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Purpose: This study aimed to develop and validate a predictive model using radiomics features from automatic breast volume scanner
(ABVS) and 2D ultrasound images to preoperatively assess Ki-67 expression in breast cancer (BC), thereby supporting personalized
clinical treatment planning.

Methods: Data from 426 BC patients who met the inclusion criteria were retrospectively analyzed. Univariate and multivariate logistic
regression analyses were performed on the clinical ultrasound characteristics to construct a clinical model. Radiomics features were
extracted from both the tumor and the sub-regions based on ABVS and 2D images. The silhouette coefficient was used to evaluate clustering
performance and determine the optimal number of clusters. Radiomics-based prediction models were developed using four machine
learning classifiers: Logistic Regression, ExtraTree, XGBoost, and LightGBM. A combined model was further constructed by integrating
radiomics and habitat radiomics features from ABVS and 2D images with relevant clinical factors. Model performance was evaluated using
the Receiver Operating Characteristic (ROC) curve, calibration curve, and decision curve analysis (DCA).

Results: In the validation set, the area under the ROC curve (AUC) values of the radiomics model (Rad,zys + >p), the habitat
radiomics model (Hab 4pys + 2p), and the combined radiomics model (Rad-Hab 4zys + 2p) were 0.603, 0.664, and 0.850, respectively.
By integrating independent clinical factors (US-ALNSs, T-stage) with the Rad-Hab 5y + ,p model, a comprehensive model (CM cy;icar
+ Rad-Hap) Was constructed using LightGBM. According to the DeLong test, this model significantly outperformed others in terms of
AUC (P < 0.05). The AUC values for the training and validation sets were 0.951 (95% CI: 0.928-0.973) and 0.884 (95% CI:
0.832-0.949), respectively. The calibration curves and DCA of CMcyinicar + rad-mHap» demonstrated excellent model calibration and
clinical utility.

Conclusion: The CM¢yinicar + rRad-rap Model developed in this study enables accurate preoperative prediction of Ki-67 expression
in BC patients, facilitating personalized and precise treatment strategies.
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Introduction

Breast cancer (BC) has become the most commonly diagnosed cancer and remains a leading cause of cancer-related mortality
among women worldwide.' Ki-67, a nuclear protein associated with cellular proliferation, serves as an essential marker for
evaluating tumor growth dynamics.” Elevated Ki-67 expression is associated with an increased risk of tumor invasion and
recurrence.’ Moreover, it correlates with the pathological complete response rate to neoadjuvant therapy (NAT) in BC patients.*
A study by Chen et al found that higher pre-treatment Ki-67 levels were associated with a better clinical response to neoadjuvant

chemotherapy in luminal BC subtypes. Specifically, a Ki-67 cutoff value of 25.5% was identified as a predictor of treatment
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response, indicating that Ki-67 could serve as a valuable biomarker for guiding individualized treatment strategies.” Furthermore,
the POETIC trial demonstrated that changes in Ki-67 levels during preoperative endocrine therapy were predictive of long-term
outcomes, underscoring the critical role of Ki-67 in informing treatment strategies and optimizing patient management.®
Currently, Ki-67 expression is assessed via immunohistochemical (IHC) analysis, which typically requires an invasive core
needle biopsy (CNB) prior to surgery. However, due to intratumoral heterogeneity and the limited sampling of CNB,
discrepancies between CNB and postoperative specimens are frequently observed, with reported inconsistency rates ranging
from 10% to 40%.” Therefore, there is a pressing need for an accurate, comprehensive, and non-invasive method to predict
preoperative Ki-67 expression, which is essential for clinical decision-making.

