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Rationale and objectives: Breast cancer remains a leading cause of cancer-
related morbidity and mortality globally. This study aimed to develop and validate 
predictive models for ALN pCR following NAC in breast cancer patients.
Materials and methods: We conducted a retrospective analysis involving 189 
patients who were diagnosed with primary breast cancer at the Affiliated Hospital 
of Qingdao University. Dynamic contrast-enhanced magnetic resonance 
imaging (DCE-MRI) was utilized to assess the characteristics of the tumors. 
Tumor segmentation was performed using itk-SNAP software, followed by voxel 
clustering to identify distinct habitat-derived regions. Logistic regression (LR) and 
multilayer perceptron (MLP) models were constructed using these features.
Results: The classification model incorporating with habitat-based radiomic 
features demonstrating superior predictive performance (AUC of 0.88 in training 
and 0.81 in test for LR). A clinicopathologic signature that includes factors 
such as age, hormone receptor status, the Ki-67 index, and clinical stage 
was established, achieving in an AUC of 0.81. To construct a nomogram, we 
integrated habitat-derived radiomic signature with clinicopathologic signature. 
This nomogram attained an AUC of 0.92 for the training cohort and 0.89 for the 
test cohort. Furthermore, calibration and decision curve analyses confirmed the 
nomogram’s reliability and practical applicability in clinical settings.
Conclusion: In summary, our results indicate that radiomic features extracted 
from pre-NAC DCE-MRI can improve the predictive accuracy for ALN pCR 
following NAC in individuals diagnosed with breast cancer. This finding highlights 
the promise of personalized treatment strategies for individual patients.
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Introduction

Breast cancer is one of the most prevalent malignancies 
worldwide, presenting major challenges in both diagnosis and 
therapeutic approaches (Sung et al., 2021). The heterogeneity of 
breast cancer, with varied biological behaviors and therapeutic 
responses, highlights the importance of personalized treatment 
strategies.

Neoadjuvant chemotherapy (NAC) is widely acknowledged 
as the standard therapeutic strategy in clinical practice for 
patients with locally advanced or early-stage invasive breast 
cancer who are candidates for breast-conserving surgery (BCS) 
(Navarro-Cecilia et al., 2013). Previous research have shown that 
20%–40% of breast cancer patients treated with NAC achieve 
pathologically confirmed clinically negative axillary lymph nodes 
(ALNs) post-treatment (Kuerer et al., 1999). At present, it is 
common clinical practice to recommend that most patients with pre-
NAC pathologically positive ALN biopsy results undergo axillary 
lymph node dissection (ALND). However, ALND can lead to 
significant complications, such as lymphedema, infection, brachial 
plexus injury, and paresthesia, which can adversely affect patients’ 
recovery and quality of life. Sentinel lymph node biopsy (SLNB) 
presents a less invasive option compared to ALND. Nevertheless, 
the utility of SLNB in patients with positive ALNs undergoing NAC 
remains controversial. Recent studies have indicated that SLNB-
guided axillary surgery is a feasible approach for initially node-
positive breast cancer patients who achieve negative ALNs after NAC 
(Galimberti et al., 2016; Piltin et al., 2020). To improve the accuracy 
of SLNB, various advanced techniques have been employed. These 
methods include dual tracer staining, the excision of more than 
one SLN, and placement positioning pins (Boughey et al., 2015; 
Boileau et al., 2015; Caudle et al., 2016). These strategies have shown 
to reduce false-negative rate, but they are not universally applicable 
to all patients. Therefore, accurately predicting the axillary response 
to NAC is essential, as it enables the customization of treatment 
strategies for patients with ALN-positive breast cancer.

Recent advancements in imaging techniques, particularly 
dynamic contrast-enhanced magnetic resonance imaging (DCE-
MRI), have provided new opportunities to characterize tumors 
and explored their underlying biological mechanisms. DCE-MRI 
provides valuable insights into the tumor microenvironment and 
help to identify tumor subregions that may be correlated to clinical 
characteristics (Hayward et al., 2023). The diagnostic performance of 
MRI for evaluating ALN status has been significantly improved with 
the advent of new technologies. These advancements include the use 
of specialized coils, the optimization of contrast agent protocols, and 
the integration of coronal plane imaging (Schipper et al., 2015). In 
addition, preoperative MRI radiomics models, which evaluate both 
the ALN and tumor regions, have been investigated for their ability 
to predict ALN status in early-stage breast cancer patients (Yu et al., 
2021). However, the performance of MRI for evaluating post-NAC 
ALN status is considered suboptimal, with an AUC ranging from 
0.50 to 0.75 (Cattell et al., 2020; You et al., 2015).

