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Abstract
Background  Breast cancer remains a formidable global health challenge, with tumor-infiltrating lymphocytes (TILs) 
serving as pivotal biomarkers associated with disease progression, therapeutic response, and survival. While research 
typically focused on stromal TILs (sTILs), we hypothesize that intratumoral TILs (iTILs), which are in direct contact with 
tumor cells, have a more profound role in the immune-tumor interactions. In light of this, we have developed an iTIL-
centric model for breast cancer patient stratification and prognostic prediction.
Methods  We sourced RNA-seq data and clinical profiles of breast cancer patients from The Cancer Genome Atlas (TCGA) 
and the Molecular Taxonomy of Breast Cancer International Consortium (METABRIC) to form our training dataset. Testing 
datasets, including GSE20685, GSE42568, GSE48390, and GSE88770, were retrieved from Gene Expression Omnibus (GEO). 
Employing consensus clustering and Weighted Correlation Network Analysis (WGCNA), we identified iTIL-associated 
hub genes. Our iTIL-centric signature was developed using a machine learning framework integrating 101 algorithms, 
validated across independent testing sets. Kaplan–Meier analysis and a nomogram model were utilized to evaluate the 
prognostic accuracy and clinical correlation of our model. GO and KEGG analyses elucidated the biological processes and 
pathways related to the iTIL signature. The immune profiling provided a comprehensive assessment of the immunologi-
cal landscape. Moreover, potential drugs for high-risk patients were identified using CTRP v.2.0 and PRISM databases.
Results  Our study constructed a pioneering prognostic model based on iTIL-centric signature via a machine learning 
framework that evaluated 101 algorithm combinations. This model revealed significant differences in the immune land-
scape among stratified patient cohorts, and demonstrated robust predictive capabilities across multiple datasets. The 
model showed excellent predictive performance with area under the curve (AUC) values of 0.940, 0.959, and 0.973 for 
3-, 5-, and 10-year survival predictions, respectively. Additionally, it was identified as a significant risk factor for overall 
survival (OS) in the univariate analysis, with a hazard ratio (HR) > 1 and a p-value < 0.001.
Conclusions  Our prognostic model, founded on machining learning algorithms and anchored by an iTIL-centric signa-
ture, stands out as an invaluable tool for breast cancer patients, offering advanced prognostic insights and facilitating 
the development of personalized therapeutic strategies.

Supplementary Information  The online version contains supplementary material available at https://​doi.​org/​10.​1007/​s12672-​025-​
02585-1.
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1  Introduction

Cancer remains a formidable global public health challenge, with breast cancer representing a leading cause of morbidity 
and mortality among women. In 2023, an estimated 948,000 women in the United States were projected to be diagnosed 
with cancer for the first time, of which breast cancer accounted for 31% of cases [1]. Concurrently, breast cancer was 
responsible for 15% of the 287,740 cancer-related deaths anticipated among women in the same year [1]. These statistics 
underscore the urgent need for improved prognostic tools and therapeutic strategies to address this pervasive disease.

Tumor-infiltrating lymphocytes (TILs) have emerged as critical determinants of breast cancer progression, treatment 
response, and survival outcomes [2–5]. TILs are broadly categorized into stromal TILs (sTILs), which reside within the 
tumor stroma, and intratumoral TILs (iTILs), which directly interact with tumor cells. This direct contact positions iTILs as 
key mediators of tumor-immune interactions, suggesting a more immediate role in modulating anti-tumor immunity. 
While the International TILs Working Group has highlighted the reproducibility and reliability of sTILs as a prognostic 
marker in breast cancer [6], emerging evidence underscores the unique predictive value of iTILs. Specifically, iTILs have 
been shown to independently predict complete pathological response (pCR) following neoadjuvant therapy in breast 
cancer [7, 8]. Notably, within the luminal subtypes, iTILs have demonstrated the ability to independently predict pCR, 
surpassing the prognostic value of sTILs. Furthermore, higher iTIL densities are associated with significantly prolonged 
disease-free survival (DFS) [9], emphasizing their prognostic relevance. Despite these promising findings, the study of iTILs 
remains challenging due to their low abundance, high heterogeneity, and limitations in detection through conventional 
Hematoxylin and Eosin (H&E) staining [6].

Recent advancements have sought to address these challenges. Wu et al. [10] have demonstrated that tumor tissues 
from the TCGA-BRCA cohort, collected under stringent standards, can be reliably characterized as iTILs. Their work vali-
dated the xCell algorithm as a suitable tool for quantifying iTIL scores, based on its strong correlation with lymphocyte 
markers.

In our study, we employed this methodology to ascertain iTIL scores in our training dataset and performed consensus 
clustering analysis to stratify samples into two distinct groups. Through the application of Weighted Correlation Net-
work Analysis (WGCNA), we identified hub genes associated with the iTIL-enriched cluster. Building on these findings, 
we developed a machine learning model to predict outcomes of breast cancer patients based on iTIL scores. This model 
enabled the stratification of patients into high- and low-risk groups, which were further analyzed to uncover intrinsic 
molecular and clinical differences. Additionally, we explored potential therapeutic agents that could offer clinical benefits 
specifically to patients with elevated iTIL values, providing a foundation for personalized treatment strategies.

2 � Materials and methods

2.1 � Datasets collection and processing

The RNA-seq data of breast cancer and corresponding clinical information were obtained from The Cancer Genome Atlas 
(TCGA), Molecular Taxonomy of Breast Cancer International Consortium (METABRIC), and Gene Expression Omnibus (GEO) 
databases. TCGA and METABRIC datasets were merged to form the training set (n = 3046) for developing a predictive 
breast cancer risk score, while GSE20685 (n = 327), GSE42568 (n = 104), GSE48390 (n = 81), and GSE88770 (n = 117) were 
used as the testing set to verify the risk score. Somatic mutation data sorted in mutation annotation format (MAF) were 
downloaded from TCGA.

