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PURPOSE
This study aims to evaluate the clinical utility of a radiomics model derived from post-neoadjuvant 
chemotherapy (post-NAC) preoperative dynamic contrast-enhanced magnetic resonance imaging 
(DCE-MRI) for predicting pathologic complete response (pCR) to NAC in patients with breast cancer 
exhibiting non-mass lesions (NMLs).

METHODS
This retrospective study included patients with biopsy-proven breast cancer with NMLs who under-
went pre-treatment DCE-MRI and completed standard NAC. Patients were randomly assigned to 
training and validation cohorts in a 7:3 ratio. Three-dimensional regions of interest (ROIs) of the tu-
mors were manually delineated on pre-NAC DCE-MRI images and spatially registered to post-NAC 
preoperative images. Radiomic features were extracted from the post-NAC preoperative DCE-MRI 
ROIs using the Deepwise Multimodal Research Platform. After dimensionality reduction and feature 
selection, predictive classifiers were constructed based on a logistic regression algorithm for the ra-
diomics-only model and the combined radiomics–clinical model. Subsequently, a triple-integration 
model further incorporated radiologist assessment. Model performance was assessed using the 
area under the receiver operating characteristic curve (AUC), calibration curves, and decision curve 
analysis. SHapley Additive exPlanations (SHAP) analysis was applied to identify the most influential 
features.

RESULTS
A total of 121 patients were included (training: n = 85; validation: n = 36), of whom 56 achieved pCR. 
The radiomics-only model demonstrated good discriminative performance (training AUC: 0.927; 
validation AUC: 0.867), outperforming both the clinical data model (AUCs: 0.577, 0.608) and radiol-
ogist assessment (AUCs: 0.708, 0.571). Incorporating clinical variables further improved predictive 
accuracy (training AUC: 0.933; validation AUC: 0.870). The triple-integration model attained AUCs 
of 0.936 and 0.810, with no statistically significant difference compared with the radiomics-only 
model P = 0.450 and P = 0.235 for training and validation, respectively. In addition, SHAP analysis 
showed radiomic features contributed most to prediction, followed by human epidermal growth 
factor receptor 2 and hormone receptor status. 

CONCLUSION
Post-NAC preoperative DCE-MRI-based radiomics provides a non-invasive method for predicting 
pCR in non-mass enhancement breast cancer. The combined radiomics–clinical model achieves 
superior performance and offers potential value for individualized NAC response assessment. Ra-
diomic features effectively characterize the chemotherapy-altered tissue phenotype, offering an 
objective and quantitative approach for preoperative treatment response assessment in complex 
NML-type breast cancer, supporting individualized treatment planning.

CLINICAL SIGNIFICANCE
Accurate early prediction of pCR could help identify patients most likely to benefit from NAC and 
avoid ineffective treatment in non-responders. The developed radiomics model offers an interpre-
table and reproducible tool; upon successful external validation, it has the potential to support 
personalized treatment planning in patients with NML-type breast cancer.
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Neoadjuvant chemotherapy (NAC) is 
a standard treatment for locally ad-
vanced breast cancer, aimed at reduc-

ing tumor burden and improving surgical 
outcomes.1,2 Its use is increasing globally, 
with registry data showing that the propor-
tion of patients receiving NAC more than 
doubled in high-income countries such as 
Australia between 2011 and 2016.3 Conse-
quently, the achievement of postoperative 
pathologic complete response (pCR) is a crit-
ical metric for evaluating NAC efficacy and 
predicting patient survival.1,2,4

At present, dynamic contrast-enhanced 
magnetic resonance imaging (DCE-MRI) is 
frequently employed in clinical settings to 
assess the efficacy of NAC in patients with 
breast cancer,5 with imaging complete re-
sponse (iCR) serving as a surrogate for pCR.6,7 

Nevertheless, there are major discrepancies 
in the criteria used to define iCR and pCR. 
iCR is generally determined according to 
the Response Evaluation Criteria in Solid 
Tumors (RECIST 1.1), which characterizes it 
as the complete disappearance of all mea-
surable enhancing lesions on MRI following 
NAC.8 By contrast, pCR is often evaluated us-
ing the Miller–Payne grading system, which 
permits the presence of ductal carcinoma in 
situ (DCIS) components at the primary tumor 
site.9,10 This inconsistency results in a lack of 
concordance between iCR and pCR, leading 
to substantial discrepancies between imag-
ing assessments and postoperative patho-
logical diagnoses.11,12 This issue is particularly 
pronounced in breast cancers that manifest 
as non-mass enhancement (NME). Lesions of 
the non-mass type typically display an indis-
tinct, diffusely distributed enhancement pat-
tern13,14 and frequently exhibit non-centric 
shrinkage during NAC,15-17 complicating the 
assessment of NAC efficacy. Furthermore, the 

tumor region post-NAC may undergo a se-
ries of complex alterations, including tissue 
necrosis, fibrosis, mucinous degeneration, 
and calcification. These changes can obscure 
the true pathological state in MRI signals and 
enhancement patterns, potentially leading 
radiologists to underestimate the efficacy 
of NAC, as evidenced by discrepancies be-
tween imaging assessments indicating non-
iCR and pathological diagnoses confirming 
pCR. Consequently, there is a pressing need 
to develop a novel evaluation method ca-
pable of more accurately quantifying tumor 
imaging characteristics and reflecting their 
microstructural heterogeneity to assess NAC 
efficacy in non-mass-type breast cancer.