Ultrasound (US) is widely used for the diagnosis of BC due to its simplicity, low cost, and non-invasive nature.® Compared to
conventional US, ABVS enhances reproducibility through automated scanning,” representing a significant technological
advancement in US imaging.'® Its standardized coronal imaging offers detailed lesion information, making it particularly
suitable for radiomics analysis."' Radiomics enables the extraction of high-throughput quantitative features from medical
images, allowing for a comprehensive characterization of tumor phenotype.'? It has been increasingly applied in tumor diagnosis,
treatment planning, and prognosis prediction.'* The significant potential of radiomics has been fully demonstrated across
numerous oncology applications, particularly in improving the predictive performance of ABVS in BC management.''*"”
This progress marks a major step toward non-invasive tumor biological profiling and further integrates medical imaging with
personalized medicine.'® However, tumor heterogeneity, arising from variations in cell composition and spatial distribution,
poses a challenge to accurate characterization.' To better visualize and quantify this heterogeneity, voxel clusters with similar
tumor biological characteristics can be grouped into sub-regions.*’ Habitat radiomics, an emerging approach, segments tumors
into biologically similar sub-regions and extracts features from these areas to enhance the assessment of tumor heterogeneity.
A recent study,”’ involving multi-modal logistic regression models based on magnetic resonance imaging (MRI), US, and
mammography revealed that incorporating peripheral tumor features (within 5 mm) yielded the best performance in distinguish-
ing benign from malignant breast nodules, with an AUC of 0.905 (95% CI: 0.805-1). This highlights the increasing value of
multimodal radiomics approaches. Previous US-based radiomics studies have shown promise in predicting Ki-67 expression
in BC.'®!” However, these studies were limited by small sample sizes and single-modality imaging, which may not fully capture
the complex characteristics of tumors. Additionally, habitat radiomics has not been widely explored in this context. As tumor
heterogeneity plays a crucial role in understanding tumor biology, habitat radiomics may enhance predictive accuracy. To address
these limitations, our study integrates multimodal radiomics derived from ABVS and 2D US, along with habitat radiomics, to
provide a more comprehensive and accurate prediction of Ki-67 expression in BC.

Motivated by these insights, we aim to evaluate the predictive value of radiomics and habitat radiomics features,
captured from entire tumors and their sub-regions, using a machine learning (ML) model. Our goal is to establish
a robust, non-invasive model for predicting Ki-67 expression in BC, thereby supporting personalized treatment strategies
and improving prognostic assessment.

Materials and Methods
Study Population

This retrospective study was conducted in accordance with the Declaration of Helsinki and was approved by the Ethics
Committee of the First Affiliated Hospital of Anhui Medical University (Approval No. PJ2023-07-11). Given the
retrospective nature of the study, which involved the use of previously collected cases and medical records without
any new clinical interventions, the requirement for informed consent was waived in accordance with relevant ethical
guidelines. To ensure data reliability, strict inclusion and exclusion criteria were applied. The inclusion criteria were as
follows: (1) Patients pathologically diagnosed with BC who underwent both ABVS and conventional US examinations
within two weeks prior to surgery; (2) No NAT administered before surgery; (3) Availability of complete clinical and
pathological information. The exclusion criteria were: (1) Incomplete clinical or pathological data; (2) History of other
malignant tumors; (3) Receipt of preoperative NAT; (4) Maximum tumor diameter > 50 mm as measured by US; (5)
Presence of bilateral BC. A total of 426 patients with BC met the eligibility criteria. The cases were randomly divided
into a training set (n = 297) and a validation set (n = 127), following a 7:3 ratio (Figure 1).
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Patients diagnosed with breast cancer through pathology
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Figure | Flowchart of the entire research.
Abbreviations: ROI, Region of Interest; ABVS, automated breast volume scanner; Radagys+2p, Radiomics ABVS and 2D model; Hadagys+,p, Habitat radiomics ABVS and 2D
model; Rad-Habagys.+2p, Radiomics and Habitat radiomics ABVS and 2D model; CMcjinicar + Rad-Haps Clinical-Radiomics—Habitat pgys+2p Combined Model.
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Clinical and Histopathological Data Acquisition and Assessment

Details regarding image acquisition, evaluation procedures, and US equipment specifications are provided in
Supplementary Material S1. Breast lesion classification was performed according to the fifth edition of the American
College of Radiology (ACR) Breast Imaging Reporting and Data System (BI-RADS).?> The Ki-67 proliferation index

was calculated based on the percentage of malignant cells showing positive nuclear staining for Ki-67. A Ki-67 score >
23,24

20% was defined as high expression, while a score < 20% was considered low expression.

Segmentation of Regions of Interest (ROls) and Generation of Habitat Sub-Regions

To segment the lesion regions on ABVS coronal images and 2D US images, the ITK-SNAP software (version 3.8, website:
www.itk-snap.org) was used for tumor segmentation. Details of the tumor ROI delineation process are provided in
Supplementary Material S2. Before generating habitat sub-regions, the tumors were first localized on both ABVS and 2D

images. Each image was paired with a tumor mask of identical dimensions. The bounding box of the tumor region was
extracted from the corresponding mask file, and this region was used to define the area for further analysis. Radiomic features
were then extracted from these sub-regions. For each pixel within the tumor, a 5 X 5x5 sliding window was applied, expanding
outward by two pixels in each direction. Radiomic features within this window were extracted using the pyradiomics library.
To enable subsequent clustering analysis, all features were normalized to a range of 0 to 1. This standardization mitigates the
influence of features with larger numerical scales and enhances the accuracy and robustness of clustering.’

