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Prognostic and immunological implications @
of protein kinases in gastric cancer: a focus

on hub gene ABL2 and its impact on the
polarization of M2 macrophages

Di Chen'", Ju Huang?", Aiming Yang®" and Zhifan Xiong®"

Abstract

Background Protein kinases are essential cellular signal modulators involved in tumorigenesis, metastasis, immune
response, and drug resistance. However, the comprehensive features and clinical significance of protein kinases in
gastric cancer (GC) remain inconclusive.

Methods We analyzed the transcriptional profiles of protein kinases in GC patients from the GEO and TCGA
databases. Based on differentially expressed kinase genes (DE-KGs), a novel cluster was identified to assess its
association with patient survival and the tumor microenvironment (TME) in GC. Subsequently, an optimal DE-KGs-
based model (DE-KGsM) was determined using 101 machine-learning algorithm combinations. This model was
evaluated using multi-omics data to investigate its associations with patient prognosis, clinical features, tumor
microenvironment, tumor-infiltrating immune cells (TIICs), and immunotherapy response. Furthermore, scCRNA-

seq analysis and TIMER algorithm were applied to determine the correlation between the hub gene (ABL2) in the
DE-KGsM and Macrophages. Finally, in vitro experiments were performed to explore the immune-related mechanisms
of ABL2 in GC.

Results We identified two molecular subtypes of GC patients based on 64 DE-KGs expression. Significant differences
were observed in overall survival and TIIC characteristics between Cluster T and Cluster 2. Among these 64 DE-KGs,
we identified an optimal DE-KGsM that could be a prognostic indicator in GC. TIICs and TIDE analyses exhibited that
GC patients in the high-DE-KGsM score group had a higher proportion of M2 macrophages and lower response

rates to ICl treatment. scRNA-seq analysis indicated that ABL2 might play an indispensable role in tumor immunity.
Furthermore, in vitro experiments demonstrated that ABL2 accelerated the proliferation, migration, and invasion of
GC cells, as well as the polarization of M2 macrophages.
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Conclusions The DE-KGsM could be a powerful predictor of GC patients’survival and might facilitate the
development of personalized therapy. Furthermore, as a hub gene in the DE-KGsM, ABL2 could be an immunological
biomarker that modulates the polarization of M2 macrophages, thereby promoting GC progression.

Clinical trial number Not applicable.
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Introduction

Gastric cancer (GC), a crucial cancer of the gastrointesti-
nal tract, is responsible for more than 1,000,000 new can-
cer cases and ranked fifth in terms of cancer incidence
in 2020 [1]. Despite considerable advancements in diag-
nostic and therapeutic technologies, the 5-year survival
rate for GC patients remains pessimistic. The current
standard for predicting the prognosis of GC patients pri-
marily depends on the TNM staging system established
by the UICC and AJCC [2]. Nevertheless, patients with
the same TNM classification sometimes present differ-
ent survival outcomes due to the biological heterogeneity
and complexity of GC. Hence, it is of great significance
to clarify the molecular mechanism of GC initiation and
progression, develop promising diagnostic and prognos-
tic biomarkers, and provide individualized treatment
strategies.

The tumor microenvironment (TME), a complex and
dynamic multicellular ecosystem, functions as a criti-
cal regulator in both the initiation and progression of
tumors [3]. Recent advancements in scRNA-seq technol-
ogies have provided novel insights into the TME [4-6].
Accumulating evidence indicates that the intricate inter-
actions among stromal cells, immune cells, and extracel-
lular mediators play a key role in driving the uncontrolled
proliferation, metastatic dissemination, and therapeu-
tic resistance of tumors [7-9]. This biological insight
has led to significant breakthroughs in immunotherapy
strategies targeting TME components, which brought
new hope for tumor patients [10-12]. Tumor immuno-
therapy enhances the anti-tumor capabilities of immune
cells through cellular immunotherapy, immune check-
point inhibitors, and tumor vaccines, therefore improv-
ing therapeutic efficacy [13—15]. With the development
of tumor immunotherapy, several options are available
for GC. For example, the phase 3 ATTRACTION-2 trial
revealed that the survival time of advanced GC patients
was shorter in the placebo group than in the nivolumab
group (5.3 vs. 4.1 months) [16]. In a phase 1b study, sin-
tilimab plus CapeOx as first-line therapy showed a good
response in advanced or metastatic gastric adenocarci-
noma (objective response rate: 85.0%) [17]. However, due
to the lack of effective therapeutic targets and the hetero-
geneity of tumor microenvironment (TME), only a small
proportion of GC patients benefit from immunotherapy.
Therefore, it is of great significance to explore effective

immunotherapy targets to enhance the efficacy of cancer
immunotherapy.

