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The infiltration of myeloid-derived suppressor cells (MDSCs) is critical for the establishment of 
immunosuppressive tumor microenvironment (TME), yet no approved therapies specifically block it. 
Here, we employed a gene signature-based drug screening approach to identify potential agents for 
reversing MDSC-mediated immunosuppression in triple-negative breast cancer (TNBC). Transcriptomic 
analysis of 73,326 tumor samples and 190,588 single cells revealed C-X-C motif ligand 1 (CXCL1) and 
CXCL2 as the key gene signature of MDSC infiltration. Combining this gene signature with high-throughput 
sequencing-based high-throughput screening (HTS2), we identified ponatinib as a potential inhibitor of 
MDSC infiltration. By employing multiple preclinical models, we demonstrated that ponatinib blocks MDSC 
infiltration and reverses the immunosuppressive TME, thus inhibiting TNBC growth in a TME-dependent 
manner, and significantly enhances anti-programmed cell death-ligand 1 (PD-L1) immunotherapy efficacy. 
Mechanistically, ponatinib directly inhibits p38α kinase activity, reducing signal transducer and activator 
of transcription 1 (STAT1) phosphorylation at Ser727 and suppressing CXCL1 and CXCL2 expression in 
cancer cells, thereby blocking MDSC infiltration. Our findings establish ponatinib as a novel inhibitor of 
MDSC-mediated immunosuppressive TME and underscore its therapeutic potential in combination with 
immune checkpoint blockade for TNBC treatment.

Introduction

   Cancer immunotherapies have revolutionized oncology by 
harnessing the immune system to combat tumor progression 
[  1 –  3 ]. Among these approaches, immune checkpoint blockade 

(ICB) therapies, which targets regulatory molecules such as 
cytotoxic T lymphocyte-associated protein 4 (CTLA-4) and 
programmed cell death protein 1 or its ligand (PD-1/PD-L1), 
have demonstrated remarkable clinical efficacy across multiple 
cancer types [  4 –  6 ]. However, only a small subset of patients 
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responds to these immune checkpoint inhibitors (ICIs), leading 
to limited efficacy [  7 ]. Emerging evidence suggests that the low 
objective response rate and poor survival outcomes observed in 
many solid tumors are closely linked to an immunosuppressive 
tumor microenvironment (TME) [  8 ,  9 ]. As such, combination 
immunotherapy strategies that target the immunosuppressive 
TME are critical to improving the efficacy and responsiveness 
of ICB therapies [  10 –  13 ].

   Tumors are frequently categorized into inflamed (immune-
hot) or non-inflamed (immune-cold) phenotypes based on their 
immune infiltration profiles [  14 ,  15 ]. Non-inflamed tumors are 
typically marked by a highly immunosuppressive microenviron-
ment [  16 ], characterized by limited T cell presence and a pre-
dominance of immunosuppressive myeloid cells. Among these, 
myeloid-derived suppressor cells (MDSCs) and tumor-associated 
macrophages (TAMs) represent key contributors that actively 
inhibit T cell recruitment and cytotoxic function [  17 –  20 ]. A 
growing body of evidence across diverse cancer types implicates 
intratumoral MDSCs as key mediators of immune resistance, 
facilitating tumor progression and metastasis [  21 –  23 ]. Clinically, 
elevated MDSC levels in peripheral blood have been associated 
with higher tumor burden and reduced overall survival (OS) in 
multiple malignancies, including colorectal cancer [  24 ], non-
small cell lung cancer (NSCLC) [  25 ], liver cancer [  26 ,  27 ], mela-
noma [  28 ], thyroid cancer [  29 ], and bladder cancer [  30 ]. These 
findings underscore the potential of MDSCs as therapeutic targets 
in cancer immunotherapy. This is especially pertinent to TNBC, 
which lacks estrogen receptor (ER), progesterone receptor (PR), 
and human epidermal growth factor receptor 2 (HER2) expres-
sion and represents a prototypical immune-cold tumor type 
[  31 ,  32 ]. TNBC accounts for ~15% of breast cancers and is associ-
ated with higher rates of metastasis and mortality compared to 
hormone receptor-positive subtypes [  33 ]. Its poor response to 
immunotherapies is largely attributed to a highly immunosup-
pressive microenvironment, underscoring a pressing clinical need 
for strategies targeting MDSCs and related pathways [  34 ].

   While strategies aimed at depleting MDSCs could enhance 
the efficacy of ICB, there are currently no approved agents that 
selectively eliminate MDSCs or prevent their infiltration into 
tumors, and standardized screening platforms for such drugs 
remain lacking.

   MDSCs consist of 2 distinct subsets: polymorphonuclear 
MDSCs (PMN-MDSCs) and monocytic MDSCs (M-MDSCs) 
[  35 ,  36 ]. The development of these subsets is driven by selective 
cytokines and tumor-associated factors such as interleukin-6 
(IL-6), IL-1β, tumor necrosis factor-α (TNF-α), granulocyte-
macrophage colony-stimulating factor (GM-CSF), nuclear 
factor κB (NF-κB), and signal transducer and activator of tran-
scription (STAT), among others [  37 ,  38 ]. Importantly, chemo-
kines and their receptors, including the CXCL1/2–CXCR2 and 
CCL5–CCR5 axis, promote the recruitment of MDSCs to the 
TME [  39 ,  40 ]. Previous studies have shown that compounds 
induced by T helper 1 (Th1) chemokines can convert immu-
nologically non-inflamed tumors into inflamed tumors, thereby 
enhancing the therapeutic response against cancer cells [  41 –
  43 ]. Therefore, combination therapies involving small mole-
cules that inhibit MDSC infiltration into the TME represent a 
promising strategy for treating non-inflamed tumors.

   Gene signatures of tissues or cells have broad applications 
in cancer research, including the identification of cancer metas-
tasis [  44 ] and classification of cancer subtypes [  45 ]. These sig-
natures have been used to predict clinical outcomes [  46 ], assess 

tumor purity, estimate the abundance of immune cell types 
[  47 ], and forecast responses to cancer immunotherapy [  48 ]. 
Additionally, gene expression profiling of cellular perturbations 
has been extensively applied in the discovery of novel antican-
cer drugs [  49 ].

   In this context, we developed a gene signature specifically 
designed to represent high infiltration of MDSCs in tumors. 
We utilized the expression alterations of this gene signature as 
a screening metric in high-throughput pharmacological profil-
ing. Our approach employs HTS2 [  50 ] for the identification of 
therapeutic agents that synergize with immunotherapies. HTS2, 
which leverages next-generation sequencing technologies, has 
proven successful in uncovering compounds effective against 
prostate cancer [ 50 ], breast cancer [  51 –  53 ], and liver cancer 
[  54 ,  55 ]. The goal of this study was to identify immunotherapy 
combination agents capable of inhibiting MDSC infiltration 
and enhancing immunotherapy efficacy in TNBC.   

Results

Elevated CXCL1 and CXCL2 expression is linked to 
unfavorable clinical outcomes across diverse  
cancer types
   CXCL1 and CXCL2 are chemokines known to promote an 
immunosuppressive TME, as demonstrated in prior studies 
[  56 ,  57 ]. To investigate the prognostic relevance of these genes, 
we conducted a multi-level analysis using publicly available data-
sets from cancer patients. We first evaluated the association 
between CXCL1/CXCL2 expression and patient survival out-
comes across more than 30 cancer types from The Cancer 
Genome Atlas (TCGA) (Fig.  1 A and B and Table  S1 ). The expres-
sion levels of CXCL1 and CXCL2 were found to be predictive of 
both relapse-free survival (RFS) (Fig.  1 A) and OS (Fig.  1 B). 
Notably, patients with higher expression levels of CXCL1 and 
﻿CXCL2 showed significantly poorer OS (Fig.  1 B and C and Fig. 
 S1 A to E) and post-progression survival (PPS) (Fig.  1 D), sug-
gesting a consistent association between these chemokines and 
worse clinical outcomes across various cancer types. Additionally, 
we examined the genomic alterations of CXCL1 and CXCL2 in 
these cancers (Fig.  1 E and F and Fig.  S1 F). Amplification of both 
genes was observed in several cancer types (Fig.  1 E), with breast 
cancer showing the highest frequency of CXCL1 and CXCL2 
amplifications (Fig.  1 E and F). Genomic alterations (Fig.  1 E and 
F) of the CXCL1 and CXCL2 gene signatures were linked to 
reduced RFS (Fig.  1 G and H). These data indicated that higher 
expression of CXCL1 and CXCL2 is associated with poor prog-
nosis across a range of cancer types.           

HTS2 screening identifies ponatinib as an antagonist 
of CXCL1 and CXCL2 expression in breast and colon 
cancer cells
   Given the positive correlation between high expression of CXCL1 
and CXCL2 and poor patient prognosis across more than 30 
cancer types, we thus considered the signature of CXCL1 and 
﻿CXCL2 as an informative marker to identify potential agents 
capable of reversing the immunosuppressive TME. A high-
throughput drug screening was conducted using the HTS2 plat-
form [ 43 , 51 ,  58 ], which screened a compound library [ 51 ] of 
8,199 agents, including Food and Drug Administration (FDA)-
approved drugs, epigenetic inhibitors, and natural products (Fig. 
 2 A). Compounds were scored based on their ability to reduce 
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﻿CXCL1 and CXCL2 expression (Fig.  2 A) [ 49 ,  59 ]. Among the 
highest-ranked compounds were ponatinib, phorbol 12-myristate 
13-acetate, kanamycin, oligomycin A, thiostrepton, TG101209, 
and 4 natural compounds (Fig.  2 A). Notably, several of these 
compounds, including kanamycin, oligomycin A, thiostrepton, 
and phorbol 12-myristate 13-acetate, have been previously linked 
to the regulation of chemokine production [  60 –  62 ]. This result 

demonstrates that our approach successfully identifies com-
pounds that modulate CXCL1 and CXCL2 expression.        

   Based on our previous findings that ponatinib (Fig.  2 B), an 
FDA-approved multi-targeted tyrosine kinase inhibitor for leu-
kemia [  63 ], inhibits breast cancer lung metastasis [ 51 ], we 
selected ponatinib for further investigation. Using reverse tran-
scription quantitative polymerase chain reaction (RT-qPCR), we 
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Fig. 1. High CXCL1 and CXCL2 expression is associated with poor prognosis in patients across multiple cancers. (A) Impact of CXCL1 and CXCL2 expression on RFS in 2,178 
patients across 30 cancer types. Log-rank P values were calculated to assess significance. The dashed line indicates P = 0.05. (B) Significance of 9 widely used ICB response 
biomarkers collected from TIDE [109] in relation to OS across 7 datasets from indicated studies. Red cells: Rho > 0, indicating increased risk. Rho values in the bottom panel 
represent the average for each biomarker across the 7 datasets (Table S1). CXCL1 & CXCL2, average expression level of CXCL1 and CXCL2; MSI, microsatellite instability 
signature; TIDE, Tumor Immune Dysfunction and Exclusion signature; Merck18, T cell-inflamed signature; TMB, tumor mutation burden. (C) KM plots of OS for patients with 
breast cancer, grouped by high or low expression of CXCL1 (top) and CXCL2 (bottom). P values were calculated using the log-rank test. Data were derived from RNA-seq and 
obtained from the KM plotter [113] and TIDE [109,111,112]. (D) KM plots of post-progression survival (PPS) for 607 breast cancer patients, grouped by high or low expression 
of CXCL1 (top) and CXCL2 (bottom). P values were calculated using the log-rank test. Best cutoffs were autocalculated and selected by the KM plotter tool [113]. (E) Genomic 
alterations of CXCL1 and CXCL2 among all TCGA patients across 30 cancer types. The pie chart shows the percentage of patients with breast cancer and other cancer types. 
(F) Distribution of the frequency of genomic alterations of CXCL1 and CXCL2 in TCGA cancer patients across 30 cancer types. (G and H) KM plots showing the impact of 
CXCL1 and CXCL2 genomic alterations on RFS in TCGA patients. Patients were grouped by the presence or absence of CXCL1 and CXCL2 genomic alterations across all TCGA 
cancer types (G; pan-cancer) or all breast cancer types (H; pan-BRCA). P values were determined using the log-rank test.
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assessed ponatinib-induced changes in CXCL1 and CXCL2 expres-
sion in multiple cancer cell lines (5 breast cancer and 2 colorectal 
cancer cell lines). Ponatinib consistently down-regulated the 
expression of CXCL1 and CXCL2 across all cell lines examined 
(Fig.  2 C to E and Fig.  S2 A). Additionally, enzyme-linked 

immunosorbent assay (ELISA) of 4T1 cell exudates confirmed 
that ponatinib treatment significantly reduced CXCL1 and CXCL2 
protein levels (Fig.  2 F and G).

   We next assessed the antitumor effects of ponatinib in murine 
models of breast cancer (4T1) and colorectal cancer (MC38). 
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Fig. 2. HTS2 screening identified ponatinib as an antagonist of CXCL1 and CXCL2 expression in diverse cancer cells. (A) Workflow of the drug screening for CXCL1 and CXCL2 
using the HTS2 platform. The compounds were ranked based on their ability to down-regulate the expression of CXCL1 and CXCL2. The significance of the difference between 
individual compounds and DMSO was calculated using Student’s t test. −Log10(P value) and log2(fold change) were used for compound ranking. Compounds below the dashed 
line represent the top 10 compounds that effectively decreased the expression of CXCL1 and CXCL2. (B) Chemical structure of ponatinib (AP24534). (C and D) RT-qPCR analysis 
of MDA-MB-231 (C) and 4T1 (D) breast cancer cells treated with the indicated concentrations of ponatinib for 24 h. (E) RT-qPCR analysis of MC38 colon cancer cells treated 
with the indicated concentrations of ponatinib for 24 h. For (C) to (E), values were normalized to the vehicle (DMSO) control group values. Data are presented as means ± SD. 
(F and G) ELISA analysis of CXCL1 and CXCL2 protein levels in supernatant from 4T1 cells treated with the indicated concentrations of ponatinib (F) or with 1 μM ponatinib at 
the indicated time points (G). Data are presented as means ± SD. Statistical significance was determined by 2-way ANOVA. ****P < 0.0001. (H and I) Growth of 4T1 tumors 
in BALB/c WT mice (n = 6 mice per group) (H) or MC38 tumors in C57BL/6 WT mice (n = 10 mice per group) (I) treated with ponatinib or vehicle. Statistical significance was 
determined by 2-way ANOVA. ****P < 0.0001. Data are presented as means ± SEM of the indicated number of mice.
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Briefly, 4T1 cells were orthotopically implanted into the mam-
mary fat pads of BALB/c wild-type (WT) mice, while MC38 cells 
were inoculated subcutaneously into the right flank of C57BL/6 
WT mice. Tumor-bearing mice received either ponatinib or a 
vehicle control. After 3 weeks of treatment in the 4T1 model (Fig. 
 S2 B), both tumor volume (Fig.  2 H) and weight (Fig.  S2 C) were 
significantly reduced in the ponatinib group, with inhibition 
ratios of 66.2% and 73.3%, respectively (P < 0.001). Similar 
results were observed in the MC38 model following 2 weeks of 
treatment (Fig.  S2 D), where ponatinib markedly suppressed 
tumor growth, as evidenced by decreased tumor volume and 
weight (Fig.  2 I and Fig.  S2 E). These results confirm that pona-
tinib, identified through HTS2 screening as an antagonist of 
CXCL1 and CXCL2 expression, exerts potent antitumor effects 
in both breast and colorectal cancer models.   

