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Abstract
Background Triple-negative breast cancer (TNBC) is an aggressive subtype of breast cancer characterized by poor 
prognosis and limited treatment options, which underscores the urgency of the discovery of new biomarkers. 
Metabolic reprogramming is a hallmark of cancer and is expected to serve as a strong predictive biomarker for breast 
cancer.

Methods We integrated RNA expression data and clinical information from The Cancer Genome Atlas (TCGA) and 
Gene Expression Omnibus (GEO) databases to explore the associations between metabolism-related gene expression 
and TNBC prognosis. Our comprehensive approach included differential expression analysis, enrichment analysis, Cox 
regression analysis, machine learning, and in vitro experimental validation.

Results We identified five pivotal genes—SDS, RDH12, IDO1, GLDC, and ALOX12B—that were significantly correlated 
with the prognosis of TNBC patients. A prognostic model incorporating these genes was developed and validated 
in an independent patient cohort. The model demonstrated predictive validity, as TNBC patients classified into the 
high-risk group exhibited significantly poorer prognoses. Additionally, utilizing the risk model, we evaluated the 
mutational landscape, immune infiltration, immunotherapy response, and drug sensitivity in TNBC, providing insights 
into potential therapeutic strategies.

Conclusions This study established a robust prognostic model capable of accurately predicting clinical outcomes 
and metastasis, which could aid in personalized clinical decision-making.

Keywords Triple-negative breast cancer (TNBC), Metabolic signatures, Prognostic, Immune infiltration, Drug 
sensitivity
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Background
Triple-negative breast cancer (TNBC) is a subtype of 
breast cancer with unique biological characteristics that 
accounts for 10–20% of all breast cancers. It is char-
acterized by a lack of expression of estrogen receptor 
(ER), progesterone receptor (PR), and human epidermal 
growth factor receptor 2 (HER2) in tumor cells. Owing to 
the absence of clear therapeutic targets, TNBC is insensi-
tive to traditional endocrine therapy and HER2-targeted 
treatments, which limits treatment options and leads to 
a relatively poor prognosis [1–4]. The biological behav-
ior and clinical presentation of TNBC significantly dif-
fer from those of other subtypes of breast cancer, with 
a higher risk of recurrence and earlier timing of relapse. 
Additionally, TNBC is more common in younger women 
and certain racial groups, and immune cell infiltration in 
the tumor microenvironment also exhibits characteristics 
different from those of other subtypes [1, 2, 5]. In recent 
years, with in-depth research into the molecular hetero-
geneity of TNBC, various molecular subtypes, which 
significantly differ in tumor aggressiveness, metastatic 
potential, and treatment response, have been revealed [3, 
6–9]. These findings provide new perspectives for preci-
sion therapy in TNBC and have fostered the development 
of novel treatment strategies targeting specific molecular 
targets. Concurrently, the potential of immunotherapy 
in TNBC has gradually been recognized, offering new 
therapeutic hope for these patients. Despite the advent 
of targeted therapies, including PARP inhibitors that 
have been approved for BRCA-mutated TNBC [10], and 
the significant promise shown by immune modulators, 
these treatment approaches are still in their early stages 
of development [11]. Currently, chemotherapy remains 
the standard treatment for TNBC [12]. Therefore, there 
is an urgent need to identify and validate new prognos-
tic markers to improve treatment options and prognos-
tic assessment for TNBC patients, thereby promoting 
the development of more precise and effective treatment 
strategies.

Recent studies have revealed a close link between 
tumor growth and metabolic pathways, especially in 
TNBC, where tumor cells exhibit metabolic characteris-
tics different from those of normal cells, including unique 
patterns of glucose, fatty acid, and amino acid metabo-
lism [13]. This metabolic reprogramming not only is a 
hallmark of cancer but also leads to complex metabolic 
interactions between immune cells, cancer stem cells, 
the tumor microenvironment, and the gut microbiota, 
which have profound effects on treatment response and 
clinical outcomes [13–15]. Metabolic heterogeneity is 
regarded as a promising anticancer strategy, and a deep 
understanding of the molecular changes caused by meta-
bolic reprogramming is crucial for advancing the devel-
opment of targeted therapies [16]. In TNBC, the key 

role of metabolic reprogramming further emphasizes 
the potential association between the abnormal expres-
sion of metabolism-related genes and patient prognosis. 
However, current research on the role of metabolic genes 
in TNBC prognosis is relatively limited, which highlights 
the need for in-depth studies of these genes and the 
development of prognosis models based on metabolism-
related genes.

In this study, we constructed and validated a predic-
tion model based on metabolism-related genes aimed at 
predicting the clinical prognosis of TNBC patients. By 
conducting an in-depth analysis of metabolism-related 
differentially expressed genes (DEGs) in the TCGA-
TNBC dataset, we ultimately identified five key genes 
that have significant predictive value in the prognostic 
assessment of TNBC. The characteristics of metabolic 
genes not only reveal the complexity of metabolic het-
erogeneity in TNBC but also provide possibilities for 
the development of new therapeutic strategies and per-
sonalized treatment plans. Our research emphasizes the 
role of metabolic reprogramming in the development of 
TNBC and provides new molecular prognostic markers 
and potential therapeutic targets for future research and 
clinical practice. With this approach, we hope to provide 
more accurate prognostic assessments and more effective 
treatment options for TNBC patients.

Methods
Data collection, preprocessing, and acquisition of 
metabolism-related genes
The RNA expression data and clinical and follow-up 
information of 158 patients with TNBC were down-
loaded from the TCGA cohort ( h t t p  s : /  / p o r  t a  l . g  d c .  c a n 
c  e r  . g o v). Given that the original data were log2(x + 1) 
transformed RSEM normalized counts, the data were 
converted to Count values (using the formula a = a²-1) 
for subsequent analysis. Additionally, microarray gene 
expression data along with clinical and follow-up infor-
mation for two external validation cohorts were obtained 
from the Gene Expression Omnibus (GEO) database ( 
h t t p  s : /  / w w w  . n  c b i  . n l  m . n i  h .  g o v / g e o /). Specifically, the 
GSE58812 cohort (GPL570 Affymetrix HG-U133 Plus 2.0 
platform) comprised 107 TNBC samples [17], while the 
GSE21653 dataset (GPL570 Affymetrix HG-U133 Plus 
2.0 platform) contained 85 TNBC cases [18, 19]. This 
study adheres to the data access policies and publication 
guidelines of the TCGA and GEO.

