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A B S T R A C T

Objective: A non-invasive predictive model was developed using radiomic features to forecast 
CXCL9 expression level in breast cancer patients.
Methods: CXCL9 expression data and MRI images of breast cancer patients were obtained from 
The Cancer Genome Atlas (TCGA) and The Cancer Imaging Archive (TCIA) databases, respec-
tively. Local tissue samples from 20 breast cancer patients were collected to measure CXCL9 
expression levels. Radiomic features were extracted from MRI images using 3DSlicer, and the 
minimum Redundancy Maximum Relevance and Recursive Feature Elimination (mRMR_RFE) 
method was employed to select the most pertinent radiomic features associated with CXCL9 
expression levels. Support vector machine (SVM) and Logistic Regression (LR) models were uti-
lized to construct the predictive model, and the area under the receiver operating characteristic 
curve (AUC) was calculated for performance evaluation.
Results: CXCL9 was found to be upregulated in breast cancer patients and linked to breast cancer 
prognosis. Nine radiomic features were ultimately selected using the mRMR_RFE method, and 
SVM and LR models were trained and validated. The SVM model achieved AUC values of 0.748 
and 0.711 in the training and validation sets, respectively. The LR model obtained AUC values of 
0.771 and 0.724 in the training and validation sets, respectively.
Conclusion: The utilization of MRI radiomic features for predicting CXCL9 expression level pro-
vides a novel non-invasive approach for breast cancer Prognostic research.

1. Introduction

Breast cancer is among the most prevalent malignancies in women, with over two million individuals diagnosed with the disease 
each year globally [1–3]. The current gold standard for diagnosis of breast cancer via tissue biopsy [4]. The diagnosis of breast cancer 
lacks traditional biomarkers. Despite advancements in the early diagnosis and management that have enhanced prognosis the com-
plexities of early detection and the invasive nature of certain diagnostic approaches often cause significant distress for those affected.

MRI is a widely used diagnostic modality for breast cancer, recognized for its high resolution and operational simplicity [5,6]. 
Previous radiomics studies have demonstrated that radiomic models can effectively predict breast cancer prognosis, identify 
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pathological subtypes, and assess treatment responses [7–9]. Furthermore, radiomics models can predict the lymph node status of 
breast cancer, serving as an important basis for supporting surgical decision-making [10,11]. Imaging studies utilizing MRI semantic 
features have demonstrated that these features can predict TIL levels in breast cancer, suggesting that MRI data can foresee the 
microscopic molecular phenotype of tumors [12]. Radiomics involves extracting and analyzing features from various imaging mo-
dalities, such as gray-level histogram characteristics and morphological features, which are not visible to the naked eye. This enables 
for quantification of tumor heterogeneity [13,14].It has been extensively utilized in various fields including disease diagnosis, 
assessment of biological behavior, and prognostic evaluation and demonstrating significant potential noninvasive preoperative 
assessment of tumor molecular subtyping [15,16].

The assessment of the tumor immune microenvironment plays a crucial role in predicting the prognosis of breast cancer [17]. 
CXCL9, a pivotal molecule involved in immune regulation and inflammation processes and belonging to the chemokine superfamily, 
stimulated JAK/STAT activity, thereby modulating the tumor microenvironment [18]. Previous studies have indicated that high 
expression levels of CXCL9 are linked to a poor prognosis in breast cancer [19,20]. In a randomized trial involving 557 patients tested 
for CXCL9 mRNA, high CXCL9 expression was found to be a negative prognostic indicator for overall survival (OS), with a hazard ratio 
(HR) of 1.73 and a P-value of 0.021 [21]. Breast cancer cells stimulate the growth of lung metastases by triggering the production of 
CXCL9 and CXCL10 in lung fibroblasts via NF-κB signaling [22]. Currently, the assessment of CXCL9 molecular expression levels in 
breast cancer primarily relies on invasive immunohistochemical (IHC) analysis of biopsy specimens. However, these methods are 
costly, time-consuming, and invasive. A large number of studies have highlighted the inter-laboratory variation in diagnostic IHC tests 
and the inability to quantitatively and objectively assess immunostaining sensitivity [23].Therefore, there is a demand for more 
efficient approaches to assess the expression levels of CXCL9 in breast cancer.