Protein kinases represent one of the most critical
protein families, constituting approximately 2% of the
human protein-coding genome [18]. They are essential
regulators of signal transduction pathways and control
nearly all aspects of cell life, including cell cycle progres-
sion, inflammation, metabolism, apoptosis, adhesion, dif-
ferentiation, and death [19-21]. The disruption of protein
kinase functions by dysregulation, altered expression, or
mutation can cause cancer and other diseases [22]. Accu-
mulating evidence indicates that protein kinases are sig-
nificantly associated with tumorigenesis, metastasis, and
resistance to chemotherapy in various tumors. For exam-
ple, the c-Jun N-terminal kinases (JNK), a key category of
mitogen-activated protein kinases (MAPK), play tumor
suppressor or promoter roles in different tumors. JNK
could be activated via growth factors, immune cells, and
pro-inflammatory cytokines to promote tumor develop-
ment [23, 24]. JNK could also regulate the epithelial-mes-
enchymal transition (EMT) process, thereby influencing
tumor metastasis [24, 25]. The Abelson (ABL) family of
protein kinases, which includes ABL1 and ABL2, has
been found to be upregulated and activated in multiple
cancers, indicating a significant correlation between ABL
kinase activity and tumor progression [26-30].

Exploring the dysregulation of protein kinases in
tumors not only provides valuable insights into onco-
genic mechanisms but also contributes to the develop-
ment of new therapeutic strategies. To date, protein
kinases have been discovered to play an indispensable
role in the progression of multiple tumors. However, the
molecular mechanism of protein kinases has not been
elucidated, especially its function in the tumor microen-
vironment (TME) and tumor immunity. In this study, we
analyzed the transcriptional profiles of protein kinases in
GC patients. According to the expression of differentially
expressed kinase genes (DE-KGs), we identified a novel
cluster to assess its association with patient survival and
the TME in GC. Then, we established an optimal DE-
KGs-based model (DE-KGsM) using 101 combinations of
10 machine-learning algorithms. The DE-KGsM could be
a prognostic predictor in GC and associated with tumor-
infiltrating immune cells (TIICs). More interestingly, we
found that ABL2 within the DE-KGsM is related to the
polarization of M2 macrophages. In vitro experiments
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further demonstrated that ABL2 could accelerate the
proliferation, migration, and invasion of GC cells, as well
as the polarization of M2 macrophages.

Materials and methods

Data collection and processing

Figure 1 shows a flowchart of the study. Gene expression
and relevant clinical data of GC were extracted from the
TCGA and GEO databases (GSE15459 and GSE54129).
Single-cell RNA sequencing (scRNA-seq) data of GC
was extracted from the GEO databases (GSE112302).
The R package “limma” was utilized to identify differen-
tially expressed genes (DEGs) between GC and normal
tissues. The cutoff criteria of DEGs were|Log2FC|> 1
and FDR<0.05. A total of 514 kinase genes (KGs) were
obtained from the KinBase database (http://kinase.com
/human/kinome) [19]. Overlapping genes between KGs
and DEGs were identified as differentially expressed KGs
(DE-KGs) for further analysis.

Non-negative matrix factorization (NMF) clustering of
DE-KGs

Based on the expression of DE-KGs, NMF clustering was
employed to categorize GC patients into distinct clusters.
The samples were decomposed into clusters for k=2-10.
The common member matrix’s average contour width
was identified via the “NMF” package in R. According to
dispersion, silhouette, and cophenetic, we determined
the optimal number of clusters. Kaplan-Meier (KM) anal-
ysis was performed to compare the overall survival (OS)
in different clusters of GC patients via the R language
loaded with packages “survival” and “survminer”. Addi-
tionally, ESTIMATE and CIBERSORT algorithms and
single-sample Gene Set Enrichment Analysis (ssGSEA)
were utilized to explore the immune infiltration land-
scape of TME in different clusters.

Machine learning-based construction of DE-KGsM

To identify potential prognostic DE-KGs, we intersected
the above DE-KGs with KGs from GSE15459 and con-
ducted univariate Cox regression analysis using the R
package “survival” Subsequently, 101 combinations of 10
machine-learning algorithms (Enet, plsRcox, SuperPC,
stepwise Cox, RSF, Ridge, Survival-SVM, GBMs, Cox-
Boost, and Lasso) were applied to construct a consensus
DE-KGsM with high stability and accuracy. The TCGA
dataset was set as the training cohort, and the GSE15459
dataset was set as the validation cohort. Harrell’s concor-
dance index (C-index) was calculated to assess the per-
formance of 101 algorithm combinations in all cohorts.
According to the highest average C-index, we identified
the optimal model. DE-KGsM risk scores of GC patients
were calculated according to DE-KGs expression and
their corresponding coefficients in the optimal model.
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Evaluation of DE-KGsM performance