A total of 1,660 genes involved in 86 metabolic path-
ways were downloaded from the Kyoto Encyclopedia of 
Genes and Genomes (KEGG) database  (   h t t p s : / / w w w . g e 
n o m e . j p / k e g g /     ) [20], and detailed information and clas-
sification of metabolism-related genes can be found in 
Supplementary Table S1.

https://portal.gdc.cancer.gov
https://portal.gdc.cancer.gov
https://www.ncbi.nlm.nih.gov/geo/
https://www.ncbi.nlm.nih.gov/geo/
https://www.genome.jp/kegg/
https://www.genome.jp/kegg/
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Identification of differentially expressed metabolism-
related genes
Differential expression of metabolism-associated genes 
in 158 TNBC samples and 114 normal samples was iden-
tified via the ‘DESeq2’ [21] R package, with thresholds 
of|log2-fold change (FC)| > 1 and P < 0.05 for selection. 
Volcano plots for metabolism-associated genes were gen-
erated via the ‘ggpubr’ R package, and heatmaps for dif-
ferentially expressed metabolism-associated genes were 
constructed via the ‘pheatmap’ R package.

Functional enrichment analysis
Gene Ontology (GO) and Kyoto Encyclopedia of Genes 
and Genomes (KEGG) enrichment analyses of the DEGs 
were performed, and the results were visualized via the R 
package clusterProfiler [22]. Gene set enrichment analy-
sis (GSEA) was conducted to characterize the biologi-
cal functions of the high- and low-risk groups, utilizing 
“c2.cp.kegg.v7.5.1.entrez.gmt” as the reference database, 
with thresholds of|NES| > 1.5 and FDR Q value < 0.05 for 
selection [23].

Identification of prognosis-associated key metabolic genes
To elucidate the relationship between the expression 
levels of metabolic genes and overall survival in TNBC 
patients, we initially conducted univariate Cox regression 
analysis on metabolism-related differentially expressed 
genes (DEGs) within the TCGA-TNBC dataset via the 
“survival” R package, with a P value < 0.05 for significant 
filtering for further analysis. We subsequently employed 
the “glmnet” R package with least absolute shrinkage and 
selection operator (LASSO) Cox regression to mitigate 
gene collinearity and reduce the number of candidate 
genes [24]. Ultimately, multivariate Cox regression anal-
ysis was performed to identify the final set of candidate 
genes.

Construction and validation of a prognostic model based 
on metabolism-associated genes
The risk score was calculated via the formula Risk score 
= 

∑ n
i XiY i, where Xi represents the coefficients of 

metabolism-associated genes identified via multivariate 
Cox regression analysis and Yi denotes the expression 
levels of the corresponding genes [25–27]. This computa-
tion was based on the normalized mRNA expression data 
of the TCGA-TNBC dataset. Patients with TNBC were 
categorized into high- and low-risk groups according to 
the median risk score, and the overall survival of these 
groups was analyzed. To evaluate the prognostic perfor-
mance of the model, receiver operating characteristic 
(ROC) curves were generated via the “timeROC” R pack-
age. The accuracy of the model was validated in a TNBC 
cohort from the GEO database. Furthermore, to deter-
mine whether the risk score is an independent prognostic 

factor for overall survival in TNBC patients within the 
TCGA-TNBC dataset, univariate and multivariate Cox 
regression analyses were conducted, with covariates 
including age and tumor stage.

Analysis of mutations in high- and low-risk groups
Employing the “maftools” R package, we performed an 
analysis of single nucleotide polymorphisms (SNPs) and 
mutational burden in samples categorized into high- and 
low-risk groups [28].

Analysis of immune therapy response and drug sensitivity 
in samples from high- and low-risk groups
Using the online tool TIDE ( h t t p  : / /  t i d e  . d  f c i . h a r v a r d . e d u 
/), we calculated the scores for samples in both the high- 
and low-risk groups. Immunophenotype scores (IPSs) for 
breast cancer patients were downloaded from The Cancer 
Immunome Atlas (TCIA, https://tcia.at/home), and IPSs 
specific to TNBC patients were extracted for the compar-
ison of IPS scores between the high- and low-risk groups. 
Drug sensitivity for both groups was predicted via the 
“oncoPredict” R package [29], with the “GDSC2_Expr.
rds” and “GDSC2_Res.rds” datasets from the Genomics 
of Drug Sensitivity in Cancer (GDSC) database serving as 
the training sets. Violin and box plots were generated via 
the “ggpubr” package.

Analysis of the tumor microenvironment and immune 
infiltration in samples from the high- and low-risk groups
The immune infiltration of tumors within different risk 
subgroups was assessed via the ESTIMATE algorithm 
[29], CIBERSORT algorithm [30], and ssGSEA algorithm 
[31].

RNA extraction, cDNA synthesis and RT‒qPCR
Total RNA was extracted from the breast cancer cell 
lines via the TRIzol reagent (Invitrogen, Catalog Num-
ber: 15596026CN). The RNA samples were subsequently 
reverse transcribed into cDNA via the Hifair® II 1st 
Strand cDNA Synthesis Kit (YEASEN, China, Catalog 
Number: 11119ES60). RT‒qPCR was carried out with 
the Hieff® qPCR SYBR Green Master Mix (No Rox) kit 
(YEASEN, China, Catalog Number: 11204ES08) follow-
ing the manufacturer’s instructions. After normalization 
to β-actin, the expression levels of all target genes were 
calculated via the 2-ΔΔCt method after the reactions were 
performed in triplicate. The sequences of primers used 
were as follows: IDO1-F: 5’- G C A A A T G C A A G A A C G G G 
A C A-3’ and IDO1-R: 5’-  A T A G C T G G G G G T T G C C T T T 
C-3’; SDS-F: 5’-  C T G C C C A A G A T C A C C A G T G T-3’ and 
SDS-R: 5’-  G C C T C C T G G T C C G A G A T A A C-3’; GLDC-F: 
5’- G T A C A G C T C A G G C C C T C T T G-3’ and GLDC-R:  T G 
C T C G C T T G A G A C C T T C T G.

