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Objective: This study aimed to develop an interpretable model integrating dynamic MRI intratumoral heterogeneity (ITH) scores for
early assessment of pathological complete response (pCR) in breast cancer patients receiving neoadjuvant chemotherapy (NAC).
Methods: A total of 400 breast cancer patients from three centers were prospectively enrolled. Among them, 300 patients from the
Affiliated Hospital of Xuzhou Medical University were randomly assigned in a 7:3 ratio to a training set (n = 210) and an internal
validation set (n = 90), while 50 patients from Xuzhou Cancer Hospital and 50 patients from Xuzhou First People’s Hospital
constituted the external validation set. Clinicopathological characteristics and dynamic contrast-enhanced magnetic resonance imaging
(DCE-MRI) data were collected. The baseline MRI-ITH score (ITHO) and dynamic changes at 2 weeks (MRI-Delta-ITH1) and
4 weeks (MRI-Delta-ITH2) after treatment initiation were calculated. Seven predictive models were constructed using logistic
regression, and SHAP analysis was used to interpret feature contributions.

Results: The model integrating clinical features and MRI-AITH? yielded the best performance, with area under the receiver operating
characteristic curve (AUC) values of 0.940, 0.873, and 0.917 in the training, internal validation, and external validation sets,
respectively. SHAP analysis revealed that MRI-AITH2 (31.7%), PR status (24.3%), and HER-2 status (18.8%) were the core predictive
factors.

Conclusion: A predictive model integrating dynamic MRI-ITH scores with clinicopathological features demonstrated favorable
performance for early assessment of pCR after NAC in breast cancer patients. Further multicenter validation is warranted before
clinical translation.

Keywords: breast cancer, neoadjuvant chemotherapy, magnetic resonance imaging, intratumoral heterogeneity, SHapley Additive
exPlanations, prediction model

Introduction
Breast cancer is one of the most common cancers affecting women worldwide.! Neoadjuvant chemotherapy (NAC) is an
indispensable component of integrated therapy for the treatment of locally advanced and progressive breast cancer.
Achievement of pathological complete response (pCR) after NAC is considered an important indicator for predicting
a patient’s future survival prognosis.” However, NAC is not always effective in these cases. Patients with poor treatment
results, besides encountering side effects from chemotherapy, also have a worse prognosis and reduced eligibility for
surgery.” Therefore, prediction of the effects of NAC on breast cancer is urgently needed.

Radiomics provides the ability to derive higher-order omics-based parameters from the ROI of tumors, which
describes the intrinsic biology and chemotherapy sensitivity of tumors and has shown considerable promise in predicting
the response to NAC in breast cancer patients.* The use of dynamic contrast enhanced magnetic resonance imaging
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(DCE-MRI) is one of the most common imaging modalities used to evaluate the efficacy of NAC in breast cancers.
However, conventional DCE-MRI metrics alone have certain shortcomings as early predictors of pCR.’

Intratumor heterogeneity (ITH) in breast cancer is significantly high, and its influence on treatment outcomes and
disease relapse is considerably negative.® At present, there are two methods for estimating ITH, genomics and
histopathology, which suffer from sampling bias. By combining radiomics, MRI provides quantitative information on
the entire tumor area without being invasive and minimizing the sampling bias. Moreover, it allows for dynamic
observations and provides real-time data that can be used to assess treatment efficacy.” Recently, with the development
of radiomics and quantitative MRI analysis, MRI-based prediction studies for NAC response have become an active
research area. In this context, the present study aimed to construct an interpretable model based on dynamic MRI-ITH
scores for early assessment of treatment response in breast cancer.

Materials and Methods
Study Design and Population

This study adopted a multicenter prospective cohort design. A total of 400 patients with breast cancer who underwent
NAC and had complete dynamic MRI data were enrolled from three centers, including the Affiliated Hospital of Xuzhou
Medical University, Xuzhou Cancer Hospital, and Xuzhou First People’s Hospital. Of these, 300 patients from the
Affiliated Hospital of Xuzhou Medical University recruited between January 2015 and June 2025 were randomly divided
in a 7:3 ratio into a training cohort (n = 210) and an internal validation cohort (n = 90). Fifty patients from Xuzhou
Cancer Hospital and fifty patients from Xuzhou First People’s Hospital during the same period formed the external
validation cohort.