The predictive power and potential clinical applications
of the optimal DE-KGsM were evaluated using risk scores
of each GC patient. The median DE-KGsM risk score
was regarded as the threshold to classify GC patients
into the low-DE-KGsM score and high-DE-KGsM score
groups. KM analysis was conducted to assess the predic-
tive power of DE-KGsM in the survival outcomes of GC
patients. Receiver operating characteristic curves (ROC)
were generated using the R package “timeROC” to assess
the diagnostic accuracy of DE-KGsM. To improve the
clinical applicability of DE-KGsM, a prognostic nomo-
gram was constructed based on the gene signature and
clinical features (age, grade, stage, and gender) to predict
GC patients’ survival quantitatively.

Analysis of immune characteristics and immunotherapy
efficacy

To identify the immune characteristics of GC patients,
ESTIMATE and CIBERSORT algorithms were applied to
calculate the composition of different tumor-infiltrating
immune cells (TIICs) based on the transcriptome data.
To evaluate the disparities in immune function status
between low and high-DE-KGsM score groups, ssGSEA
was carried out using the “GSVA” package in R software.
Then, the difference analysis was performed to clarify
the heterogeneity of TIICs between the high-DE-KGsM
and low-DE-KGsM score groups. Correlation analyses
were carried out to identify TIICs associated with DE-
KGsM risk scores. Based on the difference and correla-
tion analyses, we identified the crucial immune cells (M2
macrophages) for further investigation. Furthermore,
the Tumor Immune Dysfunction and Exclusion (TIDE)
algorithm was applied to assess differences in immuno-
therapy efficacy between GC patients with low vs. high
DE-KGsM scores.

ScRNA-seq, immunological, differentially expressed, and
prognostic analyses

To investigate the cellular distribution of DE-KGs in the
model, we downloaded scRNA-seq data of GC samples
from the GEO database (GSE112302 and GSE167297).
Specifically, GSE112302 comprises 6 GC samples, while
GSE167297 includes 10 GC samples. UMAP algorithm
was utilized to identify and visualize cell clusters. Cell
clusters were further assigned by combining Cell Typ-
ist and the ‘singleR’ function. Subsequently, DE-KGs
in the model co-distributed with macrophages were
identified as hub DE-KGs (ABL2) via scRNA-seq analy-
sis. To further confirm the results of scRNA-seq analy-
sis, MCPCOUNTER, CIBERSORT-ABS, TIMER, and
QUANTISEQ algorithms were utilized to analyze the
correlation between the expression level of ABL2 and
Macrophages. Scatter plots were used to visualize the
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positive correlation between ABL2 expression and M2
macrophages. To further investigate the immune-related
role of ABL2 in GC, the R package “limma” was utilized
to classify 339 GC cases into ABL2-low and ABL2-high
groups. Then, ssGSEA was performed to explore the dif-
ferences in immune-related functions and TIICs between
ABL2-low and ABL2-high groups via the R packages
“GSEABase” and “GSVA” Furthermore, ABL2 expres-
sion differences between tumor and normal samples were
identified in pan-cancers based on TIMER2 (https://tim
er.cistrome.org/) online databases. We also downloaded
the GSE54129 dataset from the GEO to validate ABL2
expression at the mRNA levels in GC.

Cell culture and macrophage differentiation

THP-1 and GC cells (MKN-28, HGC-27, and MKN-45)
were cultured in RPMI-1640 (Gibco, USA) containing
10% or 20% fetal bovine serum (FBS) (Gibco, USA). GC
cells (AGS) and gastric mucosal cells (GES-1) were cul-
tured in F-12 K (Gibco, USA) supplemented with 10%
FBS or DMEM (Gibco, USA) supplemented with 10%
FBS, respectively. Two shRNAs for ABL2 (sh-ABL2#1
and sh-ABL2#2) and a negative control (sh-NC) were
synthesized by Gikai gene (Shanghai, China). Accord-
ing to the manufacturer’s protocol, they were transfected
using lentivirus vectors. To differentiate into MO macro-
phages, THP-1 cells were treated with 100ng/ml PMA
(Sigma, USA) for 48 h. For the induction of M1 macro-
phages, MO macrophages were treated with 20ng/ml
IFN-y(MCE, USA) and 100ng/ml LPS (MCE, USA) for
48 h. For the induction of M2 macrophages, M0 macro-
phages were treated with 20ng/ml IL-4 (MCE, USA) and
20ng/ml IL-13 (MCE, USA) for 48 h. For the induction of
TAMs(TAMykn_2¢ a0d TAMpgc_o7), MO macrophages
were co-cultured with GC cells (MKN-28 and HGC-27)
for 48 h.