http://tide.dfci.harvard.edu/
http://tide.dfci.harvard.edu/
https://tcia.at/home
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Cell culture and SiRNA transfection
The breast cancer cell lines MDA-MB-231 and MCF-7, 
as well as the normal human breast epithelial cell line 
MCF10A, were originally obtained from the American 
Type Culture Collection (ATCC) and subsequently pro-
vided by the First Affiliated Hospital of Zhejiang Uni-
versity. The cells were maintained in DMEM (Gibco, 
Thermo Fisher Scientific, Catalog Number: AJ30728130) 
supplemented with 10% fetal bovine serum (FBS) (Gibco, 
Thermo Fisher Scientific, Catalog Number: E607016-
3000) and 1% penicillin/streptomycin (Gibco, Thermo 
Fisher Scientific, Catalog Number: E607011-0100) at 
37°C in a humidified atmosphere containing 5% CO2 
[32]. The siRNA sequences used to target IDO1 were as 
follows: sense: 5’- G G A C A A U C A G U A A A G A G U A-3’; 
antisense: 5’- U A C U C U U U A C U G A U U G U C C-3’. And the 
siRNA-NC sequences were as follows: sense: 5’- U U C U 
C C G A A C G U G U C A C G U-3’; antisense: 5’-  A C G U G A C 
A C G U U C G G A G A A-3’. The siRNA transfection experi-
ment was performed as follows: First, siRNA was diluted 
to a working concentration of 30 nM using serum-free 
medium. The diluted siRNA was then mixed with Trans-
mate transfection reagent (Sangon Biotech (Shanghai) 
Co., Ltd. Catalog Number: E607405) at a 1:1 ratio, gently 
mixed, and incubated at room temperature for 10 min to 
form the siRNA/Transmate complex. The complex was 
added dropwise to the cell culture medium, and the cul-
ture plate was gently shaken to ensure even distribution. 
The cells were then returned to a 37 °C, 5% CO₂ incuba-
tor for continued cultivation. After 6  h of transfection, 
the medium was replaced with fresh complete medium 
to remove the transfection complex and reduce cytotox-
icity. The cells were further cultured for 24 h, after which 
samples were collected, and the mRNA levels of the tar-
get gene were detected by qPCR to evaluate transfection 
efficiency.

Cell counting Kit-8 (CCK-8) assay
The cells were seeded into 96-well plates (1 × 103), and 
10 µl of CCK-8 solution (Yeasen Biotechnology Co., Ltd., 
Shanghai, Catalog Number: 40203ES60) was added at 24, 
48, and 72 h posttransfection. After incubation at 37  °C 
for 2  h, the absorbance at 450  nm was measured via a 
TECAN Infinite 200 microplate reader [33].

Transwell assay
The cells (1 × 104) were seeded into migration cham-
bers (Cellprobio Biotechnology (Suzhou) Co., Ltd.), 
and medium containing 10% fetal bovine serum (FBS) 
was added as a chemoattractant. After 24  h, methanol 
was added to fix the cells, which were then stained with 
0.1% crystal violet (YEASEN, China, Catalog Number: 
60505ES25) and counted [33].

Wound-healing assay
The cells were seeded into a cell culture plate (Cellprobio 
Biotechnology (Suzhou) Co., Ltd.) and grown to form a 
confluent monolayer. A linear wound was generated by 
scraping the cells with the tip of a 1-mL pipette. After 
24  h, the migrating cells were imaged via an inverted 
microscope [33].

Statistical analysis
In this study, all the statistical analyses were performed 
via R software (version 4.3.1) and GraphPad Prism soft-
ware (version 9.0). Comparisons between two groups 
were made via t tests, whereas comparisons among 
multiple groups were conducted via one-way ANOVA. 
A P value < 0.05 was considered to indicate statistical 
significance.

Results
Identification of metabolic genes differentially expressed 
in TNBC patients
The workflow of this study is depicted in Fig. 1. A total 
of 158 TNBC patient samples and 114 normal samples 
were obtained from the TCGA. Utilizing the “DESeq2” 
R package, we identified 2,450 differentially expressed 
genes (DEGs) between TNBC and adjacent normal tis-
sues with the criteria of|log2 (fold change)| > 1 and a false 
discovery rate (FDR) < 0.05, comprising 1,117 downregu-
lated and 1,333 upregulated genes (Fig. 2A; Supplemen-
tary Table S2). From the KEGG database, we extracted 
1,660 genes associated with 86 human metabolic path-
ways (Supplementary Table S1) [17]. Among these met-
abolic genes, 186 DEGs were identified, including 110 
downregulated and 76 upregulated genes, which clearly 
separated TNBC samples from normal adjacent samples 
(Fig. 2B, C; Supplementary Table S3).

Functional enrichment analysis of metabolic DEGs in TNBC 
reveals their involvement in key biological pathways and 
processes
To gain an in-depth understanding of the biological func-
tions of metabolic DEGs, we conducted a comprehensive 
enrichment analysis. GO enrichment analysis revealed 
that these genes are involved primarily in pathways such 
as hormone metabolism, small molecule metabolism, 
xenobiotic metabolism, terpenoid metabolism, and fatty 
acid metabolism (Fig.  2D). KEGG enrichment analy-
sis further refined the specific metabolic pathways in 
which these genes participate, including retinol metabo-
lism, cytochrome P450 metabolism of xenobiotics, drug 
metabolism - cytochrome P450, steroid hormone biosyn-
thesis, tyrosine metabolism, and tryptophan metabolism 
(Fig. 2E).
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Fig. 1 Research flowchart of this study
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Fig. 2 Metabolic gene differential expression analysis and functional enrichment analysis. (A) DEGs between TNBC patient and normal samples. (B) 
Identification of metabolism-related DEGs. (C) Expression patterns of metabolism-related DEGs in TNBC samples compared with normal samples, with 
red indicating higher expression and blue indicating lower expression. (D) GO enrichment analysis of metabolism-related DEGs. (E) KEGG enrichment 
analysis of metabolism-related DEGs
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Fig. 3 (See legend on next page.)
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Constructing a prognostic model for TNBC based on 
metabolic genes
Through univariate Cox regression analysis of metab-
olism-related DEGs, a total of 17 genes significantly 
associated with prognosis (P < 0.05) were identified, 
including 11 risk factors (Hazard Ratio (HR) > 1, P < 0.05): 
SDS, RDH12, P4HA3, TH, NPR1, AK5, INMT, PDE2A, 
ALOX12B, OLAH and COX7A1, and six protective fac-
tors (HR < 1, P < 0.05): TYMS, GSTA2, IDO1, SRD5A2, 
GLDC, and GPLD1 (Fig.  3A). Furthermore, LASSO 
regression analysis was conducted, revealing 14 genes 
(P < 0.05): SDS, RDH12, P4HA3, TYMS, GSTA2, IDO1, 
SRD5A2, TH, GLDC, GPLD1, AK5, INMT, ALOX12B 
and OLAH (Fig.  3B, C). Multivariate Cox regression 
analysis eventually identified five genes, among which 
three are potential risk genes (HR > 1, P < 0.05): SDS, 
RDH12 and ALOX12B and two are potential protective 
genes (HR < 1, P < 0.05): IDO1 and GLDC, which is suit-
able for constructing a prognostic model (Fig.  3D). On 
the basis of the above screening results, a prognostic 
index for TNBC samples was constructed with the fol-
lowing formula: risk score = 0.042232206 × SDS (expres-
sion level) + 0.081515243 × RDH12 (expression level) 
− 0.021784204 × IDO1 (expression level) − 0.02628676 
× GLDC (expression level) + 0.038228584 × ALOX12B 
(expression level) [25–27]. To verify the accuracy of this 
model in predicting the prognosis of TNBC patients, 
158 patients were divided into high- (n = 79) and low-
risk (n = 79) groups on the basis of the median risk 
score threshold (Fig.  3E). Compared with the low-risk 
group, the high-risk group had a shorter survival time 
(P < 0.001, Fig.  3G). SDS, RDH12 and ALOX12B were 
highly expressed in the high-risk group samples, whereas 
IDO1 and GLDC were expressed at low levels (Fig. 3F). 
Time-dependent ROC analysis revealed that the accu-
racy of the OS prognosis was 0.902 at 2 years, 0.878 at 
4 years, and 0.910 at 6 years (Fig. 3H). The results indi-
cate that our metabolic gene model significantly predicts 
TNBC prognosis, as evidenced by high accuracy rates 
and robust statistical validation.