Inclusion Criteria

(D Female patients aged > 18 years with complete clinical demographic data and other pertinent information; @ Breast
MRI plain scan and contrast-enhanced imaging performed 1 week prior to NAC initiation and following the completion
of treatment; (® patients with pathologically confirmed invasive breast cancer following surgical resection; @ Unilateral
breast lesions; (® patients who provided written informed consent to participate in the study.

Exclusion Criteria

(O Patients without any data from MRI scans that would allow defining their ROIs clearly; @ Patients who have no
evidence of histopathological evaluation; (3 Patients with a history of breast tumor surgery, radiation, and/or chemother-
apeutic treatment; (® Patients for whom information about their age, ER, PR, HER-2, Ki-67, and other biomarkers is not
comprehensive enough; & Patients with a history of other cancers besides breast tumors.

Sample Size Calculation

Based on relevant literature, we assumed an area under the receiver operating characteristic curve (AUC) of 0.80 for
a single MRI radiomics model (AUC), and a minimum AUC of 0.90 for the combined MRI radiomics model (AUC,),
with a ratio of NAC-responsive to non-responsive patients of 2:1. The sample size for the study was determined using
PASS 15.0, which requires a minimum of 200 patients to develop a dynamic predictive model for NAC efficacy. To
ensure the validity of the model in terms of its generalizability, 300 patients were randomly recruited from the main
institution between January 2015 and June 2025 into a training cohort (n=210) and an internal validation cohort (n=90).
Additionally, 50 patients from each of the other two collaborating institutions during this period formed the external
validation cohort, totaling 400 patients.

Data Collection

Clinicopathological Data

Patient age at diagnosis and the expression levels of tumor biomarkers detected via immunohistochemistry, including ER,
PR, HER-2, and Ki-67, were collected.
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Breast MRI Examination, Image Analysis, and Feature Extraction

MRI Examination

MRI examinations were performed using a 3.0-T scanner (MAGNETOM Skyra, Siemens Healthineers, Erlangen,
Germany) with a dedicated 16-channel bilateral breast phased-array coil. Patients were scanned in the prone position
with both breasts naturally pendant, and the scanning range covered both breasts and the axillary regions. The MRI protocol
included the following sequences: (1) axial gradient-echo T1-weighted imaging (T1WI): repetition time (TR), 5.4 ms; echo
time (TE), 2.46 ms; field of view (FOV), 350x350 mm,; slice thickness, 2.2 mm; interslice gap, 0.4 mm; matrix, 448 x 403;
number of slices, 80; acquisition time, 50s; (2) axial fat-suppressed fast spin-echo T2-weighted imaging (T2WI): TR, 3570
ms; TE, 69 ms; FOV, 350350 mm; slice thickness, 5 mm; interslice gap, 0.6 mm; matrix, 384 x 269; number of slices, 34;
acquisition time, 79s; and (3) dynamic contrast-enhanced MRI (DCE-MRI) using a 3D fat-suppressed T1-weighted
gradient-echo sequence: TR, 4.5 ms; TE, 1.6 ms; FOV, 340x340 mm; slice thickness, 1.5 mm; interslice gap, 0 mm;
matrix, 384 x 384; number of slices, 80; acquisition time, 360s. After one precontrast acquisition, gadopentetate dimeglu-
mine (Gd-DTPA; Bayer, Germany) was injected intravenously at a dose of 0.1 mmol/kg and a rate of 2 mL/s, followed
immediately by a 15-mL saline flush. Five consecutive postcontrast DCE-MRI phases were then acquired.

Image Analysis

Two radiologists with more than 12 years of experience in breast imaging diagnosis analyzed the images in a manner
blinded to the pathological results. In case of discrepancies, consultations with senior radiologists were conducted to
reach a consensus regarding the extraction of traditional MRI features.

