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Abstract

PD-1/PD-L1 inhibitors have been used to treat gastric cancer, and PD-L1 expression has been identified as a biomarker
for predicting the effectiveness of immunotherapy in the treatment of gastric cancer. However, PD-L1 expression predic-
tion forimmunotherapy response is inaccurate, and improved response biomarkers are required. Thus, it is important to
identify additional biomarkers that can predict the responses to PD-1/PD-L1 monoclonal antibodies in gastric cancer.
In this study, GO and KEGG enrichment analysis of 142 DEGs co-expressed with PD-L1 were performed, and 41 genes
were identified based on the intersection of the mRNA-significant GO term network and the mRNA-significant signalling
pathway network. Further intersection analysis of the 41 candidate genes and 137 positive immunotherapy response
genes indicated that BATF2 significantly affects the overall survival of GC patients. The transcription factor prediction
for BATF2 identified additional potential predictors and therapeutic targets for GC. STAT and IRF family members were
predicted to be transcription factors for BATF2. In addition, BATF2 knockdown significantly promoted GC cell growth,
and PD-L1 expression was upregulated in si-BATF2-treated MKN-45 cells. Thus, BATF2 may serve as a biomarker for
predicting the efficacy of PD-L1 blockade therapy in GC. BATF2 acts as a tumour suppressor gene during the develop-
ment of GC. BATF2 is closely related to PD-L1 expression in GC, and high BATF2 expression positively correlates with low
PD-L1 expression. BATF2 can be used as a potential biomarker and therapeutic target for responding to anti-PD-1 and
anti-PD-L1 immunotherapies in GC.
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CAG Chronic atrophic gastritis

cC Cellular components
cDNA  Complementary DNA
CPS Combined positive score

DEGs Differentially expressed genes
DMEM  Dulbecco’s Modified Eagle Medium
ELISA Enzyme-linked immunosorbent assay

ES Enrichment score

FBS Fetal bovine serum

GSEA Gene Set Enrichment Analysis
GC Gastric cancer

GO Gene Ontology

IM Intestinal metaplasia

KEGG Kyoto Encyclopedia of Gene and Genomes
MDSCs  Myeloid-derived suppressor cells

MF Molecular function

MSI Microsatellite instability

NAG Non-atrophic gastritis

NB Negative binomial

ORR Objective response rate

PD-1 Programmed cell death protein 1
PD-L1  Programmed cell death ligand 1
PPI Protein-protein interaction
PWMs  Position weight matrices

SD Standard deviation

TCGA The Cancer Genome Atlas
TIGER  Tumour Immunotherapy Gene Expression Resource

TFs Transcription factors

TFBs Transcription factor binding sites
TMB Tumour mutational burden

TPS Tumour proportion score

VEGF Vascular endothelial growth factor

1 Introduction

Gastric cancer (GC) is one of the most common malignancies worldwide, and its traditional treatments include surgery,
chemotherapy, and radiotherapy. However, the effectiveness of these treatments is limited for advanced or metastatic
GC patients [1-3]. In recent years, the emergence of immune checkpoint inhibitors (such as PD-1/PD-L1 inhibitors) has
introduced promising new strategies for the treatment of GC. Immune checkpoint inhibitors offer a new treatment
option for advanced GC patients, with the advantages of prolonged survival, durable treatment response, and relatively
low toxicity [4, 5].

In the clinical application of immunotherapy, especially treatment with PD-1/PD-L1 inhibitors, reliable biomarkers
for predicting the treatment response of patients are lacking [6, 7]. PD-L1—a protein on the surface of tumour cells—is
used as a biomarker in immunotherapy to predict a patient’s response to immune checkpoint inhibitor therapy [8].
Measuring PD-L1 expression enables doctors to identify which GC patients are more likely to benefit from this therapy
[9, 10]. However, PD-L1 is not an accurate predictor marker. While high levels of PD-L1 expression are associated with
better immunotherapy responses, many patients with low or even negative PD-L1 expression can still benefit from
immunotherapy [11, 12]. PD-L1 expression in tumour samples is heterogeneous, i.e., it may vary between regions of the
same tumour. This heterogeneity can lead to inconsistent results in detecting PD-L1 biomarker expression, potentially
impacting the response prediction in the immunotherapy [13]. Although PD-L1 is a valuable predictor of response to
immunotherapy in GC, its limitations indicate that it is not an ideal biomarker [14]. To improve the accuracy of the predic-
tions, it is necessary to combine other biomarkers for a more comprehensive assessment. Integrating other biomarkers
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can improve the accuracy and reliability of PD-L1 in predicting response to immunotherapy. A single biomarker often
does not fully reflect the immune status of the tumour and the patient’s response to treatment; thus, a combination of
multiple biomarkers can better assess the patient’s response to immunotherapy [15, 16]. Consequently, this study aimed
to identify potentially reliable biomarkers in combination with PD-L1 to improve the selection of patients for PD1/PD-L1
inhibitor therapy, optimise treatment plans, and prolong the overall survival of patients.

2 Materials and methods
2.1 Patients and samples

The Cancer Genome Atlas (TCGA) database retrieved mRNA sequencing data and 375 clinical gastric adenocarcinoma
samples from 32 surrounding healthy tissues (https://www.cancer.gov/tcga). Patients with additional malignancies were
excluded. In this study, the data processing protocols adhered to the TCGA guidelines, including human subject protec-
tion and data access policies, as all the data were derived from human subjects. To analyse genetic alterations in GC
patients treated with anti-PD1 immunotherapy, cancer studies were assessed using the PRJEB25780 Dataset (Dataset ID:
STAD-PRJEB25780_ANTI-PD1). The distribution and proportion of candidate gene basic leucine zipper ATF-like transcrip-
tion factor 2 (BATF2) in different cell types of clinical samples was determined by conducting the experiment’Dissecting
the Single-Cell Transcriptome Network Underlying Gastric Premalignant Lesions and Early Gastric Cancer’ (available in
the Tumour Immunotherapy Gene Expression Resource; http://tiger.canceromics.org/#/singleCelllmmune).

