decision-making (Figures
S2D-E).

Development of diagnostic models and identification of
key targets in the progression from gastritis-to-cancer
Identifying the key driving genes that facilitate the pro-
gression from gastritis-to-cancer is crucial for eluci-
dating the mechanisms underlying carcinogenesis.
Consequently, employing the same methodology utilized
for the construction of a GC diagnostic model, we devel-
oped a diagnostic model for each stage of the gastritis-
to-cancer transformation continuum, specifically based
on CG-LGIN-HGIN-EGC. And by observing the residu-
als and reverse accumulation plot, appropriate machine
learning methods are determined to rank the importance
of genes in the model, and ROC curves are used to evalu-
ate the accuracy of the model and the role of each gene in
the model. The ROC curve serves as a crucial instrument
for assessing the performance of dichotomous models,
particularly due to its capacity to directly illustrate the
model’s generalization ability across varying classification
thresholds. The Area Under the Curve (AUC) is quanti-
fied as the area beneath the ROC curve and functions
as a metric for evaluating the learner’s performance. A
higher AUC value indicates superior model performance.

The results showed that in the construction of the
LGIN diagnostic model, the residual and reverse cumula-
tive values of the SVM method were the lowest (Figures
S3A-B), and the ROC curve demonstrated that the SVM
diagnostic model had the highest accuracy (AUC=0.72,
Figure S3C-D). The top five genes CHI3L1, IDO1, MMP7,
SPP1, and KRT23 overall had good diagnostic accuracy in
the model (AUC=0.687, Figure S3E), among which the
IDOI1, MMP7, and CHI3L1 genes had excellent diagnos-
tic performance (AUC=0.634, AUC=0.619, AUC = 0.596;
Figure S3F).

The XGBoost method has the lowest residual and
reverse cumulative values according to the HGIN diag-
nostic model’s construction findings (Figures S4A-B). The
SVM diagnosis model also exhibited the best accuracy,
as seen by the ROC curve (AUC=0.9, Figures S4C-D).
In the model, the top five genes—KRT23, CXCLI, SPPI,
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CXCL6, and CHI3LI—had strong diagnostic accuracy
(AUC=0.821, Figures S4E). CHI3L1 and KRT23 genes,
in particular, showed great diagnostic performance
(AUC=0.788, AUC =0.734; Figure S4F).

The SVM method demonstrated the lowest residual
and reverse cumulative values (Figures S5A-B) and
exhibited superior accuracy (AUC =0.833, Figure S5C-D)
in the construction of the EGC diagnostic model. In the
model, the top five genes—TMP12, PLA2G7, KRT23, and
CHI3L1—had high diagnostic accuracy (AUC=0.718,
Figure S5E). Among these genes, CHI3L1 and PLA2G7
had particularly strong diagnostic performance
(AUC=0.605, AUC=0.605; Figure S5F). Figure 5 A
shows the top 5 key genes from the diagnostic models of
gastritis-to-cancer transformation. CHI3L1 was obtained
as the core driver gene in the whole process of disease
evolution (CG-LGIN-HGIN-EGC-GC) throughout the
transformation (Fig. 5B).

To assess the significance of CHI3L1 in the progres-
sion from gastritis-to-cancer, we employed a human gas-
tric mucosal tissue microarray to evaluate the expression
levels of CHI3L1 across various pathological stages. As
illustrated in Fig. 5C-D, both GPL and GC mucosa dem-
onstrate elevated expression levels in comparison to nor-
mal mucosal tissue (p <0.05).

Enrichment analysis of CHI3L1 gene, PPl network
construction, and validation in rat model for gastric
precancerous lesions

EGC development is influenced by the Wnt/B-Catenin,
cell cycle, DNA replication, and stomach acid secretion
pathways, as shown by the single gene GSEA enrichment
study of CHI3L1 in early carcinogenesis (Fig. 6A). The PPI
analysis between the CHI3LI and pivotal genes within
the Wnt/B-catenin signaling pathway revealed a direct
interaction involving CHI3L1, CTNNBI1 (p-catenin),
and MYC(Fig. 6B). These findings indicate that CHI3LI
potentially facilitate the development of GC by modulat-
ing B-catenin and its downstream effector MYC within
the Wnt/p-catenin signaling pathway. To further sub-
stantiate the role of the core gene CHI3LI and associated
pathway proteins, we developed a rat model of GPL, as
illustrated in Figure S6A. Histological examination using
Hematoxylin and Eosin (HE) staining and Alcian Blue-
Periodic Acid-Schiff (AB-PAS) staining confirmed that
the pathological characteristics of the rat gastric mucosa
were consistent with those observed in GPL. In com-
parison to the control group, the gastric mucosa of the
GPL rats exhibited distorted and crowded glands, char-
acterized by cellular atypia, including enlarged, hyper-
chromatic nuclei, an elevated nuclear-cytoplasmic ratio,
and a loss of cellular polarity(Fig. 6C). Subsequently,
transcriptome sequencing was conducted on rat gastric
mucosal tissue (Fig. 6D-E), followed by the validation of
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key genes that had been previously identified and ranked
among the top 5 for diagnostic models at the gastritis-to-
cancer transformation process. The results demonstrated
that CHI3LI1 exhibited the most significant differential
expression (Figure S6B).