MRI Image Segmentation and Feature Extraction

The acquired images were processed using ITK-SNAP 4.2.2. An experienced radiologist with 12 years of experience in
diagnosing diseases in the breasts marked the ROIs layer by layer along the tumor border covering the whole tumor to
create the VOI (Figure 1). Subsequently, MRI-ITH scores were calculated using an ITHscore-based whole-tumor
volumetric analysis pipeline. Briefly, MRI images and the corresponding three-dimensional tumor segmentation masks
were loaded for each patient, and the segmented tumor volume of interest (VOI) was used for intratumoral heterogeneity
analysis. Voxel-level radiomic features were extracted within the tumor VOI. To characterize intratumoral heterogeneity
more adaptively, an adaptive clustering strategy was applied to the extracted feature matrix, with the optimal cluster
number selected within a predefined range according to multiple clustering evaluation criteria, including the silhouette
method, elbow method, and Calinski-Harabasz index. The final clustering map was then used to calculate the ITHscore.
Based on serial MRI examinations, the baseline ITH score (ITHO) and the dynamic change-derived indices at 2 weeks
(MRI-Delta-ITH1) and 4 weeks (MRI-Delta-ITH2) after treatment initiation were used for downstream model

construction.

Figure | Representative DCE-MRI images of a breast cancer patient before and during neoadjuvant chemotherapy (NAC). (A) Baseline MRI before treatment initiation. (B)
MRI obtained 2 weeks after NAC initiation. (C) MRI obtained 4 weeks after NAC initiation. The red-highlighted regions indicate the tumor lesion, and the arrows indicate
the corresponding lesion location.

Abbreviations: DCE-MRI, dynamic contrast-enhanced magnetic resonance imaging; NAC, neoadjuvant chemotherapy.
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Reproducibility

To assess VOI segmentation reproducibility, a randomly selected subset of cases underwent interobserver and/or
intraobserver repeated segmentation, and intraclass correlation coefficients (ICCs) were calculated to assess the stability
of MRI-ITH-related heterogeneity features. Only reproducible features were retained for subsequent analysis. The
extracted heterogeneity features showed good reproducibility, with ICC values ranging from 0.87 to 0.95.

Model Construction and Evaluation

Development of the MRI-ITH Score Model

The primary endpoint was pathological complete response (pCR), determined on the basis of postoperative surgical
pathology after NAC. pCR was defined as the absence of residual invasive disease in the breast and axillary lymph nodes
(ypT0/is ypNO). Using the pCR status as the dependent variable and MRI-ITH scores (ITHO, AITHI1, and AITH2) as the
independent variables, a predictive model based on MRI-ITH scores was developed.

Screening of Clinical Predictors and Model Development
The clinical predictive factors related to NAC effectiveness were determined using univariate and multivariate logistic
regression analyses, and a clinical predictive model was constructed.

Development of the Integrated Model

Seven predictive models were developed using logistic regression, a supervised classification algorithm widely used in
both statistical prediction modeling and machine-learning-based clinical research. A clinical model, three MRI-ITH-
based models, and three integrated models combining clinicopathological variables with MRI-ITH-derived indices were
constructed. SHAP (SHapley Additive exPlanations) analysis was subsequently performed to explain the contribution of
individual predictors to the final model outputs.

Statistical Analysis

Normally distributed continuous data variables are presented in this study, and descriptive statistics are presented as mean
+ standard deviation (SD). However, when non-normally distributed, the mean of the continuous variable data was
presented as median (IQR, P,s—P7s). Categorical data are presented as frequencies (%). An independent samples ¢-test
was adopted when two normally distributed variables were compared and variances were homogeneous. In contrast,
when two normally distributed variables were compared and variances were heterogeneous, Welch’s #-test was used.
When comparing three normally distributed variables, one-way analysis of variance (ANOVA, F-test) was conducted.
However, the Kruskal-Wallis H-test was used to compare the three variables that were not normally distributed. The
Pearson’s y > test was performed for the two categories of categorically distributed variables.

Logistic regression models were developed to identify the clinicopathological characteristics that could lead to the
success of NAC in patients with breast cancer, and several predictive models with the inclusion of MRI-ITH scores were
established. Model performance was evaluated using ROC curves, AUC values with 95% confidence intervals, sensi-
tivity, specificity, accuracy, and Fl-score. DeLong tests were additionally used to compare ROC performance between
models. Calibration was assessed using calibration curves together with the Hosmer-Lemeshow test. Decision curve
analysis (DCA) was performed to evaluate the potential clinical net benefit of the seven predictive models.

All calculations and graphs were performed using Python 3.9.2. Statistical significance was set at P < 0.05.