Ponatinib inhibits CXCL1 and CXCL2 expression by 
disrupting p38α-induced STAT1 phosphorylation
   We next investigated whether ponatinib inhibits CXCL1 and 
﻿CXCL2 expression through the previously reported targets SRC 
and/or ABL [ 63 ]. However, no changes in CXCL1 or CXCL2 
expression were observed following short hairpin RNA 
(shRNA)-mediated knockdown of SRC, ABL1, or ABL2 in 
cancer cells (Fig.  S3 A and B), suggesting that the inhibitory 
effects of ponatinib on CXCL1 and CXCL2 are mediated by 
alternative targets or pathways.

   To explore this further, we performed RNA sequencing (RNA-
seq) to examine the transcriptome-wide effects of ponatinib in both 
MDA-MB-231 and 4T1 cells. Gene Ontology (GO) analysis of 
down-regulated genes revealed significant enrichment of the mito-
gen-activated protein kinase (MAPK) signaling pathway in pona-
tinib-treated cells compared to controls (Fig.  3 A). Gene Set 
Enrichment Analysis (GSEA) also highlighted MAPK signaling as 
enriched in the ponatinib-treated groups (Fig.  3 B). Immunoblotting 
to assess the phosphorylation of key MAPK components, including 
extracellular receptor tyrosine kinase (ERK), p38, and c-Jun 
N-terminal kinase (JNK) [  64 ], in MDA-MB-231 cells showed a 
marked decrease in phosphorylated p38 levels following ponatinib 
treatment (Fig.  3 C and Fig.  S4 A to E). Additionally, single-cell RNA 
sequencing (scRNA-seq) analysis of publicly available breast cancer 
datasets revealed that high expression of MAPK14 (p38α), a mem-
ber of p38 family, is positively correlated with elevated CXCL1 and 
﻿CXCL2 transcription in cancer cells from 29 breast cancer patients 
[  65 ] (Fig.  3 D). Furthermore, the expression of CXCL1 and CXCL2 
was also inhibited by 2 other p38 inhibitors (Fig.  S5 A).        

   Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway 
analysis of RNA-seq data revealed significant enrichment of the 
Janus kinase (JAK)–STAT signaling pathway in ponatinib-
treated cells compared to the controls (Fig.  3 A), with a concur-
rent down-regulation of genes involved in this pathway (Fig.  3 E). 
Notably, the promoter regions of both CXCL1 and CXCL2 con-
tain multiple binding sites for STAT1, as reported in a previous 
study [  66 ]. Our data showed that knocking down STAT1 signifi-
cantly decreased the mRNA levels of CXCL1, with a similar trend 
observed for CXCL2 (Fig.  S5 B and C). Furthermore, the expres-
sion of STAT1 target genes, including CXCL1 and CXCL2 [ 66 ], 
was also reduced in ponatinib-treated breast cancer cells com-
pared to the controls (Fig.  3 E). Additionally, high STAT1 expres-
sion was positively correlated with increased CXCL1 and CXCL2 
levels in cancer cells from TNBC patients (Fig.  3 F), as well as in 
breast cancer (BRCA) patients from TCGA (Fig.  3 G) and 
Clinical Proteomic Tumor Analysis Consortium (CPTAC) (Fig. 

 S5 D) cohorts [  67 ]. Notably, spatial transcriptomics (ST) data 
revealed that CXCL1 and CXCL2 were colocalized with STAT1 
in tumor cell-enriched regions from a BRCA patient [  68 ] (Fig. 
 S5 E). We also observed that ponatinib treatment markedly 
decreased STAT1 phosphorylation at Ser727 in MDA-MB-231 
cells and 4T1 breast cancer cells (Fig.  3 H), as well as in multiple 
other cancer cell lines (Fig.  S4 C and D).

   We further explored the relationship between p38 and STAT1 
in breast cancer. scRNA-seq analysis showed that high STAT1 
expression was associated with elevated MAPK14 expression in 
cancer cells from TNBC patients (Fig.  3 I). A previous study has 
shown that phosphorylation of STAT1 at Ser727﻿ is positively asso-
ciated with the p38 MAPK signaling pathway [  69 ]. Consistent 
with this, our immunoblotting analysis demonstrated that knock-
ing down p38 markedly reduced STAT1 phosphorylation at 
Ser727 (Fig.  3 J). Notably, the knockdown of SRC and ABL in 
MDA-MB-231 and 4T1 cells showed no appreciable modulation 
of phospho-STAT1 levels, mechanistically distinguishing the 
specific regulatory role of p38 in STAT1 activation from these 
established tyrosine kinase targets of ponatinib (Fig.  S5 F and G).

   Taken together, these results suggest that ponatinib inhibits 
﻿CXCL1 and CXCL2 expression through the p38–STAT1 signal-
ing pathway.   

Ponatinib inhibits the kinase activity of p38α
   Given that ponatinib reduced the phosphorylation of p38 in 
various cancer cell lines, we next investigated whether ponatinib 
directly binds to p38 and affects its kinase activity. Molecular 
docking analysis revealed a high binding affinity between pona-
tinib and p38α, with the lowest docking score reflecting the free 
energy of binding (Fig.  3 K and Table  S2 ). To confirm this, we 
performed a p38α kinase assay, which demonstrated that pona-
tinib inhibits p38α kinase activity in a dose-dependent manner 
(Fig.  3 L). Together, these findings suggest that ponatinib might 
directly bind to p38α, inhibiting its phosphorylation and kinase 
activity. This, in turn, reduces STAT1 phosphorylation and the 
subsequent expression of CXCL1 and CXCL2.   

Ponatinib inhibits TNBC growth in immunocompetent 
and nude mice but not in NSG mice
   We observed significant tumor inhibition with ponatinib treat-
ment in both breast cancer and colon cancer models in WT mice 
(Fig.  2 H and I). To determine whether the antitumor effects of 
ponatinib are mediated by immune cells in the TME, we utilized 
2 immune-deficient mammary tumor models. The antitumor 
efficacy of ponatinib was assessed in 4T1 tumors transplanted 
into BALB/c nude mice (which lack T cells) and NOD scid 
gamma (NSG) mice [which lack T cells, natural killer (NK) cells, 
and B cells]. Upon intramammary injection, 4T1 tumors in both 
BALB/c nude mice and NSG mice colonized to a similar extent 
as those in WT mice. After ponatinib treatment, tumor volume 
and weight were significantly suppressed in nude mice (52.0% 
and 69.0% inhibition, respectively; P < 0.0001) (Fig.  4 A). In con-
trast, ponatinib treatment in NSG mice did not result in signifi-
cant changes in tumor volume and weight (Fig.  4 B). Comparative 
analysis of syngeneic tumor models reveals that while ponatinib 
significantly suppresses 4T1 tumor growth in both WT and T 
cell-deficient nude mice, its antitumor efficacy is attenuated in 
the immunocompromised cohort (tumor volume: 66.2% versus 
52.0%; tumor weight: 73.3% versus 69.0%) (Figs.  2 H and  4 A). 
This intermodel divergence (Δ14.2% tumor volume inhibition) 
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implicates a nonessential but modulatory role for T cell-mediated 
adaptive immunity within the 4T1 TME. Strikingly, the thera-
peutic response to ponatinib was preserved in lymphocyte-
impaired nude mice, in sharp contrast to its complete abrogation 
in pan-lymphopenic NSG models. This contrast mechanistically 

demonstrates that the antitumor activity of ponatinib operates 
through adaptive T cell-independent pathways while requiring 
residual innate immune components. Collectively, these findings 
indicate that the anticancer effects of ponatinib are dependent 
on the immune cells within the TME.           
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Fig. 3. Ponatinib inhibits CXCL1 and CXCL2 expression through the p38α–STAT1 signaling pathway. (A) GO analysis of DEGs between ponatinib-treated versus DMSO-treated 
MDA-MB-231 (left) and 4T1 (right) cells. DEGs were defined as genes with log2(fold change) < −1 and P < 0.05, based on RNA-seq data. P values were determined employing 
the Fisher’s exact test. (B) Enrichment analysis of the MAPK signaling pathway in MDA-MB-231 (left) and 4T1 (right) cells treated with ponatinib versus DMSO. Data were 
derived from RNA-seq analysis. NES, normalized enrichment score; P, nominal P value; FDR, false discovery rate. P values were determined using the Kolmogorov–Smirnov 
(KS) test. (C) Immunoblotting of the indicated proteins in MDA-MB-231 cells treated with 1 μM ponatinib or DMSO. (D) Box plots showing the expression levels of CXCL1 and 
CXCL2 in cancer cells from breast cancer patients, comparing groups with low expression of MAPK14 to groups with high expression (normalized counts > 0). Data from 
publicly available scRNA-seq data from 29 breast cancer patients [65]. P values were determined using the Mann–Whitney test. (E) Heatmap of genes involved in the JAK–
STAT signaling pathway (top) and STAT1 target genes (bottom) down-regulated by ponatinib in MDA-MB-231 and 4T1 cell lines. (F) Box plots showing the expression levels of 
CXCL1 or CXCL2 in cancer cells from breast cancer patients, comparing groups with low versus high expression of STAT1 (normalized counts > 0). P values were determined 
using the Mann–Whitney test. (G) Correlation of CXCL1 or CXCL2 expression with STAT1 expression in TCGA breast cancer patients. Each dot represents an individual patient. 
Rhos were calculated using TIMER version 2 [72]. P values were determined using the Spearman correlation test. (H) Immunoblotting of the indicated proteins in lysates from 
MDA-MB-231 cells (left) or 4T1 cells (right) treated with 1 μM ponatinib or vehicle (DMSO). (I) Correlation of the expression levels of MAPK14 (encoding p38α) with STAT1 
expression in tumor cells. Each dot represents a breast cancer patient, with the average expression level of all cancer cells from that patient used as the expression level for 
that individual [65]. P values were determined using the Pearson’s correlation test. (J) Immunoblotting of the indicated proteins in MDA-MB-231 (left) or 4T1 (right) cells 
with p38α knockdown compared to negative control. (K) Three-dimensional interaction diagram of ponatinib docked in p38α MAPK kinase domain (active site) generated by 
Schrödinger Maestro, highlighting key binding interactions. (L) In vitro activity of p38α exposed to the indicated concentrations of ponatinib. Data were fitted using a nonlinear 
regression model (GraphPad Prism) to determine the IC50 values.
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Fig. 4. Ponatinib inhibits the infiltration of immunosuppressive MDSCs into TNBC TME by repressing CXCL1 and CXCL2 expression. (A) Growth of 4T1 tumors in BALB/c nude 
mice treated with ponatinib or vehicle (control, n = 5; ponatinib, n = 8). Tumor volume kinetics were monitored by vernier calipers (left). Statistical significance was determined 
by 2-way ANOVA. Terminal tumor weight quantification is shown (middle), with statistical significance determined by unpaired 2-tailed Student’s t tests. ****P < 0.0001. 
The tumor image (right) shows 4T1 tumors from the indicated groups. (B) Growth of 4T1 tumors in NSG mice treated with ponatinib or vehicle (n = 6 mice per group). Tumor 
volume kinetics monitored by vernier calipers (left). Statistical significance was determined by 2-way ANOVA. Terminal tumor weight quantification is shown (middle), with 
statistical significance determined by unpaired 2-tailed Student’s t tests. ns (not significant), P > 0.05. The tumor image (right) shows 4T1 tumors from the indicated groups. 
(C) RT-qPCR analysis of Cxcl1 and Cxcl2 mRNA levels in 4T1 tumors from BALB/c WT mice (left) or nude mice (right) receiving ponatinib or control treatments as described 
in Figs. 2H and 4A. Heatmap representing the relative expression of the indicated chemokine genes normalized to Gapdh. Expression scaled from high (red) to low (blue). Each 
square represents individual tumors from a single mouse (gray squares indicate tumors from mice sacrificed due to the requirement of animal ethics). (D) MDSC identification 
using publicly available scRNA-seq data from breast cancer patients. Cells were colored by cell types defined in a breast cancer scRNA-seq dataset [65] (left) and by MDSC 
types predicted using the scPred package [70] (right). MDSCs were identified in a dataset of 29 breast cancer patients receiving ICB therapy (EGAD00001006608) [65] 
by training on another well-defined breast cancer MDSC dataset (GSE139125) [71]. (E) Percentage of different cell types in the breast cancer TME, grouped by high or low 
expression of CXCL1 and CXCL2 in scRNA-seq data from breast cancer patients [65]. P values were determined using the chi-square test. (F) Percentage of MDSCs (relative 
to all myeloid cells) in breast cancer patients with high or low expression of CXCL1 and CXCL2, calculated using the breast cancer scRNA-seq dataset [65]. (G) Migration 
of MDSCs toward CM from 4T1 cells treated with ponatinib or DMSO, evaluated using in vitro Transwell migration assays. (H) Migration of MDSCs toward CM from 4T1 cells 
treated with either DMSO or ponatinib and supplemented with or without recombinant mouse CXCL1 and CXCL2. (I) Transwell migration assays for MDSC migration toward 
CM from MC38 cells treated with either ponatinib or DMSO. Data are presented as means ± SEM. Statistical significance was assessed using unpaired 2-tailed Student’s t 
tests. **P < 0.01, ***P < 0.001, and ****P < 0.0001.
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TNBC inhibition of ponatinib depends on MDSC 
infiltration by suppressing the expression of CXCL1 
and CXCL2 in TNBC cells
   RT-qPCR analysis showed that ponatinib inhibits the expres-
sion of Cxcl1 and Cxcl2 in 4T1 tumors (Fig.  4 C), which is con-
sistent with our in vitro results (Fig.  2 C to E and Fig.  S2 A). 
Given that CXCL1 and CXCL2 act as important mediators of 
chemotaxis [ 56 , 57 ], including the recruitment of MDSCs, we 
next analyzed the relationship between CXCL1 and CXCL2 and 
MDSC infiltration using scRNA-seq data. We applied scPred, 
a supervised machine learning-based method for cell type pre-
diction [ 70 ], to train a classifier using a breast cancer scRNA-
seq dataset with well-defined MDSC populations [ 71 ] (Fig.  4 D 
and Fig.  S6 A to C).

   We subsequently applied the classifier to an independent 
cohort of breast cancer patients [ 65 ] (Fig.  4 E and Fig.  S6 A to C). 
Our analysis revealed a strong correlation between elevated 
﻿CXCL1 and CXCL2 expression and increased proportions of 
myeloid cells in the TME (Fig.  4 E). Notably, the percentage of 
MDSCs was positively associated with CXCL1 and CXCL2 
expression levels (Fig.  4 F). This finding was further supported 
by bulk RNA-seq analysis using the TIMER tool [ 72 ] (Fig.  S6 D). 
Additionally, CD33, a commonly used marker for identifying 
human MDSCs [  73 ], showed a positive correlation with 
﻿CXCL1/CXCL2 expression in both TCGA [ 72 ] (Fig.  S6 E) and 
CPTAC BRCA patients [ 67 ] (Fig.  S6 F). Immunohistochemistry 
(IHC) analysis of 129 TNBC samples showed that patients with 
elevated CXCL2 expression had significantly higher CD33 pro-
tein levels (Table  S3  and Fig.  S6 G and H).

   Furthermore, CXCL1 and CXCL2 expression was positively 
linked to 15 immunosuppressive molecules [  74 ,  75 ] known to 
mediate MDSC function in breast cancer (Fig.  S7 A to D), as well 
as across 40 cancer types in TCGA (Fig.  S7 E and F). Additionally, 
a low percentage of T cells (Fig.  S7 G and H) and decreased 
expression of T cell functional genes (Fig.  S7 I) were observed in 
﻿CXCL1 and CXCL2 highly expressed patients. This is potentially 
due to the recruitment inhibition caused by CXCL1- and CXCL2-
mediated MDSC infiltration (Fig.  4 E and F).

   These findings indicate that CXCL1 and CXCL2 play a crucial 
role in MDSC infiltration and its immunosuppressive function, 
highlighting their essential contribution to the immunosuppres-
sive TME.