The emergence of radiomics offers new possibilities to extract 
quantitative patterns from medical images—patterns that are 
associated with underlying biological characteristics, therapeutic 
responses, and clinical outcomes. Currently, deep learning 
radiomics has been utilized to evaluate the efficacy of NAC, 

especially in predicting pathological complete response (pCR) 
and overall treatment response. Fu et al. (2024) constructed a 
deep learning framework utilizing sonographer-conducted axillary 
ultrasound images to forecast the ALN response to NAC. This 
model, which integrated both pre- and post-NAC ultrasound data, 
reached an AUC of 0.95 in the training group and 0.90 in the test 
group. Our previous investigation established a deep learning model 
utilizing DCE-MRI conducted before and after NAC to forecast 
ALN response following NAC treatment (Zhang et al., 2024). The 
integration of the deep learning model with clinical parameters 
resulted in the establishment of a predictive radiomic nomogram, 
which demonstrated exceptional performance, with an AUC of 0.99. 
Although traditional radiomic models and deep learning models 
demonstrate significant predictive performance, they are often 
referred to as “black boxes”. This is because they primarily provide 
input data and output results, without offering clear interpretability 
of the intermediate processes or decision-making pathways. As 
a result, while these models can be highly accurate, their lack 
of transparency makes it difficult to understand how they reach 
specific conclusions, which can limit their clinical applicability and 
acceptance.

The “Habitat” concept in cancer imaging refers to spatial and 
evironmental features of the tumor microenvironment, arising from 
intratumoral heterogeneity. An extension of radiomics involves 
automatic segmentation informative subregions, which are linked 
to the tumor’s underlying pathophysiology (Napel et al., 2018). 
Studies have shown tumor habitat analysis can predict treatment 
responses and clinical outcomes (Shi et al., 2023; Cho et al., 
2022; Zhang Y. et al., 2023). In habitat analysis, two common 
clustering strategies are used: first, calculating voxel relationships to 
assess heterogeneity; second, extracting radiomic features to enable 
more detailed clustering and habitat region delineation. Shi et al. 
(2023) developed intratumoral heterogeneity index utilizing habitat 
radiomics derived from DCE-MRI to predict the NAC treatment 
response in breast cancer patients. However, there is currently 
limited literature on predicting ALN response to NAC using habitat 
radiomics. Therefore, we investigated the efficacy of a radiomics 
model—incorporating intratumoral habitat regions from DCE-
MRI—in predicting ALN response to NAC among patients with 
breast cancer.

Methods and materials

Patients

The study included 189 patients newly diagnosed with breast 
cancer at the Affiliated Hospital of Qingdao University in Qingdao, 
China, between 2021 and 2022. Given the retrospective design of this 
study, informed consent was not required. The study was approved 
by the hospital’s ethics committee in accordance with the guidelines 
of the Declaration of Helsinki. The criteria for participant inclusion 
were specified as follows: (1) Histopathologically confirmed primary 
invasive breast cancer; (2) Confirmation of ALN metastases 
via surgical or biopsy; (3) ALND performed after NAC; (4) 
Administration of systemic chemotherapy before surgery; (5) 
Acquisition of adequate DCE-MRI scans before NAC; (6) NAC 
regimens developed in accordance with NCCN or CSCO guidelines; 
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(7) Availability of comprehensive medical records. On the other 
hand, the criteria for exclusion included: (1) Patients presenting with 
distant metastases; (2) Individuals with a prior diagnosis of other 
malignancies; (3) Patients exhibiting negative ALN findings before 
the initiation of NAC; (4) Incomplete NAC administration before 
surgery; (5) Absence of critical clinical information, such as findings 
related to ALN or specific molecular subtype; (6) Inadequate 
imaging of the axillary area on breast MRI. Distant metastases were 
defined and diagnosed in accordance with the NCCN Breast Cancer 
Guidelines, using multimodality imaging (whole-body 18F-FDG 
PET-CT, chest/abdominal CT, bone scintigraphy) and pathological 
confirmation for ambiguous lesions when necessary. 