Results

Baseline Characteristics of Patients

A total of 400 patients with breast cancer were included in this study, with a mean age of 48.83 = 16.84 years. Among the
entire study population, 120 patients (30.0%) achieved pCR after NAC, whereas 280 patients (70.0%) did not. There
were no significant differences in baseline clinicopathological characteristics, including age, menopausal status, histolo-
gical grade, ER status, PR status, HER-2 status, and Ki-67 expression, among the training, internal validation, and
external validation cohorts (all P > 0.05), indicating good comparability across the three datasets (Table 1).
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Table 1 Comparison of Clinicopathological Characteristics of Patients in Different Datasets

Clinicopathological Characteristics Training Internal Validation | External Validation | y’/F P
Set (n = 210) Set (n = 90) Set (n = 100)

Age 4847 £ | 1.51 4882 + |1.67 49.58 £ |1.76 0311 | 0.733
Menopausal 3.751 | 0.153
- Postmenopausal 81 (38.57) 40 (44.44) 50 (50.00)

- Premenopausal 129 (61.43) 50 (55.56) 50 (50.00)

Grade 3.936 | 0415
-1 21 (10.00) 10 (11.11) 16 (16.00)

-2 105 (50.00) 42 (46.67) 52 (52.00)

-3 84 (40.00) 38 (42.22) 32 (32.00)

T stage 0.367 | 0.832
-THUT2 143 (68.10) 59 (65.56) 65 (65.00)

- T3/T4 67 (31.90) 31 (34.44) 35 (35.00)

N stage 4.725 | 0.094
- NO/NI 142 (67.62) 50 (55.56) 59 (59.00)

- N2/N3 68 (32.38) 40 (44.44) 41 (41.00)

ER 0.014 | 0.993
- Negative 83 (39.52) 35 (38.89) 39 (39.00)

- Positive 127 (60.48) 55 (61.11) 61 (61.00)

PR 2.897 | 0.235
- Negative 86 (40.95) 33 (36.67) 31 (31.00)

- Positive 124 (59.05) 57 (63.33) 69 (69.00)

HER-2 1.878 | 0.391
- Negative 143 (68.10) 55 (61.11) 62 (62.00)

- Positive 67 (31.90) 35 (38.89) 38 (38.00)

Ki-67 2.739 | 0.254
- 20 174 (82.86) 76 (84.44) 90 (90.00)

->20 36 (17.14) 14 (15.56) 10 (10.00)

pCR 0.689 | 0.708
- Non-pCR 148 (70.48) 60 (66.67) 72 (72.00)

- pCR 62 (29.52) 30 (33.33) 28 (28.00)

Reproducibility of MRI-ITH-Related Features

The MRI-ITH-related heterogeneity features demonstrated good reproducibility, with ICC values ranging from 0.87
to 0.95.

Comparison of Clinicopathological and Imaging Features Between pCR and Non-pCR

Patients in the Training Set
The training set comprised 210 patients, 148 in the non-pCR group and 62 in the pCR group. The results demonstrated
that compared with the non-pCR group, the pCR group had a higher proportion of postmenopausal patients (33.78% vs
50.00%, P=0.028), a higher proportion of histological grade 1 (6.08% vs 19.35%), a lower proportion of grade 3 (44.59%
vs 29.03%, P=0.005), a higher proportion of ER-negative cases (29.73% vs 62.90%, P<0.001), a higher proportion of
PR-negative cases (26.35% vs 75.81%, P<0.001), a higher proportion of HER-2-positive cases (23.65% vs 51.61%,
P<0.05), a higher proportion of Ki-67>20% (12.84% vs 27.42%, P=0.011), lower MRI-ITHO (median [interquartile
range (IQR)], 0.80 [0.70-0.89] vs 0.72 [0.68-0.78], P<0.001), lower MRI-AITH1 (median [IQR], 0.94 [0.81-1.09] vs
0.64 [0.53-0.79], P<0.001), and lower MRI-AITH2 (median [IQR], 0.89 [0.76-1.06] vs 0.52 [0.42-0.70], P<0.001).
In conclusion, the menopausal status, histological grading, estrogen receptor positivity, progesterone receptor
positivity, HER-2 positivity, Ki-67, MRI-ITHO, MRI-AITH1, and MRI-AITH2, among the listed variables, had
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Table 2 Comparison of Clinicopathological and Imaging Features Between pCR and Non-

pCR Patients in the Training Set

Clinicopathological Characteristics | Non-pCR pCR Ptz | P
(N=148) (N=62)

