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Aim: To develop and validate a radiomics-based nomogram using multimodal magnetic resonance imaging (MRI) features to predict
HER-2 expression status in breast cancer.

Methods: A total of 320 breast cancer patients were retrospectively selected for this study, with 80 in the HER-2 positive group and
240 in the HER-2 negative group. Pre-treatment multimodal MRI scans, including dynamic contrast-enhanced MRI (DCE-MRI),
diffusion-weighted imaging (DWI), and T2-weighted imaging, were used to extract radiomic features. Multivariate logistic regression
was performed to identify independent predictors for HER-2 positivity. A radiomics-based nomogram was constructed and validated
using both training and validation sets. The nomogram’s performance was assessed using receiver operating characteristic (ROC)
curve analysis and decision curve analysis (DCA).

Results: Multivariate analysis identified several independent predictors of HER-2 positivity, including type, edge, local skin
thickening or depression, and axillary lymph node enlargement. The radiomics-based nomogram demonstrated excellent predictive
accuracy with an area under the ROC curve (AUC) of 0.866 in the training set and 0.876 in the validation set. Calibration plots
confirmed the model’s good consistency, and DCA indicated that the nomogram provides significant clinical benefit across a range of
threshold probabilities. In addition, the HER-2 positive group showed significantly higher tumor marker expression and immune cell
infiltration, including elevated CD8+ T-cells, M1 macrophages, Tregs, and TAM (p<0.001).

Conclusion: The radiomics-based nomogram developed in this study offers a promising non-invasive tool for predicting HER-2
expression status in breast cancer. By integrating clinical data and advanced MRI features, this model provides accurate predictions,
improving personalized treatment strategies. Further validation in larger, multicenter studies is necessary to confirm its generalizability
and clinical applicability.
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Introduction

Breast cancer remains one of the most prevalent and challenging malignancies globally, with significant public health
implications." The human epidermal growth factor receptor 2 (HER-2) status plays a crucial role in determining the
aggressiveness of the tumor and guiding treatment decisions.” HER-2 overexpression, observed in 15-20% of breast
cancer cases,” is linked to a poorer prognosis and higher likelihood of recurrence,* making accurate HER-2 assessment
essential for personalized therapy, especially when selecting HER-2-targeted treatments such as trastuzumab.

Traditionally, HER-2 status has been assessed through immunohistochemical (IHC) staining or fluorescence in situ
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hybridization (FISH), the gold standard methods for diagnosis.>”’ However, these techniques are invasive and may not be
suitable in cases of multifocal tumors, inaccessible lesions, or patients who cannot undergo biopsy. Furthermore, tumor
heterogeneity can pose challenges for accurate assessment using biopsy alone, necessitating alternative, non-invasive
approaches for HER-2 evaluation.

In this context, radiomics has emerged as a promising tool. By extracting high-dimensional features from imaging
modalities such as magnetic resonance imaging (MRI), radiomics can provide a comprehensive understanding of tumor
heterogeneity and its molecular characteristics, including HER-2 expression.® " Several studies have explored the
potential of radiomics in predicting HER-2 status using MRI, though many have been limited by small sample sizes
and single-center designs.'>'® These studies often focus on anatomical imaging, while multimodal MRI approaches—
combining dynamic contrast-enhanced imaging (DCE-MRI), diffusion-weighted imaging (DWI), and T2-weighted
imaging—remain underexplored in this context.

This study aims to address these gaps by developing a radiomics-based nomogram that integrates multimodal MRI
features with clinical data to predict HER-2 status in breast cancer. Our results demonstrate that the proposed nomogram,
which combines both radiomic features and immune profiling data, significantly enhances the accuracy of HER-2 status
prediction compared to traditional imaging methods alone. The inclusion of immune profiling was particularly valuable
in capturing the tumor microenvironment’s influence on HER-2 expression, offering additional insight into tumor

biology.