According to prior literature, CD44 serves as the recep-
tor for CHI3L1 and is implicated in the progression of
GC [35]. Consequently, we employed a heatmap to ana-
lyze the expression levels of CHI3L1, CD44, and proteins
associated with the Wnt/B-catenin signaling pathway.
The findings are presented in Fig. 6F. Additional valida-
tion of these findings was performed utilizing Western
blot analysis, which demonstrated a markedly elevated
expression of CHI3L1, CD44, B-catenin, and c-Myc in
GPL rats (Fig. 6G-H).

CHI3L1 activates the CD44-B-catenin pathway, promoting
malignancy in GPL cells

To elucidate the underlying molecular mechanisms by
which CHI3L1 influences the modulation of CD44 and
[B-catenin in the carcinogenic process, we initially gen-
erated a cell line model for GPL, termed MC cells, in
accordance with the methodology previously reported
[34]. Western blot analysis was employed to assess the
protein expression levels of CD44, -catenin, phosphory-
lated p-catenin (p-p-catenin), and c-Myc in human gas-
tric epithelial GES-1 cells, MC cells, and AGS cells. The
results indicated that the expression levels of CD44,
[-catenin, p-B-catenin, and c-Myc were significantly ele-
vated in both MC and AGS cells compared to GES-1 cells
(Fig. 7A-B).

Subsequently, we supplemented the MC cell culture
medium with 500 ng/mL of CHI3L1 and collected cell
samples at various time points for western blot analy-
sis. The findings indicated an upregulation in the pro-
tein levels of CD44, [B-catenin, p-B-catenin, and c-Myc
commencing from the second day of CHI3L1 treat-
ment (Fig. 7C-D). To further substantiate the impact of
CHI3L1 stimulation on the malignant phenotype of the
cells, we employed the CCK8 assay to assess cell viability
after CHI3L1 treatment. The findings demonstrated that
a 48-hour treatment with CHI3L1 at a concentration of
500 ng/mL significantly enhanced cellular proliferation
(p<0.01, Fig. 7E). Furthermore, in wound healing assay,
CHIBL1 was observed to increase cellular migration
capabilities (p <0.01, Fig. 7F-G).

The CD44-B-catenin-c-Myc signaling pathway is highly
active in GPL organoids
To further verify the activation of CD44-3-catenin-c-Myc
signaling pathway in GPL,

gastric mucosal samples were collected from patients
undergoing gastroscopy, and organoids were sub-
sequently constructed from the gastric mucosa of
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individuals diagnosed with chronic non-atrophic gas-
tritis (CNAG) and GPL. The comprehensive procedure
for the establishment of organoids is thoroughly docu-
mented in the literature [36]. Figure 8A shows the con-
struction process and morphology of isolated glands and
organoids under the light microscope. Organoids derived
from the gastric mucosa of CNAG patients demonstrated
well-polarized cellular cavities and spheroid structures.
In contrast, organoids derived from GPL exhibited
solid structures, a loss of cellular polarity, and irregu-
larly layered formations. Immunofluorescence stain-
ing of cultured organoids revealed that, in comparison
to organoids derived from CNAG, there was a marked
upregulation in the fluorescence intensity of CD44,
[-catenin, p-B-catenin, and c-Myc protein expression in
organoids from GPL (p<0.01, Fig. 8B-E). These findings
further corroborate the pronounced activation of the
CD44--catenin-c-Myc signaling pathway in GPL.

CHI3L1, mainly secreted by fibroblasts and dendritic cells,
is linked to poor prognosis in gastric cancer

Gene expression profiling at the single-cell resolution
is instrumental in elucidating cell type-specific gene
expression patterns. To analyze the cell types responsi-
ble for CHI3L1 secretion, we obtained 9 cell subpopula-
tions based on the GSE167297 dataset (Fig. 9A). CHI3L1
was mainly concentrated in fibroblasts and dendritic
cells (Fig. 9B), while CD44 was abundantly expressed
in various cell subpopulations, with the highest expres-
sion levels in CD8+ T cells, dendritic cells, and Macro/
Mono cells (Fig. 9C). The results of single gene coexpres-
sion showed a positive correlation between the expres-
sion levels of CHI3L1 and CD44 at single-cell resolution
(Fig. 9D).