Age 48.00 = |1.17 48.66 + |1.68 0.387 | 0.700

Menopausal 4.850 0.028

- Postmenopausal 50 (33.78) 31 (50.00)

- Premenopausal 98 (66.22) 31 (50.00)

Grade 2.788 | 0.005

- 9 (6.08) 12 (19.35)

-2 73 (49.32) 32 (51.61)

-3 66 (44.59) 18 (29.03)

T stage 0.334 | 0.563

-TIT2 99 (66.89) 44 (70.97)

-T3/T4 49 (33.11) 18 (29.03)

N stage 0.989 | 0.320

- NO/NI 97 (65.54) 45 (72.58)

- N2/N3 51 (34.46) 17 (27.42)

ER 20.117 | <0.0001

- Negative 44 (29.73) 39 (62.90)

- Positive 104 (70.27) 23 (37.10)

PR 44.195 | <0.0001

- Negative 39 (26.35) 47 (75.81)

- Positive 109 (73.65) 15 (24.19)

HER-2 15.728 | <0.0001

- Negative 113 (76.35) 30 (48.39)

- Positive 35 (23.65) 32 (51.61)

Ki-67 6.541 0.011

- <20% 129 (87.16) 45 (72.58)

- >20% 19 (12.84) 17 (27.42)

MRI-ITHO 0.80 (0.70-0.89) | 0.72 (0.68-0.78) | 4.170 | <0.0001I

MRI-AITHI 0.94 (0.81-1.09) | 0.64 (0.53-0.79) | 7.145 | <0.0001I

MRI-AITH2 0.89 (0.76-1.06) | 0.52 (0.42-0.70) | 8.656 | <0.0001l

Notes: MRI-ITHO, MRI-ITHI, and MRI-ITH2 represent the MRI-ITH scores at TO, T|, and T2, respectively. MRI-AITH|
and MRI-AITH2 represent the change ratios of the MRI-ITH scores at T1 and T2 relative to TO.

significant differences between the two groups (P < 0.05) and are therefore considered potential factors to predict pCR.
Age, T stage, and N stage were not significantly different (P > 0.05) between the two groups (Table 2).

Model Construction

Identification of Clinical Predictive Factors

Multivariate logistic regression was performed using pCR as the dependent variable, while others, such as menopausal
status, histologic grade, ER, PR, HER-2 and Ki-67, were considered as the independent variables. From the analysis
conducted, it was found that the level of ER (OR = 0.27, 95% CI: 0.13-0.55, P<0.001), PR (OR=0.12, 95% CI: 0.06—
0.26, P<0.001), HER-2 (OR=3.00, 95% CI: 1.41-8.96, P=0.008) were independent predictive factors for pCR (Table 3).

Construction and Evaluation of Prediction Models

To identify the optimal predictive model, we integrated clinicopathological and imaging features, with pCR status as the
dependent variable, and developed seven distinct models for comparative analysis: O Clinical Model (ER, PR, HER-2,
Ki-67); @ MRI-ITHO; ® MRI-AITHI; ® MRI-AITH2; ® Clinical+MRI-ITHO; ® Clinical+MRI-AITH1; @ Clinical
+MRI-AITH2. Model performance was evaluated using ROC curves, AUC values with 95% confidence intervals,
sensitivity, specificity, accuracy, and Fl-score. DeLong tests were additionally used to compare ROC performance
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Table 3 Logistic Regression Analysis Results of Clinicopathological Features Affecting

pCR

Variable Univariate Multivariate
OR (95% CI) P OR (95% CI) P

Menopausal (Postmenopausal) | 0.51 (0.28-0.93) | 0.029
Grade (2) 0.33 (0.12-0.85) | 0.023
Grade (3) 0.02 (0.07-0.56) | 0.002
ER (Positive) 0.25 (0.13-0.46) | <0.0001 | 0.27 (0.13-0.55) | <0.0001
PR (Positive) 0.11 (0.06-0.22) | <0.0001 | 0.12 (0.06—0.26) | <0.0001
HER-2 (Positive) 3.44 (1.85-6.49) | <0.0001 | 3.00 (1.43-6.40) | 0.004
Ki-67 (>20%) 2.56 (1.22-5.26) | 0.012 3.45 (1.41-8.96) | 0.008