2.2 Differential expression analysis

Differential expression analysis utilises normalised read count data and statistical analysis to identify quantifiable differ-
ences in expression levels between the experimental groups. DESeq2, based on a negative binomial (NB) distribution,
was used to identify differentially expressed genes between the test and reference groups for each pairwise contrast.
The Wald test is a default hypothesis test applied to the parameters estimated using the maximum likelihood in DESeq2.
Therefore, differential expression analysis was conducted by comparing mRNA expression in human stomach cancerous
tissues and neighbouring normal tissues using DESeq2 R software and Wald significance tests. Differential expression
analysis in DESeqg2 uses a generalised linear model of the form:

Ky ~ NB (my, o),
Hij = SiiQjj
log, (q;) = X,

The Kij raw count for gene i and sample j was modelled using an NB distribution with fitted mean pij and gene-specific
dispersion parameter ai. The fitted mean was considered ‘normalised counts’ scaled by a normalisation factor and is
composed of a sample-specific size factor sij and a parameter gij proportionate to the sample j's estimated true frag-
ment concentration. The coefficients i represent the log2 for gene i within each column of the model matrix x. Notably,
the model may be expanded to employ sample- and gene-dependent normalisation factors sij, and p values less than
0.05 were regarded as statistically significant.

2.3 PD-L1-mRNAs co-expression network analysis

A co-expression network determines whether a gene exhibits a coordinated expression pattern across a sample collec-
tion. This co-expression network can be expressed as a gene-gene similarity matrix, which may be used for subsequent
analyses. Therefore, a co-expression analysis was performed to investigate the association between PD-L1 and TCGA
genes in GC. A network of mRNAs-PD-L1 co-expression was constructed using the core function of the R package. Based
on Pearson correlation coefficients and p-values, pairings of significant correlations were selected while developing the
network. Statistical significance was set at p < 0.05.

The prediction of protein—protein interaction (PPl) combines bioinformatics and structural biology to annotate cellular
locations and biological functions of proteins. A PPl network was reconstructed and obtained from the STRING database
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(accessed https://cn.string-db.org/, Version 11.5,01/06/2022) [17]. We used the minimum required interaction score for
high confidence (0.7) [18]. PPIs with a combined score of > 0.7 were considered significant for determining the associa-
tion between genes and node degrees.

2.4 Gene Ontology (GO), Kyoto Encyclopaedia of Gene and Genomes (KEGG) pathway and Gene Set
Enrichment Analysis (GSEA) enrichment

GO and KEGG analyses are the most common functional analysis tools. Statistical and enrichment analyses of GO and
KEGG functional profiles of genes and clusters of genes were performed using the Cluster Profiler package in R. We used
the hypergeometric distribution test to assess whether these genes were significantly enriched in a particular biologi-
cal process or pathway. By calculating the p-value of the hypergeometric distribution, we can determine how likely it is
that the observed enrichment occurred by chance. If the p-value is small, it is difficult to observe such enrichment in a
random situation. Therefore, we can assume that this functional category or pathway is significantly enriched in our list
of genes. The user data mapping module of the KEGG database (accessed at https://www.genome.jp/kegg/, 01/06/2022)

was used to visualise the highly enriched pathways.
M N-M
i n—i

=1_Z

=)

In this equation, N is the total number of genes in the background distribution. In contrast, M represents the number
of genes directly or indirectly related to the gene set of interest. In addition, n indicates the size of the list of genes of
interest, and k represents the number of genes within the list that are annotated to the gene set. The cut-off threshold
was determined to be p.adjust < 0.05. GSEA was conducted to identify significantly enriched gene sets associated with
the biological conditions under investigation. The analysis was performed using GSEA version 4.0.2.

2.5 Survival analysis

Survival analysis was performed to explore whether the co-expressed genes were associated with the prognosis of GC
patients. The log-rank test for survival analysis was used to analyse the influence of multiple variables on time-to-event
outcomes, such as mortality. The Kaplan-Meier survival curve was defined as the chance of survival at a given time. The
patients were assigned to two groups according to the median expression of notable GC-related genes. Univariate Cox
regression analysis revealed that significant survival-related genes are potentially functional in gastric adenocarcinoma.
The difference in survival rates between the high- and low-risk groups was determined through Kaplan-Meier analysis,
with a log-rank test using the R package surfminer. The survival probability was calculated by the survival time, survival
state, and different grouping conditions as follows: S(t) = P(T > t) =1 — F(t),0 < t < co.

The Kaplan—-Meier plot can be interpreted as a step function, with a vertical drop in the curve indicating a death event.
The survival package’s survfit function calculates the Kaplan—-Meier estimator for truncated and/or censored data. The
left-hand side of the formula is a Surv object, and the right-hand side contains various categorical variables that group
the observations. The hazard ratio, with 95% confidence intervals, and log-rank p values were computed, and p-values
less than 0.05 were regarded as statistically significant.