Table 1 The sequence of primers

Primer Forward (5'-3') Reverse (5’-3')
ABL2 GTTGAACCCCAGGCACTAAAT  CAACGAAGAGATTAGGGT-
CACTC

Arg-1 GTGGAAACTTGCATGGACAAC AATCCTGGCACATCGGGAATC

IL-6 ACTCACCTCTTCAGAAC- CCATCTTTGGAAGGTTCAG-
GAATTG GTTG

IL-10 GACTTTAAGGGT- TCACATGCGCCTTGATGTCTG
TACCTGGGTTG

iNOS ACCTTGTTCAGCTACGCCTT CATTCCCAAATGTGCTTGTC

CD163  TTTGTCAACTT- TCCCGCTACACTTGTTTTCAC
GAGTCCCTTCAC

CD206  TCCGGGTGCTGTTCTCCTA CCAGTCTGTTTTTGATGGCACT

CD80 AAACTCGCATCTACTGGCAAA  GGTTCTTGTACTCGGGCCATA

CD86 TATGGGCCGCACAAGTTTT TGGTGGATGCGAATCATTCCT

GAPDH  CTCGCTTCGGCAGCACA AACGCTTCACGAATTTGCGT
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Quantitative real-time polymerase chain reaction (qRT-
PCR) and Western blotting (WB)

RNA-easy Isolation (Vazyme, Nanjing, China) was used
to extract Total RNAs from cell lines. cDNA was syn-
thesized using HiScript II 1st Strand cDNA Synthesis
Kit (Vazyme, Nanjing, China). After reverse transcrip-
tion, Green Master Mix (Vazyme, Nanjing, China) was
used to conduct qRT-PCR. Primer sequences are listed
in Table 1. Total protein was extracted using RIPA Lysis
Buffer, separated by SDS-PAGE, and transferred to PVDF
membranes. Then, membranes were incubated overnight
with the primary antibody against ABL2 (Abcam, UK)
and GAPDH (Proteintech, Wuhan, China). Finally, mem-
branes were incubated with secondary antibodies and
visualized by the ECL detection system.

CCK-8, wound healing, and transwell assays

The proliferation ability of GC cells was determined by
CCK-8 assay according to the manufacturer’s protocol.
Transfected GC cells (4 x 10 3/well) were plated in 96-well
plates and incubated for 24, 48, and 72 h. Then, each well
was added with 10 pL. CCK-8 (Vazyme, Nanjing, China),
and absorbance (450 nm) was measured using a micro-
plate reader. Cell migration potential was measured
using wound healing and Transwell migration assays.
GC cells were cultured to 90% confluence in 6-well plates
and scratched straightly using a 200uL pipette tip. The
medium was replaced with RPMI-1640, and the posi-
tion of scratches was photographed at 0 h and 24 h. For
Transwell migration assays, GC cells were transferred to
the Transwell inserts (Corning, USA) in 100pL RPMI-
1640 medium, with 750 pL RPMI-1640 containing 10%
FBS added to the lower chamber. After 24 h, cells on the
bottom of the membrane were stained with 1% crystal
purple and counted under a microscope. To evaluate cell
invasion potential, the inserts with precoated Matrigel
(BD Biosciences, USA) were utilized to carry out Tran-
swell assays.

Statistical analysis

Data organization, analysis, and graphing were conducted
using GraphPad Prism 7.0, R software (version 4.3.1),
and Image-pro Plus 6.0. P<0.05 or P-adjusted <0.05 was
defined as statistically significant.

Results

DE-KGs-based clusters and TME analysis

A total of 3107 DEGs were identified between GC and
normal tissues, including 2239 upregulated genes and
868 downregulated genes (|Log2FC| > 1 and FDR<0.05)
(Fig. 2A, B). Among them, 64 DEGs were identified as
DE-KGs via intersecting with the 514 kg obtained from
the KinBase database (Fig. 2C, D and Table. S1). Based
on the expression profiles of these 64 DE-KGs, 339 GC
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patients were classified into two clusters: Cluster 1
(n=165) and Cluster 2 (n=174) (Fig. 3A, B). We analyzed
the differences in OS and clinicopathological character-
istics between the two clusters. The results revealed that
patients in Cluster 1 had a worse prognosis (P=0.003),
higher tumor grade (P<0.01), and more advanced T stage
(P<0.05) than those in Cluster 2 (Fig. 3C, D). Addition-
ally, we evaluated the differences in the TME between
the two clusters. The StromalScore, ImmuneScore, and
ESTIMATEScore were significantly elevated in Clus-
ter 1 compared to Cluster 2 (P<0.05) (Fig. 3E). Using
the CIBERSORT algorithm, we analyzed the fraction of
infiltrating immune cells in different clusters. As shown
in Fig. 3F, the proportions of M2 macrophages, Dendritic
cells resting, B cells memory, Mast cells activated, T cells

follicular helper, and Mast cells resting were remark-
ably different between Cluster 1 and Cluster 2 (P<0.05).
These results indicated that two distinct GC patterns dif-
ferentiated according to 64 DE-KGs expression, suggest-
ing that survival differences under these DE-KGs may be
correlated with immune cell infiltration in the TME.