Radiomics offers a powerful way to 
non-invasively reveal biological information 
within tumors by extracting many high-di-
mensional quantitative features from medi-
cal images.18-21 Although some studies have 
explored radiomics for predicting NAC ef-
ficacy in breast cancer, most focus on mor-
phologically regular mass-type lesions;17,22,23 
however, research specifically addressing 
non-mass-type breast cancer remains lim-
ited. Therefore, this study aims to construct 
and validate a predictive model based on 
post-NAC preoperative DCE-MRI radiomic 
features. The goal is to accurately predict 
the pCR status of patients with non-mass-
type breast cancer following NAC. Through 
quantitative analysis of the radiomic features 
within the tumor region, we aim to develop 
an objective and standardized preoperative 
predictive tool that provides reliable as-
sessments for patients with non-mass-type 
breast cancer, which poses major challenges 
in imaging evaluation.

Methods 

Study participants 

This was a single-center retrospective 
study that included 538 consecutive patients 
diagnosed with invasive breast cancer. All 
patients received standard NAC at our hospi-
tal between August 2018 and July 2024. The 
inclusion criteria were as follows: 1. aged ≥ 
18 years; 2. confirmed invasive breast cancer 
through core needle biopsy; 3. lesions meet-
ing the imaging definition of NME on base-
line MRI according to the 5th edition of the 
Breast Imaging Reporting and Data System 
(BI-RADS);13 4. 6–8 cycles of a standard NAC 
regimen (anthracycline-, taxane-, or plati-
num-based regimens selected based on tu-
mor subtype) received; and 5) radical surgery 
after NAC, with complete postoperative pa-
thology data. The exclusion criteria were as 
follows: 1) previous breast cancer treatment; 
2) lack of preoperative MRI assessment after 
NAC; 3) incomplete NAC treatment course 
or no surgical treatment; 4) poor MRI image 
quality affecting delineation of the region of 
interest (ROI); and 5) missing key clinical or 
pathological data. The final cohort size (121 
cases, with 56 achieving pCR and 65 with-
out pCR), though sufficient for initial model 
development, is a study limitation that un-
derscores the exploratory nature of these 
findings and necessitates future validation in 
larger cohorts. A stratified random sampling 
method was used to split the cases into a 
training set (n = 85) and a validation set (n 
= 36) in a 7:3 ratio, ensuring no patient data 
overlapped between the two cohorts (Figure 
1). This approach ensures that no patient ap-

Main points

•	 Magnetic resonance imaging-based radio-
mics can non-invasively predict pathologic 
complete response (pCR) to neoadjuvant 
chemotherapy in patients with non-mass 
enhancement breast cancer.

•	 The combined radiomics–clinical model 
shows higher discriminative performance 
than clinical features or radiomics alone.

•	 Shape and first-order radiomic features con-
tributed most strongly to pCR prediction, 
with SHapley Additive exPlanations analysis 
providing a transparent explanation of fea-
ture impact.

•	 The model demonstrates good generaliz-
ability in internal validation, supporting its 
potential use for treatment decision-making 
in non-mass lesion breast cancer. Figure 1. Flow diagram of patient recruitment and exclusion in the study dataset. MRI, magnetic resonance 

imaging.
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pears in both sets, thereby preventing data 
leakage and enabling rigorous evaluation of 
model generalizability to unseen data. The 
Tongji Hospital Institutional Review Board 
approved this study and waived the require-
ment for informed patient consent (grant 
number: TJ-IRB202502119, date: 21.02.2025). 
All procedures complied with the Declara-
tion of Helsinki.

Breast magnetic resonance imaging scan-
ning protocol 

MRI scans of all patients were acquired 
using a Siemens Skyra 3.0T MR scanner 
(equipped with a 16-channel dedicated 
breast phased-array coil; Siemens Health-
care, Erlangen, Germany). Patients were posi-
tioned face down with both breasts naturally 
hanging in the coil. The DCE-MRI scanning 
parameters were as follows: repetition time/
echo time, 5.24/2.46 ms; flip angle, 10°; ma-
trix, 320 × 260; field of view, 320 × 260 mm²; 
and slice thickness, 1.5 mm. DCE-MRI was 
continuously scanned for 60 phases with a 
temporal resolution of 5.74 s/phase. At the 
end of the third phase, a high-pressure in-
jector was used for intravenous injection of 
the gadolinium contrast agent (Omniscan, 
GE Healthcare, Milwaukee, WI) via the elbow 
vein at a dose of 0.1 mmol/kg body weight, 
with an injection rate of 2.5 mL/s, followed by 
a 20-mL saline flush. The total DCE-MRI scan-
ning time was 5 minutes and 57 seconds.