   To assess the impact of CXCL1 and CXCL2 on MDSC recruit-
ment under ponatinib treatment, we performed a migration 
assay using freshly isolated MDSCs from 4T1 tumor-bearing 
mice. MDSCs were cultured in the upper chamber of transwells, 
and 4T1 conditioned medium (CM) was added to the lower 
chamber to analyze the effect of ponatinib on MDSC migration. 
As expected, ponatinib treatment of 4T1 cells significantly 
reduced MDSC migration toward the growth medium (Fig.  4 G). 
We also evaluated the role of the CXCR2 receptor, which is cru-
cial for MDSC trafficking into the TME [  76 ]. The addition of the 
CXCR2 inhibitor SX-682 [  77 ,  78 ] to the upper chamber signifi-
cantly reduced MDSC migration (Fig.  4 G). Furthermore, the 
involvement of CXCL1 and CXCL2 in MDSC recruitment under 
ponatinib treatment was confirmed by observing increased 
MDSC migration upon the addition of recombinant mouse 
CXCL1 or CXCL2 protein to the growth medium of ponatinib-
treated 4T1 cells (Fig.  4 H). Similar results were observed in colon 
cancer models, where ponatinib treatment of MC38 cells also 
significantly reduced MDSC migration in vitro (Fig.  4 I).

   Together, these findings suggest that ponatinib-mediated 
inhibition of CXCL1 and CXCL2 expression in cancer cells 
reduces MDSC infiltration into the TME, thereby diminishing 
the immunosuppressive effects and supporting its potential 
as an immunotherapy enhancer.   

Ponatinib-induced TNBC inhibition relies on MDSC 
infiltration in the TME
   To evaluate the TME-related antitumor effects of ponatinib, we 
investigated changes in the TME following ponatinib treat-
ment. Flow cytometry was employed to assess the distribution 
and trafficking of tumor-infiltrating leukocytes in immunecom-
petent mouse models. Our results revealed a significant reduc-
tion in the proportion of MDSCs within 4T1 tumors upon 
ponatinib treatment (Fig.  5 A). This indicates that the antitumor 
activity of ponatinib is closely linked to its ability to alter MDSC 
infiltration in the TME.        

   We next investigated the subtypes of MDSCs infiltrated in 
4T1 tumors of WT mice after ponatinib treatment. MDSCs are 
classified into PMN-MDSCs and M-MDSCs [ 36 ]. Our results 
revealed that ponatinib treatment led to a significant reduction 
in both PMN-MDSCs and M-MDSCs within the tumors (Fig. 
 5 B). Additionally, in contrast to WT mice, a dramatic reduction 
in MDSC infiltration was also observed in 4T1 tumors from 
BALB/c nude mice (Fig.  5 C). These results indicate that ponatinib 
inhibits tumor progression by reducing immune suppression 
within the TME. To determine whether the decreased MDSC 
presence in the TME was due to reduced infiltration or suppres-
sion of MDSC expansion in the immune system, we analyzed the 
MDSC population in the spleens of treated mice. Notably, there 
were no significant differences in the proportion of MDSCs in 
the spleens of either WT (Fig.  S8 A and B) or BALB/c nude mice 
(Fig.  S8 C) upon ponatinib treatment compared with the controls. 
These results indicate that the effect of ponatinib on MDSC 
reduction in the TME is primarily due to impaired infiltration 
rather than inhibition of MDSC expansion systemically.

   To confirm that the antitumor effects of ponatinib are medi-
ated through reduction of immune suppression by MDSCs, we 
performed an MDSC rescue experiment. MDSCs isolated from 
tumor-bearing mice were mixed with 4T1 cells and injected 
into the mammary fat pads of BALB/c mice. Our results showed 
that the presence of higher levels of intratumoral MDSCs did 
not significantly promote tumor growth in the absence of pona-
tinib treatment (Fig.  5 D and E). However, elevated intratumoral 
MDSCs significantly diminish the antitumor effects of pona-
tinib (Fig.  5 D and E). This suggests that the antitumor effect of 
ponatinib is dependent on the reduction of MDSC infiltration. 
Taken together, our findings indicate that the reduction of 
immunosuppressive MDSCs in the TME is essential for the 
antitumor effect of ponatinib.   

Ponatinib enhances the infiltration of antitumor 
immune cells into the TME in vivo
   In addition to reducing MDSC infiltration, we also assessed 
the effect of ponatinib on antitumor immune cells in the TME. 
In WT mice, ponatinib significantly increased the infiltration 
of CD3+ T cells into 4T1 tumor sites compared to the controls 
(Fig.  5 F and Fig.  S8 D). Both CD4+ and CD8+ T cells were 
notably enriched in the ponatinib-treated tumors (Fig.  5 G), 
implying that ponatinib promotes a robust antitumor immune 
response in mammary tumors.
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   To further investigate the impact of ponatinib on immune 
cell populations, we examined 4T1 tumors in BALB/c nude 
mice, which lack T cells. Interestingly, despite the absence of T 

cells, ponatinib treatment led to a significant increase in the 
proportion of NK cells in the tumors (Fig.  5 H). These results 
indicate that ponatinib can induce NK cell enrichment in the 
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Fig. 5. Ponatinib reduces the infiltration of protumor-related immune cells and enhances the infiltration of antitumor-related immune cells into the TME in vivo. (A) Flow 
cytometry analysis of MDSCs (CD45+CD11b+F4/80−Gr-1+) in 4T1 tumors of BALB/c WT mice treated with ponatinib or vehicle. (B) Flow cytometry analysis of PMN-MDSCs 
(CD45+CD11b+Ly-6G+Ly-6C−) and M-MDSCs (CD45+CD11b+Ly-6G−Ly-6C+) in 4T1 tumors of BALB/c WT mice treated with ponatinib or vehicle. (C) Flow cytometry analysis 
of MDSC in 4T1 tumors from BALB/c nude mice treated with ponatinib or vehicle. Data are presented as means ± SEM. Statistical significance was determined using unpaired 
2-tailed Student’s t tests. **P < 0.01. (D) A mixture of 4T1 cells and MDSCs (isolated from tumor-bearing mice) was inoculated into the fat pad of BALB/c WT mice (n = 10). 
The growth of the tumor was monitored, and ponatinib (30 mg/kg) or vehicle was administered 4 days a week when the tumor volume reached 100 mm3. Data represent 
mean ± SEM. Two-way ANOVA was used for statistical significance. ns, P > 0.05, ****P < 0.0001. (E) Representative images of 4T1 tumors from the indicated groups in (D). 
(F) Flow cytometry analysis of CD3+ T cells (CD45+CD3e+) in 4T1 tumors of BALB/c WT mice treated with ponatinib or vehicle. (G) Flow cytometry analysis of CD4+ T cells 
(CD45+CD3e+CD8−CD4+) and CD8+ T cells (CD45+CD3e+CD8+CD4−) in 4T1 tumors of BALB/c WT mice treated with ponatinib or vehicle. (H) Flow cytometry analysis of NK 
cells (CD45+CD49b+) in 4T1 tumors from BALB/c nude mice treated with ponatinib or vehicle. (I) Flow cytometry data analysis of NK cells (CD45+Nkp46+) in spleens from 
4T1 tumor-bearing BALB/c WT mice treated with ponatinib or vehicle. Data are presented as means ± SEM. Statistical significance was determined using unpaired 2-tailed 
Student’s t tests. **P < 0.01, ***P < 0.001.
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TME independently of T cells, further supporting its role in 
enhancing the antitumor immune response.

   In addition to examining immune cell populations in tumors, 
we also evaluated the effect of ponatinib on immune cells in the 
spleens of tumor-bearing mice. Notably, ponatinib treatment 
led to a significant increase in NK cells in the spleens of 4T1 
tumor-bearing WT mice compared to the controls (Fig.  5 I). 
However, no significant differences were observed in the popu-
lations of CD3+ T cells, CD4+ T cells, or CD8+ T cells (Fig.  S8 E 
and F). Similarly, ponatinib treatment caused a marked increase 
in NK cells in the spleens of 4T1 tumor-bearing BALB/c nude 
mice (Fig.  S8 G), consistent with our findings in WT mice.

   Collectively, these results suggest that ponatinib treatment 
leads to a notable increase in the infiltration of antitumor T cells 
and NK cells in the TME, enhancing the immune response 
within the mammary TME. This is consistent with our earlier 
observation that ponatinib inhibits MDSC infiltration into the 
TME. As MDSCs are known to suppress the proliferation and 
function of both T cells and NK cells [  19 , 20 , 77 ], ponatinib’s 
reduction of MDSCs and its subsequent enhancement of anti-
tumor immune cells likely contribute to the reprogramming of 
the TME from a protumor to an antitumor state. Importantly, 
ponatinib did not substantially alter immune cell populations 
in the spleens of mice, indicating that the immunomodulatory 
effects are specific to the TME rather than systemic immunity.   

Ponatinib enhances the efficacy of ICB therapy 
against TNBC in vivo
   Given that ponatinib treatment inhibits MDSC infiltration into 
the TME and enhances T lymphocyte responses, potentially 
reprogramming the microenvironment to an antitumor state, 
we hypothesized that it could further improve the efficacy of 
ICB therapy. To test this, we analyzed the correlation between 
﻿CXCL1 and CXCL2 expression and patient responses to ICB 
therapy using scRNA-seq data from breast cancer patients 
[ 65 ] (Fig.  6 A). As anticipated, elevated expression of CXCL1 
and CXCL2 showed strong predictive capacity for therapeutic 
response (Fig.  6 B). CXCL1 and CXCL2 levels were significantly 
higher in tumor cells or all the cells in the TME of nonresponder 
patients with limited or no clonotype expansion (NEs), com-
pared to patients with clonotype expansion (Es) (Fig.  6 C and 
Fig.  S9 A and B). Further analysis revealed that the expression of 
﻿CXCL1 and CXCL2 was consistently higher in nonresponders 
compared to responders (Fig.  S9 C). Additionally, we compared 
the predictive performance of the CXCL1 and CXCL2 signature 
with other published biomarkers for ICB response (Fig.  S9 D and 
E). Our results showed that the CXCL1 and CXCL2 signature 
outperformed 9 other ICB prediction methods across 8 different 
datasets (Fig.  S9 D and E).        

   In comparison to the Es group, MDSC-related genes [ 71 , 79 , 80 ], 
including those involved in immune suppression and MDSC func-
tionality regulation, were expressed at relatively higher expression 
levels in the MDSC of NEs group (Fig.  6 D and Fig.  S9 F). Further 
analysis of pretreatment and on-treatment groups showed that 
MDSC of NEs exhibited higher expression of MDSC-related genes 
[ 71 , 79 , 80 ] after receiving ICB treatments (Fig.  6 E). This may partly 
explain the resistance to cancer immunotherapy observed in these 
patients. Consistent with the expression differences in MDSC, all 
cells in the TME and tumor cells of NEs displayed higher levels of 
MDSC-related genes (Fig.  6 F and G).

   Next, we examined MDSC-related gene [ 71 , 79 , 80 ] expres-
sion across 3 subtypes of breast cancer (Fig.  6 H and I). We 

found that MDSC-related genes exhibited higher expression 
levels in MDSC and all cells in the TME of TNBC compared 
to HER2+ or ER+ breast cancer (Fig.  6 H and I). Given the 
refractory nature of TNBC, these elevated levels of MDSC-
related genes may contribute to the formation of a protumor 
TME. Thus, targeting CXCL1, CXCL2, or MDSCs may serve as 
a promising immune therapy strategy to reverse the protumor 
TME and shift it toward an antitumor environment.

   To further validate this hypothesis, we conducted in vivo 
studies using a syngeneic tumor model in which 4T1 tumor-
bearing mice were treated with ponatinib alone or in combina-
tion with an anti-PD-L1 antibody (Fig.  6 J). Ponatinib or 
anti-PD-L1 monotherapy both suppressed tumor growth sig-
nificantly (56.7% and 38.5% inhibition, respectively). However, 
combining ponatinib with anti-PD-L1 resulted in more pro-
nounced tumor inhibition (74.6% inhibition) than monother-
apy (Fig.  6 K and L). Survival curve analysis confirmed that 
ponatinib significantly enhanced survival in 4T1 tumor-bear-
ing mice receiving anti-PD-L1 treatment (Fig.  6 M). These 
results demonstrate that ponatinib treatment sensitizes TNBC 
to checkpoint inhibitor-based immunotherapy by reshaping 
the TME from a non-inflamed to an inflamed state, thereby 
enhancing the antitumor immune response.    

Discussion
   In this study, we identified ponatinib as a potential synergetic agent 
that enhances ICB therapy by leveraging a gene signature-based 
high-throughput screening approach. Specifically, our proof-of-
concept experiments demonstrate that ponatinib improves anti-
tumor immune response and potentiates ICB efficacy in TNBC 
by inhibiting the recruitment of MDSCs by targeting the p38–
STAT1 signaling pathway (Fig.  7 ).        

   MDSC-driven immunosuppression represents a key obsta-
cle in effective antitumor immunity and is widely recognized 
as a critical mechanism of tumor immune escape. Moreover, 
MDSCs are considered as a prominent contributor to resistance 
against therapies, including anti-PD-1/PD-L1 immunotherapy 
[  81 ]. Despite the critical role MDSCs play in immune suppres-
sion, no high-throughput screening model currently exists to 
identify drugs that can effectively block MDSC infiltration and 
their immunosuppressive functions within tumors.

   We introduced a gene signature-based high-throughput 
screening strategy for identifying potential compounds that 
target MDSC-mediated immunosuppressive microenviron-
ments (Fig.  7 ), directly linking drug action to reprogram-
ming the TME rather than simple phenotypic readouts. 
Firstly, we applied the scPred machine learning algorithm 
[ 70 ] to define MDSC [ 71 ] in a breast cancer scRNA-seq data-
set. Subsequent analysis revealed key genes associated with 
both MDSC infiltration and immunosuppressive functional-
ity as the MDSC-related gene signature. This gene signature, 
derived from tumors with high MDSC infiltration, enhances 
the identification of compounds capable of normalizing path-
ological TME conditions in TNBC. By integrating this gene 
signature with HTS2 technology, we identified ponatinib as 
an effective agent that blocks MDSC infiltration into the can-
cer microenvironment, thus inhibiting the MDSC-mediated 
immunosuppression. These results strongly suggested that the 
gene signature-based high-throughput drug screening strat-
egy is reliable and could be applied to identify potential drugs 
for other diseases.
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Fig. 6. Combination treatment with ponatinib enhances the therapeutic efficacy of anti-PD-L1 against TNBC. (A) Expression levels of CXCL1 or CXCL2 and therapeutic 
responses assessed from publicly available scRNA-seq data for 29 breast cancer patients who received ICB therapy [65]. Cells were colored based on ICB response results 
[65] (top) and gene expression levels of CXCL1 and CXCL2 (bottom). Es, patients with clonotype expansion (n = 9); NEs, patients with limited or no clonotype expansion (n = 
20). (B) Receiver operating characteristic (ROC) curves depicting the predictive value of CXCL1 and CXCL2 expression levels for anti-PD-1 therapy response in breast cancer 
patients. (C) CXCL1 and CXCL2 expression in tumor cells, comparing Es with NEs, calculated using the breast cancer scRNA-seq dataset [65]. P values were determined using 
the Mann–Whitney test. (D) Expression of known MDSC-related genes [71,74,75,79,80] in MDSCs determined in this study, comparing Es with NEs. MDSCs were identified 
in the breast cancer scRNA-seq dataset (EGAD00001006608) [65], through learning from another breast cancer scRNA-seq dataset with MDSC well-defined (GSE139125) 
[71], using the cell type prediction method of scPred package [70]. P values were determined using the Mann–Whitney test. (E) Expression of known MDSC-related genes 
[71,74,75,79,80] in MDSCs, comparing pretreatment with on-treatment conditions. Pre, biopsy collected before anti-PD-1 treatment; On, biopsy collected during subsequent 
surgery. P values were determined using the Mann–Whitney test. (F) Expression of known MDSC-related genes in the breast TME, comparing Es with NEs from the breast 
cancer scRNA-seq dataset [65]. P values were determined using the Mann–Whitney test. (G) Expression of known MDSC-related genes in tumor cells, comparing Es with NEs, 
calculated using the breast cancer scRNA-seq dataset [65]. P values were determined using the Mann–Whitney test. (H) Expression of known MDSC-related genes in MDSCs, 
comparing across 3 different breast cancer types. P values were determined using the Mann–Whitney test. (I) Expression of known MDSC-related genes in the TME, comparing 
across 3 different breast cancer types, was calculated using the breast cancer scRNA-seq dataset [65]. P values were determined using the Mann–Whitney test. (J) Schematic 
diagram of the combination treatment protocol for 4T1-bearing mice; ponatinib (30 mg/kg) or vehicle was administered 4 days per week, and PD-L1 monoclonal antibody 
(200 μg per injection, twice a week), either alone or in combination, starting when the tumor volume reached 100 mm3 (n = 12 to 14 mice per group). (K and L) Growth of 4T1 
tumors in BALB/c WT mice treated with the indicated conditions from (J). Tumor volume kinetics were monitored by vernier calipers. Data represent mean ± SEM of n mice. 
Two-way ANOVA determined statistical significance. **P < 0.01, ***P < 0.001, and ****P < 0.0001. (M) Survival curves for the indicated groups. Statistical significance was 
determined using the log-rank (Mantel–Cox) test. ns, P > 0.05, **P < 0.01, and ***P < 0.001.
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   Our findings clearly demonstrate that ponatinib reverses 
the immunosuppressive microenvironment by reducing MDSC 
infiltration. A previous study had shown that ponatinib modu-
lates the immunosuppressive microenvironment in breast can-
cer by inhibiting hypoxia-inducible factor α (HIFα)-mediated 
PD-L1 expression in cancer cells [  82 ]. However, our study 

