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Abstract

Triple-negative breast cancer (TNBC) is a subtype of breast cancer with a poor prognosis and limited effective treatment
options. Notably, immunotherapy is a potential therapeutic approach for TNBC. This study performed single-cell RNA
sequencing on TNBC and found highly expressed CXCL9 in M1 macrophages. An intercellular communication network
was found between M1 macrophages and M2 macrophages, and M1 macrophages could differentiate into M2 macrophages
over time. Meanwhile, CXCL9 expression started to decrease in association with cell differentiation from M1 macrophages
to M2 macrophages. Additionally, the M1 macrophage had strong connections to the M2 macrophage in the MHC-II signal-
ing network. Through GSVA analysis, the MHC-II pathway activity of the M1 macrophages was significantly stronger than
that of the M2 macrophages. Furthermore, CXCL9 was enriched in the MHC-II signaling pathway. CXCL9 was signifi-
cantly enriched in the JAK/STAT signaling pathway. Western blot revealed that CXCL9 overexpression promotes JAK1/
STAT?2 expression in MDA-MB-231 cells. These findings indicate that CXCL?9 is a potential clinical biomarker of prognosis
and immunotherapy efficacy for TNBC patients. Also, it stimulates JAK/STAT activity, which in turn modifies the tumor
microenvironment.
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Introduction

Triple-negative breast cancer (TNBC) is characterized by
the absence of estrogen and progesterone receptors and
poor or lack of expression of human epidermal growth fac-
tor-2 (HER-2) [1]. TNBC has a worse 5-year prognosis than

Lei Wu, Shengnan Sun have contributed equally to this work and
share first authorship.

P4 Yan Zheng other breast cancer subtypes due to its high recurrence rate.
8793822@qq.com Currently, primary treatment options include chemother-
P41 Guohai Su apy or radiotherapy, which yield unsatisfactory outcomes.

gttstg@163.com

Research Center of Translational Medicine, Central Hospital
Affiliated to Shandong First Medical University, Jinan,
Shandong, People’s Republic of China

Research Center of Translational Medicine, Jinan
Central Hospital, Shandong University, Jinan, Shandong,
People’s Republic of China

Department of Oncology, Central Hospital Affiliated
to Shandong First Medical University, Jinan, Shandong,
People’s Republic of China

Department of Pathology, Central Hospital,
Shandong First Medical University, Jinan, Shandong,
People’s Republic of China

The recent approval of PD-1/PD-L1 immunotherapy has
improved the treatment of TNBC expressing PD-L1 in 1%
of the tumor area [2].

PD-L1 modulates immune responses in cancer cells
and provides a mechanism by which cancerous cells evade
the immune system [3]. Several studies have investigated
PD-L1 protein expression in many tumors. It has been
found that PD-L1 protein may serve as a predictive bio-
marker for responses to anti-PD-1/PD-L1 immunotherapy
[4, 5]. Previous studies have shown that PD-L1-positive
tumors have a higher objective response rate for immuno-
therapy than PD-L1-negative tumors [6]. Another study
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found that PD-L1 expression is higher in TNBC than in
other breast cancer types [7]. This suggests that PD-1/
PD-L1 antibody treatment may be effective for TNBC
patients. However, specific mechanisms driving the effect
of PD-L1 on the efficacy of immunotherapy are unknown.

The tumor microenvironment (TME) modulates the
response to immunotherapy in cancer patients. The TME
primarily consists of tumor cells and tumor-infiltrating
immune cells (TIICs). Tumor-associated macrophages
(TAMs) are a major component of the TIICs and are clas-
sified into two subsets, i.e., M1 and M2 subtypes [8]. The
M1 macrophages enhance tumor regression, whereas the
M2 macrophages promote tumor progression. The polari-
zation of TAMs from the M2 to the M1 phenotype may
enhance cancer immunotherapy. A high M1/M2 mac-
rophage ratio inhibits cancer susceptibility. In addition,
disruption of the M1/M2 ratio may provide immunother-
apy benefits [9]. M1 macrophages express higher levels
of PD-L1 than M2 macrophages, which may influence the
efficacy of immunotherapy [10, 11]. However, the underly-
ing mechanisms remain unclear.