The Fragments Per Kilobase of exon model per Million mapped fragments (FPKM) data of TCGA-BRCA was down-
loaded from UCSC Xena database (https://​xenab​rowser.​net/​datap​ages/), and further subjected to log-2 transformation. 
The METABRIC cohort was downloaded from the cBioPortal (https://​www.​cbiop​ortal.​org/​datas​ets). Datasets from GEO 
database were sourced from the Affymetrix® GPL570 platform. The ComBat function in the R package sva was utilized 
to process each breast cancer cohort separately, thereby eliminating potential multicenter batch effects across different 
experiments.

https://xenabrowser.net/datapages/
https://www.cbioportal.org/datasets
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2.2 � Estimation of intratumoral TILs

Referring to the method proposed by Wu et al. [10] for identifying iTILs, and the TCGA criteria requiring a tumor cell nuclei 
content of at least 60%—80% for sample collection (TCGA criteria: https://​www.​cancer.​gov/​ccg/​resea​rch/​genome-​seque​
ncing/​tcga), we defined TILs derived from TCGA samples as iTILs. The R package immunedeconv was used to estimate 
immune cell components in TCGA-BRCA cohort with deconvolution algorithms, yielding results from 8 algorithms. Table 1 
shows TILs cell types defined by various algorithms. Spearman correlation coefficients were then calculated to assess 
the relationships between TILs components from different algorithms and genes that serve as lymphocyte markers.

2.3 � Consensus clustering and weighted correlation network analysis (WGCNA)

The TILs scores calculated by the CONSENSUS_TME were subjected to a rigorous consensus clustering analysis using the 
R package ConsensusClusterPlus. The ideal number of clusters (k = 2) was identified based on a comprehensive assess-
ment of the consensus score matrix, consensus cumulative distribution function (CDF), and PAC score. To elucidate the 
correlation between gene networks and iTIL clusters, the R package WGCNA was utilized to identify co-expressed gene 
modules with high biological significance, specifically for pinpointing genes that were most relevant to the cluster 
defined by the TILs score. Initially, the optimal soft-thresholding power, conducive to achieving scale-free topology, was 
determined based on gene expression matrices from TCGA-BRCA and METABRIC datasets. Subsequently, a weighted 
co-expression network was constructed, yielding 25 modules. The correlation between these modules and iTIL clusters 
were analyzed to identify the module with the most pronounced correlation. Genes with Gene Significance (GS) > 0.6 
and Module Membership (MM) > 0.8 were chosen as hub genes.

2.4 � Constructing a prognostic signature with integrated machine learning methods

Initially, hub genes identified by WGCNA were subjected to univariate Cox regression analysis in a training set consisting 
of TCGA-BRCA and METABRIC datasets. Genes with a significance level of p < 0.05 were select for further inclusion in the 
construction of a prognostic signature. To minimize bias and improve prediction accuracy, we implemented a compre-
hensive machine learning framework by integrating 10 representative algorithms: Lasso, Ridge regression, stepwise Cox 
regression (both forward and backward), CoxBoost, random survival forest (RSF), elastic net (Enet), partial least squares 
regression for Cox (plsRcox), supervised principal components (SuperPC), generalized boosted regression modeling 
(GBM), and survival support vector machine (survival-SVM). These algorithms were systematically combined in a pairwise 
or sequential manner (e.g., variable selection using Lasso followed by model building with RSF), resulting in a total of 
101 unique model construction strategies. Each combination was applied to the training dataset using a tenfold cross-
validation procedure to mitigate overfitting and assess internal performance. The Harrell’s concordance index (C-index) 
was computed for each model, and the model with the highest average C-index was identified as the optimal predictive 
model. Finally, the optimal model was utilized to construct a prognostic model related to TILs.

Table 1   Definitions of whole lymphocyte cells estimated with 8 algorithms

Algorithm Name Lymphocyte Definition

ABIS NK cell, T cell CD8 + memory, T cell CD4 + naïve, T cell CD8 + naïve, B cell naïve, T cell CD4 + memory, T cell MAIT, T cell 
gamma delta VD2, T cell gamma delta non-VD2, B cell memory, B cell plasma immature

xCell B-cells, CD4 + memory T-cells, CD4 + naive T-cells, CD4 + T-cells, CD4 + Tcm, CD4 + Tem, CD8 + naive T-cells, CD8 + T-cells, 
CD8 + Tcm, CD8 + Tem, Class-switched memory B-cells, Memory B-cells, naive B-cells, NK cells, NKT, pro B-cells, Th1 
cells, Th2 cells, Tregs

CIBRSORT B cells naïve, B cells memory, T cells CD8, T cells CD4 naïve, T cells CD4 memory resting, T cells CD4 memory activated, T 
cells follicular helper, T cells regulatory (Tregs),T cells gamma delta, NK cells resting, NK cells activated

TIMER B cell, T cell CD4 +, T cell CD8 + 
CONSENSUS_TME B cell, NK cell, T cell CD4 +, T cell CD8 +, T cell gamma delta, T cell regulatory (Tregs)
EPIC B cell, T cell CD4 +, T cell CD8 +, NK cell
QUANTISEQ B cell, NK cell, T cell CD4 + (non-regulatory), T cell CD8 +, T cell regulatory (Tregs)
DANAHER-TIL B-cells, CD8 T cells, NK CD56 dim cells, NK cells, T-cells, Th1 cells, Treg

https://www.cancer.gov/ccg/research/genome-sequencing/tcga
https://www.cancer.gov/ccg/research/genome-sequencing/tcga
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2.5 � Kaplan–Meier analysis and construction of Nomogram model

R package survminer was utilized to ascertain the optimal cut-off value for stratifying risk score and facilitate the 
delineation of Kaplan–Meier survival curves. Performing univariate Cox regression analysis on various clinical factors 
and risk scores, we identified factors with statistical significance (p < 0.05) that were subsequently incorporated into 
the multivariate Cox regression analysis. Employing the R packages rms and ggDCA, we delineated the Nomogram 
plot, calibration curve and decision curve. Additionally, utilizing the R package timeROC, we generated ROC curves 
for the Nomogram model.

2.6 � Functional enrichment analyses

Differential gene expression analysis on TCGA-BRCA read count data was performed using the R package limma. 
Then we proceeded with Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment 
analyses for the identified differentially expressed genes using the R package clusterProfiler.