Validation of a prognostic model for TNBC using GEO 
datasets
To validate the generalizability of the established prog-
nostic model, we performed external validation using two 

independent TNBC cohorts (GSE58812 and GSE21653) 
retrieved from GEO. Applying the risk score formula 
derived from the training cohort, patients were strati-
fied into distinct low- and high-risk subgroups accord-
ing to the median cutoff. Strikingly, the low-risk group 
exhibited significantly longer median overall survival 
compared to high-risk counterparts across both valida-
tion cohorts (Fig. 4A, E). Importantly, the expression pat-
terns of model-defining genes showed high concordance 
with TCGA-TNBC profiles (Fig. 4B, F), reinforcing their 
biological relevance as prognostic biomarkers in TNBC 
pathophysiology. The clinical utility of this stratifica-
tion was further corroborated by Kaplan-Meier analysis, 
which revealed markedly poorer outcomes in high-risk 
patients (P < 0.001; Fig. 4C, G). Temporal discrimination 
accuracy was quantified through time-specific ROC anal-
ysis, yielding AUC values of 0.616 (2-year), 0.684 (4-year), 
and 0.729 (6-year) in GSE58812, and 0.734, 0.740, and 
0.693 respectively in GSE21653 (Fig.  4D, H). These 
metabolism-associated gene signatures not only provide 
a novel prognostic framework for TNBC but also inform 
potential therapeutic targeting strategies. Multivariate 
Cox regression confirmed the risk score as an indepen-
dent prognostic factor (AUC = 0.889), outperforming 
conventional clinicopathological parameters (Supple-
mentary Fig. 1).

Functional enrichment analysis of differential gene 
expression based on the risk model
Using the “DESeq2” R package, we identified 120 DEGs 
between the high- and low-risk groups, with 30 genes 
upregulated and 90 downregulated in the low-risk group 
(Fig. 5A; Supplementary Table S4). GO enrichment anal-
ysis revealed significant differences in processes such as 
hormone metabolism and hormone transport between 
the high- and low-risk groups (Fig.  5B). KEGG enrich-
ment analysis demonstrated that the DEGs were signifi-
cantly enriched in  cytokine-cytokine receptor interaction 
,  steroid hormone biosynthesis , and  drug metabolism 
pathways, with notable involvement of the JAK-STAT 
signaling pathway and retinol metabolism. These find-
ings highlight potential interplay between immune 
dysregulation (e.g., IL-17 signaling), metabolic repro-
gramming, and xenobiotic detoxification in TNBC pro-
gression (Fig.  5C). Further GSEA revealed pronounced 

(See figure on previous page.)
Fig. 3 Development of a metabolism-related gene-based prognostic risk model in the TCGA cohort. (A) Univariate Cox regression analysis of differentially 
expressed metabolism-related genes. (Hazard Ratio (HR): Indicates the association between a gene and prognosis. HR > 1 means the gene is a risk factor, 
associated with worse prognosis; HR < 1 suggests means the gene is a protective factor, associated with better prognosis. P < 0.05 was considered statisti-
cally significant.). (B) Coefficient plot from the LASSO regression model (The left and right vertical lines respectively represent the λ value (Lambda Min) 
corresponding to the minimum cross - validation error and the simplest model (Lambda 1SE) within one standard error of the minimum MSE. Lambda 
Min was selected for subsequent analyses.). (C) Cross-validation for the selection of tuning parameters in the LASSO regression. (D) Multivariate Cox 
regression analysis revealed five key genes. (E) Distribution of patient survival status and survival time based on the prognostic model in the TCGA-TNBC 
cohort. (F) Expression profiles of five key genes in the prognostic model. (G) Survival analysis of TNBC patients of high- and low-risk group. (H) Validation 
of the predictive efficiency of the risk score via ROC curve analysis
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enrichment of immunomodulatory pathways in the 
low-risk group, most notably  natural killer cell-medi-
ated cytotoxicity,  cytokine-cytokine receptor interaction 
, and  antigen processing/presentation . Additional sig-
nificant pathways included  T cell receptor signaling  and  
chemokine signaling , collectively indicating enhanced 
anti-tumor immunity through NK cell activation, T 
cell priming, and chemokine-guided leukocyte infiltra-
tion (Fig.  5D). GSEA analysis revealed that metabolic 
pathways in high-risk TNBC patients were significantly 
enriched in steroid hormone biosynthesis, ascorbate 
metabolism, cytochrome P450/drug metabolism, while 
porphyrin metabolism and retinol metabolism path-
ways also exhibited activation (Fig. 5E). These metabolic 
reprogramming features may influence chemotherapy 
resistance.