Construction and evaluation of DE-KGsM

To further elucidate the prognostic value of these DE-
KGs, univariate Cox regression analysis was performed
to determine DE-KGs associated with the GC patients’
survival (Fig. 4A). A machine learning-based integrated
procedure was employed to construct a consensus
DE-KGsM. Notably, the optimal DE-KGsM was con-
structed through the algorithm pattern (RSF +Ridge),
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which achieved the highest C-index (0.602) (Fig. 4B).
Then, we identified a total of 13 genes (MAP4K4, PIM1,
KIT, IRAK1, ROR2, MAPK10, MELK, NUAK1, CIT,
NEK3, ABL2, NPR1, PDGFRB) were identified in the
model, and DE-KGsM risk scores were calculated for
each sample. According to the median risk score, GC
samples were separated into low-and high-DE-KGsM
score groups to assess the predictive power and diagnos-
tic accuracy of the optimal DE-KGsM. The KM survival
curve depicted that GC patients with a high-DE-KGsM
score had significantly lower OS than those with a low-

the significant predictive power of DE-KGsM in evaluat-
ing the prognosis of GC patients. ROC curves indicated
high diagnostic efficacy of DE-KGsM at five years in the
TCGA (0.715), and GSE15459 cohorts (0.674) (Fig. 4E,
F). To improve survival prediction for GC patients, we
further established a nomogram based on the prognostic
characteristics of DE-KGs and several clinicopathological
factors, including grade, stage, gender, and age (Fig. 4G).
The calibration plot demonstrated accurate nomogram-
predicted OS probabilities for the 1-, 3-, and 5-year sur-
vival rates (Fig. 4H).

DE-KGsM score in the TCGA (P<0.001), and GSE15459
(P=0.003) cohorts (Fig. 4C, D). KM analysis confirmed
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Identification of specificimmune-related mechanisms
underlying DE-KGsM

Subsequent investigations elucidated the specific
immune-related mechanisms through which DE-KGsM
influences the prognosis of GC patients. We evaluated
the differences in immune subtype and TME between
the two risk groups. As shown in Fig. 5A, C3 (inflamma-
tory subtype) was significantly different between the low-
and high-DE-KGsM score groups (P=0.001). As shown
in Fig. 5B, GC patients with high-DE-KGsM scores had
higher StromalScore, ImmuneScore, and ESTIMATE-
Score than those with low-DE-KGsM scores (P <0.05). To
further explore the association between the DE-KGsM
and immune microenvironment, we applied CIBER-
SORT algorithm to calculate the composition of 22 types
of TIICs in GC samples (Fig. 5C). Then, we compared the

A _ C

284 TCGA

100%,
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component differences of immune-related functions and
TIICs between the two risk groups. As shown in Fig. 5D,
the high-DE-KGsM score group was positively associated
with multiple immune-related functions, including Mac-
rophages, B_cells, Parainflammation, Mast_cells, Type_
II_IFN_Reponse, CD8+_T_cells, and so on (P<0.05). As
shown in Fig. 5E, the high-DE-KGsM score group had
higher proportions of M2 macrophages, Mast cells rest-
ing, T cells CD8, Monocytes, and Dendritic cells acti-
vated (P<0.05). In contrast, the number of Macrophages
M1, T cells follicular helper, and Mast cells activated was
increased in the low-DE-KGsM score group (P<0.05).
Correlation analysis also showed that DE-KGsM risk
scores were positively associated with M2 macrophages,
B cells naive, and NK cells resting (P<0.05) (Fig. 5F).
Based on the results of differential and correlation
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analyses, we revealed that only the proportion of M2
macrophages exhibited both a significant correlation and
a consistent trend with the DE-KGsM risk scores. Fur-
thermore, TIDE analysis revealed that the TIDE score of
GC patients in the low-DE-KGsM score group was sig-
nificantly lower than that in the high-DE-KGsM score
group (P<0.05) (Fig. 5G-]). These results indicated that
elevated DE-KGsM scores are characterized by immune
cell infiltration and exert functional influences, particu-
larly in M2 macrophages.