2.7 � Immune‑related analysis

Utilizing the R package genefu, we performed PAM50 subtype classification on TCGA-BRCA dataset. Further, lever-
aging the R package immunedeconv [11], we calculated the proportions of different immune cell components in 
CONSENSUS_TME score. Additionally, we assessed the scores of various immune features in TCGA-BRCA dataset using 
the R package EaSIeR [12]. The assessment of immune activity levels was conducted using Cytolytic activity score 
(CYT), which is defined as the arithmetic mean of the expression of Granzyme A (GZMA) and Perforin (PRF1) genes. 
The collection of tertiary lymphoid structure (TLS) related genes was informed by gene sets compiled by Sautès-
Fridman et al. [13] and Cabrita et al. [14].

Employing the R package maftools, we generated waterfall plots to depict the top 20 genes exhibiting the highest 
mutation rates in the high and low-risk groups. Furthermore, we obtained the score of intratumor heterogeneity, 
homologous recombination defects, silent mutation rate, nonsilent mutation rate, single nucleotide variation neo-
antigens, and indel neoantigens from the previous research by Thorsson et al. [15] for the TCGA cohort.

2.8 � Predicting potential drugs for high‑risk scores breast cancer patients

To identify candidate drugs with therapeutic efficacy for breast cancer patients exhibiting high immune-related 
tumor-infiltrating lymphocyte (ITILS) scores, we integrated gene expression and drug sensitivity data from multiple 
public pharmacogenomic resources. Firstly, we employed the Genomics of Drug Sensitivity in Cancer (GDSC) database 
to estimate the half-maximal inhibitory concentration (IC50) values of drugs in breast cancer patients. Spearman 
correlation analysis was performed between predicted IC50 values and ITILS scores across samples, and the top 50 
compounds with significantly positive correlation coefficients (p < 0.05) were identified. Additionally, we specifically 
examined the correlation between IC50 values of standard-of-care endocrine and targeted therapies and ITILS scores 
to explore differences in predicted sensitivity between high- and low-risk subgroups. To further screen potential 
agents effective in the high-risk subgroup, we obtained drug response data from the Cancer Therapeutics Response 
Portal (CTRP v2.0) and the PRISM Repurposing dataset (19Q4 release). After removing duplicate compounds and drugs 
with excessive missing values, 356 compounds from CTRP and 1291 from PRISM were retained. Predicted AUC values 
for breast cancer patients were computed using ridge regression models trained on Cancer Cell Line Encyclopedia 
(CCLE) gene expression and drug sensitivity data. To identify high-risk specific candidate compounds, we stratified 
patients based on their ITILS scores and conducted differential drug response analysis between the top decile (high 
ITILS) and bottom decile (low ITILS) groups. Compounds with significantly lower predicted AUC values in the high-risk 
group (p < 0.05) were considered as potentially more sensitive. To further ensure consistency and robustness, Spear-
man correlation analysis was performed to assess the relationship between AUC values and ITILS scores across all 
samples. Compounds with negative correlation coefficients (R < −0.2) were retained as high-confidence candidates.
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This integrative analysis identified 6 candidate compounds from the CTRP dataset and 5 from the PRISM dataset. 
To comprehensively evaluate the therapeutic potential of these 11 compounds, we performed the following addi-
tional analyses:

(1) Literature mining using PubMed to retrieve prior experimental and clinical studies supporting their efficacy in 
breast cancer;

(2) Connectivity Map (CMap) analysis, which assesses transcriptional signatures of compound-induced perturbations 
in cancer cells. Drugs with CMap scores < −85 were considered to have potential therapeutic relevance for high ITILS 
patients.

2.9 � Statistical analysis

Data processing, statistical computation, and graphical illustration were conducted using R software (version 4.3.0). 
Supplementary Table 1 delineates the versions of the R packages that were integral to the analytical procedures under-
taken in this study. The Spearman correlation coefficient was utilized to assess the correlation between two continuous 
variables. Comparisons of continuous data were performed using t-tests or Wilcoxon rank-sum tests. Unless otherwise 
specified, statistical significance was set at p < 0.05.

3 � Results

3.1 � Establishment and validation of immune infiltration consensus clusters in breast cancer

The flowchart outlining the overview of this study is depicted in Fig. 1. Drawing on the method proposed by Wu et al. 
[10] for calculating intratumoral tumor infiltrating lymphocytes (iTILs), we aimed to enhance the accuracy in evaluating 
the quantity of iTILs. To this end, we employed eight deconvolution algorithms (ABIS, xCell, CIBRSORT, TIMER, CONSEN-
SUS_TME, EPIC, QUANTISEQ, and DANAHER-TIL [16]) from the R package immunedeconv to estimate the proportion of 
immune cells within the TCGA-BRCA cohort (Table 1). By defining the iTILs proportion as defined by each algorithm, we 
conducted a thorough assessment of the correlation between lymphocyte marker genes (PDCD1, CD8 A, CD4, CD3D) 
and estimated TILs scores using these different algorithms (Fig. 2A). The TILs score, as calculated by the CONSENSUS_TME 
algorithm, displayed the strongest correlation with TILs parameters and was therefore selected as the iTILs score for our 
research. Subsequently, based on this score, consensus cluster analysis was conducted on a training set (TCGA-BRCA 
and METABRIC, n = 3046). The cumulative distribution function (CDF) curves of consensus score and the proportion of 
ambiguous clustering (PAC) statistics collectively suggested that an optimal solution was attained with k = 2 (Fig. 2B, C). 
Upon scrutinizing the disparities in iTILs between cluster1 and cluster2, we observed a significantly higher level of iTIL 
infiltration in cluster2 compared to cluster1 (Fig. 2D). Furthermore, in breast cancer stratified by various PAM50 subtypes, 
cluster2 exhibited significantly higher immune scores and CYT scores than cluster1 (Fig. 2E, F).