Methods

Patients’ Selection

A total of 320 patients with breast cancer from June 2022 to June 2024 were retrospectively selected as the study subjects
in our institution. All patients met the diagnostic criteria for breast cancer according to the National Comprehensive
Cancer Network (NCCN) Guidelines for Breast Cancer (2023 edition). Among the cohort, 80 patients were in the HER-2
positive group, and 240 patients were in the HER-2 negative group. The selection of patients included in this study is
illustrated in Figure 1. All patients were treated with standard chemotherapy and, if indicated, HER-2-targeted therapy.
This study was approved by the ethics committee of Longyan First Affiliated Hospital of Fujian Medical University, All
the methods were carried out in accordance with the Declaration of Helsinki. Written informed consent for publication
was obtained from all participants prior to their enrollment in the study.
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Figure | The selection of patients included in this study.
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Inclusion Criteria

1) Histologically confirmed invasive breast cancer;'* 2) Patients with primary tumors (single or multiple) regardless of
their size; 3) HER-2 expression status confirmed by immunohistochemical (IHC) staining or fluorescence in situ
hybridization (FISH);'> 4) Availability of pre-treatment multimodal MRI scans, including dynamic contrast-enhanced
MRI (DCE-MRI), diffusion-weighted imaging (DWI), and T2-weighted imaging; 5) Patients aged >18 years with
a Karnofsky performance status score > 70; 6) Patients with complete and standardized medical records, including
current and past medical history, laboratory results, and imaging examinations.

Exclusion Criteria

1) Patients with metastatic breast cancer or any history of distant metastasis at the time of diagnosis; 2) Patients with
other concurrent malignancies or prior malignancy treated within the past 5 years, except for skin basal cell carcinoma or
squamous cell carcinoma; 3) Patients who underwent neoadjuvant therapy prior to enrollment in the study; 4) Patients
with contraindications to MRI (eg, pacemakers, metallic implants, or severe claustrophobia); 5) Patients with poor-
quality MRI scans or incomplete imaging data; 6) Patients with significant comorbidities such as severe cardiovascular,
renal, or hepatic dysfunction that would limit the ability to undergo MRI or other required procedures; 7) Patients with
active infections or other severe organ failure; 8) Patients who were unable to cooperate with treatment due to cognitive
or psychological impairments.

Definition of Prognosis

In this study, HER-2 positive status was defined as a score of 3+ on IHC or a ratio >2.0 on FISH, in line with established
diagnostic criteria.'”> The prognosis was classified based on disease-free survival (DFS) determined from the time of
diagnosis to recurrence, metastasis, or the last follow-up. Patients in the HER-2 positive group were compared to those in
the HER-2 negative group to assess the predictive accuracy of the radiomics nomogram for HER-2 expression status.
Recurrence or metastasis was confirmed through imaging (MRI, CT, or ultrasound) and/or elevated serum biomarkers
(eg, CEA, CA 15-3). A good prognosis was defined as patients who remained disease-free during the follow-up period,
while a poor prognosis was defined as patients who experienced recurrence or metastasis.

Data Extraction

HER-2 status was primarily determined via histopathological examination using IHC or FISH, the gold standard for
assessing HER-2 expression.'” To address the limitations of repeated biopsies in multifocal tumors or inaccessible
lesions, we developed a non-invasive radiomics-based approach using multimodal MRI data.

MRI Acquisition: Pre-treatment MRI scans were acquired using a Philips Ingenia 3.0T scanner with a 16-channel
breast-specific coil at Longyan First Affiliated Hospital of Fujian Medical University. Patients were positioned prone
with breasts suspended naturally to ensure consistent imaging geometry. Imaging sequences included axial T1-weighted
imaging (T1WI), T2WI with fat suppression (T2WI-SPAIR), diffusion-weighted imaging (DWI; b-values: 0, 800 s/mm?),
and dynamic contrast-enhanced MRI (DCE-MRI; eTHRIVE technique, 8 dynamic phases, 60s per phase). Scanning
parameters were standardized to minimize variability: TIWI (TR/TE: 5.1/2.3 ms, slice thickness: 1.5 mm), T2ZWI-SPAIR
(TR/TE: 4000/70 ms, slice thickness: 3 mm), DWI (TR/TE: 5000/60 ms, FOV: 340 mm), and DCE-MRI (TR/TE: 4.5/2.
2 ms, flip angle: 10°, standardized contrast agent dose: 0.1 mmol/kg gadolinium-based contrast). These sequences
captured tumor characteristics (shape, texture, heterogeneity, enhancement patterns) for radiomics analysis. To ensure
reproducibility, all scans adhered to a strict institutional protocol with consistent acquisition settings and regular scanner
calibration. However, we acknowledge that using a single MRI scanner (Philips Ingenia 3.0T) may limit the general-
izability of radiomic features due to potential variability across different manufacturers (eg, GE, Siemens) or scan
parameters (eg, DCE contrast agent dose, DWI b-values). This limitation is discussed in Section 4.3, and we emphasize
the need for future cross-device validation studies to assess feature robustness across diverse MRI platforms, which is
critical for clinical translation.