Although larger windows and a greater number of features may improve robustness to noise, they also significantly increase
computational complexity, especially when extracting features at the pixel level. Therefore, in this study, the number of radiomic
features was limited to five, specifically those derived from the Gray-Level Co-occurrence Matrix (GLCM). The GLCM
effectively captures subtle textural variations in the image, reflecting microscopic irregularity and complexity. It has been widely
used to reveal the potential relationship between tumor tissue structure and biological behavior, making it an important tool in the
study of tumor heterogeneity®~® Subsequently, to further quantify image data, each pixel’s local histological features were
transformed into a five-dimensional feature vector. This vector integrates multiple aspects of local feature information, such as
texture, contrast, and uniformity, facilitating subsequent quantitative analysis and model construction.

A Gaussian mixture model (GMM) clustering algorithm was employed to identify tumor sub-regions composed of
biologically similar pixels. Clustering was performed at the cohort level, rather than the individual patient level, to ensure
consistent cluster assignment across patients and to allow the propagation of cluster centers from the training set to the test set,
ensuring consistent clustering during model application. To determine the optimal number of clusters (ie, habitats), the Silhouette
coefficient was used to evaluate clustering performance across a range of k values from 2 to 10. Following clustering, each cluster
was assigned a unique color label to generate a cluster label map, which reflected the global distribution of internal regions within
the tumor.

Radiomics Feature Extraction

Radiomics features were extracted from both tumor regions and sub-regions within the ABVS and 2D US images. Prior to
feature extraction, image preprocessing was performed to ensure consistency across datasets. First, the signal intensity of the
original images was normalized and standardized to a range of 0—100 to minimize intensity variations between images. Next,
spatial resampling was conducted to achieve a uniform in-plane pixel resolution of 2 mm in the XY direction. All feature
extraction was confined to the two-dimensional plane. Image gray levels were discretized based on a predefined bin width (eg,
grouping every 5 intensity values), enabling standardized texture quantification. All processing was applied exclusively to
regions defined by the specified labels in the tumor mask. A wavelet filter was used for feature enhancement prior to extraction.
Radiomics features were extracted using the open-source Python package PyRadiomics (https:/pyradiomics.readthedocs.io/en/

latest/index.html, version 3.0.1), developed by the Computational Imaging Bioinformatics Laboratory at Harvard Medical
School. Both unfiltered (from original images) and filtered features were included in the analysis. A total of 464 features were
extracted and categorized into the following classes: 90 first-order features, 9 shape features, 110 Gray-Level Co-occurrence
Matrix (GLCM) features, 80 gray-level size zone matrix (GLSZM) features, 80 gray-level run length matrix (GLRLM) features,
25 neighboring gray-tone difference matrix (NGTDM) features, 70 gray-level dependence matrix (GLDM) features.
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PyRadiomics adheres to the standards of the Imaging Biomarker Standardization Initiative (IBSI), ensuring consistent definitions
and methodologies for radiomic feature extraction.

Radiomics Feature Selection

The selection of predictive features associated with Ki-67 expression was performed through a multi-step process. This
included screening radiomics features, sub-regional radiomics features, and clinical US features. The detailed feature
selection workflow is presented in Supplementary Material S3.

Construction and Validation of ML Models

After feature selection and fusion, five predictive models were developed, namely the clinical model, the radiomics model
(Rad 43ys + 2p), the habitat radiomics model (Hab 4zps + >p), the combined radiomics model (Rad-Hab 43y + »p), and the
Clinical-Radiomics—Habitat sgvsiop Combined Model(CM cinicar + Rad-rap)- The entire model construction workflow is
shown in Figure 2. All models were established using radiomics features derived from ABVS and 2D images. Four ML
classifiers were employed: logistic regression (LR), ExtraTree (ET), EXtreme Gradient Boosting (XGBoost), and Light
Gradient Boosting Machine (LightGBM). To reduce overfitting, 5-fold cross-validation was applied within the training cohort
to optimize hyperparameters for each classifier. Model performance was evaluated by plotting receiver operating characteristic
(ROC) curves and calculating the area under the curve (AUC). The DeLong test was applied to statistically compare ROC
performance across different models, while the Hosmer-Lemeshow test assessed the models’ goodness-of-fit. Clinical utility
was further evaluated using the DCA to estimate the net benefit of each model in guiding clinical decision-making.