3.2 � Construction of a prognosis signature based on integrative machine learning

To identify genes with the highest correlation to iTILs, we performed Weighted Gene Co-expression Network Analysis 
(WGCNA). A rigorous selection process for the soft threshold identified the optimal value of 5 (scale-free R2 = 0.90), ensur-
ing the establishment of a robust scale-free topological network. By optimizing the minModuleSize parameter to a thresh-
old of 30 in our WGCNA analysis, we delineated 25 distinct modules. We then proceeded to calculate the correlations of 
these modules with key variables, including Overall Survival (OS), age, and cluster, to explore the potential prognostic 
associations. Notably, the red module exhibited the strongest correlation with the immune cluster (Fig. 3A). Within the 
red module, the correlation coefficient between gene significance (GS) and module membership (MM) achieved a high 
value of 0.86, suggesting the superior construction quality of the module. 285 genes with MM > 0.8 and GS > 0.6 were 
defined as hub genes related to the iTILs score (Fig. 3B).

Subsequently, we conducted univariate Cox regression analysis on these 285 genes in our training set, identify-
ing 29 prognostic-associated genes (Fig. 3C). To establish an optimal prognostic model correlated with iTILs, these 
genes were integrated into 101 prognostic models within the machine-learning framework. Using the Concordance 
Index (C-index) as the metric, the performance of each model was evaluated across multiple test sets (GSE20685, 
GSE42568, GSE48390, GSE88770). The model composed of CoxBoost + RSF exhibited the highest average C-index 
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Fig. 1   The flowchart of our study
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(0.667), emerging as the best-performing model, which we designate as the ITILS model (Fig. 3D). The model com-
menced with a preliminary screening for genes with non-zero coefficients in the CoxBoost model under a tenfold 
cross-validation framework (Fig. 3E). Subsequently, the model was refined using random survival forest (RSF) to 
identify genes with a variable importance > 0 (Fig. 3F, G). Ultimately, the analysis culminated in the derivation of an 
iTIL-centric immune landscape signature composed of 19 pivotal genes. Supplementary Fig. 1 A illustrated the par-
tial dependency plot analysis, depicting the relationship between the 19 pivotal genes and the predictive model. In 
addition, leveraging the GEPIA2.0 database, we elucidated the differential mRNA expression profiles of these genes, 
contrasting the levels observed in breast cancer tissues against those in normal tissues (Supplementary Fig. 1B).

Fig. 2   Establishment of the iTILs score using the CONSENSUS_TME algorithm. A Correlation between lymphocyte marker genes and TIL 
scores calculated using eight different algorithms. B Consensus score matrix for all samples (k = 2). The heatmap shows a clear division 
between the two clusters, with the majority of the high consensus values (indicated by dark red) confined within the boundaries of each 
cluster. This pattern suggests strong intra-cluster similarity, supporting the validity of the two-cluster solution. C Cumulative distribution 
function (CDF) curves of the consensus matrix for each k values (color-coded by k). D The levels of tumor lymphocyte immune infiltration 
in two clusters identified by the CONSENSUS_TME algorithm. E Immune scores in cluster 1 and cluster 2 across different PAM50 subtypes 
(****p < 0.0001). F CYT scores in cluster 1 and cluster 2 across different PAM50 subtypes (****p < 0.0001)
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To assess the predictive accuracy of the model for the prognosis of breast cancer patients, we stratified the 
patients into high- and low-risk groups based on the ITILS score which was calculated by the model and calibrated 
with the optimal cutoff value determined by the package survminer. Kaplan–Meier (KM) curves were generated 
for these stratified groups, revealing that the high-risk group exhibited a significantly diminished OS in both the 
training and testing cohorts (p < 0.05) (Fig. 3H–M).

Fig. 3   Development of an iTILs-based prognostic signature using integrated machine learning program. A Correlations between co-expres-
sion modules (rows) and phenotypic/clinical traits (columns). Each row represents a gene module, identified by its unique color through 
WGCNA. Cells display Pearson correlation coefficients (top value) and p-values (parentheses) between module eigengenes and traits. Posi-
tive correlations are shown in red, indicating direct associations, while negative correlations are shown in blue, representing inverse rela-
tionships. B Correlation between gene significance (GS) and module membership (MM) within the MEred module. C Cox univariate analysis 
of hub genes in the training set. D Performance of 101 prediction models, evaluated by the concordance index (C-index) across all testing 
sets, along with the average C-index indicated. E CoxBoost model results. F Relationship between the number of trees and the error rate in a 
Random Survival Forest (RSF) model. G The variable importance in the RSF model. (H-M) Kaplan–Meier curves of overall survival (OS) strati-
fied by ITILS in the training set (n = 3,069), testing set (n = 629), and external validation cohorts: GSE20685 (n = 327), GSE42568 (n = 104), 
GSE48390 (n = 81), and GSE88770 (n = 117)
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3.3 � Evaluation of the ITILS model and comparison with other prognostic models

Initially, the receiver operating characteristic (ROC) curve analysis was performed to assess the predictive efficacy 
of the ITILS model in both the training and testing sets. The results indicated that in the training cohort, the model 
achieved area under the curve (AUC) values of 0.940 (95% confidence interval [CI]: 0.929 to 0.950), 0.959 (95% CI: 0.951 
to 0.966), and 0.973 (95% CI: 0.967 to 0.979) for the 3-, 5-, and 10-year survival predictions, respectively. In the overall 
testing cohort, the model attained AUC values of 0.773 (95% CI 0.619 to 0.926), 0.691 (95% CI 0.624 to 0.757), and 
0.684 (95% CI 0.628 to 0.740) for the 1-, 3-, and 5-year survival predictions, respectively (Fig. 4A, B). These outcomes 
underscored the high predictive accuracy of the ITILS model. In an effort to compare the performance of ITILS model 
against other prognostic models based on distinct signatures, we undertook a comprehensive retrieval of published 
prognostic models for breast cancer [17–25]. These models were linked to a variety of biological processes, including 
immune response, super-enhancer activity, lactylation, autophagy, and ferroptosis. Subsequently, we engaged in 
a univariate Cox regression analysis across a diverse array of datasets, including TCGA-BRCA, METABRIC, GSE20685, 
GSE42568, GSE48390, and GSE88770 cohorts. The results indicated that among all models, ITILS exhibited the highest 
prognostic relevance across all evaluated datasets (Fig. 4C). Furthermore, by calculating the C-index of each model in 
these cohorts, we found that ITILS demonstrated the highest aggregate C-index among all models (Fig. 4D-I), thereby 
showcasing its preeminent prognostic accuracy.

