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Acquisition of Neoadjuvant Chemotherapy Response Prediction Scores and Models in TNBC
Before calculating the scores and constructing the models, we standardized the GSE25066 dataset using z-score normalization to ensure comparability among the different prediction scores and models. 
Three-Gene Score: This score is calculated based on the expression of CDKN2C, DEK, and MCM3. We used the formula provided in the study: 3-gene score = 0.53991 × expCDKN2C + 0.487451 × expDEK + 0.313544 × expMCM3 to calculate the score for each sample.
[bookmark: OLE_LINK1]Four-Gene Score: This score is based on the expression of RIF1, PARI, RAD51, and XRCC5. The formula from our study: 4-gene score = −0.242518 × expBRCA1 + 0.307431 × expXRCC5 + 0.193327 × expPARP1 − 0.256724 × expRAD51 was used to calculate the score for each sample.
Six-Gene Score: Calculated from the expression of ATP4B, FBXO22, FCN2, RRP8, SMERK2, and TET3. As the specific coefficients for these genes were not provided by the authors, we re-evaluated their coefficients using logistic regression analysis, following the method provided in the study to calculate the six-gene score for each sample.
Sixteen-Gene Model: Constructed from CENPX, DEPDC1, DROSHA, EHD1, H2AZ1, HAT1, LAMC2, NOP10, NSD2, ODC1, PLEK2, PSMB2, RFWD3, RRM2, SRCAP, and VRK1. We established the 16 gene_v1 model using a linear regression model, as described in the study. Then, we selected samples predicted as pCR by the 16 gene_v1 model to train the 16 gene_v2 model. The 16 gene_v2 model was constructed from ACTB, BCAR3, CENPX, CSN3, EHF, ELN, H2AZ2, HLADPA1, IGF2BP2, LYPLA1, MSLN, NPY1R, PTH2R, PTPN20, S100P, and TDRD12, following the same methodology.
Eighty-Six-Gene Model: Based on the random forest algorithm. Initially, we divided 70% of the GSE25066 dataset into a training set as per the study design. The training set was then further divided into three subsets to simulate the cross-validation process and enhance the model's generalizability. Using the eighty-six optimal genes identified in the study, we trained the model. By training the model on two subsets and evaluating its performance on the third subset over three iterations, we selected the best-performing model configuration to fit the 86 gene model.
Feature Importance Calculation
Feature importance was computed separately for each model, considering their unique characteristics and underlying assumptions. For the RF model, the "impurity" criterion (Gini index) was used to calculate the total reduction in impurity contributed by each feature, with scores extracted via the varImp function. The NNET model's importance was evaluated using varImp, which assesses the relative contribution of each feature based on the network's weights and activations. For the BN, a permutation-based approach was applied: each feature was shuffled individually, and the difference in prediction probabilities before and after shuffling was computed as the feature's importance. The GBM model's feature importance was similarly derived using varImp, reflecting the contribution of features to reducing the loss function during training. For the Ensemble model, feature importances from the base models were weighted by their respective meta-model coefficients, and a weighted average of normalized importance scores was calculated. To ensure comparability, feature importance scores were normalized to a 0-1 scale, and the mean importance across models was used to rank features.
Learning curve 
The learning curve was constructed to evaluate the performance of the ensemble model across varying training set sizes. Training and validation datasets were generated by incrementally sampling the training data, with training set sizes ranging from 30% to 70% of the total samples. The ensemble model (ENS) was retrained using the same parameters as in the original model. Model performance was assessed using the Log Loss metric, calculated as: ,Where  represents the true class label (1 for RD, 0 for pCR) and  represents the predicted probability for the RD class. 
Missing data imputation
To evaluate the robustness of the ENS against missing data, 5% of the numeric features in the datasets were randomly replaced with missing values. Two imputation methods were applied: median imputation, where missing values were replaced by the median of each feature, and kNN imputation, which utilized weighted averages of the nearest neighbors. After imputation, all datasets were scaled using the mean and standard deviation of the training data. The ENS model, trained on the complete dataset, was used to predict response probabilities for both the original and imputed datasets.


[image: 图表, 条形图

AI 生成的内容可能不正确。]
Fig. S1 Expression heatmap of the eight key genes in pCR and RD patients
Expression patterns of CCND1, DCTN3, FEN1, GMNN, H2BC9, ILF2, PMF1, and SKA1 in patients with pCR (orange) and RD (teal) following NACT. 
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Fig. S2 Key genes PPI network analysis and functional annotation related to chemotherapy response
The network highlights key genes involved in chemotherapy response. Nodes are colored based on their interactions with different key genes, and functional annotations are derived from GO analysis. Edges indicate protein-protein interactions.
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Fig. S3 Evaluation and interpretation of the ENS
A AUC across 10-fold cross-validation folds, demonstrating model stability. B Comparison of 10-fold cross-validation and leave-one-out cross-validation AUCs across the three datasets. C Effect of data split percentage on AUC performance for three datasets. D PR curve demonstrates the overall performance of the ENS across in the three data sets. The x-axis represents recall, and the y-axis represents precision. E Prediction probability distribution of the ENS across the three datasets, showing consistent patterns and generalization capability. F Learning curve of the ENS, demonstrating decreasing and stabilizing log loss with increasing training sample size. G AUC comparison after simulated missing data, showing predictions with median and KNN imputation remain close to the original results. H Feature importance ranking for the ENS. I The horizontal bar chart shows the weights of different base models in the ENS. J SHAP summary plot showing the contribution of each key gene to the ENS model predictions.
[image: ]
Fig. S4 Evaluation and interpretation of the ENS
A-C DCA of the ENS and other competing models in GSE25066, GSE20194, and GSE20271. D-F PR curves of the ENS and other models in GSE25066, GSE20194, and GSE20271. 
[image: C:/Users/Dr.HU/Desktop/sci返修论文/sci第三次返修/重新建模/结果图/附图2/figureS2.tiffigureS2]
Fig. S5 Survival analysis in subgroups stratified by clinical features based on risk group
The figure presents the Kaplan-Meier survival curves for different patient groups classified based on various clinical features including age, AJCC stage, histological grade, nodal status (N), and tumor size (T). A, B Comparison of survival curves between patients aged below 60 and those 60 and above. C, D Survival analysis across different stages of the AJCC classification. E, F Survival analysis across different histological grade. G, H Analysis of survival curves across different nodal statuses. I, J Survival curves depicting differences in survival across various tumor sizes.
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Fig. S6 Correlation of three small molecule inhibitors with chemotherapy response
A-C Boxplots comparing the sensitivity of traditional chemotherapy agents and small molecule inhibitors in pCR versus RD groups.
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