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INTRODUCTION

Breast cancer is the second most common cancer that metas-
tasizes to the central nervous system after lung cancer, and 

the incidence of breast cancer brain metastases (BCBM) is in-
creasing with advances in systemic therapy and neuroimag-
ing.1,2 Breast cancer is clinically classified according to estrogen 
receptor (ER), progesterone receptor (PR), and human epider-
mal growth factor receptor 2 (HER2) subtypes, and subtype 
identification is a key factor to prolonging survival and main-
taining quality of life in the treatment of metastatic breast 
cancer.3 For example, hormone receptor (HR)-positive breast 
cancer can be treated using endocrine therapy. For patients 
with HER2-overexpressing breast cancer, HER2-targeted ther-
apy, such as trastuzumab, is now routinely administered pri-
marily in combination with adjuvant chemotherapy.4 Mean-
while, for triple-negative breast cancer (TNBC), which is known 
to be the most malignant breast cancer subtype with a poor 
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prognosis, standardized TNBC treatment regimens are lacking.5

Discrepancies in subtypes between primary breast cancer 
and metastatic breast cancer are increasingly being reported, 
with overall discordant rates up to 40.3%.6-16 Such variation can 
have a significant impact on patient treatment strategies, re-
sponses to treatment, and ultimately, prognosis.10,12,17-20 While a 
unanimous consensus is currently lacking in treatment guide-
lines regarding the biological features that should guide treat-
ment decision-making in cases of subtype discrepancy, iden-
tifying the subtypes of metastatic breast cancer holds clinical 
significance. For example, in patients with discordant HER2 
status, where it was negative at baseline but positive in the met-
astatic setting, the use of a HER2-targeted therapy should be 
considered regardless of timing. Additionally, for patients with 
metastatic TNBC, irrespective of the subtype in the primary 
breast cancer, it is advisable to consider the use of chemother-
apy with or without immune checkpoint inhibitor therapy or 
targeted therapies like antibody-drug conjugates.21 In this 
context, the American Society of Clinical Oncology and the 
Joint European Association of Neuro-Oncology–European 
Society for Medical Oncology guidelines recommend evaluat-
ing the receptor expression status of distant metastases of 
breast cancer through biopsy whenever possible.21,22 However, 
obtaining BCBM material from all patients through surgery or 
biopsy may not be practical or feasible depending on the con-
dition of the patient or the location of the lesion. In addition, 
considering the risk of surgery and possible bias in obtaining 
samples due to the intrinsic heterogeneity of BCBM lesions, it 
should be considered that these procedures cannot always give 
accurate results.7,9,13 These issues highlight the need for innova-
tive approaches to identifying biomarkers for metastatic cancer.

Radiomics is an emerging field in medical imaging that ex-
tracts high-dimensional features from images to reveal po-
tential biological characteristics of tumors.23 Several previous 
studies have proposed radiomics-based models to predict the 
subtype of primary breast cancer. However, their usefulness has 
yet to be extensively investigated in BCBM.24-27 

Therefore, the goal of this study was to develop a radiomics-

based model for multiclass classification of the subtypes of 
BCBM using preoperative brain MRI and to investigate wheth-
er radiomic features could improve the accuracy of classifica-
tion over the presumption that BCBM subtypes would be iden-
tical to those of the primary breast cancer lesion. 

MATERIALS AND METHODS

Study population
This retrospective study was approved by the Gangnam Sever-
ance Hospital Institutional Review Board (no. 3-2022-0371), and 
the requirement for obtaining informed consent was waived. 