CXC motif chemokine ligand 9 (CXCL9) plays a role
in immune responses. Recent studies have demonstrated
that CXCL9 predicts favorable prognosis in patients with
tumors and a good response to anti-PD-1 therapy [12, 13].
However, the precise role of CXCL9 and its association
with current immune-related targets in TNBC remains not
quite clear.

The results of this work suggest that CXCL9 is a poten-
tial diagnostic marker for TNBC, and CXCL9 relied on
the PD-L1 expression status is highly expressed in TNBC.
Moreover, the expression of CXCL9 was correlated with
M1 macrophages in TNBC. In addition, CXCL9 could
stimulate MHC-II activity by signaling through JAK/
STAT, which in turn modifies the tumor microenviron-
ment. These results showed that CXCL9 is a promising
diagnostic biomarker and could predict response to immu-
notherapy in patients with TNBC.

Methods and materials
Cell culture

MDA-MB-231 triple-negative breast cancer cells were
purchased from Procell (Procell Life Science & Technol-
ogy Co., Ltd., Wuhan, China). By STR identification, the
cell line was authenticated. Cells were cultured in L15
medium (Gibco, Thermo Fisher Scientific), supplemented
with 10% fetal bovine serum (Sijiqing, Hangzhou, China),
and then maintained at 37 °C without CO,.
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Plasmid transfection

The pENTER vector was used to construct the CXCL9
overexpression plasmid and control the overexpression
plasmid. The plasmids were constructed by WZ Bio-
sciences Inc. (Shandong, China). Subsequently, exponen-
tially growing untreated cells were cultured for 24 h before
transfection. pPENTER-CXCL9 was transiently transfected
with MDA-MB-231 cells using Lipofectamine 3000 (Inv-
itrogen, USA). The cells were cultured for 48 h. Finally,
proteins were extracted from these cells for Western blot
analysis.

Immunohistochemistry analysis

For THC analysis, all of the pathology slides came from the
Central Hospital Affiliated to Shandong First Medical Uni-
versity. The TNBC and adjacent tissue paraffin-embedded
slides were deparaffinized and rehydrated using xylene and
a graded series of ethanol (100%, 95%, 80%, 75%), and
then washed with PBS three times for 5 min each time.
Subsequently, EDTA antigen restore solution was used to
repair antigens on slices in a microwave oven at the condi-
tion of high heat for 5 min, heat preservation for 10 min,
and high heat for 5 min followed by natural cooling, and
washed with PBS three times for 5 min each time. It was
then immersed in 3% H,0, solution at room temperature
to eliminate endogenous peroxidase activity. The slides
were incubated in 5% BSA to block non-specific binding
of antibody for 1 h and then incubated in a humidified
chamber overnight at 4 °C with the primary antibodies
anti-CXCL9 (1:100 dilution; Proteintech, China). This
was followed by washing with PBS and incubation with a
secondary antibody for 60 min at room temperature. The
slices were washed with PBS after incubation. For a color
reaction, slides were incubated with the DAB solution.
Subsequently, the slides were then counterstained with
hematoxylin, dehydrated with graded alcohol series, and
covered-slipped with neutral balsam.

Western blotting

Total protein was extracted from the MDA-MB-231 cells
using the RIPA buffer (Beyotime, China). Total proteins
were separated in SDS-PAGE and then transferred onto
PVDF membranes. After blocking with 5% non-fat milk
for 2 h at room temperature, the membranes were incu-
bated overnight with the primary antibodies CXCL9
(1:500, Proteintech, China), JAK1 (1:1000), and STAT2
(1:1000) at 4 °C. Subsequently, the membranes were
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incubated with the corresponding secondary antibodies
and observed under enhanced chemiluminescence (ECL,
Thermo Fisher Scientific).