Radiomics Feature Extraction: Tumor regions of interest (ROIs) were manually segmented on DCE-MRI, DWI, and
T2WI by two radiologists (with 8 and 12 years of experience) using ITK-SNAP (v3.8.0). Inter-observer agreement was
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assessed via intraclass correlation coefficient (ICC > 0.85). A total of 1,218 radiomic features were extracted using
Pyradiomics (v3.0.1), including: 1) First-order features (n=18): Intensity statistics (eg, mean, median, skewness).2) Shape
features (n=14): Tumor geometry (eg, volume, surface area). 3) Texture features (n=75): Gray-level co-occurrence matrix
(GLCM), gray-level run-length matrix (GLRLM), and gray-level size zone matrix (GLSZM). 4) Higher-order features
(n=1,111): Wavelet and Laplacian of Gaussian-filtered features. Features were normalized using z-score standardization
to account for scale differences. To ensure reproducibility, images were resampled to a uniform voxel size (1x1x1 mm®),
and gray-level discretization was applied (bin width: 25).

Feature Selection: To reduce dimensionality and overfitting, a three-step feature selection process was employed: 1)
Variance threshold: Features with low variance (< 0.1) were excluded. 2) Correlation analysis: Highly correlated features
(Pearson correlation coefficient > 0.8) were removed, retaining the feature with the highest correlation to HER-2
status. 3) LASSO regression: Least Absolute Shrinkage and Selection Operator (LASSO) was used to select the most
predictive features, with the regularization parameter (1) optimized via 10-fold cross-validation. This yielded 12 radiomic
features (4 first-order, 3 shape, 5 texture) strongly associated with HER-2 status.

Immune Profiling: Immune profiling was performed to assess the tumor microenvironment’s influence on HER-2
expression. Tumor tissue samples were obtained via biopsy or surgical resection. Immunohistochemistry (IHC) was used
to quantify immune cell populations, including CD8+ T-cells (cytotoxic T-cells), CD4+ T-cells (helper T-cells), M1
macrophages (anti-tumor), and regulatory T-cells (Tregs, immunosuppressive). Tumor-associated macrophages (TAMs)
were assessed using CD68 and CD163 markers. Staining was performed on 4-um paraffin-embedded sections using
standardized antibodies (eg, anti-CD8, clone C8/144B; anti-CD4, clone 4B12). Immune cell density was quantified as the
percentage of positive cells per high-power field (X400 magnification) across five representative fields. Serum biomarkers
(CEA, CA 15-3, CA 27.29, CYFRA 21-1, AFP, S100) were measured via enzyme-linked immunosorbent assay (ELISA)
using commercial kits (eg, Roche Diagnostics) to complement immune profiling and assess tumor behavior.

Data Integration and Validation: Radiomic features, immune profiling data, and clinical variables (eg, age, tumor size,
lymph node status) were integrated into a nomogram. Follow-up MRI and biomarker assessments (every 6 months)
validated HER-2 status predictions and monitored disease progression. Stable biomarkers and no new lesions indicated
unchanged HER-2 status, while progression (new lesions or biomarker elevation) suggested potential recurrence. Only
high-quality imaging and complete clinical records were included to ensure data reliability.

Outcome Measures
The primary outcome was HER-2 expression status, determined via IHC (score of 3+ or 2+ with FISH confirmation) or FISH
(ratio > 2.0). The secondary outcome was the predictive performance of the radiomics nomogram, integrating multimodal MRI
features, immune profiling, and clinical data to estimate HER-2 positivity or negativity. Follow-up imaging (MRI, ultrasound)
and serum biomarkers (CEA, CA 15-3) were used to monitor recurrence or progression, defined as new lesions or biomarker
elevation. The nomogram’s performance was evaluated using predictive accuracy, sensitivity, specificity, and area under the
receiver operating characteristic curve (AUC). A good prognosis was defined as disease-free status, while a poor prognosis
indicated recurrence or metastasis. Validation compared nomogram predictions with histopathological HER-2 status at baseline.
Immune Profiling Metrics: Immune cell infiltration (CD8+, CD4+, M1 macrophages, Tregs, TAMs) and serum
biomarker levels were quantified to assess their correlation with HER-2 status and prognosis. These metrics enhanced
the nomogram’s ability to capture tumor microenvironment dynamics.