uncovered a distinct mechanism in which ponatinib reshapes 
the immunosuppressive microenvironment by directly binding 
to and inhibiting p38 kinase activity in cancer cells, suppressing 
the STAT1–CXCL1/2 axis, and preventing MDSC infiltration. 
These findings highlight ponatinib as a potential MDSC-
targeting compound for modulating the immunosuppressive 

Fig. 7. Ponatinib enhances immunotherapy in TNBC by reversing MDSC-driven immunosuppression identified via gene signature-based high-throughput screening (created 
in BioRender).
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microenvironment in solid cancers and lay the groundwork for 
the development of additional MDSC-targeting therapies.

   This newly identified mechanism of action sheds light on 
the potential therapeutic effects of ponatinib in solid tumors. 
Although ponatinib is currently approved by the FDA for the 
treatment of leukemia, its immunomodulatory function within 
the TME has remained largely unexplored. In our 4T1 TNBC 
model, ponatinib significantly enhanced tumor sensitivity to 
anti-PD-L1 therapy, promoting the conversion of immunologi-
cally “cold” tumors into “hot” tumors. Collectively, our findings 
propose a novel chemoimmunotherapeutic strategy, in which 
combining ponatinib with PD-1/PD-L1 ICIs may offer enhanced 
clinical benefit in TNBC and potentially other cancers resistant 
to immunotherapy.

   We provided compelling evidence that the inhibition of 
p38α, not SRC or ABL, suppresses the expression of CXCL1 
and CXCL2 in TNBC, consequently hindering the recruitment 
of MDSCs. These findings indicate that inhibition of p38α by 
ponatinib not only attenuates the immunosuppressive func-
tions of MDSCs but also impedes their migration, ultimately 
leading to potent antitumor effects. In addition to targeting 
p38α, we suggest that STAT1 might also represent another 
promising target for combinatory immunotherapy, warranting 
further investigation.

   Our study emphasizes the therapeutic potential of ponatinib 
in remodeling the immunosuppressive TME by enhancing anti-
tumor immunity through modulation of the p38α–STAT1–
CXCL1/2 signaling axis and disrupting the function of 
immunosuppressive myeloid cells. These findings illustrate the 
multifaceted impact of ponatinib on both tumor and immune 
cell populations within the TME. Gaining a deeper understand-
ing of these signaling dynamics is essential for designing innova-
tive treatment strategies that exploit the role of immunosuppressive 
cell infiltration to improve immunotherapy outcomes. In our 
combination therapy experiments, ponatinib was administered 
for 2 weeks, while anti-PD-L1 treatment was given 4 times. This 
regimen led to a marked delay in tumor progression. However, 
further studies are needed to evaluate the long-term therapeutic 
efficacy of ponatinib and assess the potential emergence of drug 
resistance in breast cancer models.

   In addition, prior research has demonstrated that silencing 
﻿CXCL1 and CXCL2 significantly decreases the infiltration of 
CD11b+Gr1+ myeloid cells in lung metastases of breast cancer 
xenograft models [  83 ]. These findings suggests that elevated 
expression of CXCL1 and CXCL2 is a key contributor to the 
metastatic progression of breast cancer. Our prior research also 
demonstrated that ponatinib inhibits breast cancer lung metas-
tasis in mice through modulation of c-Jun [ 51 ]. Given our cur-
rent findings that ponatinib suppresses 4T1 tumor growth by 
inhibiting the chemokines CXCL1 and CXCL2, we speculate 
that targeting the p38α–STAT1–CXCL1/2 axis is another way 
to limit disseminated tumor burden by ponatinib. Moreover, 
considering the important role of the CXCL1–CXCR2 axis in 
the pathogenesis of lung cancer [  84 ], pancreatic ductal adeno-
carcinoma [ 57 ], and colorectal cancer [  85 ], we hypothesize that 
the efficacy of ponatinib may extend beyond TNBC to other 
solid tumors.

   The expression of chemokine varies across studies, reflecting 
the complexity of their regulation. Differences in tumor models 
[  86 ], host immune status [  87 ], tumor stage [  88 ], and cytokine 
signaling [e.g., interferon-γ (IFN-γ)] [  89 ] can all influence 
chemokine dynamics. Additionally, oncogenic drivers [  90 ], 

epigenetic modifications [ 41 ], and immune pressure further 
shape expression patterns. Given their diverse roles in immune 
cell recruitment and activation [ 90 ,  91 ], chemokines may exhibit 
divergent behaviors under different biological contexts. These 
factors help explain the inconsistent findings across studies and 
highlight the need for integrated interpretation.

   Here, our integrated evidence highlights CXCL1 and CXCL2, 
as well as tumor MAPK14 and STAT1 as promising clinical 
biomarkers. Transcriptomic analysis of 73,326 tumor samples 
revealed that elevated expression of these genes correlates with 
poor prognosis, supporting their role as prognostic markers. 
Their inclusion in compound-screening signatures further sug-
gests utility as pharmacodynamic biomarkers for monitoring 
target engagement in clinical trials. Critically, validating the 
link between reduced CXCL1/CXCL2 levels and intratumoral 
MDSC depletion would confirm a mechanistic basis for drug 
efficacy. This association also indicates that patients with high 
baseline CXCL1/CXCL2 expression may be more likely to ben-
efit from ponatinib.

   In summary, our study leveraged gene signature-based drug 
screening to identify ponatinib as a potent modulator of the 
TME. We demonstrated that ponatinib suppresses CXCL1 and 
CXCL2 expression via the p38–STAT1 signaling axis, thereby 
limiting the recruitment of MDSCs into the TME and enhanc-
ing the efficacy of immunotherapy in TNBC. These findings 
offer a promising strategy for reshaping the immunosuppres-
sive TME and highlight ponatinib as a potential combination 
agent to convert “cold” tumors into “hot” tumors, paving the 
way for improved immunotherapeutic responses.   

Materials and Methods

Study design
   We implemented our proprietary HTS2 approach [ 50 , 51 ] to 
screen against a compound library comprising 8,199 com-
pounds, including FDA-approved therapeutics, epigenetic mod-
ulators, and bioactive natural products. The primary aim was to 
discover agents capable of regulating the expression of CXCL1 
and CXCL2, chemokines critically involved in MDSC recruit-
ment to the TME. Candidate compounds were evaluated using 
RT-qPCR and Western blotting to quantify transcript and pro-
tein levels, respectively. Both in vitro and in vivo experiments 
were conducted using breast cancer and colorectal cancer mod-
els. Murine models included BALB/c, BALB/c nude, NSG, and 
C57BL/6 mice to comprehensively assess the impact of candidate 
compounds on MDSC infiltration and their potential to enhance 
anti-PD-L1 efficacy, thereby controlling tumor growth.   

Single-cell sequencing data analysis
   We analyzed 2 publicly available scRNA-seq datasets from breast 
cancer studies, which included unique molecular identifier 
(UMI) count matrices, gene expression profiles, and correspond-
ing cell barcodes, obtained in accordance with the procedures 
outlined in the original publications [ 65 , 71 ]. Cells were filtered 
based on quality control metrics: Those expressing fewer than 
200 genes or exhibiting over 30% mitochondrial RNA content 
were excluded from further analyses [  92 ]. Downstream process-
ing was carried out using the Seurat (version 3.0) pipeline [  93 ], 
following established workflows that encompassed object ini-
tialization, cell clustering, dimensionality reduction, and differ-
ential gene expression analysis via the FindMarkers function. 
Cell annotations incorporated ICB response classification: 
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patients with T cell clonotype expansion (responders, Es) and 
those without marked expansion (nonresponders, NEs), as well 
as breast cancer molecular subtype (TNBC, HER2+, and ER+), 
as defined in the original study [ 65 ].   

MDSC identification
   MDSCs were identified through a supervised machine learn-
ing approach utilizing the scPred package [ 70 ]. A reference 
breast cancer scRNA-seq dataset with well-defined MDSC 
populations [ 71 ] was used to train the classifier via the train-
Model function. Model performance and cell type prediction 
confidence within the reference dataset were assessed using 
the get_probabilities function. Following model training, the 
classifier was applied to a separate breast cancer dataset con-
taining ICB treatment data [ 65 ]. Cell type predictions, includ-
ing MDSCs, were made using the scPredict function within 
the scPred framework [ 70 ].   

Gene signature collection and gene set enrichment
   To facilitate visualization and comparative analysis of multi-
gene signatures, we curated and analyzed 4 distinct gene sets. 
These included (a) MDSC-attracting chemokines: CXCL1 and 
﻿CXCL2 [ 56 , 57 ]; (b) effector T cell markers: GZMB, GZMK, 
﻿PRF1, and IFNG [  94 ]; (c) immunosuppressive mediators of 
MDSCs: IL1B, IL6, IL10, TGFB, VEGFA, CD274, ROS1, NOS2, 
﻿IDO2, IDO1, ARG1, ARG2, ADAM17, and PTGES2 [ 74 , 75 ]; 
(d) a comprehensive panel of MDSC-associated genes derived 
from prior studies [ 71 , 79 , 80 ]: S100A8, S100A9, IFR1, CD33, 
﻿CD34, CD38, HLA-DR, CD11B, CD15, CD66B, CD14, CSF-1R, 
﻿STAT1, STAT3, STAT6, NF-KB, C-EBP-B, c-Rel, NP63, IFR8, 
﻿ANXA1, LYZ2, CD244, CD36, CD84, DR5, CXCR1, FATP2, 
﻿LOX1, PDL1, WFDC17, IL4R, OLR1, IFITM1, IL1B, PROK2, 
﻿IFITM2, JUNB, DUSP1, SOCS3, BTG1, SELPLG, ASPRV1, 
﻿IGFBP6, PLA2G7, CSF3R, CXCR2, TPD52, TSPO, GRINA, 
﻿FABP5, CLEC4D, STEAP4, MAP1LC3B, CCR1, LRG1, CLEC4E, 
﻿CTSD, GCNT2, ARG2, NPL, FGL2, RNF149, SEPHS2, S100A6, 
﻿LMNB1, EIF4EBP1, MSRB1, UBB, C5AR1, YPEL3, GSR, 
﻿TALDO1, ATP6V1G1, S100A11, HP, ALOX5AP, LITAF, UPP1, 
﻿GPCPD1, SNAP23, HIST1H2BC, MYD88, ADIPOR1, STK17B, 
﻿ZYX, RGS3, HDC, ATG3, GDA, SLC40A1, CDK2AP2, GLIPR2, 
﻿TACSTD2, PICALM, MTUS1, FBXL5, RND1, IER2, MXD1, 
﻿CDKN2D, SELL, PPT1, SKAP2, SFXN5, ATP11B, CXCL2, OSM, 
and IER3. For each cell, enrichment scores corresponding to 
these gene modules were computed using the AddModuleScore 
function from the Seurat package [ 93 ]. Feature plots were gen-
erated using Seurat (version 3.0) [ 93 ], while box plots were 
created with GraphPad Prism (version 9.0) to visualize the 
distribution and comparative expression patterns of gene sig-
natures across cell populations.   

Comparative analysis of CXCL1/CXCL2 high and low 
expression groups
   CXCL1 and CXCL2 signature scores, along with MDSC scores, 
were computed using the AddModuleScore function in Seurat 
[ 93 ], based on the curated gene sets described previously. Cell type 
annotations were generated using the scPred [ 70 ] package as 
detailed above. To stratify the dataset, individual cells and patients 
were categorized into CXCL1/CXCL2 high or low groups, based 
on the average combined expression scores of CXCL1 and CXCL2. 
MDSC score comparisons were then performed across these 
groups at 3 levels: (a) single cell level—comparing the distribution 

of MDSC scores across all individual cells; (b) cell type level—
averaging MDSC scores within each annotated cell type; (c) 
patient level—calculating the mean MDSC score for each patient, 
either across all cells or within a specific immune cell subset.

   Additionally, the relative abundance of each cell type was 
quantified as the proportion of total cells assigned to that type. 
These proportions were then compared between CXCL1/
CXCL2 high and low groups to assess differences in immune 
landscape composition, with a particular focus on MDSC infil-
tration and shifts in immune cell distribution associated with 
﻿CXCL1/CXCL2 expression profiles.   

Correlation analyses
   Correlation analyses were conducted at both the tumor cell and 
patient levels using scRNA-seq data from a breast cancer cohort 
and bulk RNA-seq data from the TCGA BRCA dataset. At the 
single-cell level, CXCL1 and CXCL2 gene signature scores were 
computed for individual tumor cells as previously described. 
For each patient, the mean expression levels of CXCL1 and 
﻿CXCL2 within tumor cells were correlated with the expression 
levels of key MDSC-associated immunosuppressive genes 
[ 74 , 75 ]. These correlations were computed using the cor func-
tion in R. Scatterplots were generated to visualize these correla-
tion results and the expression levels of CXCL1 and CXCL2, 
as well as each immunosuppressive molecule [ 74 , 75 ], using 
GraphPad Prism version 9.0. At the patient level, we correlated 
the average expression of CXCL1 and CXCL2 (aggregated across 
all tumor cells per patient) with the average expression of T cell 
activation markers (e.g., GZMB) computed across all T cells 
within the same patient. This analysis included data from 29 
individual breast cancer patients. Correlation coefficients were 
again calculated using R, and corresponding scatterplots were 
produced in GraphPad Prism to illustrate interpatient relation-
ships between tumor-derived chemokines and T cell effector 
function. In addition, pan-cancer correlation analysis was per-
formed using data from 34 tumor types in the TCGA cohort. 
Specifically, expression levels of CXCL1 and CXCL2 were cor-
related with MDSC-associated immunosuppressive markers 
[ 74 , 75 ] using the Tumor Immune Estimation Resource (TIMER 
2.0) platform [ 72 ], enabling cross-cancer evaluation of chemo-
kine–immunosuppressive gene associations.   