Data acquisition and selection

The TNBC datasets, including GSE37751, GSE38959,
GSE53752, GSE76250, and GSE115275, were normalized
and merged using the R packages “limma” and “sva.” The
data were derived from the GEO database and divided into
training cohorts (GSE37751, GSE38959, GSE53752, and
GSE76250) and validation cohort (GSE115275). To reduce
batch effects between these datasets, the merged dataset was
normalized using the ComBat function in the “sva” pack-
age. The GSE157284 dataset contained 82 TNBC samples,
including 58 PD-L1-negative samples and 24 PD-L1-pos-
itive samples. llogFCI> 1 and an adjusted P value < 0.05
were considered as thresholds. We collected single-cell
RNA sequencing (scRNA-seq) data of TNBC samples
(GSM4909281, GSM4909283, and GSM4909284) with a
reading depth of 10X genomics.

Functional analysis

Disease Ontology (DO) enrichment and GSEA were
employed to predict the general effects of the DEGs. The
analyses were conducted using the R package with “clus-
terProfiler” and “org.Hs.eg.db.” For the DO enrichment
and GSEA analysis, an adjusted P value <0.05 was used
as the selection cutoff. To evaluate the biological functions
of CXCL9, we employed the protocol prescribed in the
CAMOIP (v1.1) [14].

Selection of diagnostic genes based on machine
learning

In the training cohort, the LASSO regression [15] and SVM-
RFE [16] algorithms were employed to select diagnostic
genes and prevent overfitting in cases of many genes. Nota-
bly, five genes were selected using both algorithms.

Construction of WGCNA

The raw GSE157284 data were normalized and processed
using the R software to identify genes associated with the
PD-L1 expression profile in TNBC. The genes were ranked
based on their SD values, and the top 25% of genes were
used to perform WGCNA via the R package “WGCNA”
and a f=3 as the soft thresholding. The minimum number
of genes in the module was set to 20, resulting in 5 mod-
ules. The correlation coefficient was calculated to measure
the relationship between PD-L1 expression status and mod-
ule. A module with the first absolute correlation coefficient

was considered a candidate associated with clinical traits.
Finally, 51 genes significantly relevant to PD-L1 expression
status in the yellow module were used for further analysis.

Analysis of immune cell infiltration

CIBERSORT package, a bioinformatics tool that analyzes
immune cell infiltration [17], was applied to analyze the
proportion of 22 immune cell types in the training set and
GSE157284 dataset. The CIBERSORT algorithm was run
on 1000 permutations, followed by quantile normaliza-
tion. We assessed the relationships among CXCL9, PD-L1
expression status, and the proportion of various immune
cells.

Processing of scRNA-seq data

ScRNA-seq data were extracted from human TNBC. The
data were organized and analyzed using the Seurat pack-
age in the R software. GSM4909281, GSM4909283, and
GSM4909284 datasets were used for analysis. We excluded
genes expressed in <3 cells and cells expressing <250
unique gene counts. The top 2000 highly variable genes
were selected using “vst” in Seurat. Furthermore, the uni-
form manifold approximation and projection (UMAP) algo-
rithm was used to minimize the dimensions of scRNA-seq
data [18]. The cutoff values for identifying marker genes
were adjusted to logFC =0.5 and minpct=0.3. Many cell
clusters were annotated using the SingleR algorithm [19].
Subsequently, the CellMarker database was used for manual
verification and correction [20].

Statistical analysis

The diagnostic accuracy of the genes was assessed based on
the AUC. The AUC was graded as follows: 0.5 < AUC<0.7,
poor discrimination; 0.7 < AUC < 0.8, acceptable discrimi-
nation; 0.8 <AUC < 0.9, excellent discrimination; and
AUC>0.9, outstanding discrimination [21]. Statistical
analysis was conducted in the R software (Version 4.1.3).

Results

Identification and functional enrichment analysis
of DEGs in the training set

The flowchart of the study is represented in Supplemen-
tary Fig. 1. A total of 367 DEGs were identified from the
training datasets (GSE37751, GSE38959, GSE53752, and
GSE76250). The DEGs included 141 upregulated and 226
downregulated genes (Fig. la and Supplementary Tab.
1). DO enrichment analysis showed that the DEGs were
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Fig. 1 Identification and functional enrichment analysis of the DEGs in the training set. a Heatmap of the top 50 DEGs in the training set. The

DO b and GSEA c-d analyses of the DEGs

enriched in hereditary breast—ovarian cancer (Fig. 1b). In
the GSEA pathway analysis, the top 5 enriched terms, i.e.,
“drug-metabolism-cytochrome-P450,” “metabolism-of-
xenobiotics-by-cytochrome-P450,” “neuroactive-ligand-
receptor-interaction,” “retinol-metabolism,” and “tyrosine-
metabolism,” were remarkably expressed in the normal
group (Fig. 1c). In contrast, the other 5 terms, i.e., “allograft-
rejection,” “antigen-processing-and-presentation,” “cell-
cycle,” “primary-immunodeficiency,” and “proteasome,”
were robustly expressed in the TNBC group (Fig. 1d).