Magnetic resonance acquisition protocol

Prior biopsy, each patient underwent pre-treatment DCE-MRI 
within one to 2 weeks before NAC. The MRI scans were conducted 
using a 3.0 T scanner, equipped with either an 8-channel or 16-
channel breast coil (Signa HDxt, GE Healthcare), with patients in the 
prone position. The DCE-MRI procedure included a pre-contrast 
T1-weighted image and eight subsequent post-contrast T1-weighted 
images, all with fat saturation. After administering 0.2 mL/kg of 
gadolinium-DTPA contrast agent intravenously, a 20 mL saline flush 
was given at a rate of approximately 2 mL/s. Sixty seconds after 
the gadolinium-DTPA injection started, the first series of post-
contrast images was acquired, followed by seven additional scans. 
The methodology for acquiring MR images has been thoroughly 
detailed in previous studies (Zhang et al., 2024). 

Tumor segmentation

The N4 bias field correction algorithm was employed for 
image preprocessing to correct inhomogeneities present in MR 
images. The detailed parameter settings were as follows: Number 
of iterations per resolution level: (50, 50, 50, 50); Smoothing 
kernel: 200 mm per mesh element in each dimension; Mask 
dilation radius: No additional dilation. These settings refer to the 
ANTs software guidelines (https://github.com/ANTsX/ANTs/wiki/
N4BiasFieldCorrection). The original imaging data was resampled 
using B-spline interpolation to achieve an isotropic resolution of 3 
× 3 × 3 mm3. Choosing a 3 mm voxel size was essential to capture 
radiomic features from numerous voxels and ensure comprehensive 
collection of local details, despite increasing processing time. 
Resampling to larger voxel sizes significantly reduces data volume 
while retaining key information, thereby improving processing 
efficiency. To reduce inter-image variability and improve the 
reproducibility of analyses, intensity value histograms from MRI 
scans were standardized.

Regions of interest (ROIs) were carefully outlined on each slice of 
the DCE-MRI, focusing on the peak enhancement phase indicated 
by the time-intensity curve, utilizing itk-SNAP software. During 
the peak enhancement phase, metastatic ALNs exhibited significant 
enhancement, while the surrounding stromal tissue showed only 
slight enhancement. Two radiologists (each with 5 years of breast 
imaging experience each) performed ROI segmentation in a 
double-blinded manner—they were unaware of patients’ ALN pCR 

status, postoperative pathological results, and NAC response. The 
agreements of the ROIs between different radiologists and within 
the same radiologist reflect inter- and intra-observer reproducibility, 
respectively. We used intraclass correlation coefficients (ICCs) to 
evaluate the consistency of feature extraction among observers. Both 
inter- and intra-observer reproducibility, as well as radiomic feature 
extraction, demonstrated substantial agreement, with ICC values 
exceeding 0.75 for ROIs assessed by the two different radiologists 
and the same radiologist. 

Habitat imaging and radiomics feature 
extraction

Twenty-two radiomics features were derived for each voxel 
within the tumor region to capture local information. A 
comprehensive list of these features and their definitions is 
provided in Supplementary Table S1. The 22 voxel-level features 
include 8 gray-level statistical features, 10 texture features, 
and 4 dynamic enhancement parameters, with calculation 
standards consistent with the PyRadiomics documentation (https://
pyradiomics.readthedocs.io/en/latest/features.html). Following the 
feature extraction, voxel clustering was executed using the k-means 
method. Initial cluster centers were determined via the k-means++ 
algorithm to avoid random bias, with the maximum iterations set to 
1,000 to prevent infinite loops.

This clustering method grouped voxels with similar 
characteristics, thereby facilitating the identification of distinct 
habitat regions within the tumor. In order to identify the most 
suitable number of clusters, the mean Calinski-Harabasz score was 
employed, evaluating clusters in a range from 2 to 5. The number 
of clusters corresponding to the highest Calinski-Harabasz score 
was selected as the optimal clustering configuration. We used the 
Python package PyRadiomics to extract radiomic features from the 
intratumoral region and different habitat regions separately. 

Prediction models construction and 
validation

The dataset was randomly split into training and test sets at an 
8:2 ratio. The training cohort was employed for the development 
of prediction models utilizing the extracted radiomic features. 
Radiomic features were initially evaluated using the Mann-Whitney 
U test, with a significance level set at P < 0.05. Subsequently, 
the Pearson correlation coefficient was utilized to evaluate the 
relationship between each pair of radiomic features, resulting in 
the exclusion of features that displayed a correlation coefficient 
|r| exceeding 0.9. For the training cohort, feature selection was 
performed using the least absolute shrinkage and selection operator 
(LASSO) method. The penalty parameter λ was selected by 
minimizing the mean squared error (MSE) via 5-fold cross-
validation.