To verify that CHI3L1 is predominantly secreted by
fibroblasts and dendritic cells, we performed multiple
immunohistochemical analyses on rat gastric mucosa.
We employed anti-a-SMA antibody to label fibroblasts,
anti-CD11c antibody to identify dendritic cells, and con-
currently stained for CHI3L1 to examine the distribu-
tion of fibroblasts, dendritic cells, and CHI3L1 within
the gastric mucosa. The findings revealed that fibroblasts
were ubiquitously distributed across the mucosal layer,
dendritic cells were predominantly localized in the lam-
ina propria of the mucosa, and CHI3L1 expression was
markedly observed throughout the entire mucosal layer
(Fig. 9E).

To elucidate the prognostic implications of varying
CHI3L1 expression levels in GC patients, we analyzed
survival outcomes using the GSE22377 dataset available
from the Kaplan-Meier Plotter database. The Kaplan-
Meier curve of survival results showed that the overall
survival rate (OS) of patients with low CHI3L1 expres-
sion was higher than that of patients with high expression
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Fig. 7 CHI3L1 activates the CD44-3-catenin pathway, promoting malignancy in GPL cells. (A) Western blot analysis of CD44, 3-catenin, p-3-catenin, and
c-Myc protein levels in GES-1, MC, and AGS cell lines. (B) Quantitative analyses are described in (A), and data are given as the Average +SEM. "*p>0.05,
*p<0.05, **p<0.01. (C) Western blot analysis of CD44, B-catenin, p-B-catenin, and c-Myc in MC cells treated with CHI3L1 (500 ng/mL) for 0, 2, 4, and 6
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(500 ng/mL) treatment for 72 h. Data are given as the Average +SEM, **p < 0.01. (F) Wound healing assay of MC cells with or without CHI3L1 (500 ng/
mL) stimulation (scale bar, 100 um). (G) Quantitative analyses of the wound healing assay are described in (F). All experiments were performed on three
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(p<0.05, Fig. 9F). Supplementary analysis was conducted
on the Disease - free survival (DFS) and Disease — specific
survival (DSS) results of GC patients obtained from the
BEST database and TCGA database. The patients exhib-
iting low CHI3L1 expression demonstrated superior DFS
and DSS outcomes compared to those with high CHI3L1
expression (p <0.05, Fig. 9G-H).

Discussion

In recent years, despite a decline in the incidence of
GC, the prevalence of the disease remains considerable,
contributing significantly to the global disease burden.
Consequently, the pursuit of early prediction and diag-
nosis of GC continues to be a critical strategy for reduc-
ing its incidence. GC, a common digestive malignancy,
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evolves from gastritis to carcinoma, with GPL being the
last stage and independent risk factors for GC develop-
ment [37, 38]. Studying this phase can reveal the mecha-
nisms behind this transformation and help identify early
intervention targets for GC [39]. Our study integrated
machine learning techniques with dataset analyses per-
taining to GC and gastritis-to-cancer transformation,
ultimately identifying CHI3L1 as the pivotal driver gene
throughout the gastritis-to-cancer continuum. Sub-
sequently, we conducted an in-depth analysis of the
CHI3L1-related pathway and verified its downstream
signaling, and associated malignant cell phenotypes. Fur-
thermore, we characterized the cell types responsible for

CHI3L1 secretion and found CHI3L1 is associated with
poor prognosis in GC.

The progression from chronic gastritis to GC adheres
to a multi-step, multi-factorial cascade reaction model
[40, 41]. As this cascade progresses, the risk of develop-
ing GC incrementally increases. Strategies of primary
prevention focus on improving the detection and eradi-
cation of the Helicobacter pylori [42]. Although the wide-
spread use of endoscopic screening enables the early
detection of GC, its invasive nature limits its broader
adoption and application [43]. Numerous researchers are
investigating biomarkers that could potentially replace or
complement gastroscopy, with the objective of facilitating
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Fig. 9 CHI3L1, mainly secreted by fibroblasts and dendritic cells, is linked to poor prognosis in gastric cancer. (A) Cell subpopulation clustering results
of GSE167297 dataset. (B) The expression distribution of CHI3L1 at single-cell resolution. (C) The expression distribution of CD44 at single-cell resolution.
(D) The co expression results of CHI3LT and CD44 in single cells. (E) Co-immunofluorescence staining for a-SMA, CD11¢, and CHI3L1 in control and GPL
rat gastric mucosa (scale bar, 100 um). (F) Differences in prognostic outcomes among patients with high and low expression of CHIL31 in the GSE22377
dataset. (G) DFS survival outcomes of patients with high and low CHIL31 expression in the TCGA database. (H) The DSS survival outcomes of patients with

high and low CHIL31 expression in the TCGA database

the early detection of GC [39, 44, 45]. Our study identi-
fied 12 driver genes (PLA2G7, CXCL1, CXCL6, CHI3L1I,
SPP1, MMPI12, TREMI1, MMP7, CXCLS, IDO1, CCL20,
KRT23) that contribute to carcinogenesis during the pro-
gression of chronic gastritis-to-cancer transformation.
Additionally, we developed an EGC diagnostic model
utilizing 4 types of machine learning algorithms. Among
these models, the SVM method demonstrated the low-
est residual and reverse cumulative values, as well as the
highest accuracy. Notably, the genes of CHI3L1, MMPI2,
CXCL6, IDOI, and CCL20 exhibited the highest impor-
tance scores in the model. This indicates their potential
utility in constructing a more precise early diagnostic
model for GC, thereby facilitating the timely detection of
the disease in its initial stages.