Screening of diagnostic genes in the training set

To further identify genes with diagnostic potential in TNBC,
the 367 DEGs were analyzed by LASSO and SVM analyses
(Fig. 2a and 2b). The LASSO and SVM regression analy-
ses demonstrated that 5 DEGs, i.e., ADAMTSS, TACC3,
HOXA4, ABCAS, and CXCL9, were potential diagnostic
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genes (Fig. 2¢). Moreover, these 5 genes were significantly
and differentially expressed between the tumor group and
normal group. TACC3 and CXCL9 genes were upregulated
in the TNBC group, whereas other genes were suppressed
(Fig. 2d-2h). ROC curve showed the diagnostic performance
of ADAMTSS, TACC3, HOXA4, ABCAS, and CXCL9 in
TNBC with AUC values of 0.918, 0.908, 0.886, 0.876, and
0.833, respectively (Fig. 3).

Re-validation of the diagnostic genes
in the validation set

To assess the diagnostic value of the 5 genes, the
GSE115275 was used as a validation set. Our analysis
showed similar results to the training set. TACC3 and
CXCL9 were upregulated in the TNBC group, whereas the



Cancer Immunology, Immunotherapy (2023) 72:1479-1492

a

Binomial Deviance

TACC3 expression

Fig. 2 Identification of the diagnostic genes in the training set. a and
b The LASSO and SVM methods used to select diagnostic genes in
the training set; ¢ the Venn diagram showing the intersecting genes
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Fig.3 ROC curves of the a ADAMTS5, b TACC3, ¢ HOXA4,d ABCAS, and e CXCL9 in the training dataset

other three genes were downregulated (Fig. 4a-4e). The
ROC curves for ADAMTSS, TACC3, HOXA4, ABCAS, and
CXCL9 showed AUC values of 1.000, 1.000, 0.889, 0.944,

and 1.000, respectively (Fig. 4f-4j).

WGCNA analysis

Data from the GSE157284 dataset were preprocessed using
R, and 21,654 genes were used to perform the WGCNA. A
total of 5,414 genes were used for cluster analysis using
the WGCNA package; f=3 was set as the soft threshold

@ Springer
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power (Fig. 5a and 5b). We constructed the cluster den-
drogram based on the selected threshold. We identified
five color modules (Fig. 5¢). A total of 509 genes were in
the blue module, 4,112 genes in the turquoise module, 210
genes in the brown module, 51 genes in the yellow, and
1 gene in the grey module. Finally, genes in the 5 color
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modules were used to explore the relationship between
the modules and traits (PD-L1 expression status). Com-
pared with other modules, the yellow module exhibited
the highest correlation with the PD-L1 expression status
(Fig. 5d and Supplementary Tab. 2), demonstrating that
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genes in the yellow module play significant roles in the
PD-1/PD-L1 immunotherapy of TNBC patients.

Identification of key diagnostic genes
and functional enrichment analysis

Our analysis showed 10 DEGs (GBP5, IDO1, LYZ, NLRCS,
STAT1, CXCLO9, IFI44L, LOC102723479, CXCL10, and
CCLS8) in GSE157284 (PD-L1 positive versus PD-L1 nega-
tive, Fig. 6a). The WGCNA-yellow module, LASSO, and
SVM were intersected with the 10 DEGs. Comprehen-
sive analysis of the four datasets only identified CXCL9
(Fig. 6b). Meanwhile, TNBC tissues expressed stronger
CXCL9 than para-cancerous breast tissues based on immu-
nohistochemistry (Fig. 6¢ and d). Kaplan—Meier survival

curves were constructed to examine the relationship between
the expression level of CXCL9 and the overall survival of
breast cancer patients. The results revealed that the CXCL9
high-expression group had a better prognosis (log-rank
P=0.006, HR=0.77, Fig. 6e). In contrast with all breast
cancer, the effect was striking in the TNBC subgroup (log-
rank P=1.3e-07, HR =0.34, Fig. 6f).