2.6 Transcription factor binding site prediction

We used the transcription factor binding site (TFBs) footprint method to computationally predict the TFBs of the candi-
date prognostic genes of interest. We employed 575 position weight matrices based on binding data from the JASPAR
database. TFBs footprinting used a‘pb’value of 1000 for gene transcript prediction, with all other parameters set to their
default values. Published data on genes and their transcription factors were collected, and the transcription factors of tar-
get genes were predicted utilising prediction tools (https://tfbs-footprinting.readthedocs.io/en/latest/intro.html#basics).
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2.7 GCcell culture and treatment

The human GC cell line MKN-45 was a gift from the Cancer Hospital Chinese Academy of Medical Science (Beijing, China).
The cell line was cultured in Dulbecco’s modified Eagle’s medium (DMEM)/F12 supplemented with 10% foetal bovine
serum, 100 U/ml penicillin, and 100 pg/ml streptomycin (standard DMEM/F12). BATF2 siRNAs (30 pmol) (OBiO Scientific
Service, Beijing, China) were transiently transfected into GC cell MKN-45 utilising a Lipofectamine 3000 Transfection Kit
(L3000-008, Invitrogen, Carlsbad, CA, USA). After transfection, the cells were cultured for 24 h and collected for further
analysis.

2.8 Animal studies

Five-week-old 615 mice were purchased from the Institute of Haematology and Blood Diseases Hospital (Chinese Acad-
emy of Medical Sciences & Peking Union Medical College, Tianjin, China). All the animals were acclimated under standard
laboratory conditions and had free access to standard water and food. All procedures were conducted in accordance
with the Guiding Principles in the Care and Use of Animals (China) and were approved by the Laboratory Animal Ethics
Committee of Beijing YongXinKangTai Technology Development Co., Ltd (Refinement No. YXKT2022L018). Mouse MFC
cells (4 * 10° cells/200 pL) were subcutaneously injected near the forelimb of mice, and the primary tumour tissue was
collected as it reached 1000 mm? for further in vivo model. For the in vivo anti-PD-1 treatment model, the primary tumour
tissue was cut in pieces of 10 mm?® and subcutaneously embedded near the mice’s forelimb. When the tumour volume
reached 100-150 mm?, 200 pg mouse anti-PD-1 antibody (anti-mPD1) (BE0146, Bio X Cell) or IgG control (BEO089 Bio
X Cell) was injected intraperitoneally in the mice 4 times at 3-day intervals, then the tumours were harvested for the
further experiment.

2.9 RT-qPCR

RT-gPCR was performed to assess the knockdown levels of BATF2 in the human GC cell line MKN45. Briefly, RNA concen-
tration was determined utilising a Nanodrop device (Thermo Scientific), and complementary DNA (cDNA) was synthesised
employing a HiScript lll RT SuperMix kit (Vazyme Biotech), strictly adhering to the guidelines provided by the manufac-
turer. Quantitative PCR was conducted on a CFX96 Real-Time System (Bio-Rad Laboratories, Hercules, CA) using ChamQ
Universal SYBR Green Master Mix (Vazyme Biotech). The amplification protocol included specific primers for human BATF2
(forward primer: TCAGGGAAGCCAAGTGACAAGTC, reverse primer: ACAGGAGAAGGAGGAGCAGAGG). The gene expres-
sion levels were denoted as the number of copies per microgram of total RNA. The relative expression quantification
was executed utilising the comparative 2-AACt method, with GAPDH serving as the normalisation reference for cDNA.

2.10 MTT assay

The viability of the cancer cells was evaluated using the MTT assay. The siRNA-transfected cells were seeded in 96-well
plates with a final volume of 100 pl. At 24-72 h, 5 mg/ml MTT reagent (10% v/v, without replacing the medium) was
added to each well, and after 3-h incubation, the medium was removed, and 200 pl of DMSO was added. The plate was
placed on a shaker to dissolve the formazan crystals. The absorbance was measured using a SpectraMax M5® microplate
reader (Molecular Devices, California, USA) with a reference wavelength of 490 nm.

2.11 Enzyme-linked immunosorbent assay (ELISA)
Protein extracts from human GC cells, MKN-45, primed with siRNA were prepared using RIPA buffer, and the concentra-
tions of proliferation markers and PD-L1 were tested by Human CCNB1 ELISA kit (Cat. No. MM-610052H1) and Human

CCND?1 ELISA kit (Cat. No. MM-0404H1), Human PD-L1 ELISA kit (Cat. No. MM51811 h1), according to the manufacturer’s
instructions. All ELISA kits were purchased from Meimian Industrial Co., Ltd. (Jiangsu, China).
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2.12 Western blotting

Primary gastric cancer tumour tissue lysates were prepared in RIPA lysis buffer containing 2% (v/v) protease inhibitor
cocktail and 1% (v/v) phosphatase inhibitor on ice. Protein concentration was determined using a BCA protein assay
kit (Pierce, USA). Total protein (30 ug) was separated by 10% SDS-PAGE and transferred onto a PVDF membrane (Merck
Millpore). After blocking the membrane with 5% milk for 2 h at room temperature, primary antibodies were incubated
overnight at 4 °C with continuous gentle rolling: anti-B-actin (1:50,000, AC026, ABclonal); anti-BATF2 (1:1000, 16,592-
1-AP, Proteintech). The membrane was then incubated with the enzyme-conjugated secondary antibody peroxidase
AffiniPure donkey Anti-Rabbit IgG (1:10,000, ZB-2301, Zsbio) for 2 h at room temperature. A chemiluminescence kit was
employed to visualise immunocomplexes using a chemiluminescence imaging system. The Image J software (Syngene,
UK) was employed to quantify the bands, and the level of actin was used to normalise the data.

2.13 Statistical analysis

Group comparisons were conducted utilising either Student'’s t-test or analysis of variance for further analysis (GraphPad
Prism for Apple Macintosh, version 9). The results are reported as the mean + standard deviation (SD) unless otherwise
stated. Statistical significance was defined as p-values equal to or less than 0.05.