IHC of TNBC tissue microarray
   A human TNBC tissue microarray (catalog no. HBreD129Bc02-1, 
Shanghai Outdo Biotech, China), comprising 129 tumor samples 
from 129 patients, was used to assess CXCL2 and CD33 expression 
on 2 consecutive sections (Table  S3 ). IHC was performed by Outdo 
Biotech following standard protocols [  95 ]. Hematoxylin and eosin 
(H&E) staining confirmed pathological classification. Primary 
antibodies against CXCL2 (1:500, catalog no. 16325-1-AP, 
Proteintech) and CD33 (1:500, catalog no. 84341-3-RR, Proteintech) 
were applied. Protein expression was quantified using the H-score 
method [ 95 ], and statistical comparisons were performed using the 
chi-square test. Representative IHC images from 4 TNBC cases 
were visualized with Aperio ImageScope (v12.4.6), and quantitative 
analysis was conducted using HALO (Indica Labs, USA).   

ST data analysis
   Publicly available Visium ST data from one breast cancer tissue 
section were obtained from the Gene Expression Omnibus 
(GEO) database (accession code: GSE243280). Raw spatial gene 
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expression matrices were processed and visualized using Seurat 
(v5). Data were normalized and log-transformed prior to 
downstream analyses. The SpatialFeaturePlot function was used 
to visualize the spatial expression patterns of key genes, includ-
ing CXCL1, CXCL2, STAT1, and MAPK14. Tumor cell-enriched 
regions were identified based on histological annotations and 
gene expression profiles from the original study, and manually 
highlighted on the tissue slide images. For colocalization analy-
sis, expression values of STAT1 and MAPK14 were extracted 
per spatial spot. Coexpression was defined as the overlapping 
presence of both transcripts in the same spatial location. 
Composite spatial plots were generated to display MAPK14 
(red), STAT1 (blue), and their coexpression (fuchsia) within 
the tissue section.   

Performance of CXCL1 and CXCL2 in predicting  
ICB response
   To assess the predictive potential of CXCL1 and CXCL2 gene 
signatures for ICB response, we analyzed 1 breast cancer 
scRNA-seq dataset [ 65 ] and 9 publicly available bulk RNA-seq 
datasets comprising a total of 300 patients across multiple can-
cer cancer types, including melanoma [  96 –  102 ], glioblastoma 
[  103 ], NSCLC [  104 –  106 ], and head and neck squamous carci-
noma (HNSC) [  107 ] (Table  S1 ). Four of these bulk datasets 
were acquired from the TIDE website [ 96 –  98 ,  108 ].

   For each dataset, raw RNA-seq counts were normalized and 
subjected to z score transformation by subtracting the mean 
expression across all samples. To evaluate differences between 
responders (R) and nonresponders (NR) to ICB treatment, we 
conducted unpaired, nonparametric t tests. Box plots were 
generated using GraphPad Prism (v9.0) to illustrate the z score 
distributions for the CXCL1 and CXCL2 signatures across dif-
ferent cohorts and cancer types. We further benchmarked the 
predictive accuracy of the CXCL1/CXCL2 signature against 
established ICB response biomarkers using tools provided by 
the TIDE online platform [ 109 ], applying this comparative 
analysis across the 9 bulk RNA-seq datasets (Table  S1 ).

   Furthermore, to assess the relationship between the average 
expression level of CXCL1-CXCL2 and MDSC-related genes with 
ICB response at the single-cell level, we utilized the scRNA-seq 
matrix of breast cancer (obtained from the original study [ 65 ]). 
At the single-cell level, the average expression of CXCL1 and 
﻿CXCL2 in tumor cells from R and NR of breast cancer patients 
was calculated. Like the bulk RNA-seq analysis, an unpaired, 
nonparametric t test was used to compare the groups of R and 
NR. The results were visualized using box plots to display the 
average expression levels of CXCL1 and CXCL2, as well as 
MDSC-related genes in breast cancer, using GraphPad Prism 
version 9.0.   

Clinical outcome analyses
   To investigate the relationship between the average expression 
of CXCL1 and CXCL2 and OS in patients, we analyzed multiple 
datasets containing ICB therapy information. These datasets 
were accessed from the TIDE website [ 109 ] and GEO [  110 –
 112 ] across the 9 datasets (Table S1). Kaplan–Meier (KM) plots 
for CXCL1 or CXCL2 were also generated on other platforms, 
including cBioPortal [ 109 ]. The model provided the Rho values, 
which represent the prognosis of patients based on the expres-
sion levels of CXCL1 and CXCL2. Patients were stratified into 
high or low expression subgroups for CXCL1 and CXCL2, and 

the KM survival plots were generated. The statistical signifi-
cance of survival differences was determined using a log-rank 
test on the TIDE website [ 109 ]. Additionally, we compared the 
clinical outcome prediction performance of the CXCL1 and 
﻿CXCL2 signatures with other established biomarkers using the 
TIDE online tool [ 109 ] across the 9 datasets (Table  S1 ). KM 
plots for CXCL1 or CXCL2 were also generated on other plat-
forms, including cBioPortal [ 110 ], TIMER [ 72 ], and a web-
based KM plotter [ 113 ], using datasets from breast cancer 
patients.

   We analyzed the genomic alterations of CXCL1 and CXCL2 
using data from the cBioPortal [ 110 ] website. The analysis 
included gene alteration information for all patients across 
breast cancer datasets (pan-BRCA) as well as across all cancer 
types (pan-cancer).   

Publicly available datasets
   In this study, we performed analyses using datasets obtained 
from the following sources: (a) 2 scRNA-seq datasets (1: n = 
29, 1 cohort, 175,942 cells, 2: PyMT mice, 14,646 cells), (b) 1 
Visium ST data from breast cancer tissue sections [ 68 ] from 
the GEO (n = 1, 1 cohort), (c) bulk RNA-seq dataset [ 67 ] from 
CPTAC (n = 122, 1 cohort), (d) 17 bulk RNA-seq datasets from 
TIDE (n = 1,180, 17 cohorts), and (e) 40 bulk RNA-seq datasets 
from cBioPortal (TCGA, n = 70,655, 217 cohorts) (Table  S1 ). 
In total, the analyses incorporated data from 190,588 single 
cells, 238 cohorts, and 73,326 cancer patients across 34 cancer 
types (Table  S1 ).   

Chemicals
   The drug screening library contained 8,199 compounds, system-
atically organized into 3 distinct categories: FDA-approved thera-
peutic compounds, epigenetic modulators, and bioactive natural 
products. Within this repository, 1,154 clinically approved drugs 
were procured from Selleck Chemicals. The remaining chemicals 
were sourced from the Shanghai Institute of Materia Medica. 
Ponatinib was purchased from TargetMol. SB 203580 and SB 
239063 were purchased from MedChemExpress. All chemicals 
were dissolved in dimethyl sulfoxide (DMSO) for in vitro 
studies.   

Cell culture
   The MDA-MB-231, 4T1, LM2, MCF7, SW480, SW620, HCT116, 
HeLa, and A549 cell lines were obtained from the Institute 
Cancer Cell Line Encyclopedia of China. The MC38 cell line was 
kindly provided by D. Pan from Tsinghua University. Cells were 
cultured in Dulbecco’s modified Eagle’s medium (DMEM) 
(Gibco) supplemented with 10% fetal bovine serum (FBS) 
(Gemini) and 1% penicillin/streptomycin (Gibco). Cells were 
cultured at 37 °C in a 5% CO2 atmosphere.   

Plasmids and antibodies
   Lentiviral shRNAs were provided by the Vector Core at Tsinghua 
University. The following antibodies from Cell Signaling 
Technology were used in this study at a dilution of 1:1,000: anti-
p38 (#9212S), anti-p-p38-Thr180/Tyr182 (#4511S), anti-STAT1 
(#14994S), anti-p-STAT1-Tyr701 (#7649T), anti-p-STAT1-Ser727 
(#9177S), anti-p-ERK1/2 (#4370T), anti-ERK1/2 (#4695T), anti-
p-JNK (#4668S), anti-JNK (#9252S), anti-GAPDH (glyceralde-
hyde-3-phosphate dehydrogenase) (#2118S), and anti-tubulin 
(#2128S).   
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Drug screening and enrichment score calculation
   The pharmacological screening dataset employed in this study 
was generated by Shao et al. [ 51 ]. Our computational pipeline 
for quantifying compound efficacy in down-regulating CXCL1 
and CXCL2 expression was adapted from the Connectivity Map 
framework [ 49 ] and our previous work [ 43 , 51 , 58 ].

   Approximately 3,000 MDA-MB-231 cells were seeded per 
well in 384-well plates and, after 24 h, treated with small mol-
ecules from the screening library at a concentration of 1 μM 
for 24 h. Library preparation and sequencing followed the pro-
tocol described by Li et al. [  114 ] . mRNA levels were quantified 
by high-throughput sequencing on the HiSeq 2000 platform. 
The gene signature was derived from a curated collection of 
chemokine-related genes associated with cold tumors [ 14 , 15 ].

   For data processing, sequencing reads were mapped to probe 
sequences (allowing up to 3 mismatches) and normalized to the 
expression of 33 stable breast cancer genes [  115 ]. Batch effects 
were assessed by principal components analysis (PCA) using 
the FactoMineR [  116 ] and factoextra ( https://github.com/
kassambara/factoextra ) tools and corrected using the ComBat 
[  117 ] algorithm. For each compound, fold-change values were 
calculated relative to the averaged DMSO controls on the same 
plate. Compounds were ranked by their ability to down-regulate 
﻿CXCL1 and CXCL2, and significance was assessed by Student’s 
﻿t test, with P values and fold changes used for prioritization.

   Randomization was applied during library preparation and 
sequencing, and investigators remained blinded to clinical out-
comes throughout computational analyses. Primary and sec-
ondary endpoints were predefined to ensure transparency and 
reproducibility. Sample size was determined by statistical power 
calculations using the R package pwr ( http://cran.r-project.org/
web/packages/pwr/ ), designed to detect clinically meaningful 
differences between groups.   

Mice and reagents
   All animal protocols (#19-WD1 and #19-WD1-1) used in this 
study were approved by the Institutional Animal Care and Use 
Committee (IACUC) of Tsinghua University and were conducted 
in accordance with guidelines established by the Association 
for Assessment and Accreditation of Laboratory Animal Care 
International (AAALAC).

   Five- to 6-week-old female BALB/c WT mice, BALB/c nude 
mice, and C57BL/6 WT mice were commercially procured 
from Vital River Laboratory Animal Technology. NSG mice 
were obtained from The Jackson Laboratory. Mice were housed 
in the animal facility of the Laboratory Animal Research Center 
of Tsinghua University under specific pathogen-free (SPF) con-
ditions. Briefly, subconfluent 4T1 cells (5 × 104) were suspended 
in 0.04 ml of DMEM medium and injected into the mammary 
fat pads of BALB/c WT mice, BALB/c nude mice, and NSG 
mice under anesthesia using avertin. For the MC38 tumor 
model, C57BL/6 female mice were subcutaneously injected in 
the right flank with 1 × 106 MC38 tumor cells. When tumors 
reached a volume of approximately 100 mm3, mice were ran-
domized based on tumor volume into various treatment groups. 
The dosing regimen was adopted from previously published 
studies in which ponatinib (30 mg/kg) or vehicle was admin-
istered orally for 3 weeks, showing pronounced antitumor effi-
cacy with tolerable toxicity profiles [ 51 ,  118 ].

   For combination therapy, ponatinib treatment was admin-
istered for 2 weeks, in combination with an intraperitoneal 
injection of either an anti-PD-L1 antibody (10 mg/kg twice 

weekly for 2 weeks, a total of 4 injections; clone 10F.9G2, 
BioXcell) [  119 –  121 ] or an isotype control antibody (10 mg/kg 
twice weekly for 2 weeks, total of 4 injections; clone LTF2, 
BioXcell).

   Tumor volumes were measured using digital calipers and 
calculated with the following formula: volume (mm3) = [width2 
(mm2) × length (mm)]/2. After 22 days of treatment, mice were 
sacrificed and tumors were isolated for further analysis by 
fluorescence-activated cell sorting (FACS).   

MDSCs mixed with 4T1 cells for transplantation
   4T1 cells (5 × 104) were mixed with sorted MDSCs (1 × 105) 
isolated from 4T1 tumor-bearing mice, and the mixture was 
injected into the mammary gland of recipient mice. Tumor 
growth curves and tumor weight were recorded throughout 
the experiment to assess the effects of MDSC cotransplantation 
on tumor progression.   

MDSC isolation and in vitro migration assay
   MDSCs were isolated from the spleens of 4T1 tumor-bearing 
mice using the Mouse MDSC Isolation Kit (Miltenyi Biotec, 
catalog no. 130-094-538). The isolated cells were plated in 
RPMI 1640 medium supplemented with 10% FBS and antibiot-
ics for subsequent assays. MDSCs (1 × 105 cells per well) were 
seeded into the top chamber of a transwell (Corning). CM from 
cultured 4T1 or MC38 cells, treated with 1 μM ponatinib or 
DMSO for 48 h, were collected and supplemented with either 
vehicle or recombinant mouse CXCL1 (100 ng/ml) and CXCL2 
(10 ng/ml). The CM was added to the bottom chamber of the 
transwell. After 6 h of incubation, the cells that had migrated 
to the bottom chamber were counted. These experiments were 
performed in triplicate, and statistical significance was assessed 
using Student’s t test.   

Flow cytometry analysis
   Splenocytes and tumor-infiltrating lymphocytes (TILs) were 
isolated, and red blood cells were lysed. The single-cell suspen-
sions were incubated with anti-mouse CD16/32 (BioLegend) 
for 10 min at 4°C to block nonspecific binding. After blocking, 
the cells were stained with the following antibodies for 40 min 
on ice: anti-mouse CD4 Super Bright 600 (eBioscience, #63-
0042-80), anti-mouse CD8a phycoerythrin (PE)-eFluor 610 
(eBioscience, #61-0081-80), anti-mouse CD3e peridin chloro-
phyll protein (PerCP)-Cyanine 5.5 (eBioscience, #45-0031-80), 
anti-mouse CD3e PE-Cyanine 5 (eBioscience, #15-0031-82), 
anti-mouse CD45 eFluor 450 (eBioscience,#48-0451-80), anti-
mouse CD45 Super Bright 780 (eBioscience, #78-0451-82), 
anti-mouse Ly-6G/Ly-6C PE-Cyanine7 (eBioscience, #25-
5931-82), anti-mouse Ly-6G-PE (eBioscience, #12-9668-80), 
anti-mouse Ly-6C eFluor 450 (eBioscience, #48-5932-80), anti-
mouse F4/80 PE-Cyanine 7 (eBioscience, #25-4801-82), anti-
mouse F4/80 fluorescein isothiocyanate (FITC) (eBioscience, 
#11-4801-81), anti-mouse CD11b FITC (eBioscience, #11-
0112-41), and anti-mouse CD11b eFluor 506 (eBioscience, 
#69-0112-80). Flow cytometry was performed using the 
FACSAria III flow cytometer (BD Biosciences), and the data 
were analyzed using FlowJo software.   

RT-qPCR
   Total RNA was extracted using TRIzol (Invitrogen) and used 
for cDNA synthesis with the Thermo Fisher Scientific RevertAid 
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First Strand cDNA Synthesis Kit (Thermo Fisher Scientific). 
RT-qPCR was performed using a StepOne Plus real-time PCR 
system (KAPA) to quantify gene expression levels.   