Distribution of TIICs in TNBC with PD-L1 positive
or PD-L1 negative

The CIBERSORT algorithm was used to evaluate differ-
ential immune infiltration of 22 subpopulations of immune
cells between the PD-L1-positive and PD-L1-negative
TNBC. As a consequence, the proportion of immune
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Fig. 7 Identification of different cell clusters in TNBC by single-cell
sequencing analysis. a Distribution of immune cell-type fractions in
the PD-L1 expression status in TNBC; b the proportions of 22 TIICs
in the PD-LI-positive (red) and PD-LI-negative (blue) TNBC; ¢
correlation between the expression of CXCL9 and the infiltration of
immune cells from TNBC; d comparison of batch effects between the

cells significantly varied between and within groups
(Fig. 7a). Compared with the PD-L1-negative TNBC,
PD-L1-positive samples showed a higher proportion of
M1 macrophages (P =0.045, Fig. 7b). Figure 7c shows
that CXCL9 was positively correlated with the M1 mac-
rophages (R=0.77, P<0.001) and negatively correlated
with the M2 macrophages (R=-0.28, P<0.001). The
results showed that there was the strongest correlation

groups; e PCA data showing the 50 PCs with a P value <0.05; f the
16 cell clusters classified using the UMAP algorithm; g the 16 cell
clusters annotated into major types using SingleR and CellMarker;
h and i UMAP and violin plots showing high expression of CXCL9
gene in M1 macrophages

between the CXCL9 expression and macrophage infiltra-
tion in TNBC.

ScRNA-seq profiling of the TNBC
scRNA-seq data were analyzed to characterize cell subsets in

TNBC. After quality control (Supplementary Fig. 2), 4,636
cell samples were identified from the scRNA-seq data. The
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cells were mapped into two dimensions based on PC_1
and PC_2 components. The principal component analysis
(PCA) revealed that the three correct independent subpopu-
lations had optimal clustering efficiency (Fig. 7d). A total
of 50 principal components (PCs) were selected for sub-
sequent analysis (Fig. 7e). Thereafter, cells were classified
into 16 different clusters using UMAP algorithm (Fig. 7f);
log2 FC>0.5, pct 1 >0.5, and pct 2 <0.5 were considered
the cutoff criteria for further screening to identify relevant
marker genes. Ultimately, 3,069 marker genes (1,980 unique
genes) were identified for further annotation. SingleR and
CellMarker tools were used to annotate the clusters based
on their expression patterns. Clusters 0, 3, and 5, with 1,733
cells, were annotated as T cells; clusters 1, 4, 10, and 13,
which contained 1,180 cells, were annotated as epithelial
cells; cluster 2, which had 506 cells, was annotated as M1
macrophages; cluster 6, containing 347 cells, was annotated
as M2 macrophages; cluster 7, containing 273 cells, was
annotated as fibroblasts; cluster 8, with 245 cells, was anno-
tated as plasma cells; cluster 9, containing 159 cells, was
annotated as NK cells; cluster 11, containing 60 cells, was
annotated as CMP; cluster 12, containing 58 cells, was anno-
tated as B cells; cluster 14, containing 44 cells, was anno-
tated as endothelial cells; cluster 15, containing 31 cells, was
annotated as tissue stem cells (Fig. 7g). Finally, we exam-
ined the expression of CXCL9 in 16 different cell types. As
illustrated in Fig. 7h-i, CXCL9 was highly expressed in M1
macrophages (cluster 2).