Statistical Analysis

All statistical analyses and data visualizations were performed using R software (version 4.4.2) and JD_DCPM (V6.03,
Jingding Medical Technology Co., Ltd.) and Python (version 3.8; https://www.python.org). Continuous variables were
presented as mean + standard deviation, while categorical variables were expressed as counts (n) and percentages (%).
For quantitative data following a normal distribution, Student’s #-test was used. Levene’s test was employed to assess the

Original ABVS and 2D images Image pre-processing Regional Segmentaiton Sub-regional division
- - a2

Radiomics m
T |

Radiomics Model construction Radiomics Feature reduction Unsupervised clustering Radiomics Feature extraction
Habitat radiomics
Rad D i — Histogram
| T-test || ICC || Z-score | -
PCC ¢ - H Radiomics
=
Rad-Habasvs + 2D - -
Clinical ultrasound features Selection Combined Model construction Model evaluation Clinical application

Univariate logistic
Regression

LR ! : rm.ﬁ.m"“‘rm
'mfr,“,""m'

LightGBM

Multivariate logistic

Regression

Ki-67 high expression

Ki-67 low expression

Figure 2 Workflow of radiomics analysis. This figure illustrates the segmentation, feature extraction, and feature selection process for ABVS and 2D images in breast cancer.
Abbreviations: ABVS, automated breast volume scanner; ICC, intraclass correlation coefficient; LASSO, least absolute shrinkage and selection operator; PCC, Pearson
correlation coefficient; Radagys+zp, Radiomics ABVS and 2D model; Hadagys+2p, Habitat radiomics ABVS and 2D model; Rad-Habagys.2p, Radiomics and Habitat radiomics
ABVS and 2D model; CMcjnical + Rad-Hab» Clinical-Radiomics—Habitat apys+2p Combined Model.
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homogeneity of variance. The Kruskal-Wallis test was used for non-normally distributed data. The Chi-square test was
applied to compare categorical data. The DeLong test was used to compare the ROC performance among different
models. All statistical tests were two-sided, and statistical significance was set at P < 0.05.

Results

Comeparison of Baseline Data

A total of 426 eligible BC patients were included in this study, with 297 patients assigned to the training set and 129 to
the validation set. A summary of baseline clinical and US characteristics is presented in Table 1. Among these variables,
multivariate logistic regression analysis identified T-stage and US-ALNs as independent predictors. These two factors
were therefore incorporated into the clinical model (Table 2). Using LR, the clinical model achieved an AUC of 0.720
(95% CI: 0.662—0.775) in the training set and 0.648 (95% CI: 0.557—-0.734) in the validation set.

Table | Baseline Clinical Ultrasound Characteristics in the Training and Validation Sets

Characteristics Training Set (N=297) Validation Set (N=129)
Ki-67 High Ki-67 Low | P Ki-67 High Ki-67 Low P
Expression Expression Expression Expression
(N=206) (N=91) (N=86) (N=43)
Age 54.01£10.43 54.47+9.88 | 0.718 53.56+12.31 54.98+10.24 0.490
T-stage <0.001 0.093
<2.0cm 6l 54 37 26
>2cm 145 37 49 17
Side 0.956 0.574
Left 11 48 48 21
Right 95 43 38 22
Shape 0.875 0.423
Regular 11 6 6 |
Irregular 195 85 80 42
Orientation 0.223 0.300
Parallel 186 77 38 8l
Non-parallel 20 14 5
Margin 0.332 1.000
Circumscribed 14 10 7 3
Non-circumscribed 192 8l 79 40
PEF 0.955 0.154
No change 163 71 28 67
Enhance 16 8 4 9
Attenuation 27 12 11 10
Calcification 0.214 0.842
Absent 135 67 30 57
Present 71 24 13 29
RPS 0.082 0.493
No 128 46 24 41
YES 78 45 19 45
BI-RADS 0.028 0.679
3 2 4 2 0
4a 17 15 10 6
4b 59 21 20 14
4c 78 33 31 12
5 50 18 23 I
(Continued)
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Table | (Continued).

Characteristics Training Set (N=297) Validation Set (N=129)
Ki-67 High Ki-67 Low | P Ki-67 High Ki-67 Low P
Expression Expression Expression Expression
(N=206) (N=91) (N=86) (N=43)

US-ALNs <0.001 0.030

Negative 135 83 57 37

Positive 71 8 29 6

Histological.type 0.244 0.597

IDC 187 76 79 38

DCIS 8 5 2 3

ILC 2 2 | 0

Others 9 8 4 2

Abbreviations: PEF, posterior echo feature; RPS, retraction phenomenon sign; US-ALNSs, ultrasound-based axillary lymph node
status; BI-RADS, Breast Imaging Reporting and Data System; IDC, invasive ductal carcinoma; DCIS, ductal carcinoma in situ; ILC,
invasive lobular carcinoma.