Fig. 4   Evaluation of the ITILS and comparation with 38 published models. A Receiver operating characteristic (ROC) curve analysis of ITILS 
for predicting 3-, 5-, and 10-year OS in the training set. B ROC curve analysis of ITILS for predicting 1-, 3-, and 5-year OS in the testing set. 
C Cox univariate analysis of ITILS and 38 published signatures in the training set, TCGA-BRCA, METABRIC, GSE20685, GSE42568, GSE48390 
and GSE88770. D–I Comparison of the C-index values for ITILS and 38 published signatures across six independent datasets: TCGA-BRCA, 
METABRIC, GSE20685, GSE42568, GSE48390 and GSE88770. The red box indicates the performance of our model, ITILS. Due to the variability 
in model rankings across datasets, each panel retains its own y-axis to ensure accurate representation of the performance rankings. Signifi-
cance levels: *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001
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3.4 � Construction and evaluation of the ITILS‑related Nomogram model

To further assess the predictive capability of ITILS for patient prognosis, we analyzed its relationship with various clini-
cal factors in the TCGA-BRCA cohort. Our results disclosed significant differences in survival status, Pam50 subtypes, 
and T, N, M stages between high- and low-risk patients (Fig. 5A). Notably, ITILS scores were significantly reduced in 
patients at earlier TNM stage, specifically T1-T2, N0-N1, and M0 stages, compared to those at advanced stages T3-T4, 
N2-N3, and M1 stages (Supplementary Fig. 2 A-C), suggesting a correlation between higher ITILS scores and a poorer 
prognosis in breast cancer patients. Additionally, KM analysis confirmed the robust prognostic predictive ability of 
ITILS model across various TNM stage subgroups (Supplementary Fig. 2D-I).

Following our initial assessment, we then performed univariate Cox regression analysis to ascertain the prognostic 
impact of ITILS alongside key clinical variables such as pharmaceutical therapy, radiotherapy, age, T, N, M stages, and 
pam50 subtype. Our findings identified ITILS as a significant prognostic indicator, with a high hazard ratio (HR > 1) 
and a p-value significantly below the threshold of 0.0001 (Fig. 5B), indicating a strong correlation with an adverse 
outcome. Variables significantly associated with prognosis were then incorporated in a multivariate Cox regression 

Fig. 5   Relationship between ITILS and clinical characteristics. A Association of ITILS low- and high-risk groups with survival status, Pam50 
subtype, and TNM staging (T stage, N stage and M stage). B Cox univariate analysis of ITILS and clinical characteristics. C Cox multivariate 
analysis of ITILS and clinical characteristics. D Nomogram integrating ITILS and T stage for survival prediction. E Calibration curve evaluating 
the nomogram’s predictive accuracy. F ROC curve analysis of the nomogram for predicting 1-, 3-, and 5-year OS in the TCGA-BRCA cohort. G 
Time-dependent C-index comparison between the nomogram and T stage. H Decision curve analysis (DCA) assessing the clinical utility of 
the nomogram
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analysis. ITILS retained as a pronounced prognostic risk factor (HR > 1, p < 0.0001), confirming its substantial prognos-
tic ability in breast cancer patients (Fig. 5C). In light of these findings, we developed a nomogram integrating ITILS 
scores with clinical factors to predict the 3-, 5-, and 10-year survival probability of breast cancer patients. (Fig. 5D). 
The calibration curve of the nomogram demonstrated a good consistency between predicted and observed out-
comes (Fig. 5E). The AUC of the nomogram reached 0.947 (95% CI 0.923 to 0.971), 0.953 (95% CI 0.930 to 0.976), and 
0.966 (95% CI 0.934 to 0.997) at the 3-, 5-, and 10-year intervals, respectively, signifying its high predictive accuracy 
(Fig. 5F). Furthermore, the time-dependent C-index illustrated that ITILS outperforms T stage in predicting OS from 
1 to 20 years (Fig. 5G). Decision curve analysis (DCA) further verified that the nomogram provided a superior net 
clinical benefit over the T stage (Fig. 5H). Collectively, these findings suggested that the ITILS-based nomogram was 
capable of delivering a more accurate and personalized prognostic assessment for breast cancer patients.

Metastasis is a crucial determinant of poor prognosis in breast cancer, with substantial evidence supporting the 
role of radiation and pharmacotherapy treatments in improving survival outcomes for affected patients [26, 27]. To 
further elucidate the relationship between ITILS and prognosis in breast cancer patients, we analyzed the associa-
tions between ITILS, metastasis, and the impact of radiation and pharmacotherapy. Patients with metastasis exhib-
ited significantly diminished OS compared to those without metastasis (Fig. 6A). Importantly, our findings indicated 
that ITILS scores were markedly elevated in breast cancer patients with metastasis compared to the non-metastatic 
group (Fig. 6B). Additionally, patients underwent radiation or pharmacotherapy showed significantly reduced ITILS 
scores and concomitantly improved OS, compared to those who did not benefit from such treatments (Fig. 6C–F).

3.5 � The immune landscape and ITILS correlation in breast cancer risk stratification

To further investigate the significance of ITILS in breast cancer patients, we stratified the TCGA-BRCA cohort into 
high- and low-risk groups based on ITILS. Subsequent analysis revealed a significant difference in OS between these 
two groups (Fig. 7A). We extended our investigation to delve into the disparities between these stratified high- and 
low-risk patient cohorts. Following this, differentially expressed genes (DEGs) between these two patient cohorts 
were subjected to Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analyses 
(Fig. 7B, C) to underlying the biological functions. GO analysis highlighted substantial enrichment of DEGs in immune-
related functional pathways, specifically in immunoglobulin production (BP: Biological Processes), immunoglobulin 
complexes (CC: Cellular Components), and antigen binding (Molecular Functions: MF). Additionally, KEGG pathways 
analysis underscored a predominant enrichment in pathways governing neuroactive ligand-receptor interaction 
and cytokine-cytokine receptor interaction. Building on these insights, we advanced our investigation with a com-
prehensive assessment of the immune profiles between high- and low-risk patients. We applied the consensus_TME 
algorithm to evaluate the distribution of various immune cell within high- and low-risk patient cohorts across diverse 
breast cancer subtypes (Fig. 7D). Our findings revealed that in Her2, LumB and LumA subtypes, patients in the low-
risk cohort displayed a markedly greater abundance of immune infiltration across all immune cell types compared 
to the high-risk cohort.