To develop classification models, both the logistic regression 
(LR) model and the multilayer perceptron (MLP) were employed. 
The efficacy of all constructed models was assessed using receiver 
operator characteristic (ROC) analysis, along with metrics 
including sensitivity, specificity, positive predictive value (PPV), 
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and negative predictive value (NPV). The practical significance 
of these machine learning models was explored through decision 
curve analysis (DCA). A calibration curve was employed to 
illustrate the relationship between predicted probabilities and 
observed rates. We developed two model types using (1) habitat-
based radiomic features (habitat-based predictive models), and 
(2) intratumoral-based radiomic features (intratumor predictive 
model). The robustness of these signatures was subsequently 
validated using test set. 

Clinicopathologic signature development 
and validation

A range of clinical parameters, including histopathological 
features, were assessed for their potential association with ALN 
pCR. A clinicopathologic signature was developed, incorporating 
key characteristics such as patient’s age, estrogen receptor 
(ER)/progesterone receptor (PR)/Her-2 status, Ki-67 index, and 
clinical T/N staging. Clinical stage specifically refers to the 
preoperative cTNM stage, which was determined based on 
preoperative imaging and physical examinations to define cT and 
cN categories, in strict accordance with the 8th edition of the AJCC 
Breast Cancer Staging Manual. The postoperative pTNM stage was 
not used, as the primary objective of this study was to develop a 
preoperative prediction tool.

We used LR and MLP to develop our classification models. 
Using the best-performing radiomic signature combined with 
clinicopathologic signature, we developed a predictive nomogram to 
facilitate clinical decision-making. This nomogram was constructed 
via a multivariate regression model, followed by calibration via 
the Hosmer-Lemeshow test and a calibration curve. In order 
to evaluate the clinical utility of the nomogram, we plotted a 
DCA curve, providing insights into its practical applicability in
clinical practice. 

Statistical analyses

Statistical analyses were performed using R Studio (version: 
2023.12.1) and Python 3.12.2. The chi-squared test and Mann-
Whitney U test were used to explore the association between NAC 
efficacy and various clinical variables. The R packages “pROC,” 
“rms,” “rmda,” and “generalhoslem” were used to generate the 
ROC curve, calibration curve, and perform the Hosmer-Lemeshow 
test. A two-tailed significance threshold of 0.05 was set for the 
statistical analyses.

Results

Patient clinical features

A total of 457 MRI examinations were initially collected between 
2021 and 2022. Patients were excluded for the following reasons: 
patients diagnosed with advanced cancer (n = 35), previous history 
of different malignancies (n = 12), non-completion of NAC (n = 24), 
incomplete clinical data (n = 11), negative ALN metastases (n = 49), 

and inadequate axillary region coverage on MRI (n = 6). The patient 
enrollment flowchart is presented in Figure 1.

A total of 189 patients were included in the study. These patients 
were randomly divided into training and test cohorts at an 8:2 
ratio. The detailed characteristics of all participants are detailed in 
Table 1. Notably, hormone receptor expression, Her-2 status, and 
Ki-67 index were significantly associated with ALN pCR after NAC 
in breast cancer patients. In contrast, no significant differences in 
age, clinical stage, or menopausal status were observed between 
patients with ALN pCR and non-pCR. Furthermore, there were no 
statistically significant differences in clinical parameters (including 
age, clinical stage, menopausal status, hormone receptor expression, 
Her-2 status, and Ki-67 index) between the training and test 
cohorts (see Supplementary Table S2).

Intratumor prediction model development 
and evaluation

Figure 2 illustrates the development process of the intratumor 
prediction signature, habitat-based prediction signatures, 
clinicopathologic signature, and nomogram. MRI images were 
manually segmented layer by layer, and features were extracted 
from these segments. A total of 1,197 features were extracted. 
After assessing interobserver reproducibility using ICCs, 1,186 
radiomic features from the intratumor region were selected for 
further analysis. Using one-way ANOVA, 6 significant features 
were identified. For features with a correlation coefficient exceeding 
0.9, redundant features were merged into a single representative 
feature. The 3 features were selected through LASSO regression for 
further analysis.

We assessed the predictive performance of LR and MLP models 
for ALN pCR in breast cancer patients treated with NAC. In the 
training cohort, the AUC for the LR and MLP models were 0.65 (95% 
confidence interval (CI), 0.57–0.74) and 0.47 (95% CI, 0.37–0.56), 
respectively. The predictive value of the model was limited, as 
indicated by sensitivity, specificity, PPV, and NPV(shown in Table 2).