Previous radiomics studies have demonstrated that radiomics models can effectively predict breast cancer prognosis, pathological 
subtypes, and treatment responses [7–9]. Additionally, these models have demonstrated the ability to predict lymph node status in 
breast cancer, providing crucial support for surgical decision-making [10,11]. Imaging studies using MRI semantic features have also 
revealed that these features can predict tumor-infiltrating lymphocyte (TIL) levels in breast cancer, indicating that MRI has the po-
tential to predict the tumor’s microscopic molecular phenotype [12]. However, despite CXCL9 being a significant molecular marker in 
breast cancer, no radiomics model currently exists to predict CXCL9 expression. Our study introduces a novel, non-invasive prediction 
model for CXCL9 expression in breast cancer, distinguishing it from previous models. Thus, our investigation endeavors to develop a 
sophisticated radiomic model by leveraging comprehensive data from the esteemed Cancer Genome Atlas (TCGA) and the Cancer 
Imaging Archive (TCIA) to accurately predict CXCL9 expression in breast cancer (BC) patients. Additionally, we seek to demonstrate 
that predicting CXCL9 expression levels provides a novel non-invasive radiomic model approach for breast cancer diagnostic research.

2. Methods

2.1. Sources of data and images

Data and images for this study are obtained from The Cancer Genome Atlas (TCGA) and The Cancer Imaging Archive (TCIA), 
including dynamic contrast-enhanced magnetic resonance imaging (DCE-MRI) images, clinical information, and gene expression data 
for CXCL9. The RNA-seq data from TCGA and GTEx in TPM format were uniformly using the Toil workflow [24] by log2 trans-
formation. Differential expression analysis was performed to identify gene expression differences between samples. Using the R 
package "survminer" with a Cutoff value of 3.963, genes were categorized into high and low expression groups. Upload the gene 
expression matrix of breast cancer samples to the CIBERSORTx database (https://cibersortx.stanford.edu/) to evaluate immune cell 
infiltration for each sample. Utilize the R package "limma" to analyze the differences in immune cell infiltration between high and low 
expression of CXCL9. Using GSVA, pathway enrichment scores for KEGG and Hallmark gene sets were calculated in each sample, and 
differential analysis on high and low CXCL9 groups was conducted using the R package "limma". An exploratory subgroup analysis was 
performed using univariate COX regression to evaluate the impact of CXCL9 (high expression group vs. low expression group) on 
patient prognosis across various covariate subgroups. The likelihood ratio test was employed to analyze the interaction between 
CXCL9 expression and other covariates.

2.2. Immunohistochemistry

Breast cancer tissue and adjacent tissue specimens were collected from patients at the First Affiliated Hospital of Guangxi Medical 
University. This study was reviewed and approved by the Medical Ethics Committee of the First Affiliated Hospital of Guangxi Medical 
University and informed consent was obtained from the patients (NO.2023-S510-01). The specimens were processed for immuno-
histochemistry by fixing, embedding, and preparing 4-micron-thick slices. The slices were subjected to antigen retrieval using high- 
pressure steam treatment and then blocked with 10 % bovine serum. Rabbit anti-human CXCL9(Bioss bs-2551R) antibody was 
added to the slices and incubated overnight. The next day, HRP-labeled secondary antibodies (Servicebio GB23303) were applied, 
followed by color development using DAB. The stained slices were analyzed quantitatively for CXCL9 expression using Image Pro Plus.

2.3. Radiomics feature extraction and model establishment

DICOM images of 101 patients were obtained from the TCIA image database and segmented using 3D Slicer software (version 
4.10.2). The tumor region with the most significant enhancement on the MRI was manually delineated by an experienced radiologist to 
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obtain the complete tumor area. Z-score normalization of images reduces noise and standardizes intensity, minimizing variations in 
signal strength from different machines. In addition, to assess the stability of radiomics features, another attending physician randomly 
selected 20 samples for delineation and identified the radiomics features with an Intraclass Correlation Coefficient (ICC) value of 
≥0.75.