Previous studies have implicated that tumors with lymphatic endothelial cell infiltration [28] or adipocyte infil-
tration [29] may be associated with an enhanced immune responses. Guided by these findings, we analyzed the 
abundance of adipocytes, endothelial cells, and lymphatic endothelial cells in the high- and low-risk patient cohorts 
across various breast cancer subtypes (Fig. 7E–G). Our results demonstrated that in Her2, LumB, and LumA subtypes, 
the low-risk cohort exhibited higher infiltration levels of endothelial cells, lymphatic endothelial cells, and adipocytes 
compared to the high-risk cohort. These observations suggested that tumors in the low-risk patient cohort may 
indeed possess a stronger immune response.

Next, we employed the R package EaSIeR to provide a comprehensive overview of the immune response in the 
TCGA-BRCA cohort, with a specific focus on the correlation between ITILS scores and various immune features 
(Fig. 7H). Notably, the most robust absolute correlation coefficients were identified as tertiary lymphoid structure 
(TLS) features and immune resistance programs (resF_down, resF), with correlation coefficients of −0.26, −0.21, and 
0.21 respectively (p < 0.05). Consequently, we proceeded our investigation to explore the correlation between ITILS 
scores and TLS-related genes, generating scatter plots that depicted the relationship between the top 8 genes with 
the highest absolute correlation coefficients and ITILS scores (Fig. 7I). The results represented a predominantly nega-
tive correlation, suggesting a potential inverse relationship between ITILS scores and TLS-related genes.
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3.6 � Immunogenomic analysis in different ITILS subgroups

Given the pivotal role of genetic variation in cancer initiation and progression [15], we undertook the investigation to 
delineate the genomic mutational profiles between high- and low-risk ITILS subgroups (Fig. 8A, B). We discerned a marked 
disparity in genomic mutational landscape between these two subgroups. Specifically, within the high-risk group, there 
was a significantly elevated incidence (p < 0.05) of mutations in the tumor suppressor gene TP53 compared to the low-risk 
group (Fig. 8C). We have also identified significant differences in immune infiltration between ITILS subgroups (Fig. 7G). 
Considering the established correlation between immune infiltration and DNA damage response [15], we conducted 
an immunogenomic analysis from this perspective across both subgroups. Our results showed that, in the Luminal B 
and Normal subtypes, the high-risk subgroup exhibited substantially elevated levels of Intratumor Heterogeneity (ITH), 
Homologous Recombination Defects (HRD), Silent Mutation Rate, Nonsilent Mutation Rate, and SNV Neoantigens, in 
contrast to the low-risk subgroup (Fig. 8D-I).

3.7 � Identification of potential compounds for breast cancer patients with high ITILS scores

We utilized data from the Genomics of Drug Sensitivity in Cancer (GDSC) to predict the drug half-maximal inhibitory 
concentration (IC50) for breast cancer patients. We identified the top 50 drugs with the strongest positive correlation coef-
ficients to ITILS scores (p < 0.05) (Fig. 9A). Further analysis of the relationship between IC50 values of standard endocrine 
and targeted therapies for breast cancer and ITILS scores disclosed a markedly disparity, with drugs showing significantly 
higher IC50 values in the high-risk subgroup compared to the low-risk subgroup (Fig. 9B, C). This finding underscored 
the necessity to identify and develop therapeutic drugs that are effective for high-risk patients.

We then focused on identifying such efficacious drugs by conducting a thorough analysis of drug response data from 
the Cancer Therapeutics Response Portal (CTRP) and the PRISM Repurposing dataset. After removing duplicate and null 
data entries, we retained 356 compounds from the CTRP dataset and 1291 compounds from the PRISM dataset. We 
executed a differential drug response analysis between the top-decile group (with high ITILS scores) and the bottom-
decile group (with low ITILS scores) to pinpoint compounds with diminished predicted AUC values in the high ITILS group. 
Following this, a refined filtration process incorporated Spearman correlation analysis to assess the relationship between 
AUC values and ITILS scores, selecting compounds with negative correlation coefficients (R < − 0.2). This systematic 
approach identified 6 sensitive drugs for high-risk group in the CTRP dataset (Fig. 9D) and 5 in the PRISM dataset (Fig. 9E).

Subsequently, we sought to evaluate the therapeutic potential of these 11 drugs for breast cancer patients with high 
ITILS scores from multiple perspectives. Firstly, we performed an exhaustive search via PubMed to gather experimental 
and clinical evidence regarding their therapeutic efficacy in breast cancer treatment. Next, we employed the Connectiv-
ity Map (CMap) database for an advanced analysis of these drugs, with the aim of discerning those exhibiting enhanced 
sensitivity in the high ITILS group. Our findings indicated that Importazole, Temsirolimus, and Everolimus had CMap 
scores < − 85, indicative of a potentially significant therapeutic effects on breast cancer. Upon synthesizing these com-
prehensive analyses, we concluded that Temsirolimus and Everolimus are the most promising candidates for treating 
high-risk breast cancer patients (Fig. 9F).

4 � Discussion

Extensive research has demonstrated that TILs are remarkably associated with key clinical outcomes, encompassing 
survival times, chemotherapy responses, and immunotherapy efficacy in breast cancer patients. While most studies have 
focused on sTILs, theoretically, iTILs are in more direct contact with tumor cells and thus suggesting a potentially stronger 
correlation with the intrinsic characteristics of tumor cells [6]. Consequently, quantitative assessment of iTILs could offer 

Fig. 6   Association of ITILS with treatment modalities and tumor metastasis. A Kaplan–Meier survival curves comparing metastatic (1) and 
non-metastatic (0) breast cancer patients. B Comparison of ITILS scores between metastatic and non-metastatic breast cancer patients. C 
Kaplan–Meier survival curves for patients receiving (1) and not receiving (0) radiotherapy. D Comparison of ITILS scores between patients 
receiving and not receiving radiotherapy. E Kaplan–Meier survival curves for patients receiving (1) and not receiving (0) pharmaceutical 
therapy. F Comparison of ITILS scores between patients receiving and not receiving pharmaceutical therapy
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new opportunities for better predicting stratification and prognosis in breast cancer patients. However, the challenges in 
assessing the quantity of iTILs have constrained research advancements in this area. Recently, Wu et al. [10] developed 
a new methodology to define iTILs, employing a TIL scoring algorithm to estimate iTIL counts from the transcriptomes 
of breast cancers, thereby enabling the precise quantification of even minimal cellular populations.