CHI3L1, also referred to as YKL-40, belongs to the
evolutionarily conserved 18-glycosyl-hydrolase protein
family and is expressed in a diverse array of cell types,
including endothelial cells, macrophages, neutrophils,
chondrocytes, fibroblasts, and epithelial cells [46, 47].
CHI3L1 is intricately associated with the onset and pro-
gression of various inflammatory diseases and inflam-
mation related tumors [48, 49]. In the context of GC,
CHI3L1 is upregulated and positively correlated with
the depth of tumor invasion, lymph node status, and
tumor staging [50, 51]. CHI3L1 interacts with its recep-
tor CD44, leading to the activation of the AKT and ERK
pathways and the phosphorylation of [-catenin. This
interaction promotes malignant phenotypes [35]. CD44,
a single-pass transmembrane glycoprotein, is expressed
on embryonic stem cells, connective tissue, and bone
marrow cells. Elevated expression of CD44 has been
observed in individuals with gastric lesions that have pro-
gressed along the gastric precancerous cascade, as well
as in those with Helicobacter pylori-positive gastritis [52,
53]. CD44 is upregulated in malignant cells and acts as a
marker for gastric stem cells. Activated by CHI3L1, CD44
affects the cell cycle, proliferation, differentiation, EMT,
and metabolism via Wnt/p-catenin, PI3K/AKT, and ERK
signaling pathways, which are crucial for GC progression
and metastasis [54—56].

Among these pathways, activation of the Wnt/pB-
catenin pathway leads to the accumulation of B-catenin in
the nucleus, promoting the expression of tumorigenesis-
related genes such as c-Myc, which is closely associated
with the development of GC [57]. The PI3K/AKT path-
way regulates cell growth, metabolism, and survival, and

is more closely linked to the progression of gastric can-
cer [58]. Activation of the ERK pathway is typically trig-
gered by the overexpression or mutation of growth factor
receptors (e.g., EGFR), contributing to enhanced cell pro-
liferation and survival [59]. In this study, we concentrate
on the GPL stage and demonstrate that CHI3L1 expres-
sion is significantly elevated in both GPL and GC tissues.
The significant release of CHI3L1 effectively regulates
the CD44-p-catenin-c-Myc signaling pathway in both in
vitro and in vivo models, which contributes to the pro-
motion of malignant cellular phenotypes. These findings
elucidate a potential mechanism underlying the trans-
formation from gastritis-to-cancer, thereby establishing
a theoretical foundation for the development of targeted
therapeutic agents aimed at this pathway. Naturally, there
remains considerable scope for the enhancement and
optimization of core gene acquisition algorithms based
on machine learning [60]. This includes refining the SVM
algorithm [61] for more effective gene selection, improv-
ing overall model performance, and integrating multiple
novel model combinations to collaboratively construct
more robust systems [62, 63]. Such advancements will be
instrumental in facilitating the identification and screen-
ing of more suitable potential targets.

Given the significant role of CHI3L1 in the progres-
sion from gastritis-to-cancer, we conducted an analysis
to identify the cell types responsible for its secretion. Our
findings indicate that CHI3L1 is predominantly secreted
by fibroblasts and dendritic cells, and its expression cor-
relates with poor prognosis in GC. This is consistent
with previous research that integrated proteomics and
transcriptome analysis, identifying plasma CHI3L1 as
a potential biomarker for patients with endoscopically
resectable GC [14]. Therefore, assessing the expression
levels of CHI3L1 can facilitate the identification of GPL
patients at elevated risk for progression to GC, while also
serving as a valuable reference for clinicians in the devel-
opment of treatment strategies. Future research should
focus on creating precise CHI3L1-targeted liquid biopsy
platforms using advanced methods to measure CHI3L1
in various biofluids [64]. Integrating these biomark-
ers with clinical and histopathological data via machine
learning techniques may lead to the development of a
robust diagnostic system, thereby improving the early
detection of EGC and facilitating timely interventions for
high-risk populations.
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Conclusion

This study highlights CHI3L1 as a key gene in the tran-
sition from gastritis to cancer, confirming its role in
promoting cancerous behavior through the CD44-p-
catenin-c-Myc pathway. Measuring CHI3L1 levels in
serum or body fluids could improve early detection and
intervention in EGC. Inhibiting the secretion levels of
CHIBL1 or targeting the blockade of its downstream
signaling pathways may represent a potentially effective
strategy for preventing the malignant progression, thus
warranting further investigation and validation.