Habitat-based predictive models 
development and evaluation

The Calinski-Harabasz score indicated that 3 was the optimal 
number of clusters. This analysis revealed 3 distinct subregions in 
the training cohort, providing valuable insights into inherent data 
patterns. These identified subregions were subsequently utilized in 
the test cohort for additional examination.

A total of 1,197 radiomic features were extracted independently 
from the tumor regions for each habitat. Using one-way ANOVA, 
25 features were significant in Habitat 1, 13 in Habitat 2, and 7 in 
Habitat 3. After Pearson correlation analysis and subsequent LASSO 
regression, 9 radiomic features from Habitat 1, 7 from Habitat 2, and 
2 from Habitat 3 were selected for final model construction.

We constructed classification models using LR and MLP 
to predict ALN response after NAC based on different habitat 
subregions. The Habitat 1-based models demonstrated the best 
performance: the LR model achieved an AUC of 0.88 (95% CI, 
0.83–0.93) in the training cohort and 0.81 (95% CI, 0.66–0.96) in 
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FIGURE 1
Flow chart of patient enrollment.

the test cohort. Additionally, the MLP reached an AUC of 0.82 (95% 
CI, 0.75–0.89) in the training group and 0.73 (95% CI, 0.55–0.90) in 
the test group. In the training group, the Habitat 1-based radiomic 
model had a sensitivity of 0.79, specificity of 0.82, PPV of 0.78, and 
NPV of 0.83, while in the test group, these values were 0.81, 0.77, 
0.72, and 0.85, respectively.

In contrast, models based on Habitat 2 and Habitat 3 showed 
limited predictive power. For Habitat 2-based model, the LR and 
MLP models achieved AUC values of 0.71 and 0.73 in the training 
cohort, and 0.55 and 0.52 in the test cohort, respectively. For the 

Habitat 3-based model, both LR and MLP models had an AUC of 
0.62 in the training cohort and 0.58 in the test cohort. The detailed 
results of the habitat-based classifiers are presented in Table 2. 

Development and validation of 
clinicopathologic signature

The clinicopathologic signature was established utilizing 
hormone receptor status, clinical tumor stage, and the Ki-67 index. 
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TABLE 1  The clinical characteristics between ALN non-pCR and 
pCR patients.

Characteristics ALN non-pCR ALN pCR P-value

Age
107 82

48 51 0.12

Menopausal status, n 
(%)

0.10

Premenopause 65 (60.75%) 40 (48.78%)

Post-menopause 42 (39.25%) 42 (51.22%)

ER status, n (%) <0.05

Negative 29 (27.10%) 47 (57.32%)

Positive 78 (72.90%) 35 (42.68%)

PR status, n (%) <0.05

Negative 40 (37.38%) 54 (65.85%)

Positive 67 (62.62%) 28 (34.15%)

Her-2 status, n (%) <0.05

Negative 85 (79.44%) 23 (28.05%)

Positive 22 (20.56%) 59 (71.95%)

Ki-67 index 40 (20, 60) 50 (30, 60) <0.05

cT stage, n (%) 0.35

T1 7 (6.54%) 5 (6.10%)

T2 52 (48.60%) 32 (39.03%)

T3 40 (37.38%) 33 (40.24%)

T4 8 (7.48%) 12 (14.63%)

cN stage, n (%) 0.99

N1 92 (85.98%) 70 (85.37%)

N2 15 (14.02%) 12 (14.63%)

We used various machine learning algorithms to classify patients 
with ALN pCR after NAC. Both the LR and MLP models achieved 
an AUC of 0.81 in the training cohort. In the test cohort, both models 
had an AUC of 0.76, showing comparable predictive performance. 
Our results showed that the MLP model performed slightly better 
than the LR model, but the DeLong test indicated no significant 
difference between them. In the training cohort, the MLP model 
had an AUC of 0.81 (95% CI, 0.74–0.88), with a sensitivity of 0.42, 
specificity of 0.91, PPV of 0.78, and NPV of 0.67. In the test cohort, 
these values were 0.56 (sensitivity), 0.86 (specificity), 0.75 (PPV), 
and 0.73 (NPV), respectively. Subsequently, the MLP model was 
utilized to develop the nomogram. 

Nomogram development and validation

Given the strong performance of the Habitat 1-based radiomic 
model, we integrated it with the clinicopathologic signature to 
develop a nomogram (Figure 3A). Figures 3B,C show the ROC 
curves of the Habitat 1-based radiomic model, clinicopathologic 
model, and radiomic nomogram. The nomogram achieved an AUC 
of 0.92 (95% CI, 0.87–0.96) in the training cohort and 0.89 (95% CI, 
0.79–0.99) in the internal test cohort.