Building on this approach, we employed eight deconvolution algorithms to compute TIL score and analyzed the cor-
relation of each algorithm with lymphocyte markers. The TIL score derived from the CONSENSUS_TME algorithm, which 
displayed the strongest correlation with TILs parameters, was subsequently defined as the iTIL score. Using consensus 
clustering analysis in conjunction with WGCNA, we identified hub genes that are highly correlated with the iTIL score. 
Through univariate Cox regression analysis, we then screened for genes significantly associated with prognosis. These 
genes were incorporated into a framework comprising 101 machine learning methods. The optimal machine learning 
model, which synergistically combined CoxBoost and RSF, was selected based on the average C-index across four testing 
datasets, and has been designated as ITILS model. We evaluated the prognostic stratification capabilities of ITILS in both 
training and testing datasets using KM analysis. The findings indicated that across all cohorts, patients classified in the 
high-risk subgroup by the ITILS score exhibited significantly reduced OS compared to those in the low-risk subgroup. 
These results underscored the potential of iTILs as a powerful prognostic tool in breast cancer.

Fig. 7   Immune landscape of high- and low-risk ITILS groups. A Kaplan–Meier survival analysis comparing high- and low-risk ITILS groups 
in the TCGA-BRCA cohort. B, C Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analyses of dif-
ferentially expressed genes between ITILS high- and low-risk groups. D The difference in immune cell composition between high- and low-
risk ITILS groups, analyzed using the CONSENSUS_TME algorithm across PAM50 subtypes. E–G Quantification of endothelial cells, lymphatic 
endothelial cells, and adipocytes in high- and low-risk ITILS groups across PAM50 subtypes. H Correlation analysis between ITILS score and 
various immune characteristics. I Correlation analysis between ITILS score and tertiary lymphoid structure-related genes. Significance levels: 
*p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001
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To further evaluate the prognostic predictive capability of the ITILS model, we calculated its AUC index in both the 
training and testing sets, with a high AUC index signifying superior predictive accuracy. Additionally, we executed an 
extensive literature search on PubMed to identify published prognostic models for breast cancer patients and compared 
the C-index of ITILS with those of other models across both training and testing datasets. Remarkably, ITILS demonstrated 
superior performance across all datasets, outperforming nearly all other existing models. It was noted that the majority 
of existing predictive models, while performing well within their own training sets, frequently underperformed when 
applied to external datasets [21]. In this context, the ITILS model stands out for its exceptional performance on external 
datasets, showcasing its advantageous utility across various data cohorts.

Clinical factors, such as TNM stage, age, and treatment modalities like radiotherapy and pharmacotherapy, are wildly 
known to significantly influence the survival outcomes of breast cancer patients [30, 31]. To assess the correlation between 
ITILS and these clinical factors, we constructed a nomogram model that integrated ITILS with relevant clinical param-
eters. Our analysis illustrated that ITILS can serve as an independent prognostic factor which indicated poor OS in breast 
cancer patients. The nomogram model was rigorously validated, demonstrating its robust predictive capabilities with 
AUC values of 0.947, 0.953, and 0.966 for 3-, 5-, and 10-year survival predictions, respectively. Metastasis, radiotherapy 
and pharmacotherapy are considered as pivotal factors influencing the prognosis of breast cancer patients [26, 32, 33]. 
Therefore, we further analyzed the differences in iTILs score between metastatic and non-metastatic patients, as well 
as between those who underwent radiotherapy or pharmacotherapy and those who did not. Our findings suggested 
that patients perceived to have a better prognosis (non-metastatic, undergoing radiotherapy or pharmacotherapy) 
exhibited significantly lower ITILS score and higher survival rates. This demonstrated that ITILS is not only predictive of 

Fig. 8   Immunogenomic landscape in high- and low-risk ITILS subgroups. A Top 20 most frequently mutated genes in the high-risk ITILS 
group. B Top 20 most frequently mutated genes in the low-risk ITILS group. C Comparison of TP53 mutation rates between high-risk and 
low-risk ITILS groups. D–I Differences in intratumor heterogeneity, homologous recombination defects, silent mutation rate, nonsilent 
mutation rate, SNV neoantigens and indel neoantigens between high-risk and low-risk ITILS groups across different PAM50 subtypes. Sig-
nificance levels: *p < 0.05, **p < 0.01, ****p < 0.0001
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the prognosis for patients with primary breast cancer but also for those with metastases or those receiving radiotherapy 
and pharmacotherapy.

Having confirmed the stratification capability of ITILS in predicting patient outcomes, we proceeded to explore the 
differences among patients stratified by ITILS. We divided the TCGA-BRCA cohort into high- and low-risk groups based 
on the median ITILS score and performed a differential gene expression analysis between these groups. GO and KEGG 
pathway enrichment analyses revealed that the differentially expressed genes were primarily enriched in immune-related 
pathways, such as immunoglobulin production and cytokine-cytokine receptor interactions. Subsequent analyses were 
conducted to investigate immunological distinctions between the high- and low-risk groups from various perspectives. 
From the viewpoint of stromal cell infiltration, with the exception of the Basal subtype, low-risk patients exhibited a 
higher abundance of stromal cell infiltrates, implying a more robust immune response. From the perspective of immune 

Fig. 9   Identification of promising compounds with enhanced drug sensitivity in high-risk ITILS patients. A The relationship between ITILS, 
genes within the ITILS model, and drug sensitivity. B Estimated IC50 values of Tamoxifen and Palbociclib in high- versus low-risk ITILS 
groups. C Estimated IC50 values of Olaparib, Talazoparib, Alpelisib, and Gefitinib in high- versus low-risk ITILS groups. D Correlation and 
differential drug response analysis of CTRP-derived agents. E Correlation and differential drug response analysis of PRISM-derived agents. 
F Clinical status, experimental evidence, and Connectivity Map (CMap) scores of promising compounds. Significance levels: *p < 0.05, **p 
< 0.01, ***p < 0.001
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cell infiltration, our analysis showed that in the Her2, LumB, and LumA subtypes, low-risk patients had a significantly 
greater abundance of immune cell infiltrates compared to high-risk patients. Further analysis correlating ITILS scores with 
immune features disclosed a significant negative correlation with the formation of tertiary lymphoid structures (TLS), 
indicating a potential immunosuppressive microenvironment associated with higher ITILS scores [13, 34].