Abbreviations

GC Gastric cancer

EMT Epithelial-mesenchymal transition
GPL Gastric precancerous lesions

GEO Gene Expression Omnibus

CG Chronic gastritis

LGIN Low-grade intraepithelial neoplasia
HGIN High-grade intraepithelial neoplasia
EGC Early gastric cancer

WGCNA  Weighted Gene Co-Expression Network Analysis
TOM Topological overlap matrix

GS Gene significance

MM module membership

DGE Differential gene expression

GO Gene Ontology

KEEG Kyoto Encyclopedia of Genes and Genomes
RF Random forest

SVM Support vector machine

DCA Decision curve analysis

PPI Protein-protein interaction

TSA Tyramide signal amplification

SPF Specific-pathogen-free

MNNG 1-Methyl-3-nitro-1-nitrosoguanidine
CCK8 Cell Counting Kit-8

ROC Receiver operating characteristic

AB-PAS Alcian Blue-Periodic Acid-Schiff
CNAG Chronic non-atrophic gastritis
0S Overall survival rate

DFS Disease —free survival

DSS Disease — specific survival

Supplementary Information
The online version contains supplementary material available at https://doi.or
g/10.1186/512967-025-06352-2.

Supplementary Material 1

Supplementary Material 2

Author contributions

Design and conception: TL, HZJ and XD; Data acquisition, data interpretation
and statistical analysis: TL, HZJ, YCG, MTL, YPJ, JNC, YNY, XYL, and YC;
Technical Support: MD, YL, JL, RHC, and YCL. Composition and revision of
the manuscript: TL and HZJ. All authors have read and approved the final
manuscript.

Funding

This study was supported by the National Natural Science Foundation
of China (No. 82305179 and 82374292) and China Postdoctoral Science
Foundation (Grant Number 2022M720520).

Page 18 of 20

Data availability

The data achieved and analyzed in the current study are available in the GEO
database (https://www.ncbi.nlm.nih.gov/geoy); further reasonable inquiries
can be directed to the corresponding author.

Declarations

Ethics approval and consent to participate
Ethics approval and consent to participate approval of this study has been
obtained at the Beijing University of Chinese Medicine’s Ethics Committee.

Conflict of interest
The authors declare no competing interests.

Author details

'School of Traditional Chinese Medicine, Beijing University of Chinese
Medicine, Beijing 100029, China

’Dongzhimen Hospital, Beijing University of Chinese Medicine,

Beijing 100700, China

*MOE Key Laboratory of Membraneless Organelle and Cellular Dynamics,
Hefei National Laboratory for Physical Sciences at the Microscale,
University of Science and Technology of China, Hefei 230027, China
“Dongfang Hospital, Beijing University of Chinese Medicine,

Beijing 100078, China

°National Institute of Traditional Chinese Medicine Constitution and
Preventive Treatment of Diseases, Beijing University of Chinese Medicine,
Beijing 100029, China

SResearch Center for Spleen and Stomach Diseases of Traditional Chinese
Medicine, Beijing University of Chinese Medicine, Beijing 100029, China

Received: 14 September 2024 / Accepted: 5 March 2025
Published online: 19 March 2025

References

1. Correa P Human gastric carcinogenesis: A multistep and multifactorial pro-
cess—First American Cancer society award lecture on Cancer epidemiology
and prevention. Cancer Res. 1992;52:6735-40.

2. Smyth EC, Nilsson M, Grabsch HI, van Grieken. NC and Lordick F. Gastric
cancer. Lancet. 2020,396:635-48.

3. Thrift AP, Wenker TN, El-Serag HB. Global burden of gastric cancer: epide-
miological trends, risk factors, screening and prevention. Nat Rev Clin Oncol.
2023;20:338-49.

4. Lee . Critical pathogenic steps to high risk Helicobacter pylori gastritis and
gastric carcinogenesis. World J Gastroenterol. 2014,20:6412-9.

5. JiaR Guo X, LiuH, Zhao F, Fan Z, Wang M, et al. Analysis of staged features of
Gastritis-Cancer transformation and identification of potential biomarkers in
gastric cancer. J Inflamm Res. 2022;15:6857-68.

6. Naumann M, Sokolova O, Tegtmeyer N, Backert S. Helicobacter pylori: A para-
digm pathogen for subverting host cell signal transmission. Trends Microbiol.
2017;25:316-28.

7. Meyer AR, Goldenring JR. Injury, repair, inflammation and metaplasia in the
stomach. J Physiol. 2018;596:3861-7.

8. Aghapour SA, Torabizadeh M, Bahreiny SS, Saki N, Far MAJ, Yousefi-Avarvand
A, et al. Investigating the dynamic interplay between cellular immunity and
tumor cells in the fight against cancer: an updated comprehensive review.
1JBC. 2024;16:84-101.

