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Abstract 

Background  This study aimed to develop and validate machine learning models to predict pathological complete 
response (pCR) after neoadjuvant therapy in patients with breast cancer patients.

Methods  Clinical and pathological data from 1143 patients were analyzed, encompassing variables such as age, 
gender, marital status, histologic grade, T stage, N stage, months from diagnosis to treatment, molecular subtype, 
and response to neoadjuvant therapy. Seven machine learning models were trained and validated using both inter-
nal and external datasets. Model performance was evaluated using multiple metrics, and interpretability analysis 
was conducted to assess feature importance.

Results  Key variables influencing pCR included grade, N stage, months from diagnosis to treatment, and molecular 
subtype. The Naive Bayes model emerged as the most effective, with accuracy (0.746), sensitivity (0.699), specificity 
(0.808), and F1 score (0.759) surpassing other models. Both internal and external validation confirmed the model’s 
robust predictive power. A web tool was developed for clinical use, aiding in personalized treatment planning. Inter-
pretability analysis further elucidated the contribution of features to pCR prediction, enhancing clinical applicability.

Conclusion  The Naive Bayes model provides a robust tool for personalized treatment decisions in patients 
with breast cancer undergoing neoadjuvant therapy. By accurately predicting pCR rates, it enables clinicians to tailor 
treatment strategies, potentially improving outcomes.
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Introduction
In 2022, breast cancer accounted for 287,000 new cases 
in the United States, representing 31% of all new malig-
nancies in women [1]. In early invasive breast cancer, 
treatment strategies such as neoadjuvant or adjuvant 
therapy may be employed, depending on the timing rela-
tive to surgery. Neoadjuvant therapy has been shown to 
be as effective as adjuvant therapy in reducing the risk of 
cancer recurrence and mortality. The primary objectives 
of neoadjuvant therapy include: 1) downstaging tumors 
to enhance the effect of surgical resection [2]; 2) eliminat-
ing or reducing metastatic cancer cells and micrometa-
static foci, thus lowering recurrence rates [3]; 3) reducing 
tumor size to increase the likelihood of breast conserving 
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surgery [4];4) guiding adjuvant treatment decisions based 
on tumor’s response to the initial therapy [5].

Neoadjuvant chemotherapy, a critical component of 
this approach, plays a pivotal role in treatment outcomes. 
Esserman et  al. demonstrated a significant correlation 
between residual cancer burden (RCB) after neoadjuvant 
therapy and event-free survival (EFS), with lower RCB 
class predicting a reduced likelihood of metastatic recur-
rence [6]. Although there are variations in the criteria 
used to assess pathological response post-neoadjuvant 
therapy, numerous studies have confirmed a strong link 
between the degree of pathological response and patient 
prognosis [7, 8]. Pathological complete response (pCR) or 
non-pCR serves as a robust prognostic marker following 
neoadjuvant chemotherapy [6]. Consequently, identify-
ing reliable methods to predict pCR is crucial for clinical 
practice.

Artificial intelligence (AI), a rapidly advancing field 
within computer science, has seen widespread applica-
tions across diverse sectors [9]. In healthcare, machine 
learning (ML), a subset of AI focused on automating 
complex tasks and analyzing large datasets, has garnered 
attention. ML models, trained on vast datasets, are adept 
at delivering precise classification and predictive outputs, 
effectively capturing complex relationships within the 
data [10]. ML encompasses supervised, unsupervised, 
and semi-supervised learning techniques, enabling the 
analysis of labeled, unlabeled, and partially labeled data, 
respectively, to optimize model efficiency and reduce 
costs. Supervised learning, which involves classification 
and regression tasks, is commonly used for assigning data 
points to predefined categories, such as’cancer’or’non-
cancer,’with classification features typically being 
binary(true/false, 1/0) [11]. This study employed seven 
classifiers to train models aimed at predicting treatment 
outcomes.

Clinical and pathological data from 909 patients, 
including pre-neoadjuvant therapy clinical details and 
post-therapy pathological information, were analyzed. 
Seven distinct machine learning models were developed 
to predict the efficacy of neoadjuvant therapy based on 
this dataset. The models were then validated using an 
independent external dataset comprising 234 patients 
to evaluate their predictive accuracy. The goal of this 
study is to establish a reliable framework for identifying 
patients who are likely to respond favorably to neoadju-
vant therapy in clinical settings.