Patients with brain metastases from primary breast cancer, 
confirmed by surgical resection or biopsy between January 
2007 and November 2021, were identified at two different ter-
tiary hospitals. Patients from one hospital were assigned to 
the training set, whereas patients from the other hospital were 
designated as the external validation set. The inclusion crite-
ria were as follows: 1) patients with brain parenchymal metas-
tases from breast cancer confirmed by surgical resection or bi-
opsy and 2) patients who underwent preoperative brain MRI 
including both T2-weighted imaging (T2WI) and 3D gradient 
echo contrast-enhanced T1-weighted imaging (T1CE) sequenc-
es. The exclusion criteria were as follows: 1) absence of any 
T2WI or T1CE sequence in preoperative MRI (n=2 in the train-
ing set, n=1 in the external validation set); 2) dura or skull me-
tastasis that was surgically resected (n=12 in the training set, 
n=15 in the external validation set); 3) unknown molecular 
subtype of primary breast cancer (n=5 in the training set, n=4 
in the external validation set); and 4) history of previous radia-
tion therapy on the resected lesion before surgery (n=4 in the 
external validation set). Consequently, 51 and 51 patients (102 
patients in total) constituted the training and external valida-
tion sets, respectively (Fig. 1). 

Pathologic examination
Pathological diagnosis and subtype were determined based 

Patients diagnosed with BCBM by resection or biopsy 
in a tertiary hospital 

From January 2007 to November 2021 
(n=70)

Excluded (n=19)
Inadequate pre-op MRI sequence (n=2) 

Dura/skull metastasis (n=12) 
Unknown molecular subtype or primary breast cancer (n=5)

Training set (n=51) External validation set (n=51)

Excluded (n=24)
Inadequate pre-op MRI sequence (n=1) 

Dura/skull metastasis (n=15) 
Unknown molecular subtype or primary breast cancer (n=4) 

Previous RTx before surgery (n=4)

Patients diagnosed with BCBM by resection or biopsy 
in another tertiary hospital 

From January 2007 to November 2021 
(n=75)

Fig. 1. Flowchart of the study population for the training and external validation sets. BCBM, breast cancer brain metastases; RTx, radiation therapy.
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on postoperative tissue samples according to the American 
Society of Clinical Oncology/College of American Pathologists 
guidelines.28 For ER and PR, greater than 1% expression indi-
cated positivity, and HR-positive was defined as either ER- or 
PR-positive. For HER2, a score of 3+ on immunohistochemistry 
indicated positivity. In cases of equivocal expression of HER2 
(2+), 2+ on fluorescence in situ hybridization or HER2 amplifi-
cation on next-generation sequencing indicated positivity. Fi-
nally, subtypes were classified into four classes for further anal-
ysis: 1) HR-positive and HER2-negative (HR+/HER2-), 2) HR-
positive and HER2-positive (HR+/HER2+), 3) HR-negative and 
HER2-positive (HR-/HER2+), and 4) triple-negative (TN).

Image acquisition
Magnetic resonance (MR) scans of the training set were ac-
quired using 3-T scanners (MAGNETOM Vida, Siemens Health-
ineers, Erlangen, Germany; Discovery MR750, GE Healthcare, 
Chicago, IL, USA) with an eight-channel head coil. MR scans 
of the external validation set were performed using 3-T MR 
scanners (Achieva or Ingenia; Philips Medical Systems, Am-
sterdam, Netherlands) with an eight-channel head coil. Imaging 
protocols in both institutions included T2WI and T1CE after in-
travenous administration of a gadolinium-based contrast 
agent (ProHance, 0.2 mL/kg; Bracco, Milan, Italy). The imaging 
parameters for the training set were as follows: 1) T2WI: repeti-
tion time/echo time (TR/TE), 4000–6000/100 ms; section thick-
ness, 5 mm; field of view (FOV), 230 mm; matrix, 352×352–
512×325. 2) T1CE: TR/TE, 8.2/3.2 ms; section thickness, 1 mm; 
FOV, 230 mm; matrix, 256×256 or 224×224. The imaging 
parameters for the external validation set were as follows: 
1) T2WI: TR/TE, 4000–9000/80–120 ms; section thickness, 
5 mm; FOV, 220–240 mm; matrix, 256×256. 2) T1CE: TR/TE, 

6.3–8.3/3.1–4 ms; section thickness, 1 mm; FOV, 240 mm; ma-
trix, 192×192.

Image processing
A schematic of the pipeline is shown in Fig. 2. Semi-automat-
ed segmentation, including signal intensity thresholding and 
region growing, was performed using 3D slicer software (ver-
sion 4.11.0; https://www.slicer.org/) on T1CE images by a neu-
roradiologist with 4 years of experience in neuro-oncological 
imaging. In cases where there were multiple metastatic lesions, 
only the resected lesion was segmented and used for further 
processing in each patient. Additionally, if there were multiple 
lesions resected, we specifically segmented the largest one.