Clinical and pathological data collection 

Clinical and pathological data were col-
lected, including age, body mass index (BMI), 
clinical tumor stage (cT), clinical lymph node 
stage (cN), hormone receptor (HR) status, 
human epidermal growth factor receptor 2 
(HER-2) status, Ki–67 index, and postopera-
tive pCR status. All data were obtained from 
the electronic medical record system and pa-
thology reports. HR, HER-2, and Ki–67 status 
were determined according to the Chinese 
Society of Clinical Oncology breast cancer di-
agnosis and treatment guidelines,24 whereas 
clinical staging (cT, cN) referenced the Amer-
ican Joint Committee on Cancer (AJCC) Can-
cer Staging Manual.10 

Pathological response was assessed ac-
cording to the AJCC Cancer Staging Manual,10 
with histopathologic evaluation conducted 
using the Miller–Payne grading system.9 pCR 
was defined as the absence of invasive carci-
noma in the breast and lymph nodes, allow-
ing for the presence of residual DCIS (ypT0/
is ypN0),10 corresponding to Miller–Payne 
grade 5.9 This pathology evaluation system 

was chosen for its alignment with current 
clinical guidelines6,10,24 and common use in 
clinical practice, both within China and inter-
nationally,25 thereby facilitating comparison 
with other studies. Variations in pCR defini-
tions can affect cross-study comparisons.

Imaging data collection and lesion seg-
mentation 

All patients underwent DCE-MRI scans 
before NAC (baseline) and before surgery 
following NAC. Two radiologists with over 
3 years of experience in breast imaging in-
dependently assessed and measured the 
imaging features of the lesions (including 
maximum diameter, morphology, and en-
hancement pattern) and were blinded to the 
patients’ clinical information and pathologi-
cal results. If the assessments were inconsis-
tent, a chief physician with 25 years of diag-
nostic experience served as an arbitrator to 
resolve discrepancies and finalize the results. 
All descriptions of imaging features followed 
the 5th edition of BI-RADS.13

Imaging efficacy assessment was per-
formed according to the RECIST 1.1 stan-
dards, defining iCR as the complete dis-
appearance of all measurable enhancing 
lesions on MRI after NAC.8 To evaluate the 
predictive efficacy of radiologists for pCR in 
patients with non-mass-type breast cancer 
after NAC, this study defined iCR as a “posi-
tive” indicator for predicting pCR. Based on 
postoperative pathological pCR status, the 
post-NAC preoperative imaging assessment 
results were categorized into four types: true 
positive (TP, iCR and pCR), true negative (TN, 
non-iCR and non-pCR), false positive (FP, iCR 
but non-pCR), and false negative (FN, non-
iCR but pCR).

Lesion segmentation was performed on 
the enhanced 90-second images of the base-
line DCE-MRI. A radiologist with 3 years of 
experience manually outlined the three-di-
mensional (3D) ROI of the lesion using ITK-
SNAP software (version 3.8.0)26 while being 
blinded to clinical information and patholog-
ical results. The delineation was performed 
layer by layer along the most prominent 
edges of lesion enhancement, including 
cystic and necrotic tissue areas, ultimately 
generating a 3D volume of interest (VOI). 
Subsequently, after image registration, this 
VOI was automatically aligned with the cor-
responding post-NAC preoperative DCE-MRI 
images to match the lesion areas before and 
after NAC. The second radiologist reviewed 
all VOIs, and if discrepancies occurred, con-
sensus was reached through discussion with 

a third chief physician. For VOI mismatch-
es due to patient positioning or changes in 
breast morphology, the following steps were 
taken to correct them: (1) manually adjust-
ing the VOI position using stable anatomical 
structures such as the sternum, aortic arch, 
and anterior border of the pectoralis major 
as references and (2) revising the VOI range 
based on the actual breast tissue boundary 
if the lesion significantly shrank after NAC, 
causing the original VOI to exceed the breast 
tissue boundary.

Radiomic feature extraction, selection, and 
model construction 

Radiomic feature extraction was complet-
ed on the Deepwise Multimodal Research 
Platform (version 2.3; Beijing Deepwise & 
League of PHD Technology Co., Ltd, Beijing, 
China; https://keyan.deepwise.com). All 
post-NAC preoperative images were resam-
pled to a standard resolution of 1 × 1 × 1 mm³ 
using B-spline interpolation to standardize 
the data. A total of 1,409 radiomic features 
were extracted from each patient’s post-
NAC preoperative DCE-MRI VOIs, including 
first-order features, morphological features, 
texture features [gray-level co-occurrence 
matrix (GLCM), gray-level size zone matrix, 
gray-level run length matrix, and gray-lev-
el dependence matrix], and neighborhood 
gray-tone difference matrix features.

To select strong and distinct features and 
to prevent data leakage or optimistic bias, all 
subsequent feature selection steps were per-
formed exclusively on the training cohort. 
First, intraclass correlation coefficients (ICCs) 
were calculated, and features with ICC > 0.90 
were retained to ensure reproducibility. Sec-
ond, correlation analysis was performed, and 
pairs of features with an absolute value of 
the Pearson correlation coefficient greater 
than 0.90 were randomly removed. Finally, 
an F-test was performed on the remaining 
features to select those significantly associat-
ed with pCR status. This finalized feature set, 
derived solely from the training data, was 
then applied without further modification to 
the validation cohort for model testing.

Using the selected features, five com-
mon machine learning algorithms [decision 
tree, AdaBoost, random forest, support vec-
tor machine (SVM), and logistic regression 
(LR)] were applied to build predictive mod-
els. The area under the receiver operating 
characteristic (ROC) curve (AUC), F1 score, 
sensitivity, and specificity of each model 
in the training set and internal validation 
set were compared. The LR model with the 



 

Preoperative MRI radiomics based pCR assessment in NME-type breast cancer • 

best performance was chosen as the base 
algorithm. Subsequently, the radiomic score 
(Rad-score) for each patient was calculated 
as follows:, where,  

, β represents 
the coefficients of the th feature, and X rep-
resents the feature value of the th feature for 
each patient.