Methods
Study population
A retrospective analysis was conducted on data from 
patients treated between September 2018 to April 2022 
at Nanchang People’s Hospital (NPH cohort) and Jiangxi 

Cancer Hospital (JCH cohort). Eligible patients were 
those who met the following criteria: (1) untreated uni-
lateral primary early or locally advanced breast cancer, 
(2) pathologically confirmed diagnosis via core biopsy, 
(3) available immunohistochemical (IHC) data, includ-
ing estrogen receptor (ER), progesterone receptor (PR), 
human epidermal growth factor receptor 2 (HER2) sta-
tus, with a cutoff of 1% for ER and PR positivity. In cases 
of HER2 IHC score of 2 +, fluorescence in situ hybridiza-
tion (FISH) was performed to assess HER2 gene ampli-
fication, (4) complete clinical information, including age, 
gender, marital status, laterality, histology grade, T stage, 
N stage, M stage, months from diagnosis to treatment, 
molecular subtype and response to neoadjuvant therapy; 
and (5) completion of neoadjuvant therapy followed by 
surgery. Hormone receptor (HR) positive was defined 
as ER and/or PR positive. Exclusion criteria included 
(1) presence of other primary neoplastic disease and (2) 
unknown metastatic status. All patients underwent neo-
adjuvant therapy and completed treatment. The patients 
were subsequently categorized into four subgroups: HR 
+ HER2 +, HR + HER2-, HR-HER2 +, and HR-HER2-. 
For multicenter data, the study received approved from 
the ethics review committees of Jiangxi Cancer Hospi-
tal (Grant Number: 2023ky170) and Nanchang People’s 
Hospital (Grant Number: K-ky2022087) and was con-
ducted in accordance with the principles outlined in the 
Helsinki Declaration.

Pathologic evaluation after neoadjuvant therapy
The response to neoadjuvant therapy was assessed using 
the Miller-Payne grading system [12], as follows: Grade 
1: No change or minor alteration in individual malignant 
cells without a reduction in overall cellularity; Grade 2: 
Minor loss of tumor cells, with up to 30% reduction in 
overall cellularity; Grade 3: An estimated 30% to 90% 
reduction in tumor cells; Grade 4: Marked disappear-
ance of tumor cells, with only small clusters or widely 
dispersed individual cells remaining, more than 90% loss 
of tumor cells; Grade 5: No malignant cells identifiable, 
with only vascular fibroelastotic stroma remaining, and 
ductal carcinoma in  situ (DCIS) may be present. pCR 
was defined as Grade 5 and negative axillary lymph nodes 
negative, while non-pCR was defined as Grades 1–4 or 
positive axillary lymph nodes.

Predictor characteristics
Ten variables were selected for analysis: age, gender, 
marital status, laterality, histology grade, T stage, N stage, 
months from diagnosis to treatment, molecular subtype, 
and response to neoadjuvant therapy. Age and months 
from diagnosis to treatment were treated as continuous 
variables, while the other variables were categorized as 
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categorical. Descriptive statistics were presented as mean 
and standard deviation (SD) for continuous variables and 
counts with percentages for categorical variables. Missing 
data were handled by imputing a separate category for 
predictor variables with missing values [13]. Differences 
between the pCR and non-pCR groups were assessed 
using the Fisher exact test for categorical variables and 
the Kolmogorov–Smirnov test for continuous variables. 
Statistical significance was defined p < 0.05. Relevant fea-
tures for pCR prediction were selected using the least 
absolute shrinkage and selection operator (LASSO) [14].