Comparison of somatic mutation profiles and tumor 
mutational burden between the high- and low-risk groups
We analyzed the somatic mutation profiles and tumor 
mutational burden (TMB) in samples from the high- and 
low-risk groups. The mutation rates were comparable 
between the two group samples, with 97.06% (66/68) in 
the high-risk group and 95.59% (65/68) in the low-risk 
group (Fig. 6A, C). The median TMB was 0.91 mutations/
Mb in the high-risk group and 1.25 mutations/Mb in the 
low-risk group, suggesting a significantly higher TMB 
in the latter. This elevated TMB may be associated with 
improved responsiveness to immunotherapy, highlight-
ing its potential as a predictive biomarker for treatment 
outcomes (Fig. 6B, D). We conducted an in-depth analysis 
of the somatic mutational profiles of samples from both 
the high- and low-risk groups to explore the similarities 
and differences in mutational characteristics. In terms 
of mutation types, both groups exhibited a high degree 
of similarity in mutational patterns. Missense mutations 
accounted for the highest proportion, followed by frame-
shift deletions and nonsense mutations. Regarding single 
nucleotide variant (SNV) classification, C > T and T > C 
base substitutions predominated in both groups. Single 
nucleotide polymorphisms (SNPs) represented the most 
prevalent variant type in both cohorts, with deletion 
mutations being the second most common alteration. 
While single nucleotide variant (SNV) classification and 
mutational spectrum patterns were comparable between 
groups, the high-risk cohort exhibited a significantly 
reduced total mutation burden (mean 45.5 mutations/
sample) compared to the low-risk group (mean 62.5 
mutations/sample; P < 0.05). This discrepancy may reflect 
the notably higher TMB observed in the low-risk cohort. 
We further analyzed the top mutated genes in both the 
high- and low-risk groups and found that both groups 
shared similar high-frequency mutated genes, including 
TP53, TTN, PIK3CA, etc. However, distinct mutation 

profiles were observed between risk groups: genes 
including CSMD3, DST, and KMT2D exhibited higher 
mutational prevalence in the low-risk cohort, while 
SYNE1, SPTA1, and PCDH15 demonstrated elevated 
mutation frequencies in the high-risk group (Fig. 6E, F). 
Notably, the TP53 gene had a high mutation frequency 
in both groups, at 84% and 79%, emphasizing the crucial 
role of TP53 in tumorigenesis. In summary, our analysis 
revealed that while both high- and low-risk groups share 
similar mutation profiles and high-frequency mutated 
genes, distinct mutational patterns and a higher TMB in 
the low-risk group may have significant implications for 
treatment responsiveness and outcomes.

Assessment of tumor immune evasion, the 
immunotherapy response, and drug sensitivity in the high- 
and low-risk groups
TIDE stands for tumor immune dysfunction, and exclu-
sion is a metric based on the gene expression profile of 
tumor samples used to evaluate the potential for tumor 
immune evasion. Analysis revealed that samples from 
the high-risk group had higher TIDE scores, suggest-
ing a greater likelihood of immune evasion (P = 0.0014, 
Fig.  7A). When comparing immune therapy responses 
between high- and low-risk groups, the low-risk group 
exhibited significantly elevated scores for ips_ctal4_
neg_pd1_pos, ips_ctal4_pos_pd1_neg, and ips_ctal4_
pos_pd1_pos, collectively suggesting enhanced T-cell 
activation and tumoricidal immunity, which may confer 
superior clinical sensitivity to PD-1/CTLA-4 checkpoint 
blockade therapies. However, there was no significant 
difference in scores for ips_ctal4_neg_pd1_neg (Fig. 7B). 
Drug sensitivity profiling between risk cohorts identi-
fied 17 pharmacologic agents with significant differen-
tial sensitivity (P < 0.05). Notably, enhanced therapeutic 
responses to AZD7762, WEE1 inhibitor, MK-1775, tala-
zoparib, AZD1208, PF13, RVX-208, AGI-6780, zoledro-
nate, carmustine, UMI-77, WIKI4, MIM1, WEHI-539, 
AMG-319, MK-8776, and LJ308 were observed in the 
high-risk group, suggesting clinically actionable tar-
gets for precision oncology strategies in these patients 
(Fig. 7C).

Analysis of the tumor microenvironment and immune cell 
infiltration in high- and low-risk group samples
To assess the differences in the tumor microenviron-
ment (TME) between the high- and low-risk groups, we 
calculated stromal scores, immune scores, ESTIMATE 
scores, and tumor purity for all samples. The analysis 
revealed that  high-risk group samples exhibited signifi-
cantly lower immune scores  compared to the low-risk 
group (P < 0.01, Fig.  7D). However,  no significant differ-
ences  were observed between the two groups in stromal 
scores, ESTIMATE scores (Fig.  7D), or tumor purity 
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Fig. 4 (See legend on next page.)
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(Fig.  7E). Further analysis of immune cell infiltration by 
CIBERSORT in high- and low-risk groups demonstrated 
that the low-risk cohort exhibited significantly elevated 
levels of CD8 + T cells, activated CD4 + memory T cells, 
follicular helper T cells, and M1 macrophages compared 
to the high-risk group. Conversely, monocyte counts 
and M2 macrophage infiltration were markedly reduced 
in low-risk patients, which may correlate with better 
immune surveillance and antitumor capabilities (Fig. 7F). 
The ssGSEA results demonstrated that low-risk group 
samples exhibited significantly elevated scores in mul-
tiple activated immune cell populations, including acti-
vated B cells, activated CD4 + T cells, activated CD8 + T 
cells, activated dendritic cells, immature B cells, Type-1 
T helper cells and Type-2 T helper cells (Supplementary 
Fig.  2). These findings suggest enhanced immune cell 
activation and functional engagement within the low-risk 
group.

IDO1 plays a critical role in the metabolic-related 
prognostic model of TNBC
Based on the TCGA-TNBC dataset analysis, four out of 
the five model genes (SDS, RDH12, IDO1, and GLDC) 
demonstrated significantly elevated expression levels in 
breast cancer samples (Supplementary Fig. 3A - E). The 
survival analysis of TNBC patients based on the median 
expression values of five model genes demonstrated that 
SDS, IDO1, and GLDC genes significantly influenced 
patient prognosis (Supplementary Fig.  4A - E). These 
findings highlight their potential roles as prognostic bio-
markers or therapeutic targets in TNBC management. 
We further validated the expression of three key genes 
in breast cancer cell lines (MDA-MB-231 and MCF-7) 
and normal breast cells (MCF-10  A) via RT-qPCR and 
found that IDO1 is significantly overexpressed in MDA-
MB-231 cells. Meanwhile, we found that the GLDC gene 
is significantly highly expressed in both MCF-7 and 
MDA-MB-231 (Supplementary Fig. 3F - H). The expres-
sion trends of these genes in two breast cancer cell lines 
(MDA-MB-231 and MCF-7) were further validated in 
cancer cell lines from the Cancer Cell Line Encyclopedia 
(CCLE) database, confirming consistent gene expres-
sion patterns across different cell models (Supplemen-
tary Fig. 3I). Given the significant higher of IDO1 in the 
TNBC cell line MDA-MB-231, we posit that IDO1 likely 
plays a crucial role in TNBC progression. Consequently, 
IDO1 was prioritized for subsequent investigation. 