Table 2 Univariate and Multivariate Logistic Regression Analyses of Clinical Ultrasound
Characteristics in the Training Set

Characteristics Univariate Analysis | P Multivariate Analysis | P
OR (95% CI) OR (95% CI)

Age 0.996(0.972—1.020) 0.722

T-stage 3.469(2.084-5.840) <0.001 | 3.078 (1.818-5.265) <0.001

Side 0.955(0.583-1.569) 0.856

Shape 1.251(0.419-3.401) 0.669

Orientation 0.591(0.286—1.252) 0.160

Margin 1.693(0.703-3.943) 0.226

PEF

No-change Reference

Enhance 0.871(0.365-2.234) 0.762

Attenuation 0.980(0.479-2.108) 0.957

Calcification 1.468(0.857-2.573) 0.169

RPS 0.623(0.378-1.025) 0.063

BI-RADS

3 Reference

4a 2.267(0.385-18.07) 0.382

4b 5.619(1.021-42.71) 0.056

4c 4.727(0.879-35.31) 0.081

5 5.556(0.998-42.61) 0.059

US-ALNs 5.456(2.637-12.80) <0.001 | 4.759 (2.260-11.30) <0.001

Histological type

IDC Reference

DCIs 0.650(0.21-2.21) 0.463

ILC 0.406(0.048-3.437) 0.372

Others 0.457(0.169-1.26) 0.121

Abbreviations: PEF, posterior echo feature; RPS, retraction phenomenon sign; US-ALNS, ultrasound-based axillary
lymph node status; BI-RADS, Breast Imaging Reporting and Data System; IDC, invasive ductal carcinoma; DCIS,
ductal carcinoma in situ; ILC, invasive lobular carcinoma.
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Screening of Radiomics Features

Rad apys + 2p Feature Selection

In the training set, the tumor ROI were delineated on both ABVS and 2D US images, and a total of 464 radiomics
features were extracted from each image. After standardization, features with an intraclass correlation coefficient (ICC) >
0.75 were retained for subsequent analysis, resulting in 898 features. Subsequently, univariate #-tests and Pearson
correlation coefficient (PCC) analyses were conducted to evaluate the relationships among these features. Finally, the
least absolute shrinkage and selection operator (LASSO) algorithm was used to select the most predictive features based
on the optimal A value. The Rad ,zy5 + »p model identified 15 radiomics features, 9 from ABVS images and 6 from 2D
US images, that were significantly correlated with Ki-67 expression (A=0.037, Figure S1).

Hab apvs + 2p Feature Selection

In this study, the Silhouette Coefficient was used to evaluate clustering performance and determine the optimal number of
clusters (Figure 3A). The analysis revealed that when the number of clusters was set to 3, the silhouette coefficient reached
its highest value, indicating the best clustering performance. Accordingly, the tumor ROI was divided into three habitat sub-
regions for subsequent feature extraction and model construction. For each sub-region, 464 radiomics features were
extracted, resulting in a total of 2694 features (898 features x 3 sub-regions), following intraclass correlation coefficient
(ICC) filtering. Feature selection was then conducted, and the final Hab 43y + »p model identified 13 ABVS and 12 2D
radiomics features that were significantly correlated with Ki-67 expression (A=0.018, Figure S2). The habitat feature maps
and corresponding sub-region segmentations are shown in Figure 3B and C.

Rad-Hab apys + 2p Feature Selection

According to the methodology described above, the Rad-Hab ,zps + »p model initially included a total of 3592 features
(898 + 898x3). After feature selection and dimensionality reduction, the final model identified 16 ABVS features and 8
2D radiomics features that were significantly correlated with Ki-67 expression (A=0.012, Figure S3).
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Figure 3 Determination of optimal clusters and visualization of habitat clusters with corresponding feature maps. (A) Silhouette coefficient plot was used to determine the
optimal number of clusters (k), indicating that k=3 is optimal. (B) Distribution of habitats under different clustering numbers, with different colors representing different
clusters. (C) Feature maps for the following parameters: original_glem_DifferenceVariance, original_glcm_ldm, original_glem_InverseVariance, original_glem_JointAverage,
original_glcm_JointEnergy, original_glcm_MaximumProbability.
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Construction and Validation of Each Models