This score was combined with the inde-
pendent clinical predictive factors identified 
by multivariate LR and the radiologists’ im-
aging assessment results. Then, “radiomics–
clinical” and “radiomics–clinical–physician 
assessment” fusion models were sequentially 
constructed to evaluate the predictive effica-
cy of different models and to assess the in-
cremental value of the radiomics model over 
physicians’ subjective judgment.

Model performance was compared using 
the ROC curve and DeLong test;27 the AUC, 
sensitivity, specificity, accuracy, and F1 score 
were also determined. Calibration curves 
were plotted to assess agreement between 
predicted probabilities and actual outcomes. 
Decision curve analysis was performed to 
evaluate the clinical net benefit of each 
model at different decision thresholds. Ad-
ditionally, the SHapley Additive exPlanations 
(SHAP) method was used to analyze feature 
contributions of the best model, enhancing 

its interpretability and clinical applicability.

Statistical analysis 

Statistical analysis was performed using 
SAS® OnDemand for Academics (Release 
3.81, Enterprise Edition). Continuous vari-
ables that followed a normal distribution 
(such as age and BMI) were expressed as 
mean ± standard deviation, and inter-group 
comparisons were conducted using in-
dependent sample t-tests. Non-normally 
distributed continuous variables were ex-
pressed as median (interquartile range) and 
compared using the Mann–Whitney U test. 
Categorical variables (such as cT stage, cN 
stage, and molecular subtype) were present-
ed as counts (percentages), and groups were 
compared using the chi-squared test or Fish-
er’s exact test. Univariate and multivariate 
LR analyses were also performed to identify 
independent clinical predictive factors asso-
ciated with pCR and to build a clinical pre-
dictive model using these factors. A P value 
<0.05 was considered statistically significant.

Results 

Clinical and imaging data assessment 

This study ultimately included 121 pa-
tients with pathologically confirmed breast 
cancer showing NME on MRI. All patients 

underwent NAC followed by surgery, with 56 
confirmed to have achieved pCR and 65 not 
achieving it. Comparative analysis between 
groups showed significant differences in cN 
stage and molecular subtype between the 
pCR and non-pCR groups (P < 0.05). Howev-
er, there were no significant differences be-
tween the two groups in age, BMI, maximum 
tumor diameter, cT stage, and Ki-67 levels (P 
> 0.05, Table 1).

To ensure the validity of model training, 
cases were randomly split into a training set 
(85 cases) and a validation set (36 cases) in 
a 7:3 ratio. Statistical comparison showed 
no significant differences in baseline clinico-
pathological features or pCR status between 
the two groups (P > 0.05, Table 2), indicating 
a balanced and comparable dataset.

Subsequently, univariate and multivariate 
LR analyses were performed on the training 
set to identify independent predictive fac-
tors associated with pCR. The results showed 
that a higher cN stage [odds ratio (OR): 0.364, 
P < 0.05] and HR-positive status (OR: 0.284, P 
< 0.05) were negatively associated with pCR, 
whereas HER-2-positive status (OR: 15.243, 
P < 0.05) was positively associated with pCR 
(Table 3). The clinical predictive model was 
constructed using these three factors, which 
had AUC values of 0.577 and 0.608 in the 

Table 1. Comparison of baseline clinical and imaging characteristics between pCR and non-pCR groups (n,%)

Clinical/imaging characteristics pCR (n = 56) non-pCR (n = 65) t/c2/Z value P value

Age (years) 49.30 ± 9.80 47.68 ± 9.69 0.8400 0.3615

BMI (kg/m2) 23.37 ± 3.34 23.43 ± 3.04 0.0100 0.9245

Maximum lesion diameter (mm) 61.82 ± 22.77 64.94 ± 17.96 0.7100 0.4020

cT stage, n (%)

T1 0 (0%) 0 (0%)

4.8263 0.0895

T2 21 (37.50%) 13 (20.00%)

T3 31 (55.36%) 44 (67.69%)

T4 4 (7.14%) 8 (12.31%)

cN stage, n (%)

N0 18 (32.14%) 10 (15.38%)

12.0109 0.0073*
N1 22 (39.29%) 17 (26.15%)

N2 14 (25.00%) 29 (44.62%)

N3 2 (3.57%) 9 (13.85%)

Molecular subtype, n (%)

Luminal 17 (30.36%) 42 (64.62%)

24.9431 <.0001*HER-2 enriched 33 (58.93%) 10 (15.38%)

Triple-negative 6 (10.71%) 13 (20.00%)

Ki-67, n (%)

Low 10 (18.18%) 15 (23.08%)
0.4328 0.5106

High 45 (81.82%) 50 (76.92%)

*Significant difference between pCR and non-pCR groups (P < 0.05). pCR, pathologic complete response; BMI, body mass index; cT, clinical tumor; cN, clinical lymph node stage; 
HER-2, human epidermal growth factor receptor 2.
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training and validation sets, respectively. Efficacy of radiologists’ imaging assess-
ment 