Model building and validation
Seven machine learning models, including logistic regres-
sion [15], k-nearest neighbor (KNN) [16], support vector 
machine (SVM) [17], Naive Bayes(Bayes) [18], random 
forest(RF) [19], extreme gradient boosting (XGBoost) 
model [20], and neural network (Nnet) [21], were utilized 
for pCR prediction. Hyperparameter tuning was con-
ducted using nested resampling, incorporating a k-fold 
cross-validation procedure for both model selection 
and hyperparameter optimization [22]. For each model, 
hyperparameter optimization was performed with 1000 
iterations of random search with fivefold cross-valida-
tion. Model discrimination was evaluated using multiple 
metrics, including the area under the receiver operator 
characteristic curve (AUROC), calibration curves, deci-
sion curve analysis (DCA) curves, sensitivity, specific-
ity, F1 scores, Youden’s index, and accuracy. The fivefold 
cross-validation method was applied for both internal 
and external validation, with model performance aver-
aged from five evaluations during external cross-vali-
dation. Data analysis was conducted using R software 
version 4.0.3 (R Foundation for Statistical Computing, 
Vienna, Austria) and were trained using the mlr3 package 
[23].

Result
Patient characteristics
A total of 1143 patients were included in this study, 
with 909 in the NPH cohort and 234 in the JCH cohort. 
Detailed demographic information and a comparison of 
nine potential features between the pCR and non-pCR 
groups are provided in Supplementary Table 1 and Sup-
plementary Table 2. The pCR rate was 42.9% in the NPH 
cohort and 42.3% in the JCH cohort. The study vari-
ables, including age, sex, marital status, laterality, histol-
ogy, grade, T stage, N stage, months from diagnosis to 
treatment, molecular subtype and response to neoadju-
vant treatment, were thoroughly reviewed, with only a 
few missing values. The NPH cohort (n = 909) was used 
for both training and internal validation of the predic-
tive models, while the JCH cohort served as the testing 
set for external validation. The flowchart illustrating the 
machine learning process in this study is shown in Fig. 1.

Key variables
Lasso regression selects the optimal regularization 
parameter (λ, lambda) through cross-validation to bal-
ance the model fit and sparsity. This method forces some 
coefficients to zero, effectively filtering important vari-
ables based on the magnitude of the coefficients. Four 
features with nonzero coefficients were ultimately filtered 
out (Fig. 2A, B). Four variables, including grade, N stage, 
months from diagnosis to treatment and molecular sub-
type, were most strongly to be associated with pCR. Sub-
sequently, the model was constructed using these four 
variables.

Performance of machine learning models
After identifying these four variables, machine learning 
models were employed to predict pCR following neo-
adjuvant therapy. Seven learners from the mlr3 pack-
age, including Logistic, KNN, Bayes, SVM, RF, XGBoost, 

Fig. 1  Flowchart of machine learning in this study
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Nnet, were selected for evaluation. Among these, the 
Naive Bayes model demonstrated relatively high AUC, F1 
score, and Youden index, coupled with low Brier scores 
(Table  1, Fig.  3). Calibration plots for the seven models 
are shown in Fig.  3. DCA further highlighted that the 
Naive Bayes model was more accurate in predicting pCR 
outcomes. Based on these results, the Naive Bayes model 
outperformed the other six models in predicting pCR. 
Performance metrics for each model in the validation set 
are presented in Table 1.

The SHAP package was used to analyze the Naive 
Bayes model. Shapley Additive explanation (SHAP) gen-
erated Shap values for each sample in the model. Visual 
analysis revealed that molecular subtype was a highly 
influential feature, generally correlating positively with 
response. Patients with the HR-, HER2 + or HR-, HER2- 
molecular subtypes had a higher likelihood of achieving 
pCR after neoadjuvant therapy. The mean absolute SHAP 
value for each feature reflects its importance, with larger 
values indicating greater importance. The molecular 

subtype feature exhibited the highest mean SHAP value, 
indicating its primary influence on the model’s predic-
tions. Other important features, ranked by descending 
SHAP mean values, included months from diagnosis to 
treatment, grade, and N stage (Fig. 4B).

Performance of testing set
The testing dataset, consisting of 234 patients from the 
JCH cohort, was used to validate the performance of the 
Naive Bayes model and the other six models. The follow-
ing performance metrics were observed for the Naive 
Bayes model in the testing group: AUC = 75.1%, 95% CI: 
68.8%–81.4%, brier score = 0.211, Sensitivity = 0.768, 
Specificity = 0.644, F1 score = 0.682, Youden index 
= 0.412, accuracy = 0.697(Fig.  5 and Table  2). Based on 
these evaluation results, the Naive Bayes model demon-
strated the best generalization ability on the JCH cohort.

