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[bookmark: OLE_LINK8][bookmark: _Hlk182262357]Appendix S1: Inclusion and Exclusion Criteria for Patients with Breast Cancer
The inclusion criteria were as follows:
[bookmark: OLE_LINK20](1) Patients were adult females ≥ 18 years of age; 
(2) Preoperative breast MRI examination and confirmation of breast cancer by surgical pathology; 
(3) Female subjects with clinical cases of definite lesions were required to have complete clinical data, including clinical, pathological, and imaging. 
The exclusion criteria were as follows: 
(1) Lack of complete breast MRI clinicopathological data (n = 66);
(2) Did not undergo MR examination before surgery (n = 97);
(3) The image did not meet the delineation requirements or the image sequence was incomplete (n =53);
(4) Distant metastasis has occurred at the time of initial diagnosis (n = 5);
(5) Unavailable follow-up data (n = 11).
[bookmark: _Hlk182589913][bookmark: _Hlk197976718][bookmark: _Hlk197976847]Appendix S2: Deep Learning Training Process Details
Transfer Learning: We assessed the performance of advanced architectures such as ResNet18, VGG19, and DenseNet121 to enhance the capabilities of conventional CNN models. Due to the best performance of ResNet18, this study decided to use ResNet18 as the architecture of the model.
[bookmark: _Hlk202885213][bookmark: OLE_LINK22][bookmark: _Hlk197976863]Data Preparation: Our preprocessing pipeline began by resampling all images to a consistent resolution of 1×1×1 mm³ using SimpleITK (v2.2.1), ensuring spatial uniformity. Z-score normalization was applied using the mean and standard deviation derived exclusively from the training cohort, with these statistics then independently applied to all cohorts to standardize intensity distributions across RGB channels while preventing data leakage. During training, we utilized real-time data augmentation techniques, including random cropping and both horizontal and vertical flipping; for test images, only normalization was conducted. Additionally, grayscale values of the slices were standardized through a min-max transformation, and images were resized to 224 × 224 pixels using nearest neighbor interpolation.
Training Parameters: To improve model generalization, we adjusted the learning rate using a cosine decay strategy, described by the equation:

where  and . We utilized Stochastic Gradient Descent (SGD) as the optimizer and employed softmax cross-entropy as the loss function.
[bookmark: _Hlk182590273]
Appendix S3: Multi-Instance Learning-Based Feature Fusion
Our multi-instance learning (MIL) approach aimed to enhance predictive accuracy by integrating various data points from a single sample into a comprehensive feature set.
Slice Prediction: Each slice was analyzed using the deep learning model to derive probabilities and labels, denoted as  and , retained to two decimal places.
Multi-Instance Learning Feature Aggregation:
Histogram Feature Aggregation:
(1) Distinct numbers were treated as "bins" to count occurrences across types.
(2) Frequencies of  and  in each bin were tallied and normalized using min-max normalization, resulting in  and .
Bag of Words (BoW) Feature Aggregation:
(1) A dictionary was constructed from unique elements in  and .
[bookmark: OLE_LINK21](2) Each slice was represented as a vector noting the frequency of each dictionary element, with a TF-IDF transformation applied to emphasize informative features.
(3) This resulted in a BoW feature representation for each slice, encapsulating features' presence and significance.
[bookmark: _Hlk197968842]Feature Early Fusion: We integrated , , , and  using a feature concatenation method (), combining these into a single comprehensive feature vector:

Appendix S4: Comparison of Different Fusion Methods
[bookmark: OLE_LINK12]Our MIL algorithm, we employed two ensemble fusion methods based on maximum and mean values. The maximum-value fusion method selects the highest probability prediction across instances, while the mean-value fusion method averages the predictions across all instances to generate the final output. These methods were applied to enhance the robustness of our model by leveraging the complementary strengths of individual instances. The MIL model demonstrated superior generalization and effectiveness compared to the maximum-value and mean-value ensemble methods. Its consistently superior AUC values across the training, validation, and testing cohorts highlight MIL's ability to capture intricate data patterns, resulting in more precise and dependable predictions.
Appendix S5: Details of radiomics model construction
We standardized all extracted features through Z-score normalization and then performed a t-test to assess their statistical significance, keeping only those features with a p-value under 0.05. To manage collinearity, we examined the correlation between features using Pearson's correlation coefficient and removed one feature from any pair with a correlation coefficient greater than 0.9. Consequently, 32 features were chosen through mRMR. We further refined our selection with Lasso regression, implemented in a 10-fold cross-validation setup to identify the ideal regularization parameter, λ. This systematic selection process resulted in a concise set of highly relevant and informative features for the final model. After reducing data dimensionality with LASSO, we retained 27 features for modeling. These features were then input into five machine learning classifiers: Logistic Regression (LR), ExtraTrees, XGBoost, LightGBM, and Random Forest, to develop a radiomics risk stratification model. Ultimately, we chose the Random Forest classifier, which exhibited the best performance.
Appendix S6: Detailed parameter description of machine learning using scikit-learn
Logistic Regression uses L2 regularization (C=0.2, max_iter=80); LightGBM (n_estimators=75, max_depth=4); Random Forest (n_estimators=81, max_depth=3, min_samples_split=2); Extra Trees (n_estimators=40, max_depth=2, min_samples_split=2); and XGBoost (n_estimators=45, max_depth=3, min_child_weight=2, eval_metric='error'). All models were evaluated via 5-fold cross-validation, with hyperparameters initially optimized through grid search and further refined based on validation performance. While random_state parameters were used during development for reproducibility, they have been omitted in the final implementation as requested.
Supplementary Tables
Table S1-S3 MRI scanning parameters for the patients
[bookmark: OLE_LINK2]Table S1 DCE-MRI scan parameters
	Scanner
	Center I (3T)
	Center II (3T)

	Sequence
	3D fast low-angle shot
(FLASH)
	3D fast low-angle shot
(FLASH)

	Orientation
	Axial
	Axial

	Fat suppression
	Quick Fat Sat
	Quick Fat Sat

	Repetition time (msec)
	4.51
	4.51

	Echo time (msec)
	1.61
	1.61

	Field of view (mm2)
	340×340
	340×340

	Matrix
	448×448
	420×420


Table S2 DWI scan parameters
	Scanner
	Center I (3T)
	Center II (3T)

	Sequence
	Single-shot spin-echo EPI with bipolar diffusion pulses
	Single-shot spin-echo EPI with bipolar diffusion pulses

	Orientation
	Axial
	Axial

	Diffusion directions
	Three-direction trace
	Three-direction trace

	Orientation
	Axial
	Axial

	b value (sec/mm2)
	0, 1000
	0, 1000

	Fat suppression
	Spectral Attenuated Inversion Recovery
	Spectral Attenuated Inversion Recovery

	Repetition time (msec)
	8400
	10800

	Echo time (msec)
	84
	85

	Field of view (mm2)
	360×167
	340×340

	Matrix
	220×110
	220×220


Table S3 T2WI scan parameters
	Scanner
	Center I (3T)
	Center II (3T)

	Sequence
	T2-weighted fat-suppressed spin-echo (FSE)
	T2-weighted fat-suppressed spin-echo (FSE)

	Orientation
	Axial
	Axial

	Repetition time (msec)
	4000
	8420

	Echo time (msec)
	70
	69

	Field of view (mm2)
	360×360
	340×340

	Matrix
	448×448
	384×307

	Slice thickness (mm)
	4.00
	3.00



Table S4 Metrics of different machine learning method in MIL models.
	Model name
	Accuracy
	AUC
	95% CI
	Sensitivity
	Specificity
	PPV
	NPV
	Cohort