3 Results
3.1 Identification of differentially expressed mRNAs in human GC tissues

Differentially expressed genes (DEGs) analysis was initially conducted for GC and adjacent to cancer. Data on 375 GC
samples and 32 normal samples were obtained from the TCGA database, and 7467 differentially expressed mRNAs were
identified (Fig. 1, panel A). Moreover, the cut-off points were set in advance, with a fold change > 1.5 and p value <0.05,
to screen significantly differentially expressed mRNAs. As shown in Fig. 1 (panels B and C), 3587 (48.04%) of the 7467
DEGs were significantly upregulated, and 3878 (51.94%) were significantly downregulated.

Next, 2295 genes were analysed to evaluate the correlation between PD-L1 (CD274) and other genes in the TCGA data-
base. The genes with a p-value <0.05 were selected, of which 2073 and 222 showed positive and negative correlations,
respectively. To identify co-expressed genes, the top 500 PD-L1 co-expressed genes were selected based on the Pearson
correlation coefficient, ordered in descending value (the co-expression pattern of the top nine gastric adenocarcinoma
genes with PD-L1 is shown in Supplementary Fig. 1). An intersection analysis was conducted to better understand the
interplay between the 7465 DEGs and the top 500 co-expressed genes, and 189 DEGs were found to be co-expressed
with PD-L1 in GC. Interactions between these 189 candidate genes were constructed using a curated database, and
the degree of each node was calculated using STRING (https://string-db.org/, version 12) (Fig. 1, panel D). Forty-seven
genes were excluded because they did not interact with other genes. The node degrees of the top 30 genes are shown
in Supplementary Table 1.

3.2 DEGs co-expressed with PD-L1 are enriched in immune-associated biological processes and signalling
pathways

To understand the biological functions and processes of the 142 DEGs co-expressed with PD-L1 in gastric adenocarci-
noma, we analysed the signalling pathways enriched by these genes. Several immune- and inflammatory-modulatory
processes were significantly enriched, including the ‘Cytokine-cytokine receptor interaction) ‘Chemokine signalling
pathway; ‘Toll-like receptor signalling pathway;, ‘NOD-like receptor signalling pathway’ ‘Th1 and Th2 cell differentiation’
and ‘B cell receptor signalling pathway'. In addition, GSEA results suggested that pathways of the ‘NF-kappa B signalling
pathway; ‘HIF-1 signalling pathway;, ‘C-type lectin receptor signalling pathway’and ‘PD-L1 expression and PD-1 check-
point pathway in cancer’ tended to be activated in the cancer group (Fig. 2A and Supplementary Fig. 2). GO analysis
revealed that the changes in the ‘Biological Process’ (BP) of DEGs co-expressed with PD-L1 were enriched in the ‘immune

response; ‘inflammatory response; ‘chemokine-mediated signalling pathway, ‘T cell activation; and ‘T cell co-stimulation’;
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Fig. 1 Overview of 142 differentially expressed genes co-expressed with PD-L1 in GC. A Heatmap showing the differentially expressed
mMRNAs in tissues from GC and adjunct to cancer from TCGA database. The data on each row represents the genes (n =7467), and each
column indicates the samples. Red and green indicate upregulated expression (n =3587) and downregulated expression (n =3880), respec-
tively. Colour density indicates the levels of fold change. B Volcano plot illustrating the differentially expressed mRNAs in tissues from GC
and adjunct to cancer. The X-axis is log,(Fold change) of gene expression levels between cancer and normal tissue, and the Y-axis is the
p-value based on —log10. The coloured dots on the left (blue) and right (orange) represent genes with downregulated and upregulated
expression, respectively, based on a p-value <0.05 (the red horizontal line) and a 1.5-fold change expression difference (the two red vertical
lines). C Pie chart depicting the total number of differentially expressed genes with upregulated, downregulated, or ambiguous expression.
D PPI network graph constructed in STRING. Edges indicate functional and physical protein associations; nodes represent genes, and lines
connecting genes represent interactions. Minimum required interaction score: high confidence (0.7). Disconnected nodes are hidden in the
network

the changes in the ‘Cellular Components’ (CC) was enriched in ‘plasma membrane, ‘external side of plasma membrane;
and ‘immunological synapse’; and the changes in the ‘Molecular Function’ (MF) was enriched in ‘protein binding; ‘sig-
nalling receptor activity, ‘transmembrane signalling receptor activity, and ‘chemokine activity’ (Fig. 2, panel B). GO and
KEGG analyses were primarily conducted on pro-inflammatory and immune-related pathways. As shown in Fig. 2, 56
and 62 DEGs co-expressed with PD-L1 were significantly concentrated in twenty signalling pathways (panel C) and ten
biological processes (panel D), respectively. Intersection analysis showed that 41 DEGs co-expressed with PD-L1 were
enriched in immune-associated biological processes and signalling pathways.