The optimal model for the traditional Rad 45p5 + »p configuration was LR, as detailed in Table S1 and Figure S4A and B.
In the training set, the model achieved an AUC of 0.755 (95% CI: 0.688-0.813), with accuracy, sensitivity, specificity,
and Fl-score of 0.670, 0.824, 0.602, and 0.605, respectively. In the internal validation set, the AUC was 0.603 (95% CI:
0.515-0.690), with corresponding values of 0.682 for accuracy, 0.442 for sensitivity, 0.802 for specificity, and 0.481 for

F1-score.

For the Hab gy + 2p model, the best-performing algorithm was ExtraTree, as detailed in Table S2 and Figure S4C and D).
In the training set, the model achieved an AUC of 0.779 (95% CI: 0.712 —0.825), with accuracy, sensitivity, specificity, and
Fl-score of 0.781, 0.505, 0.903, and 0.586. In the validation set, the AUC was 0.664 (95% CI: 0.579-0.755), and accuracy,
sensitivity, specificity, and F1-score were 0.605, 0.721, 0.547, and 0.549, respectively.

The Rad-Hab ,py5s + 2p model performed best when using the XGBoost, as detailed in Table S3 and Figure S4E and F. In
the training set, the model achieved an AUC of 0.935 (95% CI: 0.910-0.962), with accuracy, sensitivity, specificity, and F1-
score of 0.869, 0.868, 0.869, and 0.802, respectively. In the validation set, the AUC was 0.850 (95% CI: 0.789-0.918), with
values of 0.806 for accuracy, 0.744 for sensitivity, 0.837 for specificity, and 0.719 for F1-score.

After combining Rad-Hab pps + 5p features with clinical features, the ML model achieving the best performance was
based on LightGBM, as detailed in Table S4 and Figure S4G and H. This resulting model was designated CM cyinicar +
Rad-Hab- 10 the training set, the model achieved an AUC of 0.951 (95% CI: 0.928-0.973), with accuracy, sensitivity,
specificity, and F1-score of 0.886, 0.890, 0.883, and 0.827, respectively. In the validation set, the AUC was 0.884 (95%
CI: 0.831-0.949), with corresponding values of 0.783 for accuracy, 0.860 for sensitivity, 0.744 for specificity, and 0.725
for Fl-score. Across the radiomics-based models, statistically significant differences in Ki-67 expression were observed

between the high- and low-expression groups, with the exception of the Rad ,zps + »p in the validation set (P <0.01,
Figure 4). The differences in radiomics features from specific habitat sub-regions included in the CM cnicar + Rad-Hab
model are shown in Figure 5.

Comparison of Model Performance

In the training set, the DeLong test results indicated that the AUC differences between the CM ¢jinicar + Rad-tap Model and the
Clinical, Rad 4zys + 2p, Hab 4zps + 2p, and Rad-Hab 43y + »p models were all statistically significant (Z =7.979, P < 0.001;
Z=17.162, P<0.001; Z=6.017, P <0.001; Z=2.669, P = 0.007). Similar results were observed in the validation set (Z =
4.829, P<0.001; Z=5.665, P <0.001; Z=4.885, P<0.001; Z=2.662, P=0.009). These findings indicate that the CM c;ics
+ Rad-Hap Model significantly outperformed the other models in predicting Ki-67 expression, as presented in Figure 6A and B,
Table 3. The calibration curves of the CM ¢yinicar + rad-tapy Model exhibited strong agreement between expected and observed
outcomes in both the high and low Ki-67 expression groups, surpassing the calibration performance of the other models, as
illustrated in Figure 6C and D. The Hosmer-Lemeshow test further confirmed good model calibration for the CM cyinicar + Rad-
Hap Model, with P = 0.645 and 0.587 for the two sets.

The DCA demonstrated that CM ¢jinicar + Rad-Hap achieved superior net clinical benefit compared to all- or no-
treatment strategies, as shown in Figure 6E and F. Furthermore, incorporating the Rad-Hab 435 + »p model with clinical
risk factors (T-stage, US-ALNSs) significantly improved the predictive performance of the CM cyinicar + Rad-tap- This
improvement was confirmed by significant increases in both the net reclassification improvement (NRI) and integrated
discrimination improvement (IDI) indicators in the training and validation sets (Table 4). NRI and IDI values for the
other models can be found in Table S5.