	LR
	0.740
	0.904
	0.863-0.945
	0.896
	0.709
	0.384
	0.971
	train

	LR
	0.488
	0.785
	0.675-0.895
	0.950
	0.398
	0.235
	0.976
	val

	LR
	0.500
	0.739
	0.653-0.825
	0.933
	0.404
	0.257
	0.965
	test

	RandomForest
	0.775
	0.908
	0.866-0.950
	0.854
	0.759
	0.418
	0.963
	train

	RandomForest
	0.504
	0.771
	0.657-0.885
	0.850
	0.437
	0.227
	0.937
	val

	RandomForest
	0.542
	0.764
	0.679-0.849
	0.933
	0.456
	0.275
	0.969
	test

	ExtraTrees
	0.737
	0.895
	0.847-0.942
	0.917
	0.700
	0.383
	0.976
	train

	ExtraTrees
	0.488
	0.789
	0.664-0.915
	0.900
	0.408
	0.228
	0.955
	val

	ExtraTrees
	0.488
	0.748
	0.662-0.835
	0.967
	0.382
	0.257
	0.981
	test

	XGBoost
	0.905
	0.940
	0.910-0.970
	0.750
	0.937
	0.706
	0.949
	train

	XGBoost
	0.789
	0.815
	0.726-0.904
	0.650
	0.816
	0.406
	0.923
	val

	XGBoost
	0.747
	0.804
	0.721-0.887
	0.567
	0.787
	0.370
	0.892
	test

	LightGBM
	0.881
	0.932
	0.900-0.965
	0.687
	0.920
	0.635
	0.936
	train

	LightGBM
	0.780
	0.795
	0.695-0.895
	0.650
	0.806
	0.394
	0.922
	val

	LightGBM
	0.747
	0.803
	0.722-0.885
	0.567
	0.787
	0.370
	0.892
	test



Table S5 Univariable and Multivariate Analysis of clinical features
	Characteristics
	Univariable Analysis
	Multivariate Analysis

	
	OR
	OR lower 95%CI
	OR upper 95%CI
	p value
	OR
	OR lower 95%CI
	OR upper 95%CI
	p value

	HR
	0.884
	0.813
	0.961
	<0.05
	1.004
	0.799
	1.261
	0.977

	Type of surgery
	0.902
	0.859
	0.947
	<0.05
	0.95
	0.915
	0.985
	<0.05

	Margin
	0.937
	0.868
	1.011
	0.158
	/
	/
	/
	/

	TIC pattern
	0.963
	0.919
	1.008
	0.176
	/
	/
	/
	/

	Menopausal status
	0.964
	0.896
	1.038
	0.414
	/
	/
	/
	/

	ADC mean
	1.000
	1.000
	1.000
	0.938
	/
	/
	/
	/

	Age
	1.000
	0.997
	1.003
	0.926
	/
	/
	/
	/

	Tumor size
	1.006
	1.004
	1.009
	<0.05
	1.001
	0.998
	1.005
	0.554

	HER2
	1.013
	0.940
	1.092
	0.781
	/
	/
	/
	/

	Mass shape
	1.046
	0.971
	1.125
	0.322
	/
	/
	/
	/

	BI-RADS
	1.051
	0.989
	1.117
	0.175
	/
	/
	/
	/

	Histological type
	1.057
	0.965
	1.160
	0.316
	/
	/
	/
	/

	Molecular typing
	1.083
	1.037
	1.132
	<0.05
	1.085
	1.02
	1.155
	<0.05

	Chemotherapy
	1.092
	1.003
	1.190
	0.088
	/
	/
	/
	/

	Clinical stage
	1.201
	1.160
	1.245
	<0.05
	1.124
	0.948
	1.331
	0.258

	Endocrine therapy
	1.455
	1.342
	1.576
	<0.05
	1.268
	1.179
	1.362
	<0.05

	Radiotherapy
	1.706
	1.553
	1.876
	<0.05
	1.212
	1.104
	1.33
	<0.05

	Targeted therapy
	1.869
	1.642
	2.128
	<0.05
	1.225
	1.089
	1.379
	<0.05

	NAC
	2.021
	1.815
	2.250
	<0.05
	1.362
	1.217
	1.525
	<0.05



Table S6 Performance metrics of different classifiers for clinicopathological models.
	Model name
	Accuracy
	AUC
	95% CI
	Sensitivity
	Specificity
	PPV
	NPV
	Cohort