9. DenkD, Greten FR, Inflammation. The incubator of the tumor microenviron-
ment. Trends Cancer. 2022;8:901-14.

10.  Gullo|, Grillo F, Mastracci L, Vanoli A, Carneiro F, Saragoni L, et al. Precancer-
ous lesions of the stomach, gastric cancer and hereditary gastric cancer
syndromes. Pathologica. 2020;112:166-85.

11, Liabeuf D, Oshima M, Stange DE, Sigal M. Stem cells, helicobacter pylori, and
mutational landscape: utility of preclinical models to understand carcino-
genesis and to direct management of gastric cancer. Gastroenterology.
2022;162:1067-87.

12, Wang M, Jiang X, Xu S, Deng Y, Cao T, Cheng Y, et al. Identifying diagnos-
tic and prognostic differentially expressed genes of gastric cancer based
on bioinformatics analyses of RNA-seq data. Genet Test Mol Biomarkers.
2022;26:512-21.


https://doi.org/10.1186/s12967-025-06352-2
https://doi.org/10.1186/s12967-025-06352-2
https://www.ncbi.nlm.nih.gov/geo/

Li et al. Journal of Translational Medicine

20.

21

22.
23.
24,

25.

26.

27.

28.

29.

30.

32.

33.

34.

35.

36.

37.

(2025) 23:349

Deng S, Zhang X, Qin'Y, Chen W, Fan H, Feng X, et al. MiRNA-192 and-215
activate Wnt/beta-catenin signaling pathway in gastric cancer via APC. J Cell
Physiol. 2020;235:6218-29.

Min L, Zhu S, Wei R, Zhao Y, Liu S, Li P, et al. Integrating SWATH-MS proteomics
and transcriptome analysis identifies CHI3L1 as a plasma biomarker for early
gastric cancer. Mol Ther Oncolytics. 2020;17:257-66.

Xu X, Feng L, LiuY, Zhou WX, Ma YC, Fei GJ, et al. Differential gene expression
profiling of gastric intraepithelial neoplasia and early-stage adenocarcinoma.
World J Gastroenterol. 2014;20:17883-93.

Oh SC, Sohn BH, Cheong JH, Kim SB, Lee JE, Park KC, et al. Clinical and
genomic landscape of gastric cancer with a mesenchymal phenotype. Nat
Commun. 2018,9:1777.

He J,JinY, ChenY, Yao HB, Xia YJ, Ma YY, et al. Downregulation of ALDOB is
associated with poor prognosis of patients with gastric cancer. Onco Targets
Ther. 2016;9:6099-109.

Ritchie ME, Phipson B, Wu D, Hu Y, Law CW, Shi W, et al. Limma powers dif-
ferential expression analyses for RNA-sequencing and microarray studies.
Nucleic Acids Res. 2015:43:e47.

LiY, LiT, Chen J, Zheng H, Li Y, Chu F, et al. Manpixiao Decoction halted the
malignant transformation of precancerous lesions of gastric cancer: from
network prediction to In-Vivo verification. Front Pharmacol. 2022;13:927731.
Langfelder P, Horvath SWGCNA. An R package for weighted correlation
network analysis. BMC Bioinformatics. 2008;9:559.

Wu T, HuE XuS, Chen M, Guo P, Dai Z, et al. ClusterProfiler 4.0: A universal
enrichment tool for interpreting omics data. Innov (Camb). 2021;2:100141.
Breiman L. Random forests. Mach Learn. 2001;45:5-32.

Valkenborg D, Rousseau AJ, Geubbelmans M, Burzykowski T. Support vector
machines. Am J Orthod Dentofac Orthop. 2023;164:754-7.

ChenT, Guestrin C, XGBoost. A scalable tree boosting system. KDD '16: Pro-
ceedings of the 22nd ACM SIGKDD International Conference on Knowledge
Discovery and Data Mining, New York, NY, USA: ACM; 2016, pp. 785-794.
Nelder JA, Wedderburn RWM. Generalized linear models. J Royal Stat Soc Ser
(General). 1972;135:370-84.

Biecek P. DALEX: explainers for complex predictive models in R. J Mach Learn
Res2018, pp. 1-5.

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 U S A.
2005;102:15545-50.

Gyorffy B. Integrated analysis of public datasets for the discovery and
validation of survival-associated genes in solid tumors. Innov (Camb).
2024;5:100625.

Liu Z, Liu L, Weng S, Xu H, Xing Z, Ren Y, et al. BEST: A web application for
comprehensive biomarker exploration on large-scale data in solid tumors. J
Big Data. 2023;10:165.

Jeong HY,Ham IH, Lee SH, Ryu D, Son SY, Han SU, et al. Spatially distinct
reprogramming of the tumor microenvironment based on tumor invasion in
Diffuse-Type gastric cancers. Clin Cancer Res. 2021,27:6529-42.

Deng Y, Chen P, Xiao J, Li M, Shen J, Qin S, et al. SCAR: Single-cell and spatially-
resolved cancer resources. Nucleic Acids Res. 2024;52:D01407-17.