3.3 Altered expression of immunotherapy response gene BATF2 is associated with overall survival in GC
patients

To test whether the 41 candidate genes were positively responsive to anti-PD-1 immunotherapy in GC patients, DEGs
analysis was conducted on clinical samples obtained from immunotherapy responders and non-responders in the
PRJEB25780 Dataset. Twenty-one and 57 clinical samples that positively and negatively responded to anti-PD1 immuno-
therapy were obtained from the STAD-PRJEB25780_anti-PD-1 dataset. Additionally, 2399 differentially expressed mRNAs
that respond to anti-PD1 immunotherapy between the responder and non-responder groups were identified based on
a p-value <0.05. Moreover, the cut-off points were set in advance, with fold change > 1.5 and p-value < 0.05, to filter out
significantly differentially expressed mRNAs. As shown in Fig. 3 (panel A), 137 (5.7%) significantly upregulated DEGs are
positive responses in anti-PD1 immunotherapy, and 89 (3.7%) downregulated DEGs are negative responses in anti-PD1
immunotherapy. The top 100 DEGs are shown in a heatmap (Fig. 3, panel B). To better understand the interplay between
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Fig.2 GO and KEGG pathway enrichment and network analysis of 142 DEGs co-expressed with PD-L1. A Bar chart depicting the 20 sig-
nificant pathways in the KEGG analysis. B The bubble chart shows the 10 significant items in the BP, CC, and MF sections according to the
adjusted p-values in the GO analysis. The adjusted p-value represents the degree of significant fold enrichment. The number of genes
observed in a pathway corresponds to the size of the circle. C The functionally grouped network was visualised using Cytoscape based on
the degree of connectivity between pathways and genes. D The functionally grouped network was visualised using Cytoscape based on the
degree of connectivity between GO terms and genes

the 41 candidate genes and the 226 immunotherapy response-associated genes, an intersection analysis was conducted
to obtain nine up-regulated DEGs positively responding to anti-PD1 treatment in GC patients (Fig. 3, panel C). The details
of the nine candidate genes in the anti-PD1 immunotherapy responder group are listed in Supplementary Tables 2 and
3. Next, Kaplan-Meier survival curves were generated to examine whether the alteration of these nine candidate genes
was associated with a poor prognosis of GC. As shown in Fig. 3 (panel D), only BATF2 significantly affected the overall
survival of patients in the log-rank test. The overall survival of GC patients was found to be improved with high BATF2
expression (p < 0.05) (the overall survival log-rank p-value of the other eight candidate genes for GC survival is shown
in Supplementary Fig. 3).

3.4 Downregulation of BATF2 enhances the ability to promote in vitro growth and tumour immune escape
in human GC cells

To determine the signature of the candidate gene, BATF2, transcriptomic profiling analysis was conducted on clinical

samples obtained from the Tumour Immunotherapy Gene Expression Resource (TIGER) dataset. The Single-Cell Immunity
Datasets of TIGER were used to analyse the cells from clinical samples of non-atrophic gastritis (NAG) (n = 3), chronic
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Fig. 3 Candidate gene BATF2 is of significant prognostic value for anti-PD1 immunotherapy in GC patients. A Pie chart depicting the num-
ber of differentially expressed genes with positive, negative, and no responses. B Heatmap illustrating the positive response genes from
the positive and negative responder groups. The data on each row represents the genes (n =100), and each column indicates the clinical
samples. Red and blue indicate upregulated and downregulated expression in the immunotherapy responder group, respectively. C Vol-
cano plot showing the differentially expressed mRNAs in tissues from positive- and negative-anti-PD-1 immunotherapy groups. The X-axis
is log,(Fold change) of gene expression levels between the responder and non-responder groups, and the Y-axis is the p-value based on
—log10. The coloured dots on the left (blue) and right (orange) represent genes with negative and positive responses based on a P-value
<0.05 (the red horizontal line) and a 1.5-fold change expression difference (the two red vertical lines). D Kaplan-Meier overall survival plots
for GC patients from the TCGA database (n =370), comparing those with low (blue line) and high (red line) expression levels of BATF2. The
low- and high-expression groups were divided by the median expression level of genes

atrophic gastritis (CAG) (n =2), intestinal metaplasia (IM) (n =4), and GC tumours (n =1) to characterize the candidate gene
BATF2 precisely. The literature on this dataset details the collection and processing of clinical samples, the post-quality
control assessment (Supplementary Fig. 4, panel A), and the transcriptomic data collection and processing steps of 33,219
individual cells [19]. The cell clusters were annotated with the dominant expression pattern of specific cell markers. Nine
cell types were identified via UMAP analysis: malignant cells, endocrine cells, B cells, fibroblasts, T cells, goblet cells, and
endothelial cells (Fig. 4, panels A and Supplementary Fig. 4, panel B). To further explore BATF2 expression, differential
expression was analyzed between tissue samples from GC and gastritis tissues in TIGER datasets based on a logarithmic
scale (base 2) fold change value. The data showed that BATF2 is mainly distributed in endothelial (log (FC) =0.0298),
fibroblast (log (FC) =0.0310), malignant (log (FC) =—0.0044), and endocrine cells (log (FC) = —0.0013) (Fig. 4, panel B).
Although the candidate gene BATF2 is mainly expressed in endothelial cells, the primary sources of endothelial cells were
CAG (53.66%, 16,025 individual cells), IM (40.59%, 9791 individual cells) and NAG (5.25%, 6209 individual cells) rather
than GC (0.5%, 1194 individual cells) (Supplementary Fig. 4, panel C). GEPIA violin plot of gene expression by pathologi-
cal stages based on the TCGA clinical annotation indicated the low expression levels associated with the advanced TNM
stage (Supplementary Fig. 4, panel D). Furthermore, the single cell-sequencing data indicated that the candidate gene
BATF2 was mainly expressed in endocrine cells (log (FC) =0.007), malignant cells (log (FC) =0.005), and fibroblast cells
(log (FC) =0.028) of GC tissues when compared to gastritis tissues (Fig. 4, panel C). The distribution difference of BATF2
analysis in GC tissues showed that BATF2 expression accounted for 10.09%, 3.61%, and 0.56% in endocrine, malignant,
and fibroblast cells, respectively (Fig. 4, panel D and Supplementary Fig. 4, panel E).
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Fig.4 Candidate gene BATF2 is mainly distributed in the endocrine and malignant cells in the single-cell profile of clinical samples from
gastric tumours. A Examination of RNA-seq data sets from clinical samples reveals the presence of nine cell types. B UMAP plots and quar-
tiles for box plots reveal the distribution and proportion of candidate gene BATF2 in different cell types. C UMAP plots reveal the distribu-
tion of clinical GC and gastritis tissue samples in different cell types. D Bar chart reveal the proportion of candidate gene BATF2 in different
cell types of clinically GC tissue samples