Somatic mutations are recognized as pivotal determinants linked with cancer development [35], tumor immunity [36], 
and patient prognosis [37]. Therefore, we concentrated on discerning the genomic disparities between high- and low-risk 
groups based on somatic mutations. We discovered a markedly elevated mutation rate of TP53 in the high-risk group 
compared to the low-risk group. This observation is corroborated by previous studies, which posited that an increased 
TP53 mutation rate is indicative of a poorer prognosis [37].

Furthermore, considering the relevance of intratumor heterogeneity (ITH) to the heterogeneity of immune cell infil-
tration [38], the association of homologous recombination deficiencies (HRD) with both innate immune responses and 
immune evasion mechanisms [39], and the correlation of silent and non-silent mutations, as well as tumor neoantigens 
(SNV Neoantigens, Indel Neoantigens) with immune infiltration [15], we proceeded to analyze the disparities in these 
aspects between high-risk and low-risk groups. Our results indicated that in the LumB subtype, the high-risk group 
exhibited significantly higher levels of ITH, HRD, silent mutations, non-silent mutations, and SNV neoantigens compared 
to the low-risk group. Integrating our findings with the seminal study of Thorsson et al. [15], who classified cancer into six 
immune subtypes, we noted their observations that C1 subtype displayed the highest level of ITH, while the C3 subtype 
exhibited the lowest. On this basis, we inferred that the high-risk group in our study presented an ITH landscape similar 
to the C1 subtype, whereas the low-risk group was analogous to the C3 subtype. Additionally, their research corroborated 
that the C3 subtype is linked to a superior prognosis, aligning with our observation that the low-risk group experienced 
more favorable outcomes.

To ascertain efficacious therapeutic drugs for breast cancer patients, we undertook a stratified analysis based on ITILS 
scores. Subsequently, leveraging the GDSC2 database, we estimated the IC50 values for a spectrum of drugs within the 
stratified TCGA-BRCA patient cohort. Our results demonstrated that the top 50 drugs, which were significantly linked to 
the ITILS score (p < 0.05), displayed a uniform positive correlation with the ITILS score, implying that high-risk patients 
may lack sensitive to these drugs. In pursuit of identifying efficacious drugs for high-risk patients, we initially focused on 
several commonly used drugs in breast cancer treatment, encompassing the endocrine therapy drugs such as Tamoxifen 
[40] and Palbociclib [41], as well as the targeted therapy drugs including Olaparib [42], Talazoparib [43], Alpelisib [44], 
and Gefitinib [45]. Our findings elucidated a diminished sensitivity among high-risk patients to these widely prescribed 
drugs, thus necessitating the identification of therapeutic drugs that exhibit efficacy in high-risk patients. Utilizing the 
CTRP and PRISM datasets, we performed a differential drug response analysis, specifically targeting drugs with AUC val-
ues that negatively correlated with their ITILS scores. Then we combined the current experimental and clinical research 
on these drugs with their corresponding CMap scores, thereby facilitating the identification of drugs with potential 
therapeutic benefits for high-risk patients.

Intriguingly, our analysis identified Importazole, Temsirolimus, and Everolimus as drugs with CMap scores less than 
−85, suggesting that high-risk patients might display an increased sensitivity to these drugs. Importazole characterized 
as an inhibitor of the nuclear transport receptor importin-β [46], has demonstrated its efficacy in inhibiting the growth of 
prostate tumors in both in vitro assays and mouse models. However, no related studies have yet explored its implications 
in breast cancer. Temsirolimus, an mTOR inhibitor, earned FDA approval in 2007 for the treatment of renal cell carcinoma 
[47] and has shown promise in the treatment of breast cancer, as evidenced by a series of preclinical and clinical trials 
[48–51]. Everolimus is an mTOR1 inhibitor that has received FDA approval for the treatment of HER2-negative breast 
cancer [47]. It is currently a second-line treatment for patients who are HR-positive, HER2-negative, and without BRCA 
mutations or visceral crisis [52]. Given these comprehensive analyses, we concluded that Temsirolimus and Everolimus 
are the most promising candidates for the treatment of patients with high-risk ITILS scores.

5 � Limitations

Our study has successsfully established a stratified and prognostic ITILS signature for breast cancer patients based on 
iTILs, elucidating its clinical significance and identifying potential therapeutic drugs for high-risk patients. Nonetheless, 
there are inherent limitations to acknowledge. Our findings are predicated on retrospective cohorts, necessitating pro-
pective studies to validate the clinical validity of our findings. Although our investigation has thoroughly characterized 
the differential expression patterns of the 19-gene signature within the TCGA-BRCA cohort, further functional studies 
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are required to elucidate the mechanistic roles of these genes in breast cancer initiation and progression. Specifically, 
experimental validation—such as in vitro and in vivo models—is needed to determine whether these genes act as driv-
ers, suppressors, or bystanders in tumorigenesis and to identify their downstream molecular pathways.

6 � Conclusions

Overall, our study has developed a robust predictive model for the stratification and prognostic prediction of breast 
cancer patients based on iTILs by using a combination of various machine learning frameworks. We conducted an in-
depth analysis to discern the clinical and molecular variances between patient subgroups stratified by this model and 
predicted therapeutic drugs for high-risk patients. This research provided valuable insights into prognostic prediction 
and precision treatment for breast cancer patients.
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