ELISA
   Cells (2 × 106/100-mm dish) were cultured for 24 h. The media 
were then replaced with 10 ml of fresh DMEM containing dif-
ferent concentrations of ponatinib or DMSO. Supernatants 
were collected at 24 or 48 h, with floating cells removed by 
0.45-μm filtration. The amount of CXCL1 or CXCL2 protein 
in the supernatant was measured using a mouse CXCL1- or 
CXCL2-specific ELISA kit (R&D Systems), according to the 
manufacturer’s instructions.   

Immunoblotting
   Cells were lysed with radioimmunoprecipitation assay (RIPA) lysis 
buffer containing 1 mM phenylmethylsulfonyl fluoride (PMSF) 
and a 1× protease inhibitor cocktail (MedChemExpress). Protein 
concentration was quantified using the bicinchoninic acid (BCA) 
assay (Thermo Fisher Scientific). Protein samples were separated 
by sodium dodecyl sulfate–polyacrylamide gel electrophoresis 
(SDS-PAGE) and transferred to polyvinylidene difluoride (PVDF) 
membranes (Bio-Rad). Membranes were probed with antibodies, 
as indicated in the figure legends. Protein bands were visualized 
using SuperSignal West Pico reagent (Thermo Fisher Scientific). 
GAPDH or tubulin was used as an internal control.   

RNA-seq library construction
   MDA-MB-231 cells (1 × 106) were plated in a 10-cm plate for 
24 h and then treated with ponatinib at 1 μM for 24 h. Similarly, 
2 × 106 4T1 cells were plated in a 10-cm plate for 24 h and 
treated with ponatinib at 1 μM for 24 h. Cells were harvested, 
and total RNA was isolated using TRIzol (Invitrogen). RNA 
libraries were constructed using the NEBNext Ultra RNA 
Library Prep Kit for Illumina (New England Biolabs) and 
sequenced on the NovaSeq6000 sequencing system (Illumina).   

RNA-seq data analysis
   Clean reads were obtained after removing adapter sequences and 
poly-N reads. These reads were aligned to the reference genome 
﻿Homo sapiens (hg38) and Mus musculus (GRCm39) [  122 ] using 
HISAT2 [  123 ]. Gene read counts were obtained by assembling 
transcripts with HTSeq [  124 ] for each sample. Differentially 
expressed genes (DEGs) were identified using DESeq2, with a sig-
nificance threshold of a P value < 0.05 and |fold change| ≥ 1.5.   

GO analysis and GSEA
   GO analysis was performed on genes showing decreased expression 
[log2(fold change) < −1 and P < 0.05] in ponatinib-treated cells 
using the clusterProfiler package [  125 ]. GSEA was conducted on 
ponatinib-treated versus DMSO-treated MDA-MB-231 or 4T1 
cells using the GSEA tool (version 4.3.2) in clusterProfiler [ 125 ], 
with the “PreRanked” mode. The normalized enrichment score 
(NES), nominal P value, and false discovery rate (FDR) were cal-
culated with 1,000 permutations using the Signal2Noise metric.   

Molecular docking
   The crystallographic structure of human p38α MAP kinase was 
retrieved from the Protein Data Bank ( https://www.rcsb.org/ ). 
Structural preprocessing was performed using Schrödinger’s 
Protein Preparation Wizard (Schrödinger Release, 2023-1). 

Schrödinger’s Receptor Grid Generation module was utilized 
to construct a 3-dimensional grid system encompassing the 
native ligand, thereby delineating the ligand-binding pocket 
through spatial coordinate parameterization. Ligand–receptor 
docking simulations were conducted with Schrödinger’s Glide 
module, followed by molecular mechanics/generalized born 
surface area (MM/GBSA) binding free energy calculations. 
Ligand–receptor interactions were visualized using the Ligand 
Interaction Diagram module.   

p38α kinase assay
   The p38α kinase assay was conducted following the manufac-
turer’s instructions. Reactions were prepared in a 25-μl mixture 
containing 1× Reaction Buffer A, 1% DMSO, 50 μM dithioth-
reitol (DTT), 10 μM adenosine triphosphate (ATP), 40 ng of 
p38α kinase, 1 μg of p38α peptide substrate, and serial dilution 
of ponatinib. For the control, the same titration was performed 
with all the reaction components except the enzyme. The reac-
tions were incubated at room temperature for 60 min. After 
incubation, 25 μl of Kinase-Glo Reagent was added to each 
reaction, and the plate was incubated at room temperature for 
an additional 40 min. Kinase Detection Reagent was then 
added, and the plate was incubated for 30 min at room tem-
perature. Luminescence was measured, and IC50 (median 
inhibitory concentration) values were determined.   

Statistical analysis
   Statistical comparisons between 2 groups were performed using 
2-way analysis of variance (ANOVA) and 2-tailed unpaired 
Student’s t tests. Log-rank tests were employed for KM survival 
analysis. Significance levels were defined as follows: *P < 0.05, 
**P < 0.01, ***P < 0.001, and ****P < 0.0001.    

Acknowledgments
   We thank the staff of the Animal Facility at the Laboratory Animal 
Research Center of Tsinghua University for their assistance.
   Funding: This work was supported by the National Natural Science 
Foundation of China (grant nos. 82172723 and 32301084), the 
Science and Technology Department of Sichuan Province (grant 
no. 2021ZYD0079), the Innovation Team and Talents Cultivation 
Program of National Administration of Traditional Chinese 
Medicine (grant no. ZYYCXTD-D-202209), the Natural Science 
Foundation of Guangdong Province (grant no. 2023A 1515012790), 
the Joint Funding from Schools (Colleges) and Enterprises in 
Guangzhou (grant no. 2024A03J0987), and the Guangdong 
Provincial Enterprise Joint Fund (grant no. 2022A1515220003).
   Author contributions: D.W., G.Z., and Q.W. jointly conceived 
the main conceptual ideas for this study. Q.W. designed and 
performed the experiments. Q.W. and S.L. analyzed and pro-
cessed the data. K.L. provided support in analyzing drug 
screening data. Y. Wang assisted in analyzing RNA-seq data. 
Y.D. contributed to molecular docking analysis. All authors 
coordinated the work. D.W., Q.W., S.L., Y. Wu, and X.Y. wrote 
the manuscript, with input from all other authors.
   Competing interests:﻿ A patent application related to this work has 
been filed. The authors declare no other competing interests.   

Data Availability
   Datasets used in this study are available from the publications 
referenced above and Table  S1 . All raw and processed RNA-seq 

https://doi.org/10.34133/research.0915
https://www.rcsb.org/


Wang et al. 2025 | https://doi.org/10.34133/research.0915 18

data for ponatinib-treated cells have been deposited in the GEO 
database under the accession number GSE228550. The codes 
used in this study followed the manuals of each R package, all 
of which are fully open access. All software is either freely or 
commercially available. Further information and any requests 
for resources and reagents is available from the lead contact 
upon request.   

Supplementary Materials
         Figs. S1 to S9
   Tables S1 to S3
   References [  126 –  129 ]    

References

	 1.	 Ribas A, Wolchok JD. Cancer immunotherapy using 
checkpoint blockade. Science. 2018;359(6382):1350–1355.

	 2.	 Topalian SL, Forde PM, Emens LA, Yarchoan M, Smith KN, 
Pardoll DM. Neoadjuvant immune checkpoint blockade: A 
window of opportunity to advance cancer immunotherapy. 
Cancer Cell. 2023;41(9):1551–1566.

	 3.	 Hayday A, Dechanet-Merville J, Rossjohn J, Silva-Santos B.  
Cancer immunotherapy by gammadelta T cells. Science. 
2024;386(6717):Article eabq7248.

	 4.	 Hodi FS, Chiarion-Sileni V, Gonzalez R, Grob JJ, Rutkowski P,  
Cowey CL, Lao CD, Schadendorf D, Wagstaff J, Dummer R, 
et al. Nivolumab plus ipilimumab or nivolumab alone versus 
ipilimumab alone in advanced melanoma (CheckMate 067): 
4-year outcomes of a multicentre, randomised, phase 3 trial. 
Lancet Oncol. 2018;19(11):1480–1492.

	 5.	 Spigel DR, Faivre-Finn C, Gray JE, Vicente D, Planchard D,  
Paz-Ares L, Vansteenkiste JF, Garassino MC, Hui R,  
Quantin X, et al. Five-year survival outcomes from the 
PACIFIC trial: Durvalumab after chemoradiotherapy 
in stage III non-small-cell lung cancer. J Clin Oncol. 
2022;40(12):1301–1311.

	 6.	 Garassino MC, Gadgeel S, Speranza G, Felip E, Esteban E, 
Dómine M, Hochmair MJ, Powell SF, Bischoff HG, Peled N,  
et al. Pembrolizumab plus pemetrexed and platinum in 
nonsquamous non-small-cell lung cancer: 5-year outcomes 
from the phase 3 KEYNOTE-189 study. J Clin Oncol. 
2023;41(11):1992–1998.

	 7.	 Deenadhayalan SS, Edwin ER, Elumalai K. Immunotherapy 
for head and neck cancer: Mechanisms, challenges, and future 
perspectives. J Bio X Res. 2024;7:0019.

	 8.	 Galon J, Bruni D. Approaches to treat immune hot, altered 
and cold tumours with combination immunotherapies. Nat 
Rev Drug Discov. 2019;18(3):197–218.

	 9.	 Bianchini G, Balko JM, Mayer IA, Sanders ME, Gianni L. 
Triple-negative breast cancer: Challenges and opportunities 
of a heterogeneous disease. Nat Rev Clin Oncol. 
2016;13(11):674–690.

	 10.	 Wu Y, Yi M, Niu M, Mei Q, Wu K. Myeloid-derived 
suppressor cells: An emerging target for anticancer 
immunotherapy. Mol Cancer. 2022;21(1):184.

	 11.	 Lasser SA, Ozbay Kurt FG, Arkhypov I, Utikal J, Umansky V.  
Myeloid-derived suppressor cells in cancer and cancer 
therapy. Nat Rev Clin Oncol. 2024;21(2):147–164.

	 12.	 Sharma P, Hu-Lieskovan S, Wargo JA, Ribas A. Primary, 
adaptive, and acquired resistance to cancer immunotherapy. 
Cell. 2017;168(4):707–723.

	 13.	 Zetrini AE, Lip HY, Abbasi AZ, Alradwan I, Ahmed T, 
He C, Henderson JT, Rauth AM, Wu XY. Remodeling 
tumor immune microenvironment by using polymer-lipid-
manganese dioxide nanoparticles with radiation therapy 
to boost immune response of castration-resistant prostate 
cancer. Research. 2023;6:0247.

	 14.	 Gajewski TF. The next hurdle in cancer immunotherapy: 
Overcoming the non-T-cell-inflamed tumor 
microenvironment. Semin Oncol. 2015;42(4):663–671.

	 15.	 Nagarsheth N, Wicha MS, Zou W. Chemokines in the 
cancer microenvironment and their relevance in cancer 
immunotherapy. Nat Rev Immunol. 2017;17(9):559–572.

	 16.	 Meng S, Liu H, Xu J, Deng C, Qian X, Chu S, Zhu WG, Zhu J, 
Yong H, Li Z, et al. PRMT5-mediated ALKBH5 methylation 
promotes colorectal cancer immune evasion via increasing 
CD276 expression. Research. 2025;8:0549.

	 17.	 Groth C, Hu X, Weber R, Fleming V, Altevogt P, Utikal J, 
Umansky V. Immunosuppression mediated by myeloid-
derived suppressor cells (MDSCs) during tumour 
progression. Br J Cancer. 2019;120(1):16–25.

	 18.	 Ostrand-Rosenberg S, Sinha P, Beury DW, Clements VK. 
Cross-talk between myeloid-derived suppressor cells 
(MDSC), macrophages, and dendritic cells enhances 
tumor-induced immune suppression. Semin Cancer Biol. 
2012;22(4):275–281.

	 19.	 Gabrilovich DI, Nagaraj S. Myeloid-derived suppressor 
cells as regulators of the immune system. Nat Rev Immunol. 
2009;9(3):162–174.

	 20.	 Law AMK, Valdes-Mora F, Gallego-Ortega D. Myeloid-
derived suppressor cells as a therapeutic target for cancer. 
Cells. 2020;9(3):561.

	 21.	 Condamine T, Ramachandran I, Youn JI, Gabrilovich DI.  
Regulation of tumor metastasis by myeloid-derived 
suppressor cells. Annu Rev Med. 2015;66:97–110.

	 22.	 Mauti LA, le Bitoux MA, Baumer K, Stehle JC, Golshayan D,  
Provero P, Stamenkovic I. Myeloid-derived suppressor 
cells are implicated in regulating permissiveness for 
tumor metastasis during mouse gestation. J Clin Invest. 
2011;121(7):2794–2807.

	 23.	 Veglia F, Perego M, Gabrilovich D. Myeloid-derived suppressor 
cells coming of age. Nat Immunol. 2018;19(2):108–119.

	 24.	 Sun HL, Zhou X, Xue YF, Wang K, Shen YF, Mao JJ, Guo HF,  
Miao ZN. Increased frequency and clinical significance 
of myeloid-derived suppressor cells in human colorectal 
carcinoma. World J Gastroenterol. 2012;18(25):3303–3309.

	 25.	 Huang A, Zhang B, Wang B, Zhang F, Fan KX, Guo YJ. 
Increased CD14+HLA-DR (-/low) myeloid-derived suppressor 
cells correlate with extrathoracic metastasis and poor response 
to chemotherapy in non-small cell lung cancer patients. 
Cancer Immunol Immunother. 2013;62(9):1439–1451.

	 26.	 Arihara F, Mizukoshi E, Kitahara M, Takata Y, Arai K, 
Yamashita T, Nakamoto Y, Kaneko S. Increase in CD14+HLA-
DR -/low myeloid-derived suppressor cells in hepatocellular 
carcinoma patients and its impact on prognosis. Cancer 
Immunol Immunother. 2013;62(8):1421–1430.

	 27.	 Li X, Xing YF, Lei AH, Xiao Q, Lin ZH, Hong YF, Wu XY, Zhou J.  
Neutrophil count is associated with myeloid derived suppressor 
cell level and presents prognostic value for hepatocellular 
carcinoma patients. Oncotarget. 2017;8(15):24380–24388.

	 28.	 Jordan KR, Amaria RN, Ramirez O, Callihan EB, Gao 
D, Borakove M, Manthey E, Borges VF, McCarter MD. 
Myeloid-derived suppressor cells are associated with disease 

https://doi.org/10.34133/research.0915


Wang et al. 2025 | https://doi.org/10.34133/research.0915 19

progression and decreased overall survival in advanced-
stage melanoma patients. Cancer Immunol Immunother. 
2013;62(11):1711–1722.

	 29.	 Angell TE, Lechner MG, Smith AM, Martin SE, Groshen SG,  
Maceri DR, Singer PA, Epstein AL. Circulating myeloid-
derived suppressor cells predict differentiated thyroid cancer 
diagnosis and extent. Thyroid. 2016;26(3):381–389.

	 30.	 Yang G, Shen W, Zhang Y, Liu M, Zhang L, Liu Q, Lu HH, 
Bo J. Accumulation of myeloid-derived suppressor cells 
(MDSCs) induced by low levels of IL-6 correlates with  
poor prognosis in bladder cancer. Oncotarget. 2017;8(24): 
38378–38388.

	 31.	 Zheng Y, Li S, Tang H, Meng X, Zheng Q. Molecular 
mechanisms of immunotherapy resistance in triple-negative 
breast cancer. Front Immunol. 2023;14:1153990.

	 32.	 Guo Z, Zhu Z, Lin X, Wang S, Wen Y, Wang L, Zhi L, Zhou J. 
Tumor microenvironment and immunotherapy for triple-
negative breast cancer. Biomark Res. 2024;12(1):166.