BATF2 is a tumour suppressor that inhibits cancer cell growth [20]. Guided by previous data, we performed
experiments to test if BATF2-knockdown can affect the proliferative ability of human GC cells MKN-45. As shown in
Fig. 5, the siRNA constructs knocked down BATF2 expression by 15% (p < 0.05) and 28% (p < 0.05) for BATF2KP32! and
BATF2KD>%8 (Panel A), respectively. Further analysis of cell viability in cultures exposed to these targeting constructs
revealed that the addition of BATF2%P32" and BATF2KD>%8 significantly increased the growth of human GC cells MKN-
45 when compared to that in the NC-treated group (Fig. 5, Panel B). As shown in Fig. 5 (Panel C-D), the proliferation
marker genes (CCNB1 and CCND1) were upregulated in MKN-45 cells after being primed with the BATF2KP321 and
BATF2KP>68 constructs. Furthermore, the BATF2 mRNA-targeting constructs showed an inverse correlation with
the expression of PD-L1. Cultures exposed to BATF2XP321 and BATF2KP368 significantly increased PD-L1 expression
(Fig. 5, Panel E). Furthermore, the mouse anti-PD1 was administrated after embedding the mouse GC cells MFC-
formed tumour tissues. As seen in Fig. 5 (Panels F), parental GC tumours were significantly positively responsive
to anti-mPD1 treatment, as evidenced by a reduction in tumour growth compared to that exposed to IgG Control.
The tumour tissue sensitive to anti-PD1 administration caused a significant increase in BATF2 expression (p < 0.05)
when compared to primary tumour tissues (Fig. 5, panel G).

To gain further insight into the synergistic effects of BATF2 and PD-L1 in selecting GC patients for PD-L1 inhibi-
tor immunotherapy, we performed transcription factors (TFs) prediction analyses for the candidate gene BATF2 to
discover additional potential predictors and therapeutic targets for GC. TFs are a class of sequence-specific DNA-
binding proteins that can bind to the sequence of TF-binding sites upstream of target genes and regulate gene
transcription. As they play an essential role in tumour development, targeting these TFs may directly impair the
survival and dissemination of tumour cells [21]. Our data showed that STAT and IRF family members were predicted
as binding proteins of BATF2. This finding is consistent with immunoprecipitation studies showing that BATF2/IRF1
is likely to regulate the expression of immune effector genes cooperatively [22]. The top ten predictions of BATF2
are listed in Table 1. These TFs can directly regulate the expression of PD-L1-related genes, which may indirectly
affect PD-L1 expression. Thus, these TFs may also serve as potential therapeutic targets.
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4 Discussion

The emergence of the PD-1/PD-L1 immune checkpoint as a marker for predicting diagnosis and treatment efficacy
has revolutionised cancer treatment, effectively providing treatment opportunities for a wide range of cancer types.
Nivolumab was the first anti-PD-1 mAb to show a significant prolonged OS in patients with GC [23]. It also demon-
strates improved OS in patients with advanced gastric adenocarcinoma when compared to chemotherapy alone [24].
In addition, nivolumab exhibits anti-tumour efficacy in metastatic melanomas and non-small-cell lung carcinoma
[25, 26]. It also has shown promising effects in individuals with relapsed or refractory Hodgkin's lymphoma [27].
Pembrolizumab has shown significant clinical activity and has been approved by the USA for treating patients with
metastatic GC [28]. The phase Il KEYNOTE-859 trial elucidates its function as a first-line therapeutic option for patients
with HER2-negative advanced GC [29]. In addition, pembrolizumab exerts significant therapeutic efficacy in some
solid tumours, such as bladder cancer [30], classical Hodgkin's lymphoma [31] and triple-negative breast cancer [32].

The immune microenvironment plays a significant role in determining the effectiveness of immunotherapy, as it
encompasses a complex interaction between immune cells, tumour cells and other stromal components. Accumu-
lating immunosuppressive cells such as regulatory T cells (Tregs) and myeloid-derived suppressor cells (MDSCs) in
the tumour microenvironment has profound implications for immune evasion and tumour progression. In gastric
adenocarcinoma, high levels of Tregs in the tumour tissue and peripheral blood have been linked to poor prognosis,
as they create an immunosuppressive niche that inhibits the activity of CD8 + cytotoxic T cells, thereby reducing the
clinical activity of PD-1/PD-L1 inhibitors [33]. MDSCs contribute to tumour-associated angiogenesis by secreting
pro-angiogenic factors such as vascular endothelial growth factor (VEGF), which helps tumours grow and spread.
The crosstalk of MDSCs and immune cells (macrophages and dendritic cells) within the tumour microenvironment
contributes to an immunosuppressive environment that promotes tumour survival. Tregs can further inhibit the
activation of T cells and promote the accumulation of MDSCs by secreting anti-inflammatory cytokines, such as IL-10
and TGF-f. This creates a double barrier to suppress antitumour immunity in the microenvironment. The combination
of Tregs, MDSCs, and immunosuppressive cytokines leads to an overall suppression of the immune system in GC [34].
To improve immune responses in cancer, the combination of PD-1/PD-L1 blockade and treatments targeting Treg or
MDSCs is being explored to restore the activity of tumour-specific T cells and enhance the therapeutic effects of PD-1/
PD-L1 inhibitors. For instance, combining PD-1/PD-L1 inhibitors with Treg-depleting antibodies or VEGF antibodies
has enhanced immune response in head and neck squamous cell carcinoma and breast cancer [35, 36].