Discussion

In this study, we proposed a new approach that integrates ABVS- and 2D-based lesion imaging with radiomics and
habitat radiomics to predict the expression of Ki-67 in BC. Our results demonstrated that the Rad-Hab ,zy5:2p model
could accurately predict Ki-67 expression, and that incorporating clinical factors into this model (CM cjinicar + Rad-Hab)
further enhanced predictive performance. This approach provides a new strategy for constructing Ki-67 prediction
models in BC. More importantly, by leveraging ML to integrate radiomics features, our approach addresses tumor
heterogeneity and enables complex nonlinear feature interpretation, thereby improving predictive accuracy.
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Figure 4 Comparison of the performance of different radiomics models in the training and validation sets. This figure shows the distribution of radiomics model outputs
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Abbreviation: ABVS, automated breast volume scanner.

A previous study utilized six ML algorithms to integrate US radiomics with postoperative pathological features to
predict Ki-67 expression in breast malignancies, reporting that the LR achieved the best average predictive performance
(training AUC: 0.793, validation AUC: 0.798)."” Another similar study also attempted to predict Ki-67 expression, but
the predictive performance was only moderate.?” In our study, the Rad-Hab 35 + >p model achieved AUC values of
0.935 in the training cohort and 0.850 in the validation cohort, demonstrating strong predictive capability. Furthermore,
by integrating US features (US-ALNs and T-stage), the LightGBM-based CMc¢yinicar + Rad-tiap Mmodel achieved even
higher performance (training AUC: 0.951, validation AUC: 0.884). The calibration curve demonstrated excellent
predictive accuracy, while DCA showed good clinical benefits. These findings highlight the potential of ML-based
multimodal radiomics as a non-invasive tool for personalized clinical diagnosis and treatment planning.

Radiomics has emerged as a specialized field within medical imaging, enabling the extraction of high-throughput
quantitative features from medical images. This approach captures the intrinsic characteristics of breast tumors, and to
some extent, provides additional insights into Ki-67 expression in BC.*® By applying various ML or deep learning
algorithms to different imaging modalities,”'"?” key information about Ki-67 expression in BC can be obtained,
supplementing conventional pathological assessments. In our study, dimensionality reduction of the Rad-Hab zy5 + 2p
model yielded 24 key radiomics features related to the Ki-67 status. These features, combined with clinical variables,
were evaluated using four ML algorithms (LR, ET, XGBoost, and LightGBM). The results showed that LightGBM
demonstrated the best predictive performance. As a gradient boosting decision tree algorithm, LightGBM enhances
performance by increasing the number of boosting trees and offers efficiency and flexibility in modeling nonlinear
relationships. Its ability to handle large datasets with high-dimensional features makes it particularly effective for
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Table 3 Comparison of Radiomics and Sub-Region Features Across Different Models Using ABVS and 2D

Imaging

Group Model Accuracy | AUC | 95% CI Sensitivity | Specificity | PPV | NPV | FI

Training Clinical 0.723 0.720 | 0.662-0.775 | 0.571 0.791 0.547 | 0.559 | 0.559
Radagys+2p 0.670 0.755 | 0.688-0.813 | 0.824 0.602 0.478 | 0.885 | 0.605
Habagys+2p 0.781 0.779 | 0.688-0.813 | 0.505 0.903 0.697 | 0.805 | 0.585
Rad-Habpgys+p | 0.868 0.935 | 0.711-0.825 | 0.868 0.869 0.745 | 0.937 | 0.802
CMiinicat+Rad-Hab | 0.885 0.951 | 0.910-0.962 | 0.890 0.883 0.771 | 0.948 | 0.826

Validation | Clinical 0.643 0.648 | 0.557-0.734 | 0.581 0.674 0471 | 0.763 | 0.520
Radagys+2p 0.682 0.603 | 0.515-0.699 | 0.442 0.802 0.528 | 0.742 | 0.481
Habagys+2p 0.605 0.664 | 0.579-0.755 | 0.720 0.547 0.696 | 0.867 | 0.549
Rad-Habpgys+2p | 0.806 0.850 | 0.789-0.918 | 0.744 0.837 0.696 | 0.867 | 0.719
CMiinical+Rad-Hab | 0.782 0.884 | 0.831-0.949 | 0.860 0.744 0.627 | 0.914 | 0.725

Abbreviations: AUC, area under the curve; Cl, confidence interval; NPV, negative predictive value; PPV, positive predictive value, Fl, Fl score;
Radagys+2p Radiomics ABVS and 2D model; Hadpgys+,p, Habitat radiomics ABVS and 2D model; Rad-Habagys-2p, Radiomics and Habitat radiomics
ABVS and 2D model; CM jnicar + Rad-Habs Clinical-Radiomics—Habitat apys+,p Combined Model.