Statistical Analysis

All statistical analyses were performed using R (v4.2.1) and Python (v3.9.5) with the scikit-learn package (v1.0.2). Data
normality was assessed using the Shapiro—Wilk test. Continuous variables were compared using the independent #-test for
normally distributed data or the Mann—Whitney U-test for non-normally distributed data. Categorical variables were analyzed
using the chi-square test or Fisher’s exact test when expected counts were <5. Multivariate logistic regression with Least
Absolute Shrinkage and Selection Operator (LASSO) regularization was used to identify independent predictors of HER-2
positivity, incorporating radiomic features, immune profiling metrics (eg, CD8+ T-cell density, TAM percentage), and clinical
variables (eg, age, tumor stage). The regularization parameter (A) was optimized via 10-fold cross-validation. The radiomics
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nomogram was constructed using selected predictors, with coefficients derived from the logistic regression model. Model
performance was evaluated using the area under the receiver operating characteristic curve (AUC), calibration plots with the
Hosmer-Lemeshow test (p > 0.05 indicating good fit), and decision curve analysis (DCA) to assess clinical utility across
threshold probabilities. Survival analysis was conducted using the Kaplan-Meier method, with differences in disease-free
survival (DFS) and overall survival (OS) between HER-2 positive and negative groups compared using the Log rank test. The
dataset was divided into training (70%, n=224) and validation (30%, n=96) sets via stratified random sampling to ensure
balanced HER-2 status distribution. Internal validation was performed using 10-fold cross-validation, and external validation
was conducted on the validation set. Model robustness was assessed via bootstrap resampling (1,000 iterations). Statistical
significance was set at p < 0.05 (two-tailed).

Results

Comparison of Clinical Characteristics Between Two Groups

No significant differences were observed between the HER-2 positive and negative groups with respect to age, menstrual
status, pathological grade, Ki-67 expression, tumor size, or follow-up duration (all P > 0.05). However, HER-2 positivity
was strongly associated with hormone receptor status: ER negativity was significantly more prevalent in the HER-2
positive group (P < 0.001), and PR negativity was also more common (P = 0.001) (Table 1).

Comparison of MRI Parameters Between the Two Groups

Compared with HER-2 negative tumors, HER-2 positive lesions more frequently presented as masses (67.5% vs 39.6%)
with blurred or ill-defined margins (41.3% vs 15.0%), and were significantly associated with local skin thickening or
depression (63.8% vs 48.3%) as well as axillary lymph node abnormalities without overt enlargement (58.8% vs 39.6%)
(all P<0.01). By contrast, HER-2 negative cancers were more often characterized by non-mass enhancement and smooth
margins. No significant intergroup differences were observed in nipple—areola complex involvement, TIC type, or
background parenchymal enhancement (Table 2). These findings indicate that HER-2 positive breast cancers exhibit
a more aggressive MRI phenotype, with features suggestive of invasive behavior and subclinical nodal involvement.

Table | Comparison of Clinical Characteristics Between Two Groups

Clinical Features HER-2 Positive | HER-2 Negative P
Group (n=80) Group (n=240)

Age 50.56%9.12 49.80+8.83 0.508

Menstrual state 0.078

Menopause 41(51.25%) 96(40.00%)

Premenopause 39(48.75%) 144(60.00%)

Pathological grade 0.960

[ 6(7.50%) 20(8.33%)

Il 47(58.75%) 142(59.17%)

11l 27(33.75%) 78(32.50%)

ER <0.001

Positive 55(68.75%) 80(33.33%)

Negative 25(31.25%) 160(66.67%)

PR 0.001

Positive 51(63.75%) 101(42.08%)

Negative 29(36.25%) 139(57.92%)

Ki67 0.741

Positive 14(17.50%) 46(19.17%)

Negative 66(82.50%) 194(80.83%)