According to the RECIST 1.1 standard, 
the efficacy of iCR in predicting pCR, as in-
dependently assessed by two radiologists, 
was evaluated as follows: among the 121 
patients, 28 were determined to have iCR, of 
which 23 were pathologically confirmed as 
pCR (TP) and 5 were non-pCR (FP). Among 
the 93 patients assessed as non-iCR, 60 were 
non-pCR (TN) and 33 were pCR (FN). Based 
on these data, the overall accuracy of iCR 

in predicting pCR was 68.6% (83/121), with 
a sensitivity of 41.1% (23/56), specificity of 
92.3% (60/65), positive predictive value of 
82.1% (23/28), and negative predictive val-
ue of 64.5% (60/93). These results indicate 
that although radiologists demonstrate high 
specificity in assessing the pCR status of 
NME-type breast cancer based on MRI, their 
sensitivity is limited. The main source of error 
arises from non-central shrinkage of lesions 
or residual DCIS, leading to enhancement, 
which can mislead radiologists’ judgments.

Table 2. Comparison of baseline clinical and imaging characteristics between training and validation sets (n,%)

Clinical/imaging characteristics Training (n = 85) Validation (n = 36) t/c2/Z value P value

Age (years) 48.20 ± 9.76 48.97 ± 9.78 0.1600 0.6916

BMI (kg/m2) 23.60 ± 3.10 22.92 ± 3.32 1.1700 0.2816

Maximum lesion diameter (mm) 63.21 ± 19.67 64.16 ± 21.99 0.0600 0.8141

cT stage, n (%)

T1 0 (0%) 0 (0%)

0.9965 0.6076
T2 25 (29.41%) 9 (25.00%)

T3 53 (62.35%) 22 (61.11%)

T4 7 (8.24%) 5 (13.89%)

cN stage, n (%)

N0 18 (21.18%) 10 (27.78%)

1.5425 0.6725
N1 30 (35.29%) 9 (25.00%)

N2 30 (35.29%) 13 (36.11%)

N3 7 (8.24%) 4 (11.11%)

Molecular subtype, n (%)

Luminal 42 (49.41%) 17 (47.22%)

0.0600 0.9705HER-2 enriched 30 (35.29%) 13 (36.11%)

Triple-negative 13 (15.29%) 6 (16.67%)

Ki-67, n (%)

Low 18 (21.43%) 7 (19.44%)
0.0602 0.8063

High 66 (78.57%) 29 (80.56%)

Age (years) 44 (51.76%) 21 (58.33%)
0.4389 0.5077

BMI (kg/m2) 41 (48.24%) 15 (41.67%)

No statistically significant differences between the two datasets (P > 0.05). BMI, body mass index; cT, clinical tumor; cN, clinical lymph node stage; HER-2, human epidermal growth 
factor receptor 2.

Table 3. Univariate and multivariate logistic regression analysis of clinical and imaging characteristics

Variable Univariate Multivariate

OR 95% CI P value OR 95% CI P value

Age (per 1-year increase) 1.013 0.969–1.059 0.5643 0.954 0.888–1.026 0.2023

BMI (per 1-kg/m2 increase) 1.007 0.877–1.156 0.9201 1.015 0.837–1.230 0.8835

Maximum lesion diameter  
(per 1-mm increase) 0.993 0.971–1.015 0.5090 1.025 0.977–1.075 0.3198

cT stage (per stage increase) 0.385 0.171–0.865 0.0209* 0.172 0.029–1.022 0.0529

cN stage (per stage increase) 0.350 0.196–0.628 0.0004* 0.364 0.168–0.786 0.0101*

HR status (positive) 0.240 0.097–0.594 0.0020* 0.284 0.084–0.964 0.0434*

HER-2 status (positive) 9.390 3.370–26.167 < 0.0001* 15.243 3.400–68.342 0.0004*

Ki-67 (high) 1.571 0.543–4.551 0.4048 2.181 0.514–9.261 0.2905

*Statistically significant. OR, odds ratio; CI, confidence interval; OR, odds ratio; CI, confidence interval; BMI, body mass index; cT, clinical tumor; cN, clinical lymph node stage; HER-
2, human epidermal growth factor receptor 2.



 

Preoperative MRI radiomics based pCR assessment in NME-type breast cancer • 

Radiomic feature selection and model con-
struction 

In this study, we extracted 1,409 radiomic 
features from each patient’s post-NAC pre-
operative DCE-MRI 3D VOIs. After screening 

based on ICCs, Pearson correlation analysis 
(threshold: 0.9), and ANOVA F-tests, 11 fea-
tures that were significantly associated with 
pCR and exhibited low redundancy were re-
tained for model construction (Table 4, Fig-

ure 2).

To identify the optimal predictive machine 
learning algorithm, we built models using a 
decision tree, AdaBoost, random forest, SVM, 
and LR based on these 11 features. By com-

Figure 2. SHAP heatmap of radiomic features after feature selection. SHAP, SHapley Additive exPlanations.