The calibration plot showed a wide range of predicted risks, 
highlighting the model’s ability to distinguish between patients with 
low and high absolute ALN pCR risks (Figures 4A,B). The Hosmer-
Lemeshow test for the nomogram showed χ2 = 8.57 (p = 0.38) in 
the training cohort and χ2 = 3.84 (p = 0.87) in the test cohort. 
Furthermore, DCA curves indicated that the radiomic nomogram 
provided greater clinical benefits than the Habitat 1-based radiomic 
model and the clinicopathologic model (Figures 4C,D).

Discussion

Breast cancer is a leading cause of morbidity and mortality 
among women worldwide, characterized by complex biological 
behavior and significant intertumoral heterogeneity. The 
advancement of breast cancer is impacted by numerous factors, 
including tumor microenvironment, hormonal receptor status, and 
genetic alterations. As our understanding of breast cancer biology 
evolves, there is an increasing focus on personalized therapies 
that address these variances. Recent advancements in imaging 
techniques and radiomics have opened new avenues for non-
invasive assessment of tumor characteristics, enabling clinicians 
to better predict treatment responses and guide personalized 
treatment. Currently, the majority of researches on using radiomics 
to predict NAC effectiveness in breast cancer patients primarily 
focus on predicting pCR of both breast tumor and metastatic 
lymph nodes (Yu et al., 2023; Peng et al., 2021; Zeng et al., 2023). 
However, relatively less attention has been paid to predicting ALN 
pCR specifically.

The purpose of this study was to evaluate the utility of DCE-MRI 
and radiomic features in predicting the response of ALN to NAC 
in breast cancer. The study enrolled 189 breast cancer patients with 
ALN metastases, all of whom underwent axillary surgery after NAC. 
Postoperative pathological evaluation showed an ALN pCR rate of 
43.3%, which is consistent with the results reported in previous 
studies (Navarro-Cecilia et al., 2013; Cortazar et al., 2014).

Two common clustering approaches are used in habitat analysis: 
the first directly calculates voxel correlations to assess intratumoral 
heterogeneity and complexity; the second extracts radiomic features 
from voxels, leveraging local data for clustering (Cho et al., 
2022). The latter approach enables more comprehensive analysis 
and identification of specific habitat regions. This latter approach 
facilitates a more comprehensive examination and the identification 
of specific habitat areas (Yang et al., 2022). In our investigation, 
we employed the second of these two clustering methods. The 
Calinski-Harabasz score was used to identify 3 distinct tumor 
subregions, and radiomic features were extracted independently 
from each intratumoral habitat region. The Habitat 1-based models 
demonstrated the highest performance, achieving an AUC of 0.88 in 
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FIGURE 2
The flowchart of building Habitat-based radiomic signature, clinicopathologic signature, and nomogram.

TABLE 2  The radiomic model of intratumor and habitat-based models.

Intratumor Accuracy AUC 95% CI Sensitivity Specificity PPV NPV

LR train 0.65 0.66 0.57–0.74 0.59 0.69 0.60 0.69

LR test 0.47 0.40 0.21–0.59 0.94 0.14 0.44 0.75

MLP train 0.46 0.47 0.37–0.56 0.89 0.13 0.44 0.61

MLP test 0.53 0.55 0.36–0.74 0.75 0.36 0.46 0.67

Habitat1 Accuracy AUC 95% CI Sensitivity Specificity PPV NPV

LR train 0.81 0.88 0.83–0.93 0.79 0.82 0.78 0.83

LR test 0.79 0.81 0.66–0.96 0.81 0.77 0.72 0.85

MLP train 0.73 0.82 0.75–0.89 0.86 0.62 0.64 0.86

MLP test 0.76 0.73 0.55–0.90 0.75 0.77 0.71 0.81

Habitat2 Accuracy AUC 95% CI Sensitivity Specificity PPV NPV

LR train 0.63 0.71 0.62–0.79 0.73 0.55 0.56 0.72

LR test 0.63 0.55 0.36–0.75 0.25 0.91 0.67 0.63

MLP train 0.67 0.73 0.65–0.81 0.77 0.57 0.58 0.76

MLP test 0.53 0.52 0.33–0.72 0.75 0.36 0.46 0.67

Habitat3 Accuracy AUC 95% CI Sensitivity Specificity PPV NPV

LR train 0.56 0.62 0.53–0.71 0.86 0.32 0.50 0.75

LR test 0.63 0.58 0.39–0.78 0.44 0.77 0.58 0.65

MLP train 0.56 0.62 0.53–0.71 0.86 0.32 0.50 0.75

MLP test 0.63 0.58 0.39–0.77 0.44 0.77 0.58 0.65

the training cohort and 0.81 in the test cohort for the LR model. In 
contrast, models based on the whole tumor region, Habitat 2, and 
Habitat 3 showed limited predictive performance. Given the strong 
performance of the Habitat 1-based radiomic model, we combined 
it with the clinicopathologic signature to develop a nomogram. In 
the training cohort, the nomogram achieved an AUC of 0.92 (95% 