Tumor volume (cm) 6.71£2.30 7.07£1.98 0.174

Follow-up duration (months) 24.81+5.98 24.33+6.96 0.578

Abbreviations ER, Estrogen Receptor; PR, Progesterone Receptor; Kié7, Ki-67 Antigen.
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Table 2 Comparison of MRI Parameters Between the Two Groups

MRI Features

HER-2 Positive | HER-2 Negative r P
Group (n=80) Group (n=240)

Type

Lump

Nonmass

Edge

Smooth

Blur

Burr

There is no involvement of the nipple areola
Yes

No

Local skin thickening or depression
Yes

No

Axillary lymph nodes without enlargement
Yes

No

TIC type

|

Il

11l

BPE type

Minimum

Mild

Moderate

Remarkable

54(67.50%)
26(32.50%)

23(28.75%)
24(30.00%)
33(41.25%)

29(36.25%)
51(63.75%)

47(58.75%)
33(41.25%)

54(67.50%)
26(32.50%)

10(12.50%)
38(47.50%)
32(40.00%)

9(11.25%)
38(47.50%)
25(31.25%)
8(10.00%)

18.793 <0.001
95(39.58%)
145(60.42%)
24.449 <0.001
101(42.08%)
103(42.92%)
36(15.00%)
3.535 0.060
116(48.33%)
124(51.67%)
8.148 0.004
97(40.42%)
143(59.58%)
18.793 <0.001
95(39.58%)
145(60.42%)
0610 0.737
36(15.00%)
103(42.92%)
101(42.08%)
1.811 0612
29(12.08%)
129(53.75%)
57(23.75%)
25(10.42%)

Abbreviations: HER-2, Human epidermal growth factor receptor 2; TIC, Time-signal strength curve; BPE, background enhancement degree.

Prognostic Analysis of HER-2 Expression Level in Breast Cancer Patients
The HER-2 negative group shows a significantly higher PFS compared to the HER-2 positive group (p<0.001). Similarly,

the HER-2 negative group exhibits a superior overall survival rate (p<0.001) (Figure 2). These findings suggest that

patients in the HER-2 negative group have better survival outcomes in both progression-free survival and overall survival

compared to those in the HER-2 positive group.
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Figure 2 Kaplan-Meier survival curves. (A) The progression-free survival rate of different HER-2 status; (B) The overall survival rate of different HER-2 status.

1124

Breast Cancer: Targets and Therapy 2025:17



Qiu et al

The Clinical Baseline Characteristics of the Training Set and the Validation Set

In our study, the patients were divided into a training set (n =280) and a test cohort (n = 40) in a ratio of 7:3, with no statistically
significant differences observed across demographic, pathological, or molecular features (all P > 0.05). The mean age and
menopausal status distribution were comparable between groups, and the pathological grade composition showed
a predominance of grade II tumors in both sets. Similarly, the expression profiles of ER, PR, and HER2, as well as Ki-67 status,
demonstrated no significant imbalance. Tumor-related parameters, including size, morphology, margin, enhancement pattern,
and surface characteristics such as evenness, unevenness, and toroidal configuration, were consistent between the two cohorts, as
were peritumoral edema and TIC type (Table 3). Collectively, these results indicate that the training and validation sets were
matched in baseline clinicopathological and imaging characteristics, thereby reducing the likelihood of selection bias and
supporting the robustness of subsequent model development and validation.

Table 3 The Clinical Baseline Characteristics of the Training Set and the
Validation Set

Clinical Features | Training Set (n=280) | Validation Set (n=40) P
Age 49.82+10.05 48.90+11.32 0.594
Menstrual state 0.866
Menopause 143(51.07%) 21(52.50%)

Premenopause 137(48.93%) 19(47.50%)

Pathological grade 0.449
| 23(82.14%) 5(12.50%)

1l 174(62.14%) 21(52.50%)

1] 83(29.64%) 14(35.00%)

ER 0.786
Positive 90(32.14%) 12(30.00%)

Negative 190(67.86%) 28(70.00%)

PR 0.698
Positive 110(39.29%) 17(42.50%)

Negative 170(60.71%) 23(57.50%)

HER-2 0.575
Positive 201(71.79%) 27(67.50%)

Negative 79(28.21%) 13(32.50%)

Ki67 0.204
Positive 47(16.79%) 10(25.00%)

Negative 233(83.21%) 30(75.00%)