Application of the model
To further enable the use of this prediction tool in clinical 
settings, a web tool was created based on the Naive Bayes 
model from the NPH cohort’s model. This tool, devel-
oped, using the Shiny package, is accessible at https://​
pcrpr​edict​ior.​shiny​apps.​io/​pCRpr​edict​ior/ (Fig. 6).

Discussion
Machine learning techniques, particularly those based on 
large-scale data analysis, have significantly transformed 
how tumor diagnosis and prognosis are predicted. As a 
key branch of AI, machine learning enables more sophis-
ticated data interpretation and analysis, often surpass-
ing traditional statistical methods in terms of predictive 
accuracy and flexibility [24]. This study explored the 

Fig. 2  Screening for key variables using LASSO regression. A LASSO coefficient profiles for the eight variables. B Four risk factors selected using 
LASSO Cox regression analysis. The dotted vertical lines correspond to the optimal scores by minimum criteria and1-standard error (1-s.e.) criteria. 
At the minimum criteria, the variables include age, marital status, laterality, histology grade, T stage, N stage, months from diagnosis to treatment 
and molecular subtype. At 1-s.e. criteria, the selected variables are grade, N stage and months from diagnosis to treatment and molecular subtype

Table 1  Performance metrics for seven models in validation 
dataset

Sensitivity Specificity F1 score Youden 
index

Accuracy

Logistic 0.887 0.601 0.734 0.488 0.724

KNN 0.746 0.703 0.697 0.449 0.722

Bayes 0.699 0.808 0.759 0.507 0.746

SVM 0.557 0.933 0.693 0.490 0.718

RF 0.651 0.849 0.738 0.500 0.736

XGBoost 0.628 0.872 0.728 0.500 0.733

Nnet 0.640 0.846 0.729 0.486 0.728

https://pcrpredictior.shinyapps.io/pCRpredictior/
https://pcrpredictior.shinyapps.io/pCRpredictior/
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Fig. 3  Performance of seven machine learning algorithms in NPH cohort. A ROC curves, (B) DCA (Decision Curve Analysis) curves, (C) calibration 
curves
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prediction of pCR after neoadjuvant therapy in patients 
with breast cancer using seven distinct machine learn-
ing algorithms, based on a comprehensive set of clinico-
pathologic data. Our findings demonstrate that the Naive 
Bayes model, in particular, shows great promise in pre-
dicting pCR. In the validation cohort, the model achieved 
an accuracy of 74.6%, sensitivity of 69.9%, specificity of 
80.8%, F1 score of 75.9%, and a Youden index of 0.507. 
In the test cohort, the model’s performance remained 
strong, with an accuracy of 69.7%, sensitivity of 76.8%, 
specificity of 64.4%, F1 score of 68.2%, and Youden index 
of 41.2%. These metrics highlight the model’s robust pre-
dictive capability and generalizability across different 
datasets.

In 2020, the Food and Drug Administration (FDA) 
approved pCR as a surrogate endpoint for research 
on neoadjuvant therapy in high-risk breast cancer. A 

meta-analysis conducted by Laura J. Esserman’s research 
team, based on data from the I-SPY2 clinical trial, 
revealed a significant correlation between RCB and EFS 
in patients with breast cancer undergoing neoadjuvant 
therapy. The study found that a lower the RCB following 
neoadjuvant therapy was associated with a reduced prob-
ability of recurrence and metastasis [6]. The pathological 
status after neoadjuvant therapy significantly affects the 
prognosis of patients with breast cancer.