The data was randomly divided into training and validation sets in a 6:4 ratio. Radiomics features from both the training and 
validation sets were standardized, and the differences in clinical variables between the two groups were analyzed. The mRMR_RFE 
method was used to select the radiomics features most correlated with CXCL9 expression levels. Prediction models were then built 
using support vector machine (SVM) [25,26]and logistic regression (LR) (Radiomics Formula = Feature × Corresponding Coefficient 
(Estimate) + Intercept Value (Estimate)) [27]. The calibration and clinical benefit of the radiomics prediction model were assessed by 
plotting calibration curves and conducting decision curve analysis (DCA) [28,29]. The probability that the radiomics model uses to 
predict gene expression levels is defined as the Rad_score. Spearman analysis was used to assess the correlation between Rad_score and 
immune-related gene [30] expression levels.

2.4. Statistical analysis

The numerical data were presented as mean ± standard deviation (mean ± SD), while the categorical data were represented using 
relative frequency and percentage. Chi-square test was used to compare the baseline characteristics of categorical variables. Spearman 
correlation analysis was conducted to assess the correlation between rad_score and other covariates or genes. Kaplan-Meier method 
was employed to plot survival curves, and log-rank test was used for between-group comparisons. Cox proportional hazards regression 
analysis was performed to evaluate the impact of various covariates on patient prognosis in different subgroups. Statistical significance 
was defined as a two-sided p-value <0.05. All statistical analyses were conducted using R software (version 4.1.1).

3. Results

3.1. Identification of CXCL9 as a differentially expressed gene

3.1.1. Patient characteristics
A total of 928 patients were included in the TCGA-BC database, with 464 patients in the CXCL9 high-expression group and 464 

patients in the low-expression group, using a cutoff value of 3.963 for expression levels (Fig. 1). No significant differences between the 
high and low expression groups, except for age (P = 0.015). Baseline characteristics of patients in the TCGA-BC dataset are summarized 
in Table 1.

3.1.2. Difference and enrichment analysis of CXCL9
The results showed that the CXCL9 gene expression level was significantly higher in tumor tissues compared to normal tissues, with 

a median difference of 2.648 (2.415–2.892) (P < 0.001) (Fig. 2A). This finding was also validated in immunohistochemistry exper-
iments using clinical samples, where the difference was statistically significant (P < 0.001) (Fig. 2B–D). Enrichment analysis of 

Fig. 1. Flow chart of patient enrolment.
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CXCL9’s differentially expressed genes (DEGs) in breast cancer revealed significant enrichment in signaling pathways such as 
apoptosis and G2M checkpoint in the low-expression group, based on Hallmark gene set (Fig. 2E). Similarly, in the KEGG gene set, the 
low-expression group of CXCL9 was significantly enriched in B-cell receptor signaling pathway and apoptosis signaling pathway 
(Fig. 2F).

3.1.3. Prognostic analysis of CXCL9
The median survival time was 130.87 months in the low-expression group of CXCL9, and 148.53 months in the high-expression 

group. Kaplan-Meier curves showed that high expression of CXCL9 was associated with improved overall survival (OS) with statis-
tical significance (P = 0.024) (Fig. 3A).

In subgroup analysis, it was observed that high CXCL9 expression, age under 59, absence of nodal (N0) and distant metastasis (M0), 
and receiving chemotherapy were all protective factors for overall survival (OS) (Fig. 3B–H). The interaction test displayed a p-value of 
0.85, indicating no statistical significance. This suggests that there’s no significant interaction between CXCL9 and different ER and PR 
statuses in the subgroups. Essentially, the impact of CXCL9 on OS appears to be similar across the subgroups categorized by ER and PR 
status (Fig. 3I–J).