Further analysis identified IDO1 as a key gene within 
the metabolism-related prognostic model, prompting 
additional in vitro experimentation. Silencing IDO1 via 
IDO1-specific siRNA transfection resulted in a reduc-
tion in IDO1 mRNA in MDA-MB-231 cells (Fig. 8A). The 
CCK8 proliferation assay revealed significant inhibition 
of growth in the IDO1-depleted MDA-MB-231 cell line 
(Fig.  8B). Additionally, the downregulation of IDO1 led 
to the suppression of breast cancer cell migration, as evi-
denced by the Transwell migration assay (Fig. 8C, D) and 
the scratch wound healing assay (Fig. 8E, F). Thus, IDO1 
can promote the proliferation and migration of breast 
cancer cells, thereby playing a pivotal role in the devel-
opment of TNBC, which further substantiates its critical 
function in TNBC.

Discussion
TNBC is a distinct subtype of breast cancer character-
ized by a poor prognosis and limited treatment options. 
Therefore, identifying new biomarkers and therapeutic 
targets is crucial [1–4]. Metabolic reprogramming is a 
hallmark of cancer, influencing tumor growth, the tumor 
microenvironment (TME), and interactions between 
immune cells [16]. In TNBC, tumor cells exhibit meta-
bolic characteristics distinct from those of normal cells, 
including unique patterns of glucose, fatty acid, and 
amino acid metabolism [13]. Therefore, we explored 
the clinical significance of metabolism-related genes 
in breast cancer. Initially, we identified a total of 186 
DEGs associated with metabolism (Fig.  2B - C). These 
genes are involved in various biological processes and 
pathways, including hormone metabolism, terpenoid 
metabolism, fatty acid metabolism, retinol metabolism, 
steroid hormone biosynthesis, tryptophan metabolism, 
etc. (Fig. 2D - E). These findings indicate that these bio-
logical processes and pathways play significant roles in 
TNBC. Furthermore, after a series of rigorous screen-
ings, key metabolic genes with differential expression 
and prognostic correlations, including SDS, RDH12, 
IDO1, GLDC, and ALOX12B, were identified in TNBC 
and shown to serve as promising prognostic biomarkers 
for TNBC. On the basis of these genes, we constructed 
a risk model in the TCGA-TNBC dataset, calculated 
the risk scores, investigated their prognostic and pre-
dictive values, as well as their strong associations with 
TNBC (Fig.  3A - H), and further validated their good 
performance in other external cohorts (GSE58812 and 

(See figure on previous page.)
Fig. 4 Validation of metabolism-related prognostic signatures in TNBC using two independent cohorts. (A) Distribution of patient survival status and 
survival time according to the risk score in the GSE58812 dataset. (B) Expression heatmap of five key genes in the low- and high-risk groups within the 
GSE58812 dataset. (C) Kaplan‒Meier survival curves for the low- and high-risk groups derived from the GSE58812 dataset. (D) Time-dependent ROC 
analysis of the 2-, 4-, and 6-year overall survival (OS) probabilities in the GSE58812 dataset. (E) Distribution of patient survival status and survival time ac-
cording to the risk score in the GSE21653 dataset. (F) Expression heatmap of five key genes in the low- and high-risk groups within the GSE21653 dataset. 
(G) Kaplan-Meier survival curves for the low- and high-risk groups derived from the GSE21653 dataset. (H) Time-dependent ROC analysis of the 2-, 4-, and 
6-year overall survival (OS) probabilities in the GSE21653 dataset
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GSE21653) (Fig. 4A - H). Survival analysis demonstrated 
a distinct separation of Kaplan-Meier curves between 
high- and low-risk subgroups stratified by prognostic 
scores within the high-risk cohort (Figs. 3G and 4C and 
G). Our study revealed that patients in the high-risk 
group had poorer clinical conditions and survival out-
comes than did those in the low-risk group. Additionally, 
treatment failure is more likely to be observed in TNBC 
patients in the high-risk group.

Gene differential analysis and functional enrichment 
analysis of the high- and low-risk groups revealed signifi-
cantly enriched biological processes and signaling path-
ways, providing a new perspective for understanding the 
molecular mechanisms of TNBC. The analysis revealed 
that genes involved in hormone metabolism and trans-
port processes exhibited significant upregulation in the 
high-risk group, while concurrent immune dysregula-
tion was observed within this cohort. (Fig.  5B, C). This 
finding is consistent with the absence of hormone recep-
tor expression in TNBC, suggesting that these pathways 
may influence tumor progression through noncanonical 
routes. Furthermore, the activation of the steroid hor-
mone biosynthesis pathway may be closely related to the 
proliferation and survival of tumor cells [34]. Similarly, 
we also found significant enrichment in the metabolic 
pathways of cytochrome P450 drug metabolism and 
other drug metabolism enzymes in high-risk patients, 
which may be related to their metabolism of chemo-
therapeutic drugs and drug resistance (Fig.  5E). Retinol 
plays a key role in cell differentiation and proliferation 
[35]. Patients in the high-risk group were significantly 
enriched in the retinol metabolism pathway, which may 
be associated with abnormal cell differentiation and pro-
liferation (Fig.  5C, E). Concurrently, we also observed 
significant enrichment in the cytokine-cytokine receptor 
interaction pathway among patients in the low-risk group 
(Fig.  5C, D). These findings suggest that the immune 
system may play a complex role in the progression of 
TNBC, particularly in regulating inflammatory responses 
and immune evasion within the TME. Antigen process-
ing and presentation were also found to be significantly 
enriched in low-risk patients, possibly indicating better 
immune recognition and response (Fig. 5D) [36]. Natural 
killer (NK) cells play crucial roles in antitumor immunity 
[37]. Our analysis revealed that patients in the low-risk 
group were significantly enriched in NK cell-mediated 
cytotoxicity pathways, which may be related to improved 
immune surveillance and tumor control capabilities 
(Fig. 5D).