However, in GC patients, the PD-1/PD-L1 expression level in tumour cells or surrounding immune cells is low, and
PD-1/PD-L1 expression can sometimes yield false positives. Thus, PD-1/PD-L1 single-target blockade therapy is often
ineffective [14, 37]. The emerging role of biomarkers in guiding immunotherapy for gastric adenocarcinoma is pivotal
in advancing personalised cancer treatments. Gastric cancer, particularly in its advanced stages, is a heterogene-
ous disease, and its response to immunotherapy varies significantly among patients. This variability underscores
the importance of biomarker screening to guide patient selection. Consequently, screening biomarkers related to
PD-1/PD-L1 for targeted and individualised treatment of GC patients is necessary. PD-1/PD-L1-related biomarkers
can predict the expression level of checkpoints in combination with PD-L1 and aid in selecting effective inhibitors
for treatment. Still, they may also serve as therapeutic targets to enhance the benefits of combination therapy with
PD-1/PD-L1 inhibitors.

In recent years, several biomarkers, such as PD-L1 expression, microsatellite instability (MSI), and tumour muta-
tional burden (TMB), have played an essential role in identifying which patients with gastric cancer are most likely to
benefit from immune checkpoint inhibitors. PD-L1 expression measured by combined positive score (CPS) or tumour
proportion score (TPS) is the most reliable predictive factor to identify GC patients eligible for treatment with PD-1/
PD-L1 inhibitors. The data indicate that the efficacy of PD-1 blockade in gastric adenocarcinoma is associated with a
higher CPS of PD-L1 expression and a promising clinical benefit of immunotherapy in selected GC patients with CPS
>5[38]. As for PD-L1 positive tumours in the meta-analysis of seventeen phase lll clinical trials, the overall survival
in PD-L1 positive patients was longer than that of PD-L1 negative patients with advanced GC [39]. In the phase Il
KEYNOTE-059 trial, the PD-L1 positive tumour with CPS > 1 and PD-L1 negative tumour with CPS <1 demonstrated
an objective response rate (ORR) of 22.7% and 8.6%, respectively [9]. The phase Il KEYNOTE-061 trial suggested that
advanced GC patients with high PD-L1 expression (CPS = 10) benefited more from pembrolizumab treatment [40].
Tumours with high MSI show a dense infiltration of CD8 + lymphocytes, which can trigger a more robust immune
response. As for MSI in the meta-analysis, the ORR and disease control ratio of anti-PD-1 therapy in MSI-high GC
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Fig.5 BATF2 mRNA-targeting constructs enhanced the growth and the immune escape ability of human MKN-45 GC cells in vitro. A gPCR »
quantification of the differential expression of BATF2 mRNA expression in cell lysates obtained from the mock control or MKN-45- BATF2XP
GC cells. B After treatment with si-RNA for 24 h, MKN-45 cells were further cultured. Cell viability was assessed with MTT. C-E Protein levels
of proliferation markers (CCNB1 and CCND1) and PD-L1 in si-BATF2-treated MKN-45 cells. F Scatter dot plots of individual data points and
representative images of tumour tissues showing the changes in tumour volume in MFC-P-tumour-bearing mice treated with anti-PD1 or
1gG. N= 9 for each group. G Western blot quantification represents the BATF2 expression. The blots were analysed for the indicated anti-
body, and anti-rabbit B-actin was used as the loading control. In vitro results are from three independent experiments. Values are presented
as mean +SD from three independent experiments (*p < 0.05, **p < 0.01, ***p < 0.001)

patients was significantly higher than that of microsatellite-stable GC patients [41]. In the meantime, the PD-1 inhibi-
tor, pembrolizumab, works better for patients with metastatic GC whose tumours have an MSI of high [42]. In addition
to these, TMB is also a promising biomarker for immunotherapy. The high TMB demonstrates an increasing benefit of
immune checkpoint inhibitor treatment in GC [43]. Therefore, biomarker screening is essential in selecting individuals
with gastric adenocarcinoma who are most likely to benefit from immunotherapy.

This study aimed to identify PD-L1-related biomarkers that could improve patient selection for PD-1/PD-L1 inhibitor
therapy. PD-L1 expression, combined with other potential biomarkers, may have a higher predictive value for response
to immune checkpoint inhibitors than an individual biomarker. 7467 DEGs were found in GC tissues and adjacent to
cancer tissues from the TCGA database, and 2295 genes were associated with PD-L1 expression. Among the top 500
PD-L1 co-expression genes, 125 genes were differentially expressed in gastric adenocarcinoma tissues and adjacent to
cancer tissues. A PPl network was constructed, and 47 genes were excluded because they did not interact with other
genes. GO and KEGG analyses were performed to assess the primary function of 142 genes. Most of these 142 genes were
classified into functional categories related to immune function and cancer pathways. Forty-one genes were identified
based on the intersection of the mRNA-significant GO term network and the mRNA-significant signalling pathway net-
work. Additional intersection analysis of 41 candidate genes and 226 positive immunotherapy response genes yielded
nine candidate genes. We generated Kaplan—-Meier survival curves to explore the potential roles of these nine genes in
the overall survival of GC patients. Only BATF2 was demonstrated to have a significant effect on patients'overall survival
and high expression of BATF2 was associated with better overall survival. However, public datasets come with inherent
biases and limitations, such as demographic representation, clinical subtypes of cancers, bias in tumour heterogeneity,
lack of long-term follow-up and lack of direct translation to functional biological of genomic and transcriptomic insights
for TCGA datasets. In datasets like TIGER, the limitation of the applicability of the findings to fewer types of cancers and
the lack of detailed immune profiling limit the ability to study tumour-immune interactions accurately. Therefore, the
functional assays were conducted to determine the role of BATF2 in GC. We conducted experiments on the effects of
gene knockdown on GC cell growth. We found that BATF2 is closely related to PD-L1 and thus can serve as a biomarker—a
potential target for immune checkpoint blockade therapy. Additionally, TF predictions for BATF2 were also performed,
and our data suggested that STAT and IRF family members are the principal TFs for BATF2 and have the potential to be
key biomarkers for adjuvant therapy.