ABL2 immunological implications, expression levels, and
prognostic characteristics in GC

Based on the results of component differences in TIICs
across different clusters and risk groups, we specu-
lated that hub genes in the DE-KGsM might participate
in regulating the function of M2 macrophages in TME.
scRNA-seq analysis of GSE112302 and GSE167297
revealed 3 and 10 cell clusters, respectively annotated
by UMAP algorithm (Fig. 6A). Among DE-KGs in the
model, only ABL2 was co-distributed with Macrophages
in both GSE112302 and GSE167297 datasets (Fig. 6B and
S1). Therefore, ABL2 was identified as hub DE-KGs for
further analysis. Subsequently, MCPCOUNTER, CIBER-
SORT-ABS, TIMER, and QUANTISEQ algorithms were
utilized to further identify the correlation between the
expression levels of ABL2 and Macrophages. The cor-
relation analysis indicated that ABL2 expression was
positively correlated with tumor infiltration level of M2
macrophages (P<0.05) (Fig. 6C). Differences in immune-
related functions and TIICs between ABL2-low and high
groups were further analyzed using ssGSEA. As shown
in Fig. 6D and E, immune-related functions, such as
Type II IEN Reponse, Treg, and Macrophages were sig-
nificantly activated in the ABL2-high group (P<0.05).
The proportion of TIICs, including M2 macrophages and
T cells CD4 memory resting was significantly higher in
the ABL2-high group compared to the ABL2-low group
(P<0.05). We speculated that the hub gene (ABL2) in
the DE-KGsM may play an indispensable role in tumor
immunity through regulating the status of Macrophages.
Therefore, we further investigated the biological func-
tions of ABL2. The differential expression of ABL2
between normal and GC samples was analyzed based
on the TCGA database. The increased expression of
ABL2 was observed in GC compared to normal samples
(P<0.05) (Fig. 7A-C). Meanwhile, the expression result of
ABL2 in the GSE54129 dataset was consistent with the
TCGA database (P<0.05) (Fig. 7D). To investigate the
prognostic value of ABL2, GC patients from the TCGA
database were classified into ABL2-low and ABL2-
high groups. The KM survival curves indicated that GC
patients with higher levels of ABL2 had a worse OS rate
(P<0.05) (Fig. 7E).
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The expression and function of ABL2 in GC cells and
macrophages

Furthermore, qRT-PCR and WB assays were performed
to validate the expression of ABL2. ABL2 differential
expression levels between normal gastric cells (GES-1)
and GC cells (MKN-45, HGC-27, AGS, and MKN-28)
were compared using qRT-PCR and WB. The results indi-
cated that the expression of ABL2 was maximally upreg-
ulated in HGC-27 and MKN-28 (P<0.05) (Fig. 7F, G),
further demonstrating that ABL2 was significantly ele-
vated in GC. To evaluate the carcinogenic effect of ABL2
in GC, ABL2 was successfully knocked down in MKN-28
and HGC-27. qRT-PCR results verified substantial trans-
fection efficiency of shABL2#1 and shABL2#2 (P<0.05)
(Fig. 8A). Subsequently, CCK-8 assay revealed that the
proliferation of GC cells was dramatically decreased
in shABL2#1 and shABL2#2 groups (P<0.05) (Fig. 8B).
Wound healing assay proved that silencing ABL2 was suf-
ficient to suppress GC cells migration (P<0.05) (Fig. 8C).
Transwell migration and invasion assays proved that the
knockdown of ABL2 was sufficient to suppress GC cells
migration and invasion (P<0.05) (Fig. 8D).

To further investigate the potential impact of ABL2 on
modulating the function of macrophages, we constructed
MO, M1, M2, TAMykn_2e and TAMpge o, in vitro.
qRT-PCR results indicated that M2 markers (CD206,
CD163, Arginase-1 and IL-10) levels were upregulated
in TAMykn_2s and TAMpge o7, while M1 markers
(CD80, CD86, iNOS and IL-6) levels were downregu-
lated in TAMn_2s and TAMyge_o; (P<0.05) (Fig. 9A).
The above results indicated that TAMs were more
likely to express the characteristics of M2 macrophages.
Then, qRT-PCR was performed to identify the expres-
sion of ABL2 in different types of macrophages. qRT-
PCR results showed that ABL2 expression was relatively
increased in M2, TAMyn 2 and TAMygc 5, (P<0.05)
(Fig. 9B). Furthermore, to investigate the role of ABL2 in
macrophages, we carried out loss of function assays. The
result of qRT-PCR verified that the transfection efficiency
of shABL2#1 and shABL2#2 was substantial (P<0.05)
(Fig. 9C). qPCR results also demonstrated that M2 mark-
ers (CD206, CD163, Arginase-1 and IL-10) levels were
significantly downregulated after silencing ABL2 in
TAM .05 and TAMyc_yr (P<0.05) (Fig. 9D, E). These
results indicated that ABL2 was indispensable for the
generation of TAMs with M2 phenotype. In summary,
in vitro experiments revealed that ABL2 accelerated the
malignant process of GC via modulating the prolifera-
tion, migration, and invasion of tumor cells, as well as
the polarization of M2 macrophages, therefore leading to
poor prognosis in GC patients.
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Discussion