Tumor volume (cm) 6.14+2.03 6.27+1.68 0.686
Tumor morphology 0.521
Rule 20(7.14%) 4(10.00%)

Irregularity 260(92.86%) 36(90.00%)

Tumor margin 0.211
Smooth 91(32.50%) 17(42.50%)

Rough 189(67.50%) 23(57.50%)

Enhance 0.820
Evenness 66(23.57%) 10(25.00%)

Unevenness 184(65.71%) 27(67.50%)

Toroidal 30(10.72%) 3(7.50%)

Peritumoral edema 0.833
Have 142(50.71%) 21(52.50%)

No 138(49.29%) 19(47.50%)

TIC type 0.942
| 45(16.07%) 5(12.50%)

Il 80(28.57%) 12(30.00%)

1] 155(55.36%) 23(57.50%)
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Multivariate Analysis

The results of multivariate logistic regression analysis identified Type (OR = 9.660, 95% CI: 3.317-28.139, p < 0.001),
Edge (OR = 0.115, 95% CI: 0.043-0.309, p < 0.001), local skin thickening or depression (OR = 0.857, 95% CI:
0.800-0.917, p < 0.001), and axillary lymph nodes with enlargement (OR = 2.905, 95% CI: 2.041-4.135, p < 0.001) as
independent risk factors for HER-2 positive breast cancer patients (Table 4). These findings suggest that tumor type
confers the greatest risk, followed by axillary lymph node enlargement, whereas irregular edge and local skin thickening
or depression act as protective indicators, highlighting the complex interplay of clinicopathological features in predicting
HER-2 status.

Development of Nomogram Model

Based on the multivariate logistic regression analysis results, we constructed a nomogram incorporating the independent
risk factors (Figure 3). To use this nomogram, the corresponding position on each variable axis was located first
according to patient’s manifestation. Then, a line was drawn vertically to the points axis above to obtain the respective
points. Finally, the points from all four variables were added up, and a line was drawn from the total points axis to the
predicted probability axis to estimate the likelihood of HER-2 positive.

Validation of a Nomogram Model
The calibration curves for predicting the risk of HER-2 positive in breast cancer are shown in Figure 4. Figure 4A
presents the calibration plot for the training set, while Figure 4B displays the calibration plot for the validation set. The
curves illustrate the apparent, bias-corrected, and ideal performance of the nomogram in predicting HER-2 positivity.
These results provide a visual comparison of the nomogram’s predictive accuracy and the degree of calibration for both
datasets. The AUC for the training set was 0.866 (95% CI: 0.760—0.918) (Figure 4C), and the validation set was 0.876
(95% CI: 0.803-0.996) (Figure 4D), it indicated that the nomogram model had a good discrimination and consistency in
predicting risk of HER-2 positive in BC.

Decision curve analysis (DCA) demonstrated that if the threshold probability of HER-2 positive in BC was 20 to
75%, the validity of the model was increased (Figure 4E).

Comparison of Tumor Marker Expression Between Two Groups

A comparison of tumor marker expression between the HER-2 positive and HER-2 negative groups revealed significant
differences. As depicted in Figure 5, the HER-2 positive group exhibited significantly higher levels of CA15-3, CEA,
CA27.29, CYFRA 21-1, AFP, and S100 compared to the HER-2 negative group (p<0.001). These findings highlight that
HER-2 positive tumors are characterized by increased expression of markers associated with tumor progression,
aggression, and metastatic potential.

Comparative Immune Profiling Between Two Groups

The HER-2 positive group exhibited significantly higher CD8+ T-cell infiltration compared to the HER-2 negative group
(p < 0.001), indicating a stronger cytotoxic response. M1 macrophages were also more abundant in HER-2 positive
tumors (p < 0.001). Conversely, CD4+ T-cell infiltration showed no significant difference (p>0.05), while Tregs and
TAMs were significantly elevated in the HER-2 positive group (p < 0.001 for both) (Figure 6), suggesting a more