Next, resampling of T1CE, T2WI, and tumor segmentation 
masks into a uniform voxel size of 1×1×1 mm3, N4 bias-cor-
rection, and co-registration of T2WI to T1CE were sequential-
ly performed using Advanced Normalization Tools (https://
stnava.github.io/ANTs).29 Finally, the image signal intensities 
were normalized as follows: First, pontine masks were manu-
ally drawn on the central portion of the pons across seven con-
secutive slices (mean volume of the masks: 1224 mm3) on the 
preprocessed T1CE images. Second, mean and standard devi-
ation values of the signal intensity of the pontine masks were 
calculated for the preprocessed T1CE and T2WI images, re-
spectively. Third, Z-score normalization of the segmented tumor 
lesion was performed using the mean and standard deviation 
values of the pontine masks on the respective preprocessed 
T1CE and T2WI images for each patient.

Radiomic feature extraction
Radiomic features were extracted using the PyRadiomics Python 
package (version 3.0.1; https://pyradiomics.readthedocs.io/).30 

Fig. 2. Study pipeline. T2WI, T2-weighted imaging; T1CE, 3D gradient echo contrast-enhanced T1-weighted imaging; GLCM, gray-level co-occurrence 
matrix; GLRLM, gray-level run length matrix; GLSZM, gray-level size zone matrix; NGTDM, neighboring gray tone difference matrices; GLDM, gray-
level dependence matrix; MI, mutual information; LASSO, least absolute shrinkage and selection operator; AdaBoost, Adaptive Boosting; XGBoost, 
Extreme Gradient Boosting; LGBM, LightGBM: RF, Random Forest.

1) Image preprocessing 2) Feature extraction

3) Model development 4) Evaluation

https://www.slicer.org/
https://stnava.github.io/ANTs
https://stnava.github.io/ANTs
https://pyradiomics.readthedocs.io/
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Eighteen first-order features and 75 texture features, including 
24 gray-level co-occurrence matrices, 16 gray-level size zone ma-
trices, 16 gray-level run length matrices, 5 neighboring gray tone 
difference matrices, and 14 gray-level dependence matrices, 
were extracted from the tumor masks on the preprocessed T1CE 
and T2WI images, with a bin number of 32 to discretize intensi-
ties. In addition, 14 shape features were extracted from the tu-
mor masks. Consequently, 200 radiomic features were extracted 
for each examination. The radiomic features followed the stan-
dard sets of the Image Biomarker Standardization Initiative.31 

Model development
Radiomics-based machine learning models for multiclass 
classification were developed using Python 3 with the Scikit-
learn library (version 1.2.0; https://scikit-learn.org/). For ra-
diomics-based models, the original subtype of primary breast 
cancer was added as a feature along with the radiomic features. 
In the non-conversion model, the BCBM subtype was pre-
sumed to be identical to that of the primary breast cancer. 

Before development of the radiomics-based model, all fea-
ture values were scaled using the ‘RobustScaler’ function of 
the Scikit-learn library. Next, feature reduction was performed 
using three different methods: 1) univariate selection based on 
F score, using the ‘f_classif’ function of the Scikit-learn library; 
2) univariate selection based on mutual information, using the 
‘mutual_info_classif’ function of the Scikit-learn library; and 
3) least absolute shrinkage and selection operator (LASSO), us-
ing the ‘LassoCV’ function of the Scikit-learn library. The fol-
lowing four machine learning classifiers were used in combina-

tion with the three feature selection methods: 1) Adaptive 
Boosting (AdaBoost), 2) Extreme Gradient Boosting (XGBoost), 
3) LightGBM (LGBM), and 4) Random Forest. For each com-
bination of feature selection and classification method, hyper-
parameters, such as learning rate, number of estimators, maxi-
mum depth, or gamma, were optimized through stratified 
5-fold cross-validation in the training set, and the model with 
the highest accuracy was chosen as the best performing model. 