Protein kinases are critical regulators of cellular signaling
and play a pivotal role in modulating various biological
processes, including cell migration, proliferation, metab-
olism, survival, and so on [31]. Over the past decades,
advancements in the technology of genomics, pro-
teomics, and bioinformatics have provided novel insights
into the dysregulation of the human kinome in tumors
[32, 33]. Accumulating evidence indicates that protein
kinases are significantly involved in GC progression and
prognosis. Therefore, protein kinases may serve as impor-
tant predictors of clinical outcomes for GC patients. Sev-
eral studies have revealed that the deregulation of protein

kinases is significantly correlated with immune responses
in GC progression. For example, Guo et al. found that
death-associated protein kinase 1 (DAPK1), a member of
the DAPK family of serine/threonine kinases, is involved
in the development of GC. The overexpression of DAPK1
facilitates the killing ability of NK cells and suppresses
the immune evasion of GC cells [34]. Hsu et al. discov-
ered that serine/threonine-protein kinase 24 (STK24)
plays an immunosuppressive role in the tumorigenesis of
GC. Mechanistically, the knockdown of STK24 induces
F4/80* macrophages and CD11b* Ly6C* MDSCs expan-
sion in orthotopic immunocompetent GC animal models
[35]. By using the TCGA database, Wu et al. found that
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ability

highly expressed doublecortin-like kinase 1 (DCLK1) is
associated with increased immune components in the
TME and can predict the worse survival of GC patients.
Further analysis suggested that DCLK1 may promote
immunotherapy sensitivity in GC via modulating TAM-
mediated inhibition of CD8* T cells [36]. However, few
studies have comprehensively explored the survival out-
come and immune infiltration characteristics of several
KGs combined effects.

In this study, we identified two molecular subtypes of
GC patients according to 64 DE-KGs expression. Patients
in Cluster 1 had higher tumor grade, more advanced T
stage, and worse OS than those in Cluster 2. The charac-
teristics of the TME and infiltrating immune cells were
also analyzed in the two clusters. We discovered that
higher levels of B cells memory, M2 macrophages, and
Mast cells resting were presented in Cluster 1 compared

with Cluster 2. Given that Cluster 1 was positively cor-
related with tumor progression and prognosis, these
findings implied that B cells memory, M2 macrophages,
and Mast cells resting infiltrated in the GC microenvi-
ronment may portend a worse survival. Therefore, we
speculated that survival differences under 64 DE-KGs
expression might be correlated with immune cells infil-
trated in the TME. To improve the accuracy of predicting
GC patients’ survival, univariate Cox and 101 combina-
tions of machine-learning algorithms were carried out to
further construct a 13 DE-KGsM. The survival analysis,
ROC curve analysis, and nomogram construction further
confirmed that the model could reliably predict the prog-
nosis of GC patients.

TME is increasingly recognized as an indispens-
able regulator in the initiation, progression, and metas-
tasis of tumors [3]. TIICs, such as macrophages and
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identify the effect of ABL2 on M2 macrophages polarization

lymphocytes, are major cellular components in the TME
and play a pivotal role in regulating anti- and pro-tumor
immune responses [37]. Recently, the functional inter-
actions between protein kinases and macrophages have
garnered significant attention in the field of immunol-
ogy. For example, He et al. discovered that the activation
patterns of multiple kinases were significantly different
in M1 vs. M2 macrophage polarization through kinase-
enrichment analysis of global quantitative proteomics
and phosphoproteomics. Moreover, specific kinase
inhibitors were found to selectively inhibit M2 macro-
phage polarization [38]. Dan et al. demonstrated that
protein kinase RACK]1 facilitated the polarization of M2

macrophage and inhibited the recruitment of macro-
phages, thereby leading to oral squamous cell carcinoma
development [39]. Additionally, Wang et al. revealed
that extracellular GP73 and protein kinase PKM2 syn-
ergistically induced M2-type macrophages polariza-
tion and angiogenesis, thus facilicating hepatocellular
carcinoma progression [40]. In our studies, we further
explored the role of the DE-KGsM in the microenviron-
ment of GC. The results showed that the proportion
of M2 macrophages exhibited both a significant cor-
relation and a consistent trend with the DE-KGsM risk
scores. Furthermore, TIDE is a computational algorithm
that models two primary mechanisms of tumor immune
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escape, namely T cell dysfunction and T cell exclusion. A
High TIDE score represents a great potential of immune
escape and poor response to immune checkpoint inhibi-
tor (ICI) therapy. we found that high-DE-KGsM score
patients had higher TIDE scores than GC patients with
low-DE-KGsM scores. Therefore, we speculated that hub
genes in the DE-KGsM might modulate the function of
M2 macrophages in the TME, thereby influencing the
progression and therapeutic efficacy of GC.