3.2. Construction and evaluation of the radiomic model

3.2.1. Consistency evaluation, feature selection
The dataset was randomly split into training and validation sets in a ratio of 6:4, with 61 and 40 cases, respectively. The P-values for 

age variable differences between the two groups were all greater than 0.05, indicating that the baseline characteristics of the patients 
in the training and validation sets were comparable. The median ICC value of the radiomic features was 0.977, and the consistency of 
the two datasets was verified by calculating the consistency ICC coefficient. We identified 103 radiomics features with ICC values 
greater than 0.75(S Table 1). Subsequently, we employed mRMR and RFE to select 9 representative features. These features were used 
to train SVM and LR model to predict gene expression levels (Fig. 4).

Table 1 
Baseline characteristics of CXCL9.

Variables Total (n = 928) Low (n = 464) High (n = 464) p

Age, n (%)    0.015
~59 506 (55) 234 (50) 272 (59) 
60~ 422 (45) 230 (50) 192 (41) 

T_stage, n (%)   0.011
T1 250 (27) 135 (29) 115 (25) 
T2 528 (57) 242 (52) 286 (62) 
T3/T4 150 (16) 87 (19) 63 (14) 

N_stage, n (%)   0.323
N0 430 (46) 223 (48) 207 (45) 
N1/N2/N3/NX 498 (54) 241 (52) 257 (55) 

M_stage, n (%)   0.22
M0 771 (83) 378 (81) 393 (85) 
M1/MX 157 (17) 86 (19) 71 (15) 

ER_status, n (%)   <0.001
Negative 210 (23) 65 (14) 145 (31) 
Positive 718 (77) 399 (86) 319 (69) 

PR_status, n (%)   <0.001
Negative 298 (32) 116 (25) 182 (39) 
Positive 630 (68) 348 (75) 282 (61) 

HER2_status, n (%)   <0.001
Negative 493 (53) 241 (52) 252 (54) 
Positive 140 (15) 52 (11) 88 (19) 
Unknown 295 (32) 171 (37) 124 (27) 

Histological_type, n (%)  0.026
Infiltrating Lobular Carcinoma 185 (20) 91 (20) 94 (20) 
Infiltrating Ductal Carcinoma 655 (71) 317 (68) 338 (73) 
Other 88 (9) 56 (12) 32 (7) 

Margin_status, n (%)   0.853
Negative 778 (84) 386 (83) 392 (84) 
Positive/Close 99 (11) 52 (11) 47 (10) 
Unknown 51 (5) 26 (6) 25 (5) 

Radiotherapy, n (%)   0.1
NO 442 (48) 234 (50) 208 (45) 
YES 486 (52) 230 (50) 256 (55) 

Chemotherapy, n (%)   <0.001
NO 406 (44) 236 (51) 170 (37) 
YES 522 (56) 228 (49) 294 (63) 

L. Yan et al.                                                                                                                                                                                                             Heliyon 10 (2024) e38640 

4 



(caption on next page)

L. Yan et al.                                                                                                                                                                                                             Heliyon 10 (2024) e38640 

5 



3.2.2. Establishment and evaluation of SVM model
The ROC curves showed that the AUC values of the SVM model in the training set were 0.748, while in the validation set, they were 

0.711(Fig. 5A and B). The calibration curves and the Hosmer-Lem show goodness-of-fit test demonstrated good consistency between 
the predicted probabilities of high gene expression by the radiomics model and the actual values, with p-values of 0.289 for the training 
set and 0.103 for the validation set (Fig. 5C and D). The decision curve analysis (DCA) revealed that the model had high clinical utility 
(Fig. 5E and F).

The radiomics model outputted the probability of gene expression levels as Rad_score in the training set, Rad_score values 
significantly differed between the high and low gene expression groups (p < 0.05), with higher Rad_score values in the high expression 
group. Similar results were observedin the validation set (p < 0.001) (Fig. 5G and H), indicating that the SVM model had good 
predictive performance.