Table 4. Eleven radiomics features selected by the feature selection algorithm and their coefficients

Number Radiomics Feature (c) Coefficient (β)

1 wavelet-LHL_gldm_DependenceEntropy −0.6307

2 wavelet-LLH_glszm_ZoneEntropy −0.4053

3 square_glcm_MCC −1.0587

4 log-sigma-3-0-mm-3D_firstorder_Maximum 1.0339

5 log-sigma-1-0-mm-3D_firstorder_Maximum −0.5009

6 log-sigma-2-0-mm-3D_gldm_LargeDependenceLowGrayLevelEmphasis 0.3031

7 log-sigma-2-0-mm-3D_glcm_MCC −0.0397

8 wavelet-LHL_glcm_Correlation −0.9443

9 wavelet-LHL_glrlm_RunEntropy −0.5781

10 wavelet-HLL_glcm_MCC 0.7394

11 wavelet-HHL_glcm_Correlation 0.0799 

Table 5. Predictive performance of machine learning algorithms in training and validation sets

Algorithm Dataset AUC (95% CI) F1 score Sensitivity Specificity

Decision tree
Training 0.942 (0.890–0.994) 0.918 0.951 0.886

Validation 0.652 (0.475–0.829) 0.611 0.733 0.524

AdaBoost
Training 0.971 (0.943–0.999) 0.894 0.927 0.864

Validation 0.737 (0.563–0.910) 0.649 0.800 0.524

Random forest
Training 0.999 (0.997–1.000) 0.976 0.976 0.977

Validation 0.730 (0.555–0.906) 0.629 0.733 0.571

SVM
Training 0.953 (0.903–1.000) 0.884 0.927 0.841

Validation 0.819 (0.679–0.960) 0.722 0.867 0.619

Logistic regression
Training 0.927 (0.872–0.982) 0.821 0.780 0.886

Validation 0.867 (0.750–0.983) 0.743 0.867 0.667

AUC, area under the curve; CI, confidence interval; SVM, support vector machine.
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paring the performance of each model in the 
training and internal validation sets (Table 5, 
Figure 3), the LR model showed the best per-
formance in the validation set, achieving the 
highest AUC [training set AUC: 0.927, 95% 
confidence interval (CI): 0.872–0.982; vali-
dation set AUC: 0.867, 95% CI: 0.750–0.983]. 
Therefore, the LR model was chosen as the 
basis for subsequent fusion models.

Construction, validation, and interpretabil-
ity analysis of fusion models 

To enhance predictive efficacy, two fusion 
models were constructed: Fusion Model 1 
combined the radiomic score (Rad-score) 
with independent clinicopathological pre-
dictive factors (cN stage, HR status, and HER-
2 status); Fusion Model 2 further integrated 
the radiologists’ imaging assessment (iCR) 
results into Fusion Model 1. The predictive 
performance of each model is summarized 
in Table 6 and Figure 4. In the training set, 
the AUC values were as follows: radiologists’ 
assessment, 0.708; clinical model, 0.577; ra-
diomics model, 0.927; Fusion Model 1, 0.933; 
and Fusion Model 2, 0.936. In the validation 
set, the AUC values were 0.571, 0.608, 0.867, 
0.870, and 0.810, respectively. Both fusion 
models demonstrated good predictive per-
formance in the training and validation sets. 
The DeLong test was performed for pairwise 
comparisons of model performance (Figure 
4). The results showed that, in the validation 
set, Fusion Model 1 and Fusion Model 2 had 
significantly higher AUCs than the single 
clinical model and radiologists’ assessment 

(P < 0.05), but there was no significant dif-
ference compared with the single radiomic 
model (P > 0.05).

We plotted calibration curves to assess 
how well predicted probabilities matched 
actual outcomes (Figure 5) and found that 
the radiomics model and its fusion models 
showed good consistency (Figure 6). Deci-
sion curve analysis further indicated that, 
at most clinical decision thresholds, Fusion 
Model 1 and Fusion Model 2 offered better 
clinical net benefits than single models. In 
the validation set, Fusion Model 1 main-
tained stable net benefits within a threshold 
probability range of 0.2–0.8, whereas the ra-
diologists’ model showed lower net benefits, 
approaching zero or negative values at some 
thresholds.

Finally, SHAP analysis was performed on 
the best-performing model, Fusion Model 
1, to improve interpretability (Figure 7). The 
results showed that the Rad-score and its ra-
diomic features were the largest contributors 
to the model’s predictions, followed by HER-
2 status, HR status, and cN stage. These find-
ings highlight the key role of radiomic fea-
tures in predicting pCR in NME-type breast 
cancer after NAC.

Discussion 
This study assessed the value of a preop-

erative DCE-MRI-based radiomics model for 
predicting pCR after NAC in patients with 
breast cancer non-mass lesions (NMLs). The 
results showed that the radiomics model had 
stable and strong discriminative ability in 
both the training and validation sets (AUCs 
of 0.927 and 0.867, respectively), significant-
ly outperforming the clinical model (AUCs of 
0.577 and 0.608) and the qualitative assess-
ment by radiologists based on the RECIST 1.1 
standard8 (AUCs of 0.708 and 0.571). After 

Figure 3. ROC analysis of predictive models using different machine learning algorithms (a: training set;  
b: validation set). ROC, receiver operating characteristic. 