CI, 0.87–0.96), and in the test cohort, it reached 0.89 (95% CI, 
0.79–0.99), reflecting high predictive accuracy in both sets.

A key finding of this study is that habitat-based radiomic 
models, particularly the Habitat 1-derived LR model, outperformed
whole-tumor radiomic models in predicting ALN pCR after NAC 
in breast cancer patients. This performance gap stems from inherent 
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FIGURE 3
Construction and performance assessment of a nomogram based on Habitat-based radiomic signature and clinicopatholigic signature. (A) A 
nomogram based on the Habitat 1-based radiomic signature and clinicopatholigic signature. (B) ROC curves of clinicopatholigic signature, 
Habitat-based radiomic signature, and nomogram in training group. (C) ROC curves of clinicopatholigic signature, Habitat-based radiomic signature, 
and nomogram in test group.

advantages of habitat analysis that address critical limitations of 
whole-tumor approaches. First, habitat analysis effectively captures 
biologically relevant intratumoral heterogeneity. Tumors consist of 
subregions with distinct properties linked to treatment response, 
but whole-tumor analysis averages these unique signals, masking 
key predictive patterns. Second, the whole-tumor region contains 
overlapping radiomic information, leading to noise and diluted 
predictive power. The feature selection showed only 3 features 
were retained from 1,197 whole-tumor features post-LASSO. 
Habitat analysis, however, groups voxels into homogeneous clusters, 
yielding non-redundant features—9 were retained from Habitat 
1—strengthening the model’s ability to distinguish ALN pCR from 
non-pCR. Third, habitat analysis offers practical computational 
efficiency. By segmenting tumors into 3 habitats, it reduces data 
volume for feature extraction and model training, supporting 
potential clinical translation without losing key information.

By integrating tumor habitat segmentation and in-depth 
radiomic feature extraction, we developed predictive models 
that effectively distinguish between ALN pCR and non-pCR. 
These results not only highlight the potential of radiomics to 
improve predictive accuracy but also emphasize the importance of 
integrating clinical and imaging data in breast cancer treatment 
decisions.

Radiomic studies on predicting ALN treatment efficacy after 
NAC in breast cancer patients have primarily focused on breast 
ultrasound and multisequence MRI. Zhang’s model combines 
clinical data and ultrasound-derived radiomic characteristics to 
forecast ALN response among breast cancer patients following 
NAC (Zhang H. et al., 2023). This integrated model exhibited 
excellent predictive capabilities, with AUC values of 0.86 in the 
training group, 0.88 in the validation group, and 0.86 in the 
external test group. Zhu et al. (2024) studied node-positive breast 
cancer patients undergoing NAC, extracting radiomic features from 
the tumor, peritumoral, and ALN regions in pre- and post-NAC 
MRI scans. The researchers used machine learning approaches 
to construct a stacking model for predicting ALN response after 
NAC. This stacking model achieved impressive AUC values of 
0.93 in the training cohort, 0.87 in the external validation cohort, 

and 0.86 in the prospective cohort, respectively. Furthermore, 
this model showed substantially reduced false-negative rates 
(14.40%, 20.85%, and 18.18%) when compared to the assessments 
made by radiologists (40.80%, 50.49%, and 63.64%). The authors 
also developed an MRI-based deep learning model to predict 
ALN response to NAC, which achieved favorable performance 
with an AUC of 0.99 in the training cohort and 0.93 in the 
test cohort (Zhang et al., 2024). However, traditional and deep 
learning radiomics models are often considered “black boxes,” 
as their underlying mechanisms and decision-making processes 
remain unclear.