Model performance evaluation and explanation
The best performing model in the 5-fold cross-validation in the 
training set was selected as the radiomics-based model, and its 
diagnostic performance was compared with that of the non-
conversion model in the external validation set using accuracy 
and F1-macro score as diagnostic metrics. Accuracy was com-
pared using the generalized estimating equation (GEE), and 
F1-macro score was compared using bootstrapping with 1000 
repetitions. Additionally, to compare the diagnostic perfor-
mance of the two models for each subtype, the correct classi-
fication rate was analyzed using GEE. Statistical analyses were 
performed using SAS (version 9.4, SAS Institute Inc., Cary, NC, 
USA). p<0.05 was considered statistically significant. 

We also investigated which features contributed the most to 
the decision of the radiomics-based model by Shapley addi-
tive explanations (SHAP) value analysis, which is a method orig-
inally based on cooperative game theory and used to offer a 
high level of interpretability of machine learning models by 
assigning an importance value to each feature for a particular 
prediction, using the “shap” Python library.32 

Table 1. Demographics and Clinical Characteristics of the Patients

Training set (n=51) External validation set (n=51) p value
Age (yr) 49.8±9.1 51.8±10.3 0.306
Interval between MRI and operation (day)    6.2± 6.0 6.3±5.6 0.959
Size of brain lesion (mm3)* 8106.4 (5254.2–15226.6) 14786.8 (9901.2–26713.6) <0.001
Location 0.033

Cerebellum 15 (29.4) 23 (45.1)
Deep gray matter 5 (9.8) 0 (0.0)
Cerebral lobes 31 (60.8) 28 (54.9)

Molecular subtype of brain lesion 0.573
HR+/HER2-   9 (17.6) 15 (29.4)
HR+/HER2+   7 (13.7)   6 (11.8)
HR-/HER2+ 19 (37.3) 17 (33.3)
TN 16 (31.4) 13 (25.5)

Molecular subtype of primary lesion 0.174
HR+/HER2- 8 (15.7) 17 (33.3)
HR+/HER2+ 12 (23.5)   8 (15.7)
HR-/HER2+ 16 (31.4) 11 (21.6)
TN 15 (29.4) 15 (29.4)

Molecular subtype conversion 13 (25.5) 12 (23.5) >0.999
HR, hormone receptor; HER2, human epidermal growth factor receptor 2; TN, triple negative.
*The size of the brain metastatic lesions on which the radiomics study was performed is reported using the median value and interquartile range after undergo-
ing a normality test. A comparison between the two median values was performed using the Mann-Whitney test.

https://scikit-learn.org/
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RESULTS

The overall patient demographics of the training and external 
validation sets are presented in Table 1. The median size of 
brain metastatic lesions on which the radiomics study was per-
formed in the training set was found to be significantly smaller 
than that of the external validation set [8106.4 (interquartile 
range: 5254.2–15226.6) mm3 vs. 14786.8 (9901.2–26713.6) mm3, 
p<0.001]. Deep gray matter lesions were included only in the 
training set, while cerebellar lesions were more common in 
the external validation set. There were no other significant dif-
ferences between the two groups. In both the training and ex-
ternal validation sets, all patients underwent surgical resec-
tion, and no instances of biopsy were recorded. Approximately 
25% of patients exhibited subtype conversion in both the train-
ing and external validation sets. The respective conversion 
rates in the training and external validation sets were as fol-
lows: in the training set, 1) HR+/HER2- to TN (n=1), 2) HR+/
HER2+ to HR+/HER2- (n=2), 3) HR+/HER2+ to HR-/HER2+ 
(n=5), 4) HR+/HER2+ to TN (n=1), 5) HR-/HER2+ to HR+/
HER2+ (n=3), and 6) TN to HR-/HER2+ (n=1); in the external 
validation set, 1) HR+/HER2- to HR-/HER2+ (n=2), 2) HR+/
HER2+ to HR-/HER2+ (n=6), 3) HR-/HER2+ to HR+/HER2+ 
(n=2), and 4) TN to HR+/HER2+ (n=2).