HaoY,Hao S, Andersen-Nissen E, Mauck WR, Zheng S, Butler A, et al. Inte-
grated analysis of multimodal single-cell data. Cell. 2021;184:3573-87.
ChuF, LiY,Meng X, Li Y, Li T, Zhai M, et al. Gut microbial dysbiosis and
changes in fecal metabolic phenotype in precancerous lesions of gastric can-
cer induced with N-Methyl-N"-Nitro-N-Nitrosoguanidine, sodium salicylate,
ranitidine, and irregular diet. Front Physiol. 2021;12:733979.

Wang Y, Chu F, Lin J, Li Y, Johnson N, Zhang J, et al. Erianin, the main active
ingredient of Dendrobium chrysotoxum Lindl, inhibits precancerous lesions
of gastric cancer (PLGC) through suppression of the HRAS-PI3K-AKT signaling
pathway as revealed by network Pharmacology and in vitro experimental
verification. J Ethnopharmacol. 2021;279:114399.

Geng B, Pan J, Zhao T, Ji J, Zhang C, Che Y, et al. Chitinase 3-like 1-CD44
interaction promotes metastasis and epithelial-to-mesenchymal transition
through beta-catenin/Erk/Akt signaling in gastric cancer. J Exp Clin Cancer
Res. 2018,37:208.

Bartfeld S, Bayram T, van de Wetering M, Huch M, Begthel H, Kujala P, et al. In
vitro expansion of human gastric epithelial stem cells and their responses to
bacterial infection. Gastroenterology. 2015;148:126-36.

Piazuelo MB, Bravo LE, Mera RM, Camargo MC, Bravo JC, Delgado AG,

et al. The Colombian chemoprevention trial: 20-Year Follow-Up of a

38.

39.

40.

41.

42.

43.

45.

46.

47.

48.

49.

50.

5T

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

Page 19 of 20

cohort of patients with gastric precancerous lesions. Gastroenterology.
2021;160:1106-17.

Xiao S, Lu H, Xue Y, Cui R, Meng L, Jin Z, et al. Long-Term outcome of gastric
Mild-Moderate dysplasia: A Real-World clinical experience. Clin Gastroenterol
Hepatol. 2022,20:1259-68.

Huang S, GuoY, Li ZW, Shui G, Tian H, Li BW, et al. Identification and valida-
tion of plasma metabolomic signatures in precancerous gastric lesions that
progress to cancer. JAMA Netw Open. 2021;4:e2114186.

Wang F, Meng W, Wang B, Qiao L. Helicobacter pylori-induced gastric inflam-
mation and gastric cancer. Cancer Lett. 2014;345:196-202.

Yamaguchi N, Kakizoe T. Synergistic interaction between Helicobacter pylori
gastritis and diet in gastric cancer. Lancet Oncol. 2001;2:88-94.

Huang RJ, Laszkowska M, In H, Hwang JH, Epplein M. Controlling gastric
cancer in a world of heterogeneous risk. Gastroenterology. 2023;164:736-51.
Vasconcelos AC, Dinis-Ribeiro M, Libanio D. Endoscopic resection of early
gastric cancer and Pre-Malignant gastric lesions. Cancers (Basel) 2023; 15.
Zhang P, Yang M, Zhang Y, Xiao S, Lai X, Tan A, et al. Dissecting the Single-Cell
transcriptome network underlying gastric premalignant lesions and early
gastric cancer. Cell Rep. 2019,27:1934-47.

Li X, Zheng NR, Wang LH, Li ZW, Liu ZC, Fan H, et al. Proteomic profiling iden-
tifies signatures associated with progression of precancerous gastric lesions
and risk of early gastric cancer. Ebiomedicine. 2021,74:103714.

Lee CG, Da SC, Dela CC, Ahangari F, Ma B, Kang MJ, et al. Role of Chitin and
Chitinase/chitinase-like proteins in inflammation, tissue remodeling, and
injury. Annu Rev Physiol. 2011,73:479-501.

Lee CG, Hartl D, Lee GR, Koller B, Matsuura H, Da SC, et al. Role of breast
regression protein 39 (BRP-39)/chitinase 3-like-1in Th2 and IL-13-induced
tissue responses and apoptosis. J Exp Med. 2009,206:1149-66.

Yu JE, Yeo 1, Han SB, Yun J, Kim B, Yong YJ, et al. Significance of chitinase-3-like
protein 1 in the pathogenesis of inflammatory diseases and cancer. Exp Mol
Med. 2024;56:1-18.

Yeo |J, Lee CK, Han SB, Yun J, Hong JT. Roles of chitinase 3-like 1 in the devel-
opment of cancer, neurodegenerative diseases, and inflammatory diseases.
Pharmacol Ther. 2019;203:107394.

ChenY, Zhang S, Wang Q, Zhang X. Tumor-recruited M2 macrophages
promote gastric and breast cancer metastasis via M2 macrophage-secreted
CHI3L1 protein. J Hematol Oncol. 2017;10:36.