Deep learning has been applied to predict the out-
come of neoadjuvant therapy using pre- and post-neo-
adjuvant therapy magnetic resonance imaging(MRI) 
[25, 26], color Doppler ultrasound [27] or pathologi-
cal images [28]. In this study, patient outcomes were 
predicted by analyzing MRI changes after two cycles 
of neoadjuvant therapy in the early stage [29]. Fanizzi 
utilized a study, random forest algorithm to develop a 

Fig. 4  SHAP analysis of the Naive Baye model. A SHAP values for each variable in each sample; (B) ranking of variable importance
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Fig. 5  Performance of seven machine learning algorithms in JCH cohort. A ROC curves, (B) DCA (Decision Curve Analysis) curves, (C) calibration 
curves
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model for predicting neoadjuvant therapy outcome in 
patients with HER2-positive breast cancer based on 
clinical and pathological data. In contrast, this study 
encompasses all subtypes of breast cancer patients. 
Moreover, seven different learners were employed to 
identify the optimal model for distinguishing between 
pCR and non-pCR patients. The sample size in this 
study exceeds that of Fanizzi’s study, which only 
included training and validation sets without an exter-
nal test set. Aswolinskiy et  al. developed interpret-
able biomarkers for predicting pCR to neoadjuvant 
chemotherapy using deep learning, based solely on 
digital pathology H&E images of pre-treatment breast 
biopsies. These biomarkers exhibited AUROC values 
ranging from 0.66 to 0.88 across various cohorts [28]. 
Chen et al. applied machine learning algorithms and a 
model stacking approach to develop two models: the 
immunological gene-based Ipredictor model and the 
immunological gene and receptor status-based ICpre-
dictor model, utilizing RNA-seq data. The AUROCs 
for these models in an independent external test set 
were 0.716 and 0.752, respectively, based on a micro-
array platform [30]. Predicting pCR based on imaging 
requires patients to undergo treatment first, resulting 
in a delayed prediction process. Moreover, changes in 
neoadjuvant chemotherapy regimens may influence 
prediction accuracy. In contrast, while high-through-
put sequencing can predict therapy outcomes based 
on tumor gene expression, its implementation may 
increase treatment costs and patient burden in clini-
cal practice. The predictions from the models discussed 
above are consistent with those generated by the Naive 
Bayes algorithm in this study. Additionally, the com-
plexity of variable collection and model training meth-
ods in those studies presents greater challenges for 
clinical application compared to this study. This study 
primarily focuses on patients’clinical and pathological 
data, with only four variables selected through LASSO 
regression. The objective is to enable the prediction of 
neoadjuvant therapy outcomes at the time of diagnosis, 

thereby ensuring practical application in clinical prac-
tice. Undoubtedly, future multi-omics or multi-modal 
analyses offer promising tools for predicting pCR. For 
instance, combining genomic or transcriptomic data 
with clinical features could yield a more comprehensive 
framework, improving prediction accuracy and patient 
stratification. Additionally, incorporating imaging data 
alongside clinical and molecular features could further 
enhance prediction models, supporting personalized 
treatment strategies.

For model interpretability, a comprehensive analy-
sis was conducted to assess the impact of various clini-
cal and pathological features on pCR rates. This analysis 
enhances clinicians’understanding of the model’s deci-
sion-making process, fostering greater confidence in the 
predicted outcomes. Machine learning’s ability to pro-
cess large volumes of multidimensional data facilitates 
the identification of novel associations between clinico-
pathologic features and pCR, highlighting its potential in 
medical oncology. Several studies have demonstrated the 
advantages of machine learning algorithms in predictive 
tasks [31–33]. In this study, four key variables influenc-
ing pCR were identified using LASSO regression, based 
on patient clinicopathologic characteristics, including 
age, gender, marital, laterality, histology grade, T stage, 
N stage, M stage, months from diagnosis to treatment, 
molecular subtype and response to neoadjuvant therapy. 
SHAP analysis was applied to interpret the model output, 
providing insight into the contribution of each feature 
to the model predictions [34]. The SHAP results for the 
Naive Bayes model revealed the relative importance of 
the four variables in predicting pCR. Molecular subtype 
emerged as the most influential feature, consistent with 
previous studies showing that TNBC and HER2-positive 
breast cancers are more responsive to neoadjuvant chem-
otherapy and targeted therapies [35, 36], whereas luminal 
breast cancers tend to exhibit a higher RCB after neoad-
juvant therapy [6]. The time from diagnosis to treatment 
refers to the interval between diagnosis and the initiation 
of neoadjuvant therapy, which may include chemother-
apy or targeted molecular therapy in the study. Treatment 
delays are common in cancer care, often resulting from 
factors such as treatment transfers, histological biopsies, 
treatment planning, and other external influences [37]. 
Several studies have indicated that treatment delays can 
increase all-cause mortality in cancer individuals [38–
40]. Specifically, a breast cancer study identified the time 
from diagnosis to surgery as an independent risk factor 
for overall survival (OS) [41]. In this study, the"months 
from diagnosis to treatment"variable was ranked second 
in importance for pCR, after molecular subtype (Fig. 4).