Tumors commonly exhibit spatial and morphological variability, 
with differences in cell density, blood supply, necrosis, and other 
factors across distinct areas. In cancer imaging, “habitat imaging” 
refers to the spatial and environmental characteristics of the tumor 
microenvironment, which arise from intratumoral heterogeneity. 
Verma et al. (2020) manually segmented habitat regions in 
glioblastomas using multi-sequence MRI and then evaluated 
radiomic features to predict tumor progression. Nonetheless, this 
approach depended heavily on the expertise and discretion of 
radiologists, which may introduce variability and subjectivity 
into the results. Shi et al. (2023) developed a predictive model 
that integrates intratumoral ecological diversity features using 
pretreatment MRI scans and exhibited excellent performance in 
forecasting pCR to NAC in breast cancer patients. We followed the 
methodology of Shi et al. (2023), first calculating the radiomics 
features for each voxel within the tumor region. Subsequently, voxel 
clustering was conducted utilizing the k-means algorithm, grouping 
voxels with similar characteristics to identify distinct habitat regions 
within the tumor. Following this, radiomic features were extreacted 
from each habitat subregion, and models were developed using these 
characteristics. In subsequent exploratory analyses, certain radiomic 
features from habitat imaging were found to correlate with hormone 
receptor status and Ki-67 index (see Supplementary Figure S1), 
but the specific mechanisms underlying these correlations require 
further investigation. Existing studies have used habitat imaging 
and transcriptomic data to explore tumor heterogeneity and its 
impact on treatment outcomes (Su et al., 2023). In future prospective 
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FIGURE 4
The calibration and DCA curves of Habitat-based radiomic signature and clinicopatholigic signature. (A) Calibration curve of Habitat 1-based radiomic 
signature, clinicopatholigic signature, and nomogram in the training group; (B) Calibration curve of Habitat 1-based radiomic signature, 
clinicopatholigic signature, and nomogram in the test group; (C) DCA evaluating the clinical usefulness in the training group; (D) DCA evaluating the 
clinical usefulness in the test group.

studies, immunohistochemical staining should be performed for 
markers associated with tumor proliferation, hypoxia, and vascular 
density. Through spatial registration of these pathological marker-
positive regions with Habitat 1 identified on DCE-MRI, the overlap 
and correlation between Habitat 1 and these biologically distinct 
zones need to be quantified. Additionally, transcriptomic analysis 
needs to be integrated into future work. This analytical approach 
is expected to help uncover the molecular mechanisms underlying 
Habitat 1 and its predictive role in ALN response to NAC.

Notably, current research on tumor habitat analysis for 
predicting breast cancer treatment efficacy still relies heavily on 
traditional radiomics workflows, often depending on manual or 
semi-automatic segmentation—which may limit reproducibility 
and scalability. To address this limitation, recent studies have 
explored automated segmentation of tumor habitat subregions 
to improve clinical applicability—and such advancements 
provide valuable insights for refining habitat-based research. 

For example, Bareja et al. (2024) demonstrated that nnU-Net models 
achieved robust automated delineation of medulloblastoma tumor 
habitats across multi-institutional MRI scans. Though focused 
on medulloblastoma, this work highlights the potential of deep 
learning-driven automation to replace labor-intensive manual 
segmentation—a direction that could be extended to breast cancer 
DCE-MRI to optimize habitat identification in future studies.

The present study represents a significant advancement in 
the treatment of breast cancer, particularly in predicting ALN 
response post-NAC. One of the most notable innovations of 
this study is the integration of habitat imaging and radiomic 
features extracted from DCE-MRI. This approach enables a deeper 
understanding of tumor microenvironment by identifying distinct 
habitat regions within the tumor, an aspect often overlooked in 
prior studies. In contrast to traditional imaging methods, our 
technique provides a more detailed characterization of intratumoral 
heterogeneity, which is essential for developing personalized
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treatment strategies. Although our study has notable strengths, 
there are areas that could be improved. First, only one imaging 
protocol was used for pre-NAC evaluation. While breast DCE-
MRI yielded the most definitive results, integrating multiparametric 
MRI—including diffusion-weighted imaging (DWI) and T2-
weighted imaging (T2WI)—could provide more comprehensive 
and objective information. Additionally, our research lacks external 
validation, primarily due to the limited number of cohorts that 
meet our specific inclusion criteria. Although we identified several 
candidate cohorts, most were excluded because pre-NAC MRI were 
missing. In the future, independent external validation data will be 
needed to verify the model’s performance.

In summary, our study developed a predictive nomogram 
using pre-treatment DCE-MRI images, incorporating habitat 
imaging and intratumoral radiomics. The model demonstrated 
robust performance in both the training and test cohorts. This 
prognostic tool provides a reliable and objective basis for informing 
individualized surgical decisions regarding ALND in breast cancer 
patients receiving NAC.
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