Based on scRNA-seq analysis, we found that the
expression of ABL2 in the DE-KGsM was co-distributed
with Macrophages in both GSE112302 and GSE167297
datasets. Therefore, ABL2 was identified as hub DE-KGs
for further analysis. Then, ABL2 was found to be posi-
tively correlated with the tumor infiltration level of Mac-
rophages M2 using MCPCOUNTER, CIBERSORT-ABS,
TIMER, and QUANTISEQ algorithms. ssGSEA also
indicated that immune-related functions, such as Type II
IFN Reponse, Treg, and Macrophages were activated in
the ABL2-high group. The proportion of TIICs, such as
Macrophages M2, T cells CD8, and NK cells activated in
the ABL2-high group was significantly higher than that
in the ABL2-low group. We speculated that ABL2 might
play an indispensable role in tumor immunity through
regulating the polarization of M2 macrophages. In recent
years, tumor-associated macrophages (TAMs), as the
most abundant immune cells in TME, have attracted
increasing attention from cancer researchers. TAMs
refer to macrophages present in the TME or infiltrated
into tumor tissues, primarily originating from circulat-
ing monocytes in peripheral blood [41, 42]. According
to the differences in polarization state, secretion factors,
and functions, TAMs can be divided into two subgroups:
classically activated M1 macrophages and alternately
activated M2 macrophages [43]. Most TAMs in the TME
are M2 macrophages, which can promote angiogenesis,
invasion, and metastasis of tumor cells [44—-46]. ABL2,
which belongs to the ABL tyrosine kinases, plays an
essential role in modulating the proliferation, survival,
and invasion of tumor cells [47]. Recently, enhanced
ABL2 expression and activation have been detected in
multiple tumors, including GC, lung cancer, and pancre-
atic ductal adenocarcinoma (PDAC), implicating a corre-
lation between ABL2 activity and tumor progression [29,
48, 49]. For example, Liu et al. reported that high expres-
sion of ABL2 inhibits apoptosis of GC cells via caspase
and Bcl2 family [29]. Hoj et al. revealed that ABL2 can
regulate TAZ tyrosine phosphorylation and nuclear local-
ization to facilitate lung adenocarcinoma brain metasta-
sis [48]. Recently, Creeden et al. also identified increased
ABL2 activity in PDAC cell lines and tissues using kin-
ome arrays and bioinformatic pipelines [49]. Although
the role of ABL2-mediated M2 macrophage polariza-
tion in GC has not been reported in previous studies, its
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significance should not be underestimated. According
to the results of bioinformatics analyses, we also discov-
ered that ABL2 was overexpressed in GC and related to
the poor survival. We further conducted in vitro experi-
ments to demonstrate the results of bioinformatics analy-
sis. Based on the results of in vitro experiments, we found
that the expression level of ABL2 was highly expressed in
GC cells, TAMs, and M2 macrophages. Functional stud-
ies revealed that highly expressed ABL2 accelerated the
proliferation, migration, and invasion of GC cells, as well
as the polarization of M2 macrophages. Our findings
suggested that ABL2 could serve as an immunological
biomarker that modulates the polarization of M2 mac-
rophages to facilitate the progression of GC. However,
the detailed mechanisms underlying these findings still
require further investigation.

Conclusion

In conclusion, we identified two molecular subtypes of
GC patients according to 64 DE-KGs expression, which
exhibited significant differences in the OS and the charac-
teristics of the TME and TIICs. Using 101 combinations
of 10 machine-learning algorithms, we established the
optimal DE-KGsM, which could be a prognostic indica-
tor in GC and associated with TIICs. More importantly,
we found that the hub gene (ABL2) in the DE-KGsM
might play an indispensable role in tumor immunity by
regulating the status of macrophages. In vitro experi-
ments further demonstrated that highly expressed ABL2
promoted the proliferation, migration, and invasion of
GC cells, as well as the polarization of M2 macrophages.
Our findings suggested that the DE-KGsM could be a
powerful predictor of GC patients’ survival and could
be used to develop personalized therapy. Furthermore,
ABL2 could be an immunological biomarker that modu-
lates the polarization of M2 macrophages and took part
in the progression of GC.
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