a b

Table 6. Comparison of predictive performance across different models

Model Dataset AUC (95% CI) F1 score Sensitivity Specificity

Radiologist assessment
Training 0.708 (0.628–0.788) 0.600 0.439 0.977

Validation 0.571 (0.421–0.722) 0.417 0.333 0.81

Clinical model
Training 0.577 (0.460–0.670) 0.565 0.561 0.561

Validation 0.608 (0.416–0.800) 0.444 0.400 0.714

Radiomics model
Training 0.927 (0.872–0.982) 0.821 0.780 0.886

Validation 0.867 (0.750–0.983) 0.743 0.867 0.667

Radiomics + clinical model
Training 0.933 (0.884–0.982) 0.825 0.805 0.864

Validation 0.870 (0.751–0.989) 0.727 0.800 0.714

Radiomics + clinical + radiologist model
Training 0.936 (0.888–0.984) 0.835 0.805 0.886

Validation 0.810 (0.668–0.951) 0.743 0.867 0.667

The radiomics model represents the logistic regression model constructed using preoperative DCE-MRI radiomics features. AUC, area under the curve; CI, confidence interval. 
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adding clinical risk factors, model perfor-
mance improved further (AUCs of 0.933 and 
0.870), although the magnitude of improve-
ment was modest, indicating that radiomic 
features play a central role in predicting NAC 
effectiveness. There was a slight decrease in 
the validation AUC for the triple-integration 
model (Fusion Model 2) compared with the 
radiomics–clinical model (0.810 vs. 0.870), 
which may indicate instability or modest 
overfitting when adding the radiologists’ bi-
nary assessment, a variable potentially sub-
ject to higher variance, to a model already ro-
bustly defined by radiomic and clinical data.

The imaging assessment by radiologists 
in this study showed high specificity (92.3%) 
but low sensitivity (41.1%). This is consistent 
with previous studies reporting a wide range 
of sensitivities (37.9%–78.3%), which depend 
on tumor subtype and lesion type.22,23,28-30 
These studies highlight the complex re-
sponse patterns of NMLs after chemothera-
py, as they often exhibit non-centric shrink-
age and may be accompanied by changes 
such as mucinous degeneration, fibrosis, 
calcification, and residual DCIS. 

Figure 4. Predictive performance of different models for pCR: (a–b) ROC curves of different models in the 
training and validation sets; (c–d) DeLong test P value plots comparing different models in the training 
and validation sets (*P < 0.05; **P < 0.01). ROC, receiver operating characteristic; pCR, pathologic complete 
response. 

c

a

d

b

Figure 5. Calibration curves of different logistic-regression-based models (a: training set; b: validation set).

a b

Figure 6. Decision curve analysis of different models for predicting pCR (a: training set; b: validation set).

a b
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These factors can cause residual en-
hancement, which can mislead radiologists’ 
judgment.11-13,16,31 By contrast, radiomics, by 
extracting and analyzing a large number of 
quantitative features from tumor regions, 
can better capture these microstructural 
changes, leading to more accurate predic-
tions of actual pathological responses.18,32

The findings of this study match earlier 
reports indicating that radiomics has signif-
icant advantages in predicting NAC effica-
cy.19,20,31,33-37 However, compared with earlier 
research, this study includes new aspects. 
First, regarding study participants, most 
previous research has focused on mass-type 
breast cancers with regular morphology and 
clear boundaries, whereas this study focuses 
specifically on complex and poorly defined 
NMLs. Due to the higher heterogeneity and 
more complex shrinkage patterns exhibited 
by NMLs on MRI,15-17 assessing their treat-
ment efficacy is more challenging. This study 
confirmed the usefulness and superiority of 
the radiomics approach in NML-type breast 
cancer, thereby filling a research gap. Sec-
ond, because it is difficult to accurately out-
line the tumor bed after NAC, clinical models 
based on this area often do not predict well,38 
leading most earlier studies to use pre-NAC 
imaging for modeling.25 For example, Joo et 
al.36 found that a fusion model using clinical 
information and pretreatment MRI images 
performed significantly better than a pure-
ly clinical model in predicting pCR (AUCs of 
0.888 and 0.827, respectively, P < 0.05). Sim-
ilarly, Chen et al.37 combined clinical factors 
with radiomic features to achieve an AUC 

of 0.879 in the validation set. These studies 
mainly demonstrate how sensitive tumors 
might be to treatment rather than their ac-
tual responses. By contrast, this study built 
models using post-NAC preoperative MRI, 
which provides a more direct assessment of 
the final tumor response to treatment. It is 
important to note that currently, only a few 
studies have attempted to analyze post-NAC 
imaging, and these studies usually combined 
post-NAC visible tumor areas with pre-NAC 
imaging features for joint modeling,33,34 with 
fewer studies independently utilizing post-
NAC imaging features. This study, however, 
based its models on the complete tumor vol-
ume before treatment, accurately aligning it 
with post-NAC images and adjusting based 
on stable anatomical landmarks. Even when 
lesions shrink substantially or the enhance-
ment signal completely disappears, features 
can still be extracted within the same vol-
ume range, fully reflecting changes in the tis-
sue microenvironment after chemotherapy. 
This strategy works well for the non-centric 
shrinkage of NMLs. 

Finally, we compared models built from 
radiomic features, clinical factors, and radiol-
ogist assessment. The results showed that 
although the AUC of the fusion models was 
numerically higher than that of the radiom-
ics-only model, the difference was not statis-
tically significant (DeLong test P > 0.05). This 
key finding suggests that the radiomic signa-
ture derived from the post-NAC preoperative 
MRI itself possesses strong predictive capa-
bility. Crucially, our model characterizes the 
definitive post-NAC tissue state rather than 

measuring change from baseline (a delta-ra-
diomics approach). This endpoint phenotype 
appears to be a potent integrator of the com-
plex biological processes that determine the 
final pathological outcome. Consequently, 
although clinical factors remain crucial for 
treatment planning, their incremental value 
for predicting the achieved pCR status from 
the post-NAC imaging phenotype was limit-
ed.