The best performance was achieved when LASSO was used 

as a feature selection method for all four classifiers, with the 
following four features selected: “glszm_LargeAreaLowGray-
LevelEmphasis” on the T1CE image, “gldm_LargeDependence-
LowGrayLevelEmphasis” on the T2WI image, “firstorder_Ener-
gy” on the T2WI image, and the original subtype of the primary 
breast cancer. After hyperparameter tuning, the best accura-
cies of the four classifiers on the 5-fold cross-validation in the 
training set were as follows: AdaBoost, 0.651±0.194; XGBoost, 
0.805±0.084; LGBM, 0.784±0.148; and Random Forest, 0.725± 
0.116. Therefore, a combination of the LASSO selection meth-
od and XGBoost was selected as the radiomics-based model. 

In the training set, the accuracy and F1-macro score of the 
non-conversion model were 74.5% [95% confidence interval 
(CI): 62.5–86.5] and 72.3% (95% CI: 60.0–84.6), respectively. In 
contrast, the radiomics-based model achieved an accuracy of 
90.2% (95% CI: 82.0–98.4) and an F1-macro score of 88.5% (95% 
CI: 79.8–97.3).

In the external validation set, the accuracy of the radiomics-
based model was significantly higher than that of the non-con-
version model [90.2% (95% CI: 82.0–98.4) vs. 76.5% (95% CI: 
64.8–88.1), p=0.004]. The radiomics-based model also showed 
significantly higher F1-macro score than the non-conversion 
model [86.1% (95% CI: 74.7–97.3) vs. 69.9% (95% CI: 59.6–
82.4), p=0.002] (Table 2). The radiomics-based model success-
fully corrected seven of the 12 subtype conversion cases in the 

Table 2. Diagnostic Performance of the Radiomics-Based and Non-Conversion Models in the Training and External Validation Sets

Model
Training set External validation set

Accuracy F1-macro score Accuracy p value F1-macro score p value
Radiomics-based model 0.902 (0.820–0.984) 0.885 (0.798–0.973) 0.902 (0.820–0.984)

0.004
0.861 (0.747–0.973)

0.002
Non-conversion model 0.745 (0.625–0.865) 0.723 (0.600–0.846) 0.765 (0.648–0.881) 0.699 (0.596–0.824)
Parentheses indicate 95% confidence intervals.

Fig. 3. Confusion matrices for the radiomics-based and non-conversion models in the external validation set. HR, hormone receptor; HER2, human 
epidermal growth factor receptor 2; TN, triple negative.

Radiomics-based model Non-conversion model
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external validation set: six cases were HR-/HER2+ subtype 
converted from HR+/HER2+, and the other case was HR+/
HER2+ subtype converted from HR-/HER2+. In analysis of cor-
rect classification rates for each subtype, there was a significant 
difference in the prediction performance for the HR-/HER2+ 
subtype between the two models (p=0.002) (Fig. 3 and Supple-
mentary Table 1, only online). 

According to SHAP value analysis of the radiomics-based 
model on the external validation set, the top two most contrib-
uting features for the multiclass classification were primary le-
sion subtype and the ‘firstorder_energy’ feature on T2WI. A vari-
ance importance plot, summary plots, and waterfall plots with 
representative cases of the external validation set are shown in 
Supplementary Figs. 1 and 2 (only online).

DISCUSSION

In this study, we developed a radiomics-based model for mul-
ticlass classification of BCBM subtypes that incorporates both 
radiomic features and information on the subtype of primary 
breast lesions. We showed that the radiomics-based model 
significantly improved subtype prediction over the presump-
tion that the subtype of BCBM is identical to that of the primary 
breast cancer lesion, with an accuracy of 0.902 (95% CI, 0.820–
0.984) and an F1-marco score of 0.861 in an external valida-
tion set. 

Approximately 25% of patients exhibited subtype conver-
sion in both the training and external validation sets. Among the 
subtype conversion cases, the most frequent conversion was 
from HR+/HER2+ to HR-/HER2+ in both the training set (5/13) 
and the external validation set (6/12). Notably, for both HR and 
HER, positive to negative conversion was more frequently ob-
served than negative to positive conversion in both the training 
and external validation sets: for HR, n=7 vs. n=3 in