This study revealed a high prevalence of somatic muta-
tions (> 95%) in TNBC patients, highlighting the genomic 
instability characteristic of TNBC patients. This genomic 
feature may significantly contribute to the tumor’s highly 
aggressive behavior and poor therapeutic response 

observed in clinical settings. However, we found that low-
risk group presented a significantly greater TMB than 
did the high-risk group patients (Fig. 6A - D). This find-
ing is in accordance with previous research, which sug-
gests that a higher TMB may be positively correlated with 
responsiveness to immunotherapy [38]. Consequently, 
patients with low-risk TNBC may possess a potential 
therapeutic advantage. Both high- and low-risk groups 
exhibited remarkable concordance in somatic mutation 
profiles, with missense mutations constituting the pre-
dominant variant type, followed sequentially by frame-
shift deletions and nonsense mutations (Fig. 6E, F). This 
striking similarity in mutational landscape architecture 
suggests potential convergence in tumorigenic pathways 
between the two risk stratifications [38]. Interestingly, 
our analysis revealed a lower somatic mutation rate in the 
high-risk cohort compared to the low-risk group, which 
aligns with the observation of a significantly higher TMB 
in the latter (Fig. 6E, F). This inverse correlation between 
mutation rate and risk stratification may suggest a poten-
tial association with improved prognosis in the low-risk 
cohort, possibly mediated by enhanced immune surveil-
lance or differential genomic instability mechanisms. 
In terms of frequently mutated genes, the high muta-
tion frequency of the TP53 gene in both groups further 
underscores its central role in tumorigenesis [39]. Our 
analysis revealed that high- and low-risk groups shared 
recurrently mutated genes including TP53, TTN, and 
PIK3CA, suggesting their potential roles as core drivers 
in TNBC tumorigenesis. Notably, distinct mutational 
patterns emerged between subgroups: genes such as 
CSMD3, DST, and KMT2D demonstrated higher muta-
tional frequency in the low-risk cohort, while SYNE1, 
SPTA1, and PCDH15 were significantly enriched in the 
high-risk group (Fig. 6E, F). These differentially mutated 
genes may serve as subgroup-specific biomarkers and 
represent promising therapeutic targets, highlighting the 
molecular heterogeneity underlying TNBC progression. 
Additionally, these findings may contribute to the identi-
fication of new therapeutic targets, offering more precise 
treatment plans for TNBC patients.

The tumor immune evasion potential in TNBC patients 
was evaluated using the TIDE scoring system. Analysis 
demonstrated significantly elevated TIDE scores in the 
high-risk cohort compared to low-risk group (Fig.  7A), 
suggesting enhanced immune evasion mechanisms in 
high-risk group patients that may facilitate resistance 
to host immune surveillance. This differential immune 
escape capacity between risk groups highlights distinct 
biological behaviors in TNBC progression and warrants 
further investigation into targeted immunotherapeu-
tic strategies. Consistent with the TIDE analysis, low-
risk patients showed significantly higher scores for both 
ips_ctal4_neg_pd1_pos and ips_ctal4_pos_pd1_pos 
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Fig. 5 Differentially expressed genes and functional enrichment analysis between the low- and high-risk groups. (A) Volcano plot of DEGs between the 
low- and high-risk groups in the TCGA cohort. (B) Bar chart of the results of the GO enrichment analysis, which revealed the significance of the biologi-
cal processes. (C) KEGG enrichment analysis, bubble size indicates the number of enriched genes, and color intensity indicates the significance of the 
difference (q value: adjusted P value). (D) The top 5 significantly upregulated pathways identified via GSEA of the low-risk group samples. (E) The top 5 
significantly upregulated pathways identified via GSEA of the high-risk group samples
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Fig. 6 Mutational spectra and burden in the high- and low-risk groups. (A) Mutation waterfall plot for samples in the high-risk group. (B) Mutational bur-
den in samples from the high-risk group. (C) Mutation waterfall plot for samples in the low-risk group. (D) Mutational burden in samples from the low-risk 
group. (E) and (F) Detailed mutational profiles of samples from the high- and low-risk groups
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Fig. 7 Immunotherapy response, drug treatment sensitivity, and immune response in high- and low-risk groups. (A) TIDE score. (B) Response to immuno-
therapy. (C) Sensitivity to drugs. (D) Stromal score, Immune score and ESTIMATE score. (E) Tumor purity. (F) Immune infiltration levels in high- and low-risk 
groups of TNBC patients determined via CIBERSORT
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compared to high-risk group patients (Fig.  7B). These 
findings suggest enhanced responsiveness to anti-PD-1 
immunotherapy in the low-risk cohort, highlighting the 
potential clinical utility of these biomarkers in personal-
izing immunotherapy regimens. Pharmacological sen-
sitivity profiling demonstrated statistically significant 
differences (P < 0.05) in drug responses to 17 therapeu-
tic agents between the two cohorts (Fig.  7C). Of par-
ticular clinical relevance, the high-risk cohort exhibited 
enhanced sensitivity to targeted agents including WEE1 
inhibitors (regulators of G2/M checkpoint) and MK-1775 
(a selective small-molecule WEE1 inhibitor). This differ-
ential sensitivity profile may be mechanistically linked 
to the high prevalence of TP53 mutations (84% muta-
tion rate) and compromised DNA damage repair capac-
ity observed in the high-risk group. Preclinical evidence 
suggests that WEE1 inhibitors exert selective cytotoxicity 
in TP53-deficient tumors through abrogation of G2/M 
checkpoint control, thereby forcing premature entry of 
DNA-damaged cells into mitosis and subsequent induc-
tion of mitotic catastrophe [40]. This study suggests that 
specific drugs hold potential clinical application pros-
pects in the treatment of TNBC. The risk stratification 
model constructed based on tumor gene expression pro-
files provides critical evidence for precision medicine in 
TNBC: high-risk patients may require intensive thera-
peutic regimens guided by drug sensitivity profiles, while 
low-risk patients are more likely to benefit from immu-
notherapy, establishing a theoretical foundation for per-
sonalized treatment strategies. Future research should 
focus on elucidating the molecular regulatory networks 

between TIDE scores and the tumor immune microen-
vironment, accelerating the translation of relevant bio-
markers into clinical prediction tools. Concurrently, 
in-depth exploration of the molecular mechanisms 
underlying drug sensitivity heterogeneity may reveal 
novel therapeutic targets. It is noteworthy that current 
drug sensitivity data predominantly originate from bioin-
formatics predictions, necessitating validation through in 
vitro and in vivo experimental models as well as multi-
center clinical studies to confirm clinical applicability. For 
candidate drugs with incompletely characterized mecha-
nisms (e.g., AGI-6780, RVX-208), molecular pathway 
investigations are recommended to clarify their biologi-
cal associations with risk stratification. Given the marked 
intratumoral heterogeneity of TNBC, expanding cohort 
sizes and integrating multi-omics analyses will be essen-
tial pathways for verifying the generalizability of research 
findings.