Table 4 Multivariate Regression Analysis

Factors Bate SE Wald OR 95% ClI P

Type 2268 | 0.545 | 17.288 | 9.660 | 3.317-28.139 | <0.00I
Edge 2.165 | 0.505 | 18.349 | 0.115 | 0.043-0.309 | <0.00I
Local skin thickening or depression 0.155 | 0.035 | 19.863 | 0.857 | 0.800-0.917 | <0.001
Axillary lymph nodes with enlargement | 1.066 | 0.180 | 35.059 | 2.905 | 2.041—4.135 | <0.00l
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Figure 3 The nomogram for predicting the risk of HER-2 positive in BC.
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Figure 5 Comparison of Tumor Marker Expression Between Two Groups. (A)CAI5-3; (B) CEA; (C) CA27.29; (D) CYFRA 21-I; (E) AFP; (F) S100. Compare to the HER-

2 negative group, ***p<0.001.
Abbreviations: CA15-3, Cancer Antigen 15-3; CEA, Carcinoembryonic Antigen; CA27.29, Cancer Antigen 27.29; CYFRA 21-I, Cytokeratin 19 Fragment 21-1; AFP,

Alpha-Fetoprotein; S100, S100 Calcium Binding Protein.

immunosuppressive microenvironment. These results highlight distinct immune profiles between the two groups, with
HER-2 positive tumors showing an enhanced immune response accompanied by higher levels of immune suppression.

Discussion

Breast cancer, particularly HER-2-positive breast cancer, remains a significant global health concern due to its aggressive
nature. HER-2 overexpression is associated with a poor prognosis and increased risk of metastasis, making its accurate
prediction vital for guiding personalized treatment strategies, especially with the availability of HER-2-targeted therapies.
Traditional methods for determining HER-2 status, such as immunohistochemistry (IHC) and fluorescence in situ
hybridization (FISH), are effective but invasive and limited by tumor heterogeneity. Radiomics, using advanced imaging
techniques like magnetic resonance imaging (MRI), offers a promising non-invasive alternative for predicting HER-2
expression in breast cancer.

Our findings demonstrate the feasibility of using MRI-based radiomics to predict HER-2 positive. The multivariate
logistic regression analysis revealed several clinical and radiomic factors—such as estrogen receptor (ER) positivity,
progesterone receptor (PR) positivity, local skin changes, and axillary lymph node enlargement—that are significant
independent predictors of HER-2 status. These findings are consistent with previous studies, which suggest that hormonal
receptor positivity (ER and PR) is often associated with certain molecular subtypes, including HER-2-positive tumors.'®"
' The correlation between skin changes (such as thickening or depression) and HER-2 positive observed in this study
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Figure 6 Comparative Immune Profiling Between Two Groups. (A) CD8+ T-cell infiltration; (B) CD4+ T-cell infiltration; (C) M| Macrophage infiltration; (D) Tregs; (E)
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aligns with research indicating that HER-2-positive tumors exhibit increased vascularity and aggressive growth.?*?!
These findings underscore the role of MRI in capturing dynamic tumor characteristics non-invasively, which could assist
in predicting tumor behavior and aggressiveness.

The detection of local skin thickening or depression via MRI has become a significant feature in assessing tumor
aggressiveness. In the context of HER-2 positive breast cancers, these imaging features are indicative of increased tumor
vascularity and aggressive growth.””> The mechanism behind skin changes such as thickening or depression may be
attributed to the increased expression of vascular endothelial growth factor (VEGF) and other pro-angiogenic factors
typically found in HER-2-positive tumors. HER-2 overexpression is known to upregulate the VEGF pathway, leading to
enhanced angiogenesis.>*** The associated increase in blood vessel density contributes to the dynamic and sometimes
irregular growth patterns of the tumor, which may extend to adjacent tissues, including the skin. These skin changes are
also linked to the inflammatory processes often observed in aggressive tumors, further emphasizing the utility of MRI in
capturing these dynamic characteristics non-invasively.

Axillary lymph node involvement is a key indicator of breast cancer metastasis and is often associated with poor
prognosis.”> The relationship between axillary lymph node enlargement and HER-2 positive found in our study is
supported by the literature, where HER-2 positive tumors tend to be more aggressive and have a higher likelihood of
regional and distant metastasis.”® The mechanistic link between HER-2 expression and lymphatic spread lies in the
increased invasiveness of HER-2 positive tumors, which are more likely to penetrate surrounding tissues and invade the
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lymphatic system. This enhanced metastatic potential is attributed to the overactivation of signaling pathways such as the
phosphoinositide 3-kinase (PI3K)/Akt pathway, which promotes cell migration and invasion.?” Therefore, the presence of
enlarged axillary lymph nodes in HER-2 positive tumors reflects the increased propensity for metastasis, further
emphasizing the role of imaging in identifying patients at high risk for aggressive disease.