	 33.	 Chen Z, Liu Y, Lyu M, Chan CH, Sun M, Yang X, Qiao S, 
Chen Z, Yu S, Ren M, et al. Classifications of triple-negative 
breast cancer: Insights and current therapeutic approaches. 
Cell Biosci. 2025;15(1):13.

	 34.	 Ran R, Chen X, Yang J, Xu B. Immunotherapy in breast 
cancer: Current landscape and emerging trends. Exp Hematol 
Oncol. 2025;14(1):77.

	 35.	 Movahedi K, Guilliams M, van den Bossche J, van den Bergh R,  
Gysemans C, Beschin A, de Baetselier P, van Ginderachter JA.  
Identification of discrete tumor-induced myeloid-derived 
suppressor cell subpopulations with distinct T cell-suppressive 
activity. Blood. 2008;111(8):4233–4244.

	 36.	 Youn JI, Nagaraj S, Collazo M, Gabrilovich DI. Subsets of 
myeloid-derived suppressor cells in tumor-bearing mice. J 
Immunol. 2008;181(8):5791–5802.

	 37.	 Weber R, Riester Z, Hüser L, Sticht C, Siebenmorgen A, 
Groth C, Hu X, Altevogt P, Utikal JS, Umansky V. IL-6 
regulates CCR5 expression and immunosuppressive capacity 
of MDSC in murine melanoma. J Immunother Cancer. 
2020;8(2):Article e000949.

	 38.	 Li K, Shi H, Zhang B, Ou X, Ma Q, Chen Y, Shu P, Li D, Wang Y.  
Myeloid-derived suppressor cells as immunosuppressive 
regulators and therapeutic targets in cancer. Signal Transduct 
Target Ther. 2021;6(1):362.

	 39.	 Blattner C, Fleming V, Weber R, Himmelhan B, Altevogt P,  
Gebhardt C, Schulze TJ, Razon H, Hawila E, Wildbaum G,  
et al. CCR5(+) myeloid-derived suppressor cells are 
enriched and activated in melanoma lesions. Cancer Res. 
2018;78(1):157–167.

	 40.	 Lim HX, Kim TS, Poh CL. Understanding the differentiation, 
expansion, recruitment and suppressive activities of 
myeloid-derived suppressor cells in cancers. Int J Mol Sci. 
2020;21(10):3599.

	 41.	 Peng D, Kryczek I, Nagarsheth N, Zhao L, Wei S, Wang W, 
Sun Y, Zhao E, Vatan L, Szeliga W, et al. Epigenetic silencing 
of TH1-type chemokines shapes tumour immunity and 
immunotherapy. Nature. 2015;527(7577):249–253.

	 42.	 Nagarsheth N, Peng D, Kryczek I, Wu K, Li W, Zhao E, 
Zhao L, Wei S, Frankel T, Vatan L, et al. PRC2 epigenetically 
silences Th1-type chemokines to suppress effector T-cell 
trafficking in colon cancer. Cancer Res. 2016;76(2):275–282.

	 43.	 Wang H, Li S, Wang Q, Jin Z, Shao W, Gao Y, Li L, Lin K, 
Zhu L, Wang H, et al. Tumor immunological phenotype 
signature-based high-throughput screening for the discovery 

of combination immunotherapy compounds. Sci Adv. 
2021;7(4):Article eabd7851.

	 44.	 Minn AJ, Gupta GP, Siegel PM, Bos PD, Shu W, Giri DD,  
Viale A, Olshen AB, Gerald WL, Massagué J. Genes 
that mediate breast cancer metastasis to lung. Nature. 
2005;436(7050):518–524.

	 45.	 Perou CM, Sørlie T, Eisen MB, van de Rijn M, Jeffrey SS,  
Rees CA, Pollack JR, Ross DT, Johnsen H, Akslen LA, et al.  
Molecular portraits of human breast tumours. Nature. 
2000;406(6797):747–752.

	 46.	 van’t Veer LJ, Dai H, van de Vijver MJ, He YD, Hart AAM,  
Mao M, Peterse HL, van der Kooy K, Marton MI, Witteveen AT,  
et al. Gene expression profiling predicts clinical outcome of 
breast cancer. Nature. 2002;415(6871):530–536.

	 47.	 Li B, Severson E, Pignon JC, Zhao H, Li T, Novak J, Jiang P, 
Shen H, Aster JC, Rodig S, et al. Comprehensive analyses of 
tumor immunity: Implications for cancer immunotherapy. 
Genome Biol. 2016;17(1):174.

	 48.	 Jiang P, Gu S, Pan D, Fu J, Sahu A, Hu X, Li Z, Traugh N,  
Bu X, Li B, et al. Signatures of T cell dysfunction and 
exclusion predict cancer immunotherapy response. Nat Med. 
2018;24(10):1550–1558.

	 49.	 Lamb J, Crawford ED, Peck D, Modell JW, Blat IC, Wrobel MJ,  
Lerner J, Brunet JP, Subramanian A, Ross KN, et al. The 
Connectivity Map: Using gene-expression signatures to 
connect small molecules, genes, and disease. Science. 
2006;313(5795):1929–1935.

	 50.	 Li HR, Zhou H, Wang D, Qiu J, Zhou Y, Li X, Rosenfeld MG, 
Ding S, Fu XD. Versatile pathway-centric approach based on 
high-throughput sequencing to anticancer drug discovery. 
Proc Natl Acad Sci USA. 2012;109(12):4609–4614.

	 51.	 Shao W, Li S, Li L, Lin K, Liu X, Wang H, Wang H, Wang D.  
Chemical genomics reveals inhibition of breast cancer 
lung metastasis by Ponatinib via c-Jun. Protein Cell. 
2018;10(3):161–177.

	 52.	 Xiang L, Li Q, Guan Z, Wang G, Yu X, Zhang X, Zhang G, 
Hu J, Yang X, Li M, et al. Oxyresveratrol as a novel ferroptosis 
inducer exhibits anticancer activity against breast cancer via 
the EGFR/PI3K/AKT/GPX4 signalling axis. Front Pharmacol. 
2025;15:Article 1527286.

	 53.	 An J, Wang H, Wei M, Yu X, Liao Y, Tan X, Hu C, Li S,  
Luo Y, Gui Y, et al. Identification of chemical inhibitors 
targeting long noncoding RNA through gene signature-
based high throughput screening. Int J Biol Macromol. 
2025;292:139119.

	 54.	 Tan X, Ma X, Dai Y, An J, Yu X, Li S, Liao Y, Pei T, Tang Y, 
Gui Y, et al. A large-scale transcriptional analysis reveals 
herb-derived ginsenoside F2 suppressing hepatocellular 
carcinoma via inhibiting STAT3. Phytomedicine. 
2023;120:Article 155031.

	 55.	 Pei T, Dai Y, Tan X, Geng A, Li S, Gui Y, Hu C, An J, 
Yu X, Bao X, et al. Yupingfeng San exhibits anticancer 
effect in hepatocellular carcinoma cells via the MAPK 
pathway revealed by HTS2 technology. J Ethnopharmacol. 
2023;306:Article 116134.

	 56.	 Stadtmann A, Zarbock A. CXCR2: From bench to bedside. 
Front Immunol. 2012;3:263.

	 57.	 Steele CW, Karim SA, Leach JDG, Bailey P, Upstill-Goddard R,  
Rishi L, Foth M, Bryson S, McDaid K, Wilson Z, et al. CXCR2 
inhibition profoundly suppresses metastases and augments 
immunotherapy in pancreatic ductal adenocarcinoma. Cancer 
Cell. 2016;29(6):832–845.

https://doi.org/10.34133/research.0915


Wang et al. 2025 | https://doi.org/10.34133/research.0915 20

	 58.	 Lin K, Li L, Dai Y, Wang H, Teng S, Bao X, Lu ZJ, Wang D. A 
comprehensive evaluation of connectivity methods for L1000 
data. Brief Bioinform. 2020;21(6):2194–2205.

	 59.	 Subramanian A, Narayan R, Corsello SM, Peck DD, Natoli TE,  
Lu X, Gould J, Davis JF, Tubelli AA, Asiedu JK, et al. A next 
generation connectivity map: L1000 platform and the first 
1,000,000 profiles. Cell. 2017;171(6):1437–1452.e1417.

	 60.	 Campello S, Lacalle RA, Bettella M, Mañes S, Scorrano L,  
Viola A. Orchestration of lymphocyte chemotaxis by 
mitochondrial dynamics. J Exp Med. 2006;203(13):2879–2886.

	 61.	 Hasegawa T, Kikuta J, Sudo T, Matsuura Y, Matsui T, 
Simmons S, Ebina K, Hirao M, Okuzaki D, Yoshida Y, et al.  
Identification of a novel arthritis-associated osteoclast 
precursor macrophage regulated by FoxM1. Nat Immunol. 
2019;20(12):1631–1643.

	 62.	 Vaamonde-García C, Loureiro J, Valcárcel-Ares MN,  
Riveiro-Naveira RR, Ramil-Gómez O, Hermida-Carballo L,  
Centeno A, Meijide-Failde R, Blanco FJ, López-Armada MJ.  
The mitochondrial inhibitor oligomycin induces an 
inflammatory response in the rat knee joint. BMC 
Musculoskelet Disord. 2017;18(1):254.

	 63.	 O’Hare T, Shakespeare WC, Zhu X, Eide CA, Rivera VM, 
Wang F, Adrian LT, Zhou T, Huang WS, Xu Q, et al. AP24534, 
a pan-BCR-ABL inhibitor for chronic myeloid leukemia, 
potently inhibits the T315I mutant and overcomes mutation-
based resistance. Cancer Cell. 2009;16(5):401–412.

	 64.	 Bahar ME, Kim HJ, Kim DR. Targeting the RAS/RAF/MAPK 
pathway for cancer therapy: From mechanism to clinical 
studies. Signal Transduct Target Ther. 2023;8(1):455.

	 65.	 Bassez A, Vos H, van Dyck L, Floris G, Arijs I, Desmedt C,  
Boeckx B, vanden Bempt M, Nevelsteen I, Lambein K, et al.  
A single-cell map of intratumoral changes during anti-
PD1 treatment of patients with breast cancer. Nat Med. 
2021;27(5):820–832.

	 66.	 Burke SJ, Lu D, Sparer TE, Masi T, Goff MR, Karlstad MD, 
Collier JJ. NF-kappaB and STAT1 control CXCL1 and 
CXCL2 gene transcription. Am J Physiol Endocrinol Metab. 
2014;306(2):E131–E149.

	 67.	 Krug K, Jaehnig EJ, Satpathy S, Blumenberg L, Karpova A, 
Anurag M, Miles G, Mertins P, Geffen Y, Tang LC, et al. 
Proteogenomic landscape of breast cancer tumorigenesis and 
targeted therapy. Cell. 2020;183(5):1436–1456.e1431.

	 68.	 Janesick A, Shelansky R, Gottscho AD, Wagner F, Williams SR,  
Rouault M, Beliakoff G, Morrison CA, Oliveira MF, 
Sicherman JT, et al. High resolution mapping of the tumor 
microenvironment using integrated single-cell, spatial and 
in situ analysis. Nat Commun. 2023;14(1):15.

	 69.	 Goh KC, Haque SJ, Williams BR. p38 MAP kinase 
is required for STAT1 serine phosphorylation and 
transcriptional activation induced by interferons. EMBO J. 
1999;18(20):5601–5608.

	 70.	 Alquicira-Hernandez J, Sathe A, Ji HP, Nguyen Q, Powell JE.  
scPred: Accurate supervised method for cell-type classification 
from single-cell RNA-seq data. Genome Biol. 2019;20(1):264.

	 71.	 Alshetaiwi H, Pervolarakis N, McIntyre LL, Ma D, Nguyen Q,  
Rath JA, Nee K, Hernandez G, Evans K, Torosian L, et al. 
Defining the emergence of myeloid-derived suppressor 
cells in breast cancer using single-cell transcriptomics. Sci 
Immunol. 2020;5(44):Article eaay6017.

	 72.	 Li T, Fu J, Zeng Z, Cohen D, Li J, Chen Q, Li B, Liu XS. 
TIMER2.0 for analysis of tumor-infiltrating immune cells. 
Nucleic Acids Res. 2020;48(W1):W509–W514.

	 73.	 Bronte V, Brandau S, Chen SH, Colombo MP, Frey AB, 
Greten TF, Mandruzzato S, Murray PJ, Ochoa A,  
Ostrand-Rosenberg S, et al. Recommendations for myeloid-
derived suppressor cell nomenclature and characterization 
standards. Nat Commun. 2016;7:12150.

	 74.	 Yin K, Xia X, Rui K, Wang T, Wang S. Myeloid-derived 
suppressor cells: A new and pivotal player in colorectal cancer 
progression. Front Oncol. 2020;10:Article 610104.

	 75.	 Li Y, He H, Jihu R, Zhou J, Zeng R, Yan H. Novel 
characterization of myeloid-derived suppressor cells in  
tumor microenvironment. Front Cell Dev Biol. 2021;9: 
Article 698532.

	 76.	 Katoh H, Wang D, Daikoku T, Sun H, Dey SK, DuBois RN. 
CXCR2-expressing myeloid-derived suppressor cells are 
essential to promote colitis-associated tumorigenesis. Cancer 
Cell. 2013;24(5):631–644.

	 77.	 Sun L, Clavijo PE, Robbins Y, Patel P, Friedman J, Greene S,  
das R, Silvin C, van Waes C, Horn LA, et al. Inhibiting 
myeloid-derived suppressor cell trafficking enhances T cell 
immunotherapy. JCI Insight. 2019;4(7):Article e126853.

	 78.	 Greene S, Robbins Y, Mydlarz WK, Huynh AP, Schmitt NC, 
Friedman J, Horn LA, Palena C, Schlom J, Maeda DY, et al. 
Inhibition of MDSC trafficking with SX-682, a CXCR1/2 
inhibitor, enhances NK-cell immunotherapy in head and 
neck cancer models. Clin Cancer Res. 2020;26(6):1420–1431.

	 79.	 Veglia F, Sanseviero E, Gabrilovich DI. Myeloid-derived 
suppressor cells in the era of increasing myeloid cell diversity. 
Nat Rev Immunol. 2021;21(8):485–498.

	 80.	 Jiang WR, Hu KY, Liu XF, Gao JL, Zhu LP. Single-cell 
transcriptome analysis reveals the clinical implications of 
myeloid-derived suppressor cells in head and neck squamous 
cell carcinoma. Pathol Oncol Res. 2023;29:1611210.

	 81.	 Weber R, Fleming V, Hu X, Nagibin V, Groth C, Altevogt P, 
Utikal J, Umansky V. Myeloid-derived suppressor cells hinder 
the anti-cancer activity of immune checkpoint inhibitors. 
Front Immunol. 2018;9(1310):1310.

	 82.	 Barnwal A, Tamang R, Sanjeev D, Bhattacharyya J. Ponatinib 
delays the growth of solid tumours by remodelling 
immunosuppressive tumour microenvironment through 
the inhibition of induced PD-L1 expression. Br J Cancer. 
2023;129(6):1007–1021.

	 83.	 Acharyya S, Oskarsson T, Vanharanta S, Malladi S, Kim J,  
Morris PG, Manova-Todorova K, Leversha M, Hogg N, 
Seshan VE, et al. A CXCL1 paracrine network links cancer 
Chemoresistance and metastasis. Cell. 2012;150(1):165–178.

	 84.	 Cheng Y, Mo F, Li Q, Han X, Shi H, Chen S, Wei Y, Wei X. 
Targeting CXCR2 inhibits the progression of lung cancer 
and promotes therapeutic effect of cisplatin. Mol Cancer. 
2021;20(1):62.

	 85.	 Wang D, Sun H, Wei J, Cen B, DuBois RN. CXCL1 is critical 
for premetastatic niche formation and metastasis in colorectal 
cancer. Cancer Res. 2017;77(13):3655–3665.