An in-depth characterization of the tumor microenvi-
ronment and immune infiltration patterns was performed 
in high-risk versus low-risk TNBC cohorts. Quantitative 
assessment demonstrated a markedly reduced tumor 
immune score in high-risk patients compared to low-
risk counterparts (Fig.  7D), indicative of compromised 
anti-tumor immunity that potentially contributes to 
enhanced tumor aggressiveness and unfavorable clinical 
outcomes. Notably, while ESTIMATE composite metrics 
including stromal components and tumor purity showed 
comparable profiles between groups (Fig.  7D, E), differ-
ential immune cell infiltration patterns emerged through 
detailed subset analysis. The low-risk cohort exhibited 

Fig. 8 Effect of IDO1 silencing on the growth and migration of breast cancer cells. (A) RT-qPCR detection of IDO1 mRNA knockdown. (B) Assessment of 
the growth curve of IDO1-knockdown MDA-MB-231 cells through the CCK8 assay. (C) - (D) Transwell assay showing the effect of IDO1 silencing on cell 
migration. (E) - (F) Scratch assay showing the effect of IDO1 silencing on cell migration
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substantially elevated infiltration levels of key effector 
populations, including cytotoxic CD8 + T lymphocytes, 
activated CD4 + memory T cells, follicular helper T 
cells, and pro-inflammatory M1-polarized macrophages 
(Fig.  7F). These findings collectively highlight the criti-
cal association between specific immune contextures and 
TNBC risk stratification, suggesting that immune effec-
tor depletion rather than global microenvironmental 
alterations may drive prognostic differences. These types 
of immune cells are associated with immune activation 
and antitumor capabilities, and their higher expression in 
the low-risk group may be correlated with better immune 
surveillance and antitumor responses. In contrast, the 
levels of monocyte counts and M2 macrophage infiltra-
tion were significantly greater in the high-risk group 
samples (Fig. 7F), suggesting a potential association with 
immune evasion by the tumor. The results of ssGSEA fur-
ther corroborated the aforementioned findings (Supple-
mentary Fig.  2), indicating a greater degree of immune 
cell activation and involvement in the low-risk group 
samples. These discoveries underscore the pivotal role of 
immune cells in the tumor microenvironment of TNBC 
and may provide a basis for the personalization of immu-
notherapy approaches. The tumor microenvironment of 
the low-risk group may be more conducive to the acti-
vation of immune cells and antitumor responses, which 
could be the basis for its better prognosis and respon-
siveness to immunotherapy. Future research will need to 
further explore the specific roles of these immune cells in 
the development of TNBC, as well as how to utilize this 
information to improve treatment strategies.

We conducted an in-depth analysis of metabolism-
related genes in TNBC, with particular attention given 
to the potential role of the IDO1 gene. IDO1 is a key 
enzyme in the tryptophan metabolic pathway, and its 
high expression in the tumor microenvironment is 
closely associated with immune evasion [41]. By regu-
lating tryptophan metabolism, IDO1 can induce T-cell 
cycle arrest or autophagy and inhibit the mTOR signaling 
pathway, thereby reducing T-cell activity [42]. Moreover, 
the metabolic byproducts of tryptophan bind to the aryl 
hydrocarbon receptor, counteracting signals that activate 
T cells and facilitating the immune evasion of tumor cells 
[43]. Through analysis of the TCGA-TNBC database, 
we found that the expression levels of IDO1 in breast 
cancer tissue were significantly greater than those in 
normal breast tissue (Supplementary Fig. 3C). This find-
ing is consistent with our RT-qPCR results, where high 
expression of IDO1 was particularly prominent in the 
MDA-MB-231 cell line (Supplementary Fig. 3G, I), sug-
gesting that IDO1 may play a pivotal role in the progres-
sion of TNBC. These results highlight the crucial role of 
IDO1 in the proliferation and migration of TNBC cells, 
thereby exerting a central influence on the development 

of TNBC. However, in our study, the expression levels of 
IDO1 were generally lower in high-risk group patients 
than in low-risk group patients (Figs. 3F and 4B and F), 
indicating that the role of IDO1 in the tumor microenvi-
ronment may be highly complex, potentially exerting dif-
ferent functions in various tumor microenvironments or 
among different patients. In some cases, high expression 
of IDO1 might be associated with immune evasion and 
tumor progression, whereas in other scenarios, it could 
be linked to immune activation and antitumor responses. 
The functions of IDO1 are likely related to its role in 
modulating immune responses and the tumor microenvi-
ronment, providing strong evidence that IDO1 is a thera-
peutic target for TNBC. Our findings not only offer new 
insights into the biological significance of IDO1 in TNBC 
but also provide a scientific basis for the development 
of novel treatment strategies targeting IDO1. Future 
research should further explore the molecular mecha-
nisms of IDO1 in TNBC and how to effectively translate 
these discoveries into clinical applications. Additionally, 
the development and testing of IDO1 inhibitors could 
provide new treatment options for TNBC patients, espe-
cially when conventional therapeutic approaches have 
limited efficacy. Our study provides a significant theoreti-
cal foundation for the use of IDO1 as a potential thera-
peutic target for TNBC and may have a profound impact 
on treatment strategies for TNBC.

Conclusion
In summary, this study emphasized the key role of 
metabolism-related genes in the prognosis of TNBC 
patients and established a robust prognostic model that 
integrates these genes. The identification of 186 differen-
tially expressed metabolic genes not only highlights the 
significant changes in metabolic pathways associated 
with TNBC but also provides a foundation for future 
research targeting therapies. Furthermore, the correla-
tion between the risk scoring model and clinical param-
eters enhances the accuracy of prognostic assessment, 
paving the way for personalized treatment strategies. The 
findings regarding immune evasion and drug sensitivity 
further underscore the potential for tailoring treatment 
approaches on the basis of individual patient profiles. 
However, the limitations of sample size and the necessity 
for experimental validation must be addressed in future 
studies to strengthen the applicability of these results in 
clinical settings. Overall, this research provides valuable 
insights into the molecular basis of TNBC and lays the 
groundwork for advancing precision medicine in this 
challenging subtype of cancer.
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