Oshima T, Hashimoto |, Hiroshima Y, Kimura Y, Tanabe M, Onuma S, et al. Clini-
cal significance of chitinase-3-like protein 1 gene expression in patients with
locally advanced gastric cancer. Anticancer Res. 2024;44:307-12.

Garay J, Piazuelo MB, Majumdar S, Li L, Trillo-Tinoco J, Del VL, et al. The hom-
ing receptor CD44 is involved in the progression of precancerous gastric
lesions in patients infected with Helicobacter pylori and in development of
mucous metaplasia in mice. Cancer Lett. 2016;371:90-8.

Garai J, Li L, Zabaleta J. Biomarkers of gastric premalignant lesions. 2020:
81-88.

Zoller M. CD44: can a cancer-initiating cell profit from an abundantly
expressed molecule? Nat Rev Cancer. 2011;11:254-67.

Zavros Y. Initiation and maintenance of gastric cancer: A focus on CD44
variant isoforms and cancer stem cells. Cell Mol Gastroenterol Hepatol.
2017;4:55-63.

Chen C, Zhao S, Karnad A, Freeman JW. The biology and role of CD44 in
cancer progression: therapeutic implications. J Hematol Oncol. 2018;11:64.
Clevers H, Nusse R. Wnt/beta-catenin signaling and disease. Cell.
2012;149:1192-205.

YuanTL, Cantley LC. PI3K pathway alterations in cancer: variations on a
theme. Oncogene. 2008;27:5497-510.

Roberts PJ, Der CJ. Targeting the Raf-MEK-ERK mitogen-activated protein
kinase cascade for the treatment of cancer. Oncogene. 2007;26:3291-310.
SalehniaT, Seyfollahi A, Raziani S, Noori A, Ghaffari A, Alsoud AR, et al. An opti-
mal task scheduling method in loT-Fog-Cloud network using multi-objective
moth-flame algorithm. Multimed Tools Appl. 2024;83:34351-72.

Got A, Zouache D, Moussaoui A, Abualigah L, Alsayat A. Improved manta ray
foraging optimizer-based SVM for feature selection problems: A medical case
study. J Bionic Eng. 2024;21:409-25.

Obeidat I, Mughaid A, Alzu Bi S, Al-Arjan A, Al-Amrat R, Al-Ajmi R, et al. A
novel secure cryptography model for data transmission based on Rotor64
technique. Multimed Tools Appl. 2024;83:37295-314.

Abualigah L, Altalhi M. A novel generalized normal distribution arithmetic
optimization algorithm for global optimization and data clustering problems.
J Amb Intel Hum Comp. 2024;15:389-417.



Li et al. Journal of Translational Medicine (2025) 23:349 Page 20 of 20

64. Aghaei M, Khademi R, Bahreiny SS, Saki N. The need to Establish and

H 1/
recognize the field of clinical laboratory science (CLS) as an essential field in Publisher’s note
advancing clinical goals. Health Sci Rep. 2024;7:¢70008. Springer Nature remains neutral with regard to jurisdictional claims in

published maps and institutional affiliations.



	﻿CHI3L1: a key driver in gastritis-to-cancer transformation
	﻿Abstract
	﻿Introduction
	﻿Materials and methods
	﻿Gene expression profiling data acquisition
	﻿Screening of diagnostic biomarkers for the transformation of gastritis to cancer
	﻿Gene ontology (GO) and Kyoto encyclopedia of genes and genomes (KEGG) enrichment analysis and gene expression
	﻿Construct the transformation progression stage model
	﻿Diagnostic model efficiency and validation
	﻿Enrichment analysis of core driver genes and protein-protein interaction (PPI) network
	﻿Prognostic and immunological analysis of target gene CHI3L1
	﻿Immunohistochemical staining
	﻿Rat model
	﻿Cell model
	﻿Cell Counting Kit-8 and wound healing assay
	﻿Western blot
	﻿RNA sequencing
	﻿Human gastric mucosa derived organoid culture
	﻿Organoid Immunofluorescence staining
	﻿Data analysis

	﻿Results
	﻿Identification of biomarkers indicative of the progression from gastritis to cancer
	﻿Constructing a EGC diagnosis model through four types of machine learning
	﻿Validation of diagnostic models
	﻿Development of diagnostic models and identification of key targets in the progression from gastritis-to-cancer
	﻿Enrichment analysis of ﻿CHI3L1﻿ gene, PPI network construction, and validation in rat model for gastric precancerous lesions
	﻿CHI3L1 activates the CD44-β-catenin pathway, promoting malignancy in GPL cells
	﻿The CD44-β-catenin-c-Myc signaling pathway is highly active in GPL organoids
	﻿CHI3L1, mainly secreted by fibroblasts and dendritic cells, is linked to poor prognosis in gastric cancer

	﻿Discussion
	﻿Conclusion
	﻿References