	 86.	 Liu Y, Wu W, Cai C, Zhang H, Shen H, Han Y. Patient-
derived xenograft models in cancer therapy: Technologies 
and applications. Signal Transduct Target Ther. 2023;8(1):160.

	 87.	 Bishop LR, Lionakis MS, Sassi M, Murphy PM, Kovacs JA. 
Characterization of chemokine and chemokine receptor 
expression during Pneumocystis infection in healthy and 
immunodeficient mice. Microbes Infect. 2015;17(9):638–650.

	 88.	 Frankenberger C, Rabe D, Bainer R, Sankarasharma D, 
Chada K, Krausz T, Gilad Y, Becker L, Rosner MR. Metastasis 
suppressors regulate the tumor microenvironment by 

https://doi.org/10.34133/research.0915


Wang et al. 2025 | https://doi.org/10.34133/research.0915 21

blocking recruitment of Prometastatic tumor-associated 
macrophages. Cancer Res. 2015;75(19):4063–4073.

	 89.	 Gorbachev AV, Fairchild RL. Regulation of chemokine 
expression in the tumor microenvironment. Crit Rev 
Immunol. 2014;34(2):103–120.

	 90.	 Ozga AJ, Chow MT, Luster AD. Chemokines and the immune 
response to cancer. Immunity. 2021;54(5):859–874.

	 91.	 Li X, Mara AB, Musial SC, Kolling FW, Gibbings SL, 
Gerebtsov N, Jakubzick CV. Coordinated chemokine 
expression defines macrophage subsets across tissues. Nat 
Immunol. 2024;25(6):1110–1122.

	 92.	 Li S, Yu J, Huber A, Kryczek I, Wang Z, Jiang L, Li X, du W,  
Li G, Wei S, et al. Metabolism drives macrophage 
heterogeneity in the tumor microenvironment. Cell Rep. 
2022;39(1):Article 110609.

	 93.	 Stuart T, Butler A, Hoffman P, Hafemeister C, Papalexi E,  
Mauck WM III, Hao Y, Stoeckius M, Smibert P, Satija R.  
Comprehensive integration of single-cell data. Cell. 
2019;177(7):1888–1902.e1821.

	 94.	 Zhou J, Kryczek I, Li S, Li X, Aguilar A, Wei S, Grove S, 
Vatan L, Yu J, Yan Y, et al. The ubiquitin ligase MDM2 
sustains STAT5 stability to control T cell-mediated antitumor 
immunity. Nat Immunol. 2021;22(4):460–470.

	 95.	 Chen Q, Yang C, Chen L, Zhang JJ, Ge WL, Yuan H, 
Meng LD, Huang XM, Shen P, Miao Y, et al. YY1 targets 
tubulin polymerisation-promoting protein to inhibit 
migration, invasion and angiogenesis in pancreatic cancer 
via p38/MAPK and PI3K/AKT pathways. Br J Cancer. 
2019;121(11):912–921.

	 96.	 Lauss M, Donia M, Harbst K, Andersen R, Mitra S, 
Rosengren F, Salim M, Vallon-Christersson J, Törngren T,  
Kvist A, et al. Mutational and putative neoantigen load 
predict clinical benefit of adoptive T cell therapy in 
melanoma. Nat Commun. 2017;8(1):1738.

	 97.	 Nathanson T, Ahuja A, Rubinsteyn A, Aksoy BA, Hellmann MD,  
Miao D, van Allen E, Merghoub T, Wolchok JD, Snyder A,  
et al. Somatic mutations and neoepitope homology in 
melanomas treated with CTLA-4 blockade. Cancer Immunol Res. 
2017;5(1):84–91.

	 98.	 Riaz N, Havel JJ, Makarov V, Desrichard A, Urba WJ, Sims JS,  
Hodi FS, Martín-Algarra S, Mandal R, Sharfman WH, 
et al. Tumor and microenvironment evolution during 
immunotherapy with nivolumab. Cell. 2017; 
171(4):934–949.e916.

	 99.	 Van Allen EM, Miao D, Schilling B, Shukla SA, Blank C,  
Zimmer L, Sucker A, Hillen U, Geukes Foppen MH, 
Goldinger SM, et al. Genomic correlates of response 
to CTLA-4 blockade in metastatic melanoma. Science. 
2015;350(6257):207–211.

	100.	 Hugo W, Zaretsky JM, Sun L, Song C, Moreno BH,  
Hu-Lieskovan S, Berent-Maoz B, Pang J, Chmielowski B, 
Cherry G, et al. Genomic and transcriptomic features of 
response to anti-PD-1 therapy in metastatic melanoma. Cell. 
2016;165(1):35–44.

	101.	 Gide TN, Quek C, Menzies AM, Tasker AT, Shang P, Holst J,  
Madore J, Lim SY, Velickovic R, Wongchenko M, et al. 
Distinct immune cell populations define response to anti-
PD-1 monotherapy and anti-PD-1/anti-CTLA-4 combined 
therapy. Cancer Cell. 2019;35(2):238–255.e236.

	102.	 Liu D, Schilling B, Liu D, Sucker A, Livingstone E,  
Jerby-Arnon L, Zimmer L, Gutzmer R, Satzger I, Loquai C, 
et al. Integrative molecular and clinical modeling of clinical 

outcomes to PD1 blockade in patients with metastatic 
melanoma. Nat Med. 2019;25(12):1916–1927.

	103.	 Zhao J, Chen AX, Gartrell RD, Silverman AM, Aparicio L, 
Chu T, Bordbar D, Shan D, Samanamud J, Mahajan A, et al. 
Immune and genomic correlates of response to anti-PD-1 
immunotherapy in glioblastoma. Nat Med. 2019;25(3): 
462–469.

	104.	 Prat A, Navarro A, Paré L, Reguart N, Galván P, Pascual T,  
Martínez A, Nuciforo P, Comerma L, Alos L, et al. Immune-
related gene expression profiling after PD-1 blockade in non–
small cell lung carcinoma, head and neck squamous  
cell carcinoma, and melanoma. Cancer Res. 2017;77(13): 
3540–3550.

	105.	 Hwang S, Kwon AY, Jeong JY, Kim S, Kang H, Park J, Kim JH,  
Han OJ, Lim SM, An HJ. Immune gene signatures 
for predicting durable clinical benefit of anti-PD-1 
immunotherapy in patients with non-small cell lung cancer. 
Sci Rep. 2020;10(1):643.

	106.	 Lee JS, Nair NU, Dinstag G, Chapman L, Chung Y, Wang K,  
Sinha S, Cha H, Kim D, Schperberg AV, et al. Synthetic 
lethality-mediated precision oncology via the tumor 
transcriptome. Cell. 2021;184(9):2487–2502.e2413.

	107.	 Uppaluri R, Campbell KM, Egloff AM, Zolkind P,  
Skidmore ZL, Nussenbaum B, Paniello RC, Rich JT,  
Jackson R, Pipkorn P, et al. Neoadjuvant and adjuvant 
pembrolizumab in resectable locally advanced, human 
papillomavirus-unrelated head and neck cancer: A 
multicenter, phase II trial. Clin Cancer Res. 2020;26(19): 
5140–5152.

	108.	 Kim ST, Cristescu R, Bass AJ, Kim KM, Odegaard JI, Kim K,  
Liu XQ, Sher X, Jung H, Lee M, et al. Comprehensive 
molecular characterization of clinical responses to 
PD-1 inhibition in metastatic gastric cancer. Nat Med. 
2018;24(9):1449–1458.

	109.	 Fu JX, Li K, Zhang W, Wan C, Zhang J, Jiang P, Liu XS. Large-
scale public data reuse to model immunotherapy response 
and resistance. Genome Med. 2020;12(1):21.

	110.	 Pereira B, Chin SF, Rueda OM, Vollan HKM, Provenzano E, 
Bardwell HA, Pugh M, Jones L, Russell R, Sammut SJ, et al. 
The somatic mutation profiles of 2,433 breast cancers refine 
their genomic and transcriptomic landscapes. Nat Commun. 
2016;7(1):11479.

	111.	 Desmedt C, Piette F, Loi S, Wang Y, Lallemand F, Haibe-
Kains B, Viale G, Delorenzi M, Zhang Y, d’Assignies MS, et al. 
Strong time dependence of the 76-gene prognostic signature 
for node-negative breast cancer patients in the TRANSBIG 
multicenter independent validation series. Clin Cancer Res. 
2007;13(11):3207–3214.

	112.	 Parris TZ, Danielsson A, Nemes S, Kovács A, Delle U,  
Fallenius G, Möllerström E, Karlsson P, Helou K. Clinical 
implications of gene dosage and gene expression patterns in 
diploid breast carcinoma. Clin Cancer Res. 2010;16(15): 
3860–3874.

	113.	 Győrffy B. Discovery and ranking of the most robust 
prognostic biomarkers in serous ovarian cancer. GeroSci. 
2023;45(3):1889–1898.

	114.	 Li H, Qiu J, Fu XD. RASL-seq for massively parallel and 
quantitative analysis of gene expression. Curr Protoc Mol Biol. 
2012; 10.1002/0471142727.mb0413s98.

	115.	 Clarke C, Madden SF, Doolan P, Aherne ST, Joyce H, 
O’Driscoll L, Gallagher WM, Hennessy BT, Moriarty M, 
Crown J, et al. Correlating transcriptional networks to 

https://doi.org/10.34133/research.0915


Wang et al. 2025 | https://doi.org/10.34133/research.0915 22

breast cancer survival: A large-scale coexpression analysis. 
Carcinogenesis. 2013;34(10):2300–2308.

	116.	 Lê S, Josse J, Husson F. FactoMineR: An R package for 
multivariate analysis. J Stat Softw. 2008;25(1):1–18.

	117.	 Wang M, Huang J, Liu Y, Ma L, Potash JB, Han S. COMBAT: 
A combined association test for genes using summary 
statistics. Genetics. 2017;207(3):883–891.

	118.	 De Falco V, Buonocore P, Muthu M, Torregrossa L, Basolo F, 
Billaud M, Gozgit JM, Carlomagno F, Santoro M. Ponatinib 
(AP24534) is a novel potent inhibitor of oncogenic RET 
mutants associated with thyroid cancer. J Clin Endocrinol 
Metab. 2013;98(5):E811–E819.

	119.	 Ng KW, Boumelha J, Enfield KSS, Almagro J, Cha H,  
Pich O, Karasaki T, Moore DA, Salgado R, Sivakumar M,  
et al. Antibodies against endogenous retroviruses promote 
lung cancer immunotherapy. Nature. 2023;616(7957): 
563–573.

	120.	 Wang Y, Liu S, Yang Z, Algazi AP, Lomeli SH, Wang Y,  
Othus M, Hong A, Wang X, Randolph CE, et al. Anti-
PD-1/L1 lead-in before MAPK inhibitor combination 
maximizes antitumor immunity and efficacy. Cancer Cell. 
2021;39(10):1375–1387.e1376.

	121.	 Yang Z, Wang Y, Liu S, Deng W, Lomeli SH, Moriceau G,  
Wohlschlegel J, Piva M, Lo RS. Enhancing PD-L1 degradation 
by ITCH during MAPK inhibitor therapy suppresses acquired 
resistance. Cancer Discov. 2022;12(8):1942–1959.

	122.	 Howe KL, Achuthan P, Allen J, Allen J, Alvarez-Jarreta J, 
Amode MR, Armean IM, Azov AG, Bennett R, Bhai J,  
et al. Ensembl 2021. Nucleic Acids Res. 2021;49(D1): 
D884–D891.

	123.	 Kim D, Paggi JM, Park C, Bennett C, Salzberg SL. Graph-
based genome alignment and genotyping with HISAT2 and 
HISAT-genotype. Nat Biotechnol. 2019;37(8):907–915.

	124.	 Anders S, Pyl PT, Huber W. HTSeq-a Python framework to 
work with high-throughput sequencing data. Bioinformatics. 
2015;31(2):166–169.

	125.	 Wu T, Hu E, Xu S, Chen M, Guo P, Dai Z, Feng T, Zhou L,  
Tang W, Zhan L, et al. clusterProfiler 4.0: A universal 
enrichment tool for interpreting omics data. Innovation. 
2021;2(3):Article 100141.

	126.	 Bild AH, Yao G, Chang JT, Wang Q, Potti A, Chasse D,  
Joshi MB, Harpole D, Lancaster JM, Berchuck A, et al. 
Oncogenic pathway signatures in human cancers as a guide to 
targeted therapies. Nature. 2006;439(7074):353–357.

	127.	 Hennessy BT, Gonzalez-Angulo AM, Stemke-Hale K, 
Gilcrease MZ, Krishnamurthy S, Lee JS, Fridlyand J,  
Sahin A, Agarwal R, Joy C, et al. Characterization of 
a naturally occurring breast cancer subset enriched 
in epithelial-to-mesenchymal transition and stem cell 
characteristics. Cancer Res. 2009;69(10):4116–4124.

	128.	 Pawitan Y, Bjöhle J, Amler L, Borg AL, Egyhazi S, Hall P, 
Han X, Holmberg L, Huang F, Klaar S, et al. Gene expression 
profiling spares early breast cancer patients from adjuvant 
therapy: Derived and validated in two population-based 
cohorts. Breast Cancer Res. 2005;7(6):R953–R964.

	129.	 Mariathasan S, Turley SJ, Nickles D, Castiglioni A, Yuen K,  
Wang Y, Kadel EE III, Koeppen H, Astarita JL, Cubas R,  
et al. TGFβ attenuates tumour response to PD-L1 
blockade by contributing to exclusion of T cells. Nature. 
2018;554(7693):544–548.

https://doi.org/10.34133/research.0915

	Gene Signature-Based Drug Screening Reveals Ponatinib Enhances Immunotherapy Efficacy in Triple-Negative Breast Cancer by Reversing MDSC-Mediated Immunosuppressive Tumor Microenvironment
	Introduction
	Results
	Elevated CXCL1 and CXCL2 expression is linked to unfavorable clinical outcomes across diverse cancer types
	HTS2 screening identifies ponatinib as an antagonist of CXCL1 and CXCL2 expression in breast and colon cancer cells
	Ponatinib inhibits CXCL1 and CXCL2 expression by disrupting p38α-induced STAT1 phosphorylation
	Ponatinib inhibits the kinase activity of p38α
	Ponatinib inhibits TNBC growth in immunocompetent and nude mice but not in NSG mice
	TNBC inhibition of ponatinib depends on MDSC infiltration by suppressing the expression of CXCL1 and CXCL2 in TNBC cells
	Ponatinib-induced TNBC inhibition relies on MDSC infiltration in the TME
	Ponatinib enhances the infiltration of antitumor immune cells into the TME in vivo
	Ponatinib enhances the efficacy of ICB therapy against TNBC in vivo

	Discussion
	Materials and Methods
	Study design
	Single-cell sequencing data analysis
	MDSC identification
	Gene signature collection and gene set enrichment
	Comparative analysis of CXCL1/CXCL2 high and low expression groups
	Correlation analyses
	IHC of TNBC tissue microarray
	ST data analysis
	Performance of CXCL1 and CXCL2 in predicting ICB response
	Clinical outcome analyses
	Publicly available datasets
	Chemicals
	Cell culture
	Plasmids and antibodies
	Drug screening and enrichment score calculation
	Mice and reagents
	MDSCs mixed with 4T1 cells for transplantation
	MDSC isolation and in vitro migration assay
	Flow cytometry analysis
	RT-qPCR
	ELISA
	Immunoblotting
	RNA-seq library construction
	RNA-seq data analysis
	GO analysis and GSEA
	Molecular docking
	p38α kinase assay
	Statistical analysis

	Acknowledgments
	Data Availability
	Supplementary Materials
	References