3.2.3. Establishment and evaluation of LR model
After using mRMR and RFE methods to select features, 9 representative imaging features were chosen and fitted using a logistic 

regression (LR)algorithm to establish a binary classification model for predicting gene expression. The ROC curve showed that the 
model had an AUC value of 0.771 for the training set and 0.724 for the validation set (Fig. 6A and B). The calibration curve and 
Hosmer-Lem show goodness-of-fit test showed good consistency between the predicted probabilities and true values for gene 
expression (P > 0.05), with P = 0.951 for the training set and P = 0.116 for the validation set (Fig. 6C and D). DCA analysis showed that 
the model had high clinical usability (Fig. 6E and F). The Rad_score in the training set was significantly different between the high and 
low gene expression groups (p < 0.001), and in the validation set, it was significantly different with a p-value of <0.05(Fig. 6G and H). 
This suggests that the LR model also has a good predictive performance.

3.3. Correlation between rad-score and immune-related genes

Delong’s test was used to compare the AUC values of SVM and LR models, revealing no statistically significant differences in either 
the training or validation sets (p = 0.732 and p = 0.646, respectively), indicating excellent model fitting. Furthermore, there were no 
statistically significant differences in AUC values between the training and validation sets for both models (p = 0.374 and 0.816), 
suggesting robust predictive capabilities. However, the LR model performed slightly better than the SVM model in terms of AUC and 
ACC, so the LR model was used to perform Spearman correlation analysis with immune-related genes. The results showed a positive 
correlation between Rad_score and cxcl9, and PDCD1 genes, with correlation coefficients of r = 0.4 p < 0.01, and r = 0.49, p < 0.001, 
respectively. There was also a positive correlation between cxcl9 and PDCD1 genes, with a correlation coefficient of 0.88, p < 0.001. 
This indicates a significant correlation between Rad_score and the expression levels of CXCL9 and PDCD1(Fig. 7).

4. Discussion

In this study utilizing MRI-based radiomics-molecular analysis, our objective was to elucidate the interrelation between radiomics 
features extracted from pre-treatment breast cancer MRI images and the expression levels of CXCL9, a chemokine receptor known to 
facilitate invasion and metastasis [22]. Given the considerable heterogeneity of breast cancer, augmenting prognostic information 
holds promise for enhancing clinical decision-making. Notably, CXCL9 has been implicated in breast cancer prognosis in prior research 
[20]. Kaplan-Meier curve analysis revealed a favorable prognosis in patients with high CXCL9 expression, and multivariate analysis 
confirmed CXCL9 as an independent adverse prognostic factor for overall survival in breast cancer patients. The imaging changes are 
the macroscopic manifestations of the changes of microscopic components (molecules, cells, etc.), and changes in the CXCL9 molecule 
may serve as the molecular pathological basis behind the imaging signs or omics. Numerous observational studies have reported that 
radiomics features have powerful predictive and discriminative for ER, PR and molecular subtypes of breast cancer [31,32]. Animal 
studies have shown the causal relationship between radiomics features and molecules by intervening molecular expression [33,34]. 
Recent articles further demonstrate that imaging phenotyping models exhibit similarities across different species [35]. The diagnostic 
model developed in this study, incorporating radiomics features and CXCL9 expression levels, exhibited a significant association, thus 
enabling non-invasive prediction of CXCL9 expression levels and fostering individualized clinical decision-making.

MRI diagnosis solely relies on morphological features, which may lack an objective and quantitative approach. In contrast, 
radiomics, a cutting-edge approach, can extract high-dimensional features from medical images, uncovering hidden information that is 
not visually apparent, and enabling quantitative analysis for improved diagnosis and treatment planning.

In this study, we extracted DCE-MRI imaging data and employed advanced feature selection methods such as mRMR and RFE to 
identify highly correlated radiomic features between the CXCL9 high-expression group and CXCL9 low-expression group. Ultimately, 9 
representative imaging features were selected. The SVM model achieved AUC values of 0.748 in the training set and 0.711 in the 
validation set, while the LR model achieved AUC values of 0.771 in the training set and 0.724 in the validation set, demonstrating 
excellent diagnostic performance. Importantly, the models exhibited consistent performance with comparable AUC values in the 
training and validation sets, indicating stability. The radiomics score based on the training set showed statistically significant 