In this study, we observed an interesting phenomenon; this factor is theoretically highly expressed in tumour tissues
and is generally considered an oncogene that promotes tumour occurrence and development [44, 45]. However, the
BATF2 identified through our screening exhibited unique characteristics; BATF2 is typically upregulated in GC tissues.
However, the survival analysis revealed that the overall survival of GC patients with high BATF2 expression was longer.
BATF2 is stably expressed in various normal cells but is dysregulated in tumour cells [46-48], which can suppress the
growth and spread of tumour cells and induce apoptosis [47, 49, 50]. These findings are consistent with previous in vitro
studies showing that GC cells with low BATF2 expression significantly promoted proliferation. The downregulation of
BATF2 expression in GC tissues affects the transcription of certain classical T-cell activation genes (IFNG, GZMB, PRF1, and
TNF). It ultimately inhibits the activation of CD4 + memory T cells, forming an immunosuppressive microenvironment
that promotes the occurrence and development of GC [51]. BATF2 overexpression significantly increases p53 tumour
suppressor protein levels, inhibiting ERK signalling to reduce GC growth and metastasis [20]. The antitumour effect of
BATF2 is reflected in GC and plays a role in other tumours. Liu et al. showed that BATF2 inhibits the expression of PD-L1
by suppressing ZEB2 in the PI3 K/AKT signalling pathway and enhancing the infiltration and activation of CD8 +T cells.
ZEB2 can induce tumour cells to express PD-L1 and then evade immune surveillance. BATF2 is negatively correlated with
the expression of PD-L1 in NSCLC patients, and BATF2 inhibits PD-L1 expression at both the mRNA and protein levels
[52]. BATF2 prevents glioblastoma multiforme progression by inhibiting the recruitment of myeloid-derived suppressor
cells [53]. The decreased BATF2 expression is associated with an inferior outcome in hepatocellular carcinoma and oral
tongue squamous cell carcinoma [54, 55]. Moreover, BATF2 inactivates HGF/MET signalling in colorectal cancer, and
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Table 1 TOP 1,0 transcription Rank Binding protein Motif p-value

factor predictions of

candidate genes BATF2
1 IRF8 GAGAAACTGAAACT 1.00E-06
2 CTCF AGGCCTCCAGAGGGCACTG 1.00E-06
3 STAT1::STAT2 CAAGTTTCAGTTTCT 1.00E-05
4 IRF5 GAGAAACTGAAACT 1.00E-05
5 USF2 CTTGCTCACGTGGCTA 1.00E-05
6 CTCFL CTCCAGAGGGCACT 1.00E-05
7 CTCF AGGCCTCCAGAGGGCACTG 1.00E-05
8 USF2 CTTGCTCACGTGGCTA 1.00E-05
9 IRF1 GCCAAGTTTCAGTTTCTCCTA 1.00E-05
10 NR1H3:RXRA TGCCCTCTGGAGGCCTAAG 1.00E-04

HGF/MET signalling is frequently activated in various human malignancy fields [56]. Taken together, studies on BATF2 in
various cancer types have shown that it generally inhibits tumour growth and metastasis.

This study broadens the perspective that genes upregulated in tumour tissues are not necessarily oncogenes [57, 58].
CXCL11 was highly expressed in tumour tissues; however, patients in the high-expression group had a longer survival
time. We observed that higher expression levels of CXCL11 in tumour tissues were associated with an increased presence
of CD8 T cells. This may be attributable to the gene’s role in activating immune cells that exert anti-cancer effects [59].
The PLK1 gene is overexpressed in many tumour types, and PLK1 gene overexpression is often directly related to poor
prognosis, whereas in breast cancer, PLK1 overexpression is associated with longer survival. PLK1 overexpression has
tumour-suppressive properties by disrupting tumour cell mitosis and cytokinesis [60]. Gene expression and function
may be affected by the stage of tumour development, changes in the microenvironment, and the mode of treatment
[61-63]. In the early stages of tumours, these genes may have anti-cancer functions, such as inhibiting tumour growth
or promoting apoptosis. In advanced tumours, mutations, treatment pressures, or other factors may alter the function
of these genes, leading them to promote tumour growth and spread. This dynamic makes cancer research and treat-
ment extremely complex. Understanding the mechanisms of these changes is critical for developing effective treatment
strategies, and future research needs to further uncover the specific mechanisms of these dynamic changes to better
address these challenges.

5 Conclusions

BATF2 is closely related to PD-L1 expression in GC. High BATF2 expression positively correlates with low PD-L1 expression,
tumour cell growth inhibition, and longer patient survival times. The evidence from the present in vitro studies implies
that the candidate gene BATF2 shows promise for predicting the efficacy of PD-1/PD-L1 inhibitors in patients with GC.
However, further preclinical testing of the effects of this candidate gene BATF2 on the clinical outcome and prognosis
of immunotherapy in both immunocompetent or nude mouse models bearing mouse and human GC cells is needed.
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