While numerous biomarkers have been proposed to 
predict the response to neoadjuvant therapy [42–44], 

Table 2  Performance metrics for seven models in test dataset

Sensitivity Specificity F1 score Youden 
index

Accuracy

Logistic 0.697 0.689 0.657 0.386 0.692

KNN 0.838 0.415 0.636 0.253 0.594

Bayes 0.768 0.644 0.682 0.412 0.697

SVM 0.838 0.526 0.675 0.364 0.658

RF 0.788 0.570 0.664 0.358 0.662

XGBoost 0.778 0.570 0.658 0.348 0.658

Nnet 0.768 0.607 0.667 0.375 0.675
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Fig. 6  A web tool based on the Naive Baye model constructed in the NPH cohort. A Default tool interface; (B) Probability of pCR calculated using 
grading:2, N staging:2, months from diagnosis to treatment:0.6, subtype:3
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their real-world applicability remains limited, with 
suboptimal predictive efficacy for individual markers. 
The Naive Bayes model developed in this study offers 
several advantages. By combination multiple clinico-
pathological factors, it improves predictive accuracy. 
Additionally, the four variables are readily obtainable, 
enhancing the model’s practicality. Patients can be 
made at the time of diagnosis, eliminating the need for 
post-treatment evaluation and enabling early patient 
screening.

This study still has several limitations. First, small 
sample size and retrospective nature may have 
impacted the model’s generalization. Moreover, 
the study only incorporated clinicopathologic data, 
excluding other factors that could influence pCR, 
such as the specific therapeutic agents used. Medica-
tions are critical in determining a patient’s likelihood 
of achieving pCR with neoadjuvant therapy. Previous 
studies have shown that patients treated with a com-
bination of anthracyclines and paclitaxel had higher 
pCR rates and better survival outcomes than those 
treated with anthracyclines alone [45]. Furthermore, 
the advent of targeted therapies has significantly 
improved pCR rates in patients with HER2-positive 
breast cancer [46]. However, the study did not account 
for differences in chemotherapeutic and targeted drug 
regimens used due to the long period between patient 
inclusion and the variations in treatment protocols. 
Future studies should aim to expand the sample size 
and incorporate additional factors, including thera-
peutic agents. Second, the data for this study were 
derived from a single cohort of patients across two 
hospitals, which may limit the model’s generalizabil-
ity to other populations. The lack of diversity in ethnic 
groups and geographical regions in the sample could 
impact the model’s applicability to a broader patient 
population. Future studies should aim to include a 
more diverse cohort to enhance the external validity of 
the model. Third, LASSO was used to identify predic-
tors of pCR. Although LASSO is a widely applied and 
effective technique for variable selection, it may fail 
to capture important interactions or non-linear rela-
tionships between features that could be vital for pCR 
prediction. Furthermore, LASSO assumes the inclu-
sion of all relevant features in the initial set. However, 
other potentially significant features, such as novel 
biomarkers or genetic data, were not considered in the 
analysis. The exclusion of these variables may limit the 
model’s predictive power and its ability to fully reflect 
the complexity of pCR. Future studies could explore 
alternative feature selection techniques or incorporate 
more comprehensive feature sets to improve model 
accuracy and clinical applicability.

Conclusions
In this study, seven pCR prediction models were devel-
oped and evaluated using various metrics such as 
AUC, Brier score, and DCA, to identify the most effec-
tive model. The Naive Bayes algorithm, which demon-
strated the best performance and practical applicability, 
was selected. The model enables personalized predic-
tion of pCR following neoadjuvant therapy in patients 
with breast cancer, aiding in the selection of appropri-
ate treatment regimens. Ultimately, it may serve as a 
stratification tool for clinical trials and, if validated in 
prospective studies, could become a useful approach 
for identifying patients with the potential for pCR.
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