Afterward, cluster analysis was carried out including all
cell populations (0—15 cluster). As shown in Fig. 8a, strong
and significant correlation was found between cluster 2 (M1
macrophages) and cluster 6 (M2 macrophages). Further, the
cell—cell interaction weights between M1 macrophages and
other cell types showed tight relationships by CellChat, and
the strongest cell interaction was found between M1 and M2
macrophages among different kinds of cells (Fig. 8b). There-
after, we used pseudotime analysis to generate trajectory
plots. As shown in Fig. 8c-d, M1 macrophages were more
upstream compared to the location of M2 macrophages,
and two cell populations revealed a partial overlap in the
differentiation trajectory. These findings demonstrated that
M1 macrophages differentiate into M2 macrophages over
time. Moreover, CXCL9 expression was significant in the
M1 macrophages and experienced a downfall from M1 mac-
rophages to M2 macrophages (Fig. 8¢). In addition, M1 mac-
rophage had strong connections to M2 macrophage in the
MHC-II signaling network (Fig. 8f). Through GSVA analy-
sis, MHC-II pathway activity of the M1 macrophages was
stronger than that of the M2 macrophages (Fig. 8g). Further-
more, we performed the GSEA to assess the CXCL9-related
pathways. As shown in Fig. 8h, CXCL9 was significantly
enriched in the MHC-II signaling pathway (NES=2.219,
adjusted p=1.66e-09). Against this background, we suggest

@ Springer

that as a marker gene of M1 macrophages, CXCL9 acts via
the MHC-II signaling pathway and promotes immunother-
apy in breast cancer. Moreover, studies have shown that
JAK/STAT signaling pathway-related factors improve MHC
class II immunoreactivity. Also, CXCL9 was significantly
enriched in the JAK/STAT signaling pathway (NES =2.023,
adjusted p =1.85e-07, Fig. 8i). Therefore, CXCL9 expres-
sion was upregulated using pPENTER-CXCL9 transfection
into MDA-MB-231 cells to validate the results. As shown
in Fig. 8j, CXCL9 (CXCL9-OE) overexpression promotes
JAK1/STAT?2 expression in MDA-MB-231 cells.

Discussion

TNBC is a subtype of breast cancer with a poor survival
rate [22]. Recently, the emergence of PD-1/PD-L1 immuno-
therapy has revolutionized the treatment of TNBC patients.
Although immunotherapy has been proven to be effective in
TNBC with PD-L1-positive patients, some of the patients
are still insensitive to anti-PD-1/PD-L1 immunotherapy [2].
It is therefore essential to define the mechanisms underlying
immunotherapy efficacy and identify more reliable biomark-
ers for early diagnosis and treatment of TNBC patients.

Machine learning tools, including SVM and LASSO
regression, have been extensively used to screen diagnos-
tic-related markers. We intersected and integrated the two
algorithms and identified 5 DEGs (ADAMTSS, TACC3,
HOXA4, ABCAS5, and CXCL9). Among them, TACC3 and
CXCL9 were significantly upregulated in the tumor group.
ROC analyses for the identified DEGs showed the training
and validation groups. Our results suggest that the DEGs
had significant predictive capacity. (AUC values were in the
range of 0.8-1.)

One previous study reported that PD-L1 is a marker that
evaluates response to tumor immunotherapy, specifically in
TNBC patients [23]. The objective response rates of PD-1/
PD-L1 inhibitors in TNBC were 20% in high PD-L1-ex-
pressed (+) tumors but less than 5% in lowly expressed or
negative PD-L1(-) tumors [24]. We first performed WGCNA
to identify the pivotal genes related to PD-L1 expression
status in TNBC. We identified 51 genes in the yellow mod-
ule that were robustly correlated with the PD-L1 expression
status (P=5x%10-6, R=0.48). We obtained 10 differentially
expressed PD-L1 expression status-related genes, which
were upregulated in PD-L1-positive samples compared to
the PD-L1-negative samples. Further, the WGCNA-yellow
module, LASSO, and SVM-RFE intersected with the 10
DEGs, and only CXCL9 gene was identified from the four
datasets.