Using SHAP interpretability analysis, this 
study found that the texture features (such 
as square_glcmMCC and wavelet-LHL_glcm_
Correlation) and first-order features (such 
as log-sigma-3-0-mm-3D_firstorder_Max-
imum) were key factors in predicting pCR. 
These features might reflect microheteroge-
neity changes caused by necrosis, fibrosis, 
and vascular remodeling within the tumor 
after NAC, which is consistent with earlier 
studies on texture heterogeneity and chang-
es in the tumor microenvironment.18,19,39

It is important to note that the indepen-
dent clinical predictive factors identified in 
this study (cN stage, HR status, and HER-2 
status) are highly consistent with previous 
clinical knowledge.40,41 A higher cN stage 
usually indicates greater aggressiveness and 
a heavier tumor burden,6 making it difficult 
to achieve pCR; HR-positive breast cancers 
often have estrogen receptors and/or pro-
gesterone receptors that promote cancer cell 
growth, spread, and resistance to treatment, 
rendering them less sensitive to chemother-
apy.42 Conversely, HER-2-positive tumors 
have much higher pCR rates after combined 
anti-HER-2 targeted therapy.43 Therefore, the 
clinical model results in this study are consis-
tent with the biological principles of breast 
cancer treatment responses. Additionally, 
these results confirm the reliability of the 
data used in this study. More importantly, 
the SHAP results show that these traditional 
clinical factors have less importance in the 
fusion model than the radiomic features. 
This suggests that radiomics has partially 
captured and integrated the imaging mani-
festations of the aforementioned biological 
differences, which is one of the main reasons 
for its improved predictive performance. 
For example, there is a notable interaction 
between HER-2-positive status and the log-
sigma-3-0-mm-3D_firstorder_Maximum 
feature, which indicates that differences in 
treatment responses among molecular sub-
types are already reflected in imaging sig-
nal intensity and texture features. In other 
words, the radiomics model can identify the 
effects of clinically measurable subtypes and 

Figure 7. SHAP analysis of feature contributions in Fusion Model 1. SHAP, SHapley Additive exPlanations.
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may also capture more complex microtissue 
changes and heterogeneity patterns, thus 
outperforming traditional clinical indicators 
in predicting pCR after NAC in NML-type 
breast cancer.

Although this study demonstrates good 
performance in predicting pCR after NAC for 
NML breast cancer, there are still certain lim-
itations. First, the initial imaging assessment 
was performed by radiologists with 3 years of 
experience. Although all diagnoses were re-
viewed and arbitrated by a senior specialist, 
the subjective evaluation of complex post-
NAC NML patterns remains challenging and 
may influence the performance benchmark 
against which the radiomics model was com-
pared. This inherent difficulty underscores 
the value of developing objective tools. Sec-
ond, model specificity requires further opti-
mization. Integrating multimodal data such 
as DWI-ADC, DCE-MRI quantitative parame-
ters, and genomic data will be key to boost-
ing the model’s discriminative power and 
robustness. Third, clinical translation relies 
on efficient lesion segmentation. Develop-
ing (semi-)automatic segmentation tools for 
NML breast cancer is essential for advancing 
the clinical application of this model. Fourth, 
the single-center, retrospective design and 
the sample size, particularly of the validation 
set (n = 36), limit the generalizability of our 
findings. The considerable reduction from 
the initially screened population (n = 538) to 
the final cohort (n = 121) may introduce se-
lection bias. Therefore, our results should be 
interpreted as a promising proof of concept, 
and external validation in larger, multicenter 
prospective cohorts is essential before clini-
cal application. Fifth, we also acknowledge 
that the linear feature selection approach 
used in this research, although providing 
stability in a smaller sample, may overlook 
complex non-linear associations that could 
be captured by more advanced algorithms in 
future studies with larger datasets.

This study constructed and validated a ra-
diomics model for predicting pCR after NAC 
for NML-type breast cancer based on post-
NAC preoperative DCE-MRI. The radiomics 
model, based on LR, showed strong discrim-
inative performance in both the training and 
validation sets (AUCs of 0.927 and 0.867, re-
spectively), significantly outperforming the 
clinical models and qualitative assessments 
by radiologists. Furthermore, incorporating 
independent clinical predictive factors (cN 
stage, HR status, and HER-2 status) resulted 
in a combined model integrating radiomics 

and clinical data, which showed the most 
consistent performance in discriminative 
ability, calibration, and clinical decision-mak-
ing benefits (AUCs of 0.933 and 0.870 for the 
training and validation sets, respectively). 
The results indicate that radiomic features 
derived from post-NAC MRI can effectively 
characterize the treatment-altered tissue en-
vironment and are key factors in predicting 
the efficacy of NAC for NML-type breast can-
cer. This model provides an objective, quanti-
tative, and interpretable method for preoper-
ative efficacy assessment of complex NMLs, 
which could help clinicians identify patients 
likely to achieve pCR, thereby supporting in-
dividualized treatment decision-making.

Footnotes
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