The integration of multimodal MRI with radiomics analysis offers an innovative and comprehensive approach to
predicting HER-2 status without the need for invasive biopsy. Our findings highlight the utility of MRI features—such as
texture, shape, and enhancement patterns—as valuable biomarkers for predicting HER-2 positive.”® These radiomic
features capture the tumor’s heterogeneity, which is critical for understanding the underlying biology of HER-2 positive
tumors. HER-2-positive breast cancers are often more heterogeneous compared to their HER-2-negative counterparts,
exhibiting a broader range of histological and molecular features.?” This heterogeneity can be detected through advanced
imaging techniques, where texture and shape features reflect the tumor’s microenvironment and structural complexity.
Moreover, dynamic contrast-enhanced MRI (DCE-MRI) provides information on tumor vascularity, which is often
increased in HER-2 positive cancers due to the upregulation of pro-angiogenic factors like VEGF.*® This suggests that
radiomics, when combined with conventional imaging, can provide a more accurate, non-invasive method of assessing
HER-2 expression and guiding therapeutic decisions.

However, it is important to acknowledge certain methodological limitations in our study. First, while we observed
a significant association between axillary lymph node enlargement and HER-2 positive, the relationship between lymph
node involvement and HER-2 expression is complex and may vary depending on other factors, such as tumor stage and
histological subtype. Although previous studies support this correlation, our study cannot definitively establish a causal
link between lymph node enlargement and HER-2 expression. Furthermore, while we speculated that immune profiles
might play a role in HER-2 prediction, the evidence in our study did not strongly support this hypothesis. The integration
of immune profiling into our radiomics model was an exploratory approach, but the relationship between immune
responses and HER-2 expression requires further validation and a more robust dataset. Therefore, we recognize the need
for additional studies to clarify the potential role of immune profiling in predicting HER-2 status.

The radiomics-based nomogram developed in this study demonstrated excellent predictive performance, with an area
under the receiver operating characteristic (ROC) curve (AUC) of 0.866 in the training set and 0.876 in the validation set.
This suggests that the nomogram holds promise as a non-invasive tool for predicting HER-2 status, particularly in
clinical scenarios where biopsy is not feasible or when dealing with multifocal tumors. By integrating both clinical and
MRI-derived radiomic features, the nomogram allows for accurate HER-2 prediction, potentially reducing the need for
invasive biopsy procedures, minimizing patient discomfort, and lowering healthcare costs. However, we acknowledge
that the relatively small validation cohort limits the generalizability of our findings. Larger, multicenter studies with more
diverse patient populations are essential to validate and refine the predictive accuracy of the nomogram. In future work,
the integration of molecular biomarkers, such as genetic or proteomic data, could improve the predictive power of the
model. Combining radiomics with genomic profiles has the potential to create more personalized and precise predictive
models, allowing for more tailored treatment decisions. Additionally, exploring deep learning techniques for radiomic
analysis could enhance feature extraction and further improve the precision of HER-2 prediction. The integration of other
advanced imaging modalities, such as positron emission tomography (PET), could provide additional insight into tumor
metabolism, further complementing the morphological and textural features captured by MRI.

Although the study has shown promising results, we also recognize the limitations of using radiomics alone as
a diagnostic tool. While the integration of multimodal MRI offers a non-invasive alternative to biopsy, it is important to
emphasize that the model requires further validation in diverse patient populations before widespread clinical adoption.
The clinical implementation of this model would benefit from validation in larger and more heterogeneous cohorts, as
well as the incorporation of additional factors, such as tumor genomics, to enhance prediction accuracy.

In conclusion, this study demonstrates the potential of using a radiomics-based nomogram, derived from multimodal
MRI, for the non-invasive prediction of HER-2 status in breast cancer. The nomogram’s ability to integrate clinical and
imaging features into a comprehensive predictive model offers a promising tool for personalized treatment planning.

Despite its limitations, this approach represents a significant step forward in breast cancer management by reducing the
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need for invasive procedures and improving early decision-making. Future studies should focus on validating this model

in larger cohorts and exploring the integration of molecular data to further enhance its clinical utility.
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