With recent technological advances, research has evolved
from tumor cells to tumor immune microenvironments,
improving the understanding of immunotherapy. Notably,
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Fig.8 Cell cluster trajectory and CellChat analysis. a Heatmap of
different cell clusters interaction correlation; b the cellular inter-
action weights of interactions between M1 macrophages and M2
macrophages; ¢ the differentiation pseudotime trajectory of Ml
macrophages and M2 macrophages; d pseudotime was colored in a
gradient from dark blue to light blue; e the expression intensity of
CXCL9 along the pseudotime axis; f the MHC-II signaling pathway
network was significantly detected between the interactions of M1

TIICs promote tumor immune microenvironment [25].
Tumor tissues are infiltrated by a heterogeneous collection
of TIICs, including T cells, B cells, or macrophages; the type
and density of TIICs within the tumor significantly influence
the sensitivity to immunotherapy [26, 27]. TAMs are the
major immune cells in the tumor stroma in orchestrating

macrophage and M2 macrophage; g differences in pathway activities
scored by GSVA between all types of cell types; h and i GSEA analy-
sis revealed a significant enrichment of MHC-II (hsa 04,514) and
JAK/STAT signaling pathways. NES, normalized enrichment score;
j CXCL9 was upregulated in the pPENTER-CXCL9 group. JAKI and
STAT?2 expressions were higher in the pENTER-CXCL9 group than in
the control group

cancer-related inflammation [28]. TAMs are divided into
M1 and M2 subtypes, with diametrically opposite sensitiv-
ity to current immunotherapy [29]. M1 macrophages inhibit
tumor growth and improve immunotherapeutic outcomes in
patients, whereas M2 macrophages drive tumor enhance-
ment and immune suppression [30]. We compared immune
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infiltration between PD-L1-negative and PD-L1-positive
TNBC in 22 subpopulations of immune cells by the CIB-
ERSORT algorithm. In contrast with the PD-L1-negative
TNBC, PD-L1-positive samples had a significantly higher
proportion of M1 Macrophages. These findings indicated
that high expression of PD-L1 may enhance the efficacy of
immunotherapy by increasing the infiltration of M1 mac-
rophages in TNBC. CIBERSORT analysis showed that
CXCL9 was positively associated with M1 macrophages
but negatively associated with M2 macrophages. The sin-
gle-cell RNA sequencing results showed that CXCL9 was
highly expressed in M1 macrophages. M1 macrophages
could differentiate into M2 macrophages over time. Mean-
while, CXCL9 expression started to decrease in associa-
tion with cell differentiation from M1 macrophages to M2
macrophages. In the MHC-II signaling network, the M1
macrophage had strong connections to the M2 macrophage.
Through GSVA analysis, the MHC-II pathway activity of the
M1 macrophages was stronger than the M2 macrophages.
Furthermore, CXCL9 was enriched in the MHC-II signaling
pathway. Based on the GSEA analysis, CXCL9 was found
to be significantly enriched in the MHC-II signaling path-
way (NES=2.219, adjusted p =1.66e-09). We suggest that
as a marker gene of M1 macrophages, CXCL9 acts via the
MHC-II signaling pathway and facilitates immunotherapy
in breast cancer.

Janus kinase—signal transducer and activator of transcrip-
tion (JAK/STAT) signaling participates in nearly all immune
regulatory processes, including those implicated in tumor-
driven immune escape [31]. Previous studies showed that
the JAK/STAT pathway regulates macrophage polarization
[32, 33]. IFN-y is a potent macrophage-activating factor
that primarily activates STAT and induces polarization of
M1 macrophages via the IFN-y/JAK/STAT pathway [34].
Furthermore, studies indicate that JAK/STAT signaling
pathway-related factors improve the MHC class II immu-
noreactivity [35-37]. Our GSEA analysis revealed that
CXCLD9 is significantly enriched in the JAK/STAT pathway
(NES =2.023, adjusted p=1.85e-07). Eventually, Western
blot assay revealed that CXCL9 overexpression promotes
JAK1/STAT?2 expression in MDA-MB-231 cells. The results
suggested that the CXCL9 could affect the tumor immune
microenvironment through PI3K/AKT signaling pathway.

Conclusion

This study found that CXCL9 was highly expressed in
TNBC tissues and is a promising diagnostic and survival
prognostic marker. In addition, CXCL9 could stimulate
MHC-II activity by signaling through JAK/STAT, which in
turn modifies the tumor microenvironment. Therefore, the
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present findings are expected to improve the diagnosis and
prediction of responses to immunotherapy in TNBC.
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