Fig. 2. Difference and enrichment analysis of CXCL9:A: The expression of CXCL9 between normal and tumor tissues in the TCGA-BC dataset: The 
expression of CXCL9 between normal and tumor tissues in our dataset; C–D: The immunohistochemistry of normal and tumor tissues in breast 
cancer; E–F: Enrichment analysis of CXCL9.
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Fig. 3. Prognostic analysis of CXCL9: A–F: the Kaplan-Meier curves of CXCL9 expression, age, T, N, M, and chemotherapy for OS; G–H: Forest plot 
for univariate and multivariate analysis; I–J: The P value of the characteristics and the interaction test.
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Fig. 4. Workflow of Radiomics: A: Data Collection; B: Image Preprocessing; C: Region Segmentation; D: Feature Extraction; E: Feature selection.
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Fig. 5. Establishment and evaluation of SVM model: A, B: The ROC curves of SVM model in the training and validation set; C, D: The calibration 
curves of SVM model in the training and validation set; E, F: The decision curve analysis of SVM model in the training and validation set; G, H: The 
Rad_score values between high and low expression level of CXCL9 in the training and validation set.
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Fig. 6. Establishment and evaluation of LR model: A, B: The ROC curves of LR model in the training and validation set; C, D: The calibration curves 
of LR model in the training and validation set; E, F: The decision curve analysis of LR model in the training and validation set; G, H: The Rad_score 
values between high and low expression level of CXCL9 in the training and validation set.
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Fig. 7. Correlation between Rad-score and Immune-related genes.
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differences between the CXCL9 high-expression and low-expression groups, which were consistent with the results obtained from the 
validation set. Texture differences among different subregions within the tumor reflected the heterogeneity of imaging. Our predictive 
model retained 9 radiomic features, including gray-level co-occurrence matrix (GLCM), which has been previously reported to predict 
improved prognosis in breast cancer distant metastasis [36].

The Rad_score positively correlateswith the expression levels of CXCL9 and PDCD1 genes, with correlation coefficients of r = 0.4 (p 
< 0.01) and r = 0.49 (p < 0.001), respectively. Additionally, CXCL9 exhibits significant correlations with immune cell infiltration and 
other immune-related biomarkers, including CTLA4, GZMB, LAG3, PDCD1, and HAVCR2. Previous research in breast cancer has 
identified a positive correlation between CXCL9 and PD-1 [19]. Macrophages within the tumor microenvironment (TME) produce high 
levels of CXCL9, which plays a crucial role in antitumor immunity. The loss of tumor-associated macrophages (TAMs) can diminish the 
CXCL9 induced by anti-PD-1 and anti-CTLA-4 therapies, thereby reversing the effectiveness of immunotherapy [37].

These findings suggest that the predictive model constructed based on DCE-MRI radiomics features can effectively and non- 
invasively predict CXCL9 expression, providing valuable insights for clinical treatment decision-making and personalized therapy 
for breast cancer patients. However, investigations into the correlation between radiomics and CXCL9 expression levels are in their 
nascent stage, and certain limitations require attention. This study is retrospective in nature, utilizing data from publicly available 
databases, and the radiomics features are derived from DCE-MRI sequence modality, known for its substantial image heterogeneity. 
DCE sequence is the most popular sequence in breast cancer radiomics research [38,39]. Previous radiomics studies of breast cancer 
has found that DCE sequence has better predictive performance than T2 sequence and DWI sequence [40]. Although we standardized 
the MRI images, the heterogeneity due to imaging devices and parameters may still affect the radiomics features. In different regions, 
breast cancer patients have heterogeneity in age and disease characteristics [41].This study was only based on TCGA population, and 
with limited sample size and scope. Therefore, the prediction performance of the radiomics model in other populations and larger 
sample sizes remains further verification and exploration.

In conclusion, the expression level of CXCL9 significantly affects the overall prognosis of breast cancer patients. Radiomics scores 
can noninvasively predict the expression level of CXCL9 and are significantly correlated with other immune genes and immune 
checkpoint molecules.
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