Table 4 Evaluation of CM cjinical + Rad-Hab @and Clinical Models Using NRI and IDI

Training set

Validation Set

Categorical NRI Continuous NRI IDI Categorical NRI Continuous NRI IDI
CM Clinical + Rad-Hab VS Clinical | 1.086 (0.953—1.218) | 1.276 (1.086—1.468) | 0.274 | 0.826 (0.602—1.049) | 0.884 (0.551-1.217) | 0.219
P <0.001 <0.001 <0.001 | <0.001 <0.001 <0.001

Abbreviations: NRI, net reclassification improvement; IDI, integrated discrimination improvement; CM cjical + Rad-Hab» Clinical-Radiomics—Habitat spys+,p Combined
Model.

predictive modeling.”” Numerous studies have confirmed the robustness and reliability of LightGBM in classification and
regression tasks,”” ! further proving its robustness and reliability as a powerful classification tool.

The results of this study indicated that, within our developed CM (jinicar + Rad-rap Model, the Rad-Hab gy + 2p
component was the most influential predictive factor. Tumors represent complex ecosystems, and intratumoral hetero-
geneity is often distributed unevenly throughout the lesion.*> However, regional heterogeneity within the tumor is
frequently overlooked. Recent studies have shown that voxels at different spatial locations within an image may share
similar imaging features, and these sub-regions may exhibit comparable biological characteristics.>> Therefore, to better
study and quantify such regional heterogeneity, habitat radiomics divides tumors into sub-regions consisting of voxel
clusters with similar characteristics for unsupervised analysis.>* Recently, this approach has achieved promising results in
the assessment of parotid gland tumors, liver cancer, and BC, among others.>***> In our CM cyinicar+ Rad-rra» model, it is
noteworthy that most of the 24 selected radiomics features were derived from wavelet features (16 features). These
wavelet features effectively capture heterogeneity at multiple spatial scales (Figure S3),%¢ patterns that are typically
imperceptible through visual inspection but can be extracted using radiomics and mathematically correlated with the Ki-
67 status. Although the Rad_Hab 3y >p model alone demonstrated strong predictive performance, incorporating clinical
parameters (T-stage, OR = 3.078; US-ALNs, OR = 4.759) significantly improved the overall performance of the
CMinicai+apvs+2p model (training set: Z = 2.669, P = 0.007; validation set: Z = 2.662, P = 0.009). This observation

result is consistent with the studies,”''*’

emphasizing that only by fully leveraging multi-dimensional data can the
radiomics features reach their full potential in predicting Ki-67 expression (Table 3 and Figure 6).

Although previous studies have used either ABVS or 2D single-modality images to predict Ki-67 expression, to our
knowledge, this study is the first to integrate radiomics features from both ABVS and 2D US images, including sub-
regional (habitat) features, for Ki-67 prediction. However, several limitations should be noted. First, as a single-center
retrospective study, potential selection bias may limit the generalizability of the findings; future multicenter, prospective

studies are needed to address this issue. Second, while this study is the first to employ multimodal sub-region radiomics
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analysis for Ki-67 prediction, model interpretability remains challenging due to the complexity of habitat radiomics, and
incorporating explainable Al techniques could improve clinical interpretability. Third, our study was restricted to ABVS
and 2D US images, excluding other modalities such as mammography and MRI, which could provide complementary
diagnostic information; integrating these modalities in future studies may further enhance model performance. Lastly,
radiomics features were extracted only from ABVS coronal images and the maximum 2D tumor section; extending
analyses to 3D imaging or multiple planes may provide a more comprehensive characterization of tumor heterogeneity.
In the future, we plan to explore correlations between radiomics or deep learning features and biomarkers such as Ki-67
and HER-2 expression, as well as treatment responses to NAT, using multimodal imaging, to provide deeper insights for
the precise treatment of BC.

Conclusion

In conclusion, this study demonstrates that integrating ML with ABVS and 2D US tumor- and sub-regional-based
radiomics features can effectively predict Ki-67 expression in BC. The developed CMcyinicar + Rad-Hap» Model, which
combines US indicators with radiomics features, achieves excellent classification performance and shows substantial
clinical value. This approach holds significant potential for improving preoperative diagnostic accuracy and facilitating
therapeutic efficacy assessment of BC biomarkers.
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