	LR
	0.965
	0.989
	0.976-1.000
	0.896
	0.979
	0.896
	0.979
	train

	LR
	0.967
	0.949
	0.874-1.000
	0.900
	0.981
	0.900
	0.981
	val

	LR
	0.795
	0.762
	0.654-0.870
	0.567
	0.846
	0.447
	0.898
	test

	RandomForest
	0.954
	0.961
	0.929-0.993
	0.875
	0.970
	0.857
	0.975
	train

	RandomForest
	0.927
	0.926
	0.841-1.000
	0.800
	0.951
	0.762
	0.961
	val

	RandomForest
	0.783
	0.698
	0.573-0.824
	0.467
	0.853
	0.412
	0.879
	test

	ExtraTrees
	0.926
	0.979
	0.963-0.995
	0.937
	0.924
	0.714
	0.986
	train

	ExtraTrees
	0.935
	0.929
	0.833-1.000
	0.900
	0.942
	0.750
	0.980
	val

	ExtraTrees
	0.633
	0.666
	0.545-0.787
	0.567
	0.647
	0.262
	0.871
	test

	XGBoost
	0.975
	0.982
	0.957-1.000
	0.917
	0.987
	0.936
	0.983
	train

	XGBoost
	0.935
	0.929
	0.847-1.000
	0.850
	0.951
	0.773
	0.970
	val

	XGBoost
	0.771
	0.680
	0.567-0.793
	0.500
	0.831
	0.395
	0.883
	test

	LightGBM
	0.954
	0.975
	0.950-1.000
	0.875
	0.970
	0.857
	0.975
	train

	LightGBM
	0.927
	0.900
	0.803-0.996
	0.800
	0.951
	0.762
	0.961
	val

	LightGBM
	0.783
	0.616
	0.491-0.741
	0.467
	0.853
	0.412
	0.879
	test



Table S7 Metrics on different models.
	Model
	Accuracy
	AUC
	95% CI
	Sensitivity
	Specificity
	PPV
	NPV
	Cohort

	Clinical
	0.961
	0.989
	0.9761-1.0000
	0.937
	0.966
	0.849
	0.987
	Train

	Radiomics
	0.853
	0.932
	0.8981-0.9661
	0.896
	0.844
	0.537
	0.976
	Train

	MIL
	0.919
	0.940
	0.9096-0.9704
	0.729
	0.958
	0.778
	0.946
	Train

	MDL
	0.972
	0.995
	0.9892-1.0000
	0.937
	0.979
	0.900
	0.987
	Train

	Clinical
	0.967
	0.949
	0.8736-1.0000
	0.900
	0.981
	0.900
	0.981
	val

	Radiomics
	0.846
	0.822
	0.7000-0.9432
	0.800
	0.854
	0.516
	0.957
	val

	MIL
	0.789
	0.815
	0.7263-0.9043
	0.650
	0.816
	0.406
	0.923
	val

	MDL
	0.984
	0.957
	0.8876-1.0000
	0.900
	1.000
	1.000
	0.981
	val

	Clinical
	0.795
	0.762
	0.6541-0.8697
	0.567
	0.846
	0.447
	0.898
	test

	Radiomics
	0.771
	0.644
	0.5389-0.7496
	0.200
	0.897
	0.300
	0.836
	test

	MIL
	0.747
	0.804
	0.7209-0.8871
	0.567
	0.787
	0.370
	0.892
	test

	MDL
	0.910
	0.915
	0.8448-0.9856
	0.567
	0.985
	0.895
	0.912
	test



[bookmark: _Hlk187346986]Supplementary Figures
[image: ]
Figure S1 GO and KEGG enrichment analysis. A.C. GO enrichment analysis was performed using 16 genes, and GO terms with p < 0.01 and FDR < 0.05 were screened, and 26 GO terms were enriched. B.D. KEGG enrichment analysis was performed on 20 genes, and the pathways with p < 0.05 and FDR < 0.05 were screened, and 12 pathways were enriched.
[image: ]
Figure S2 Forest plot of clinical versus genetic univariate COX regression analysis.
[image: ]
[bookmark: _Hlk187347017]Figure S3 Survival analysis of clinical data and genes based on univariate results. In Ki67(clinical), “1” indicates a Ki67 proliferation index of less than 14%; “2” indicates a Ki67 proliferation index between 14% and 30%; “3” indicates a Ki67 proliferation index between 30% and 60%; “4” indicates a Ki67 proliferation index of 60% or higher.
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