Table 4 Comparison of the Performance of Different Models in Predicting pCR After NAC in
Breast Cancer

Model Dataset AUC | Sensitivity | Specificity | Accuracy | Fl
Clinical Model | Training Set 0.849 | 0.565 0.885 0.790 0.614
Internal Validation Set | 0.829 | 0.567 0.900 0.789 0.642
External Validation Set | 0.782 | 0.429 0.931 0.790 0.533
MRI-ITHO Training Set 0.683 | 0.608 0.632 0.671 0.580
Internal Validation Set | 0.744 | 0.623 0.667 0.644 0.610
External Validation Set | 0.768 | 0.664 0.631 0.670 0.632
MRI-AITHI Training Set 0.813 | 0.581 0919 0.819 0.655
Internal Validation Set | 0.799 | 0.467 0.933 0.778 0.583
External Validation Set | 0.842 | 0.500 0.889 0.780 0.560
MRI-AITH2 Training Set 0.879 | 0.645 0919 0.838 0.702
Internal Validation Set | 0.827 | 0.633 0817 0.756 0.633
External Validation Set | 0.838 | 0.643 0.847 0.790 0.632
Clinical+ITHO Training Set 0.862 | 0.613 0.899 0814 0.661
Internal Validation Set | 0.866 | 0.600 0.867 0.778 0.643
External Validation Set | 0.819 | 0.464 0917 0.790 0.553
Clinical+AITHI | Training Set 0.926 | 0.726 0.905 0.852 0.744
Internal Validation Set | 0.896 | 0.667 0.933 0.844 0.741
External Validation Set | 0.904 | 0.643 0.958 0.870 0.735
Clinical+AITH2 | Training Set 0.940 | 0.726 0912 0.857 0.750
Internal Validation Set | 0.873 | 0.633 0.817 0.756 0.633
External Validation Set | 0.917 | 0.714 0917 0.860 0.741

between models. Calibration was assessed using calibration curves together with the Hosmer-Lemeshow test, and
decision curve analysis (DCA) was performed to evaluate the potential clinical net benefit. The results are shown in
Table 4 and Figures 2-5.

Among the seven models, the Clinical + MRI-Delta-ITH2 model achieved the best overall discriminative perfor-
mance. The AUCs of this model were 0.940 (95% CI: 0.908-0.972), 0.873 (95% CI: 0.800-0.947), and 0.917 (95% CI:
0.844-0.991) in the training, internal validation, and external validation cohorts, respectively. The corresponding
sensitivities were 0.726, 0.633, and 0.714; the specificities were 0.912, 0.817, and 0.917; the accuracies were 0.857,
0.756, and 0.860; and the Fl-scores were 0.750, 0.633, and 0.741, respectively. Calibration performance of the seven
predictive models is shown in Figure 3. The training cohort demonstrated acceptable agreement between predicted and

observed probabilities, whereas calibration in the validation cohorts was less stable.
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Figure 2 Receiver operating characteristic (ROC) curves of the seven predictive models for early assessment of pathological complete response (pCR) after neoadjuvant
chemotherapy (NAC) in breast cancer patients. (A) Training cohort. (B) Internal validation cohort. (C) External validation cohort. The AUC values of all models are shown

within each panel.

Abbreviations: ROC, receiver operating characteristic; AUC, area under the curve; MRI-ITH, magnetic resonance imaging-based intratumoral heterogeneity.
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Figure 3 Calibration curves of the seven predictive models for early assessment of pathological complete response (pCR) after neoadjuvant chemotherapy (NAC) in breast
cancer patients. (A) Training cohort. (B) Internal validation cohort. (C) External validation cohort. The seven models included the Clinical Model, MRI-ITHO model, MRI-
Delta-ITHI model, MRI-Delta-ITH2 model, Clinical+ITHO model, Clinical+Delta-ITHI model, and Clinical+Delta-ITH2 model. The diagonal dashed line represents ideal

agreement between predicted and observed probabilities.

Abbreviation: MRI-ITH, magnetic resonance imaging-based intratumoral heterogeneity.
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Abbreviations: SHAP, SHapley Additive exPlanations; MRI-ITH, magnetic resonance imaging-based intratumoral heterogeneity.
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Figure 5 Decision curve analysis (DCA) of the seven predictive models for early assessment of pathological complete response (pCR) after neoadjuvant chemotherapy
(NAC) in breast cancer patients. (A) Training cohort. (B) Internal validation cohort. (C) External validation cohort. The seven models included the Clinical Model, MRI-ITHO
model, MRI-Delta-ITHI model, MRI-Delta-ITH2 model, Clinical+ITHO model, Clinical+Delta-ITHI model, and Clinical+Delta-ITH2 model. The x-axis indicates the threshold
probability, and the y-axis indicates the net benefit.

Abbreviations: DCA, decision curve analysis; MRI-ITH, magnetic resonance imaging-based intratumoral heterogeneity.

SHAP Visualization of the Model

SHAP analysis was used to interpret the decision process of the optimal model. MRI-Delta-ITH2, PR status, and HER-2
status were identified as the most influential predictors. The SHAP findings were interpreted as reflecting feature
contribution to model output rather than direct evidence of specific biological mechanisms.

As shown in Figure 4, the beeswarm chart on the left (beeswarm plot) clearly shows the direction and impact strength
of the influence of each variable using the contribution of the Shapley value, while the circular chart on the right (circular
plot) shows the quantitative importance of each variable. These results indicate that ER status, PR status, HER-2 status,
Ki-67 expression, and MRI-AITH?2 are the key variables that contribute to the prediction results. For the Beeswarm plot,
the Shapley value contribution is marked on the x-axis, whereas feature names are marked on the y-axis with red—purple—
blue color scales, corresponding to feature values (red = high, blue = low).

There are many points with high values for ER, PR, and MRI-AITH2, with Shapley values > 0, and are colored in
blue. This implies that high values of ER, PR, and MRI-AITH2 contribute to negative predictions. Therefore, high levels
of ER and PR expression, as well as MRI-AITH2 values, tended to negatively predict pCR, indicating that individuals
with high levels of ER and PR expression and high MRI-AITH2 are unlikely to achieve pCR. In contrast, there were
many points with high values for HER-2 and Ki-67, with Shapley values > 0 and colored red. This indicated that high
levels of HER-2 and Ki-67 expression contributed to positive predictions. This implies that patients with high levels of
HER-2 expression and Ki-67 expression are more likely to achieve pCR.

Furthermore, in the circular plot, the relative importance of the features on a global scale was evaluated numerically.
Thus, the feature with the highest global relative importance of 31.7% is MRI-AITH2; the second feature with 24.3% is
PR status, followed by HER-2 status with 18.8%. Together, these three features make up more than 70% of the relative
importance and constitute the “core feature set”, while ER status (14.4%) and Ki-67 (10.8%) contribute less than 15%.

Discussion
In conclusion, this study constructed an interpretable model incorporating dynamic MRI-ITH scores for early assessment
of pCR after NAC in patients with breast cancer.

In this study, 400 patients with breast cancer were enrolled, with a pCR rate of 30.00%. This pCR rate was generally
consistent with the range reported in contemporary multicenter studies,® supporting the clinical relevance of the study
population. In addition, the training cohort analysis showed significant differences in several clinical, pathological, and
imaging characteristics between the pCR and non-pCR groups, providing useful clues for treatment-response prediction.
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In terms of clinicopathological features, the pCR group had higher frequencies of ER negativity, PR negativity, HER-
2 positivity, and Ki-67 >20%, and these variables were identified as independent predictors of pCR in multivariate
logistic regression analysis. This observation is generally consistent with previous cohort studies, including findings from
the International Breast Cancer Study Group (IBCSG), which suggested that ER/PR-negative tumors may show greater
sensitivity to cytotoxic chemotherapy because of the lack of hormone signaling.” On the other hand, in HER-2-positive
breast cancer, the addition of trastuzumab to conventional chemotherapy can increase the probability of pCR to 40—
60%.'° Ki-67 serves as a classic marker for proliferation and represents the proliferative status of tumor cells. A high Ki-
67 value (>20%) implies that the tumor cells have entered the actively proliferating stage and, thus, become more
sensitive to chemotherapeutic-induced cell death.''

Notably, considerable disparities were detected in radiomics features (MRI-ITHO, MRI-AITHI, and MRI-AITH2)
between both patient cohorts (with lower values in the pCR group), demonstrating strong links between alterations of
intratumoral heterogeneity in dynamics and chemotherapy responsiveness. The conventional approach for assessing ITH
requires biopsy with sampling bias.'? In contrast, the proposed radiomic intratumoral heterogeneity scoring approach
using MRI images allows for the detection of the entire tumor heterogeneity. Indeed, a reduction in MRI-AITH2 (ie, the
difference in the ITH compared to the baseline level at 4 weeks after the treatment course) in the pCR group suggests that
the greater the tumor clonal homogenization after chemotherapy, the greater the probability of complete response. This is
in line with the statement from the latest review, which states that “reduced ITH is an early imaging sign of effective
treatment”.'?

In this study, seven combined models were built, and the model consisting of Clinical + MRI-AITH2 performed best,
with an AUC value of 0.940 for the training group and 0.873 and 0.917 for the internal and external validation groups,
respectively, which were significantly superior to either the single clinical model (AUC: 0.782-0.849) or the single
imaging model (AUC: 0.683-0.768). This result validates the academic principle of “multi-modal fusion improves
prediction performance”, as clinicopathological parameters show the molecular subtypes and proliferation activity of
tumors, and the ITH index of MRI reflects the tumor heterogeneity and dynamics.'* The advantages of this model
relative to other studies include the following.

First, high discriminative ability, with an estimated 15-20% increment in AUC when compared to models using
single DCE-MRI characteristics (AUC: 0.683—0.768).

Second, The model demonstrated promising performance in the external validation cohort, although broader valida-
tion across more diverse regions and platforms is still needed.'” This indicates that the dynamic ITH score (MRI-AITH2)
integrates mid-treatment imaging changes and better reflects real-time tumor response compared to baseline static
features and that the rigorous multicenter validation design mitigates the impact of regional bias on model stability."®

The “black box” limitation of predictive models has long been a barrier to clinical translation. In this study, SHAP
analysis improved the interpretability of the optimal model and highlighted MRI-AITH2, PR status, and HER-2 status as
the most influential features. A high MRI-AITH2 value may indicate a slower reduction in tumor heterogeneity, whereas
ER/PR positivity may reflect hormone dependence, both of which were negatively associated with pCR. In contrast,
HER-2 positivity and high Ki-67 expression were positively associated with pCR. These findings support the potential
value of dynamic imaging heterogeneity for early treatment-response assessment, although the underlying biological
mechanisms require further validation.'”'®

This interpretability may enhance clinician understanding of the model and help identify patients who require closer
monitoring during treatment; however, further prospective clinical studies are still needed before model-guided treatment
adjustment can be recommended.

The main clinical value of this study lies in providing a potentially useful tool for early treatment-response assessment
in breast cancer patients receiving NAC. Rather than directly guiding treatment modification, the model may help
identify patients who require closer evaluation during therapy. Further prospective clinical studies are still needed before
model-guided treatment adjustment can be recommended in practice.'®'

This study has several limitations. First, although the study was prospectively conducted across multiple centers, the
sample size remained moderate, and further validation in larger and more diverse populations is needed. Second,
genomic or transcriptomic data were not incorporated, limiting deeper biological interpretation of the imaging findings.
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Third, although MRI-ITH was quantified on the basis of the whole-tumor VOI, further methodological standardization
across software pipelines, segmentation procedures, and multicenter imaging protocols is still needed to improve
reproducibility and clinical translation. Fourth, although multicenter data were included, additional scanner-level
harmonization strategies such as ComBat were not implemented and should be considered in future work.

Conclusion

In conclusion, a predictive model integrating clinicopathological variables with dynamic MRI-ITH scores demonstrated
favorable performance for early assessment of pCR after NAC in breast cancer patients. The model showed promising
discrimination and interpretability in both internal and center-based external validation cohorts. Further large-scale
multicenter validation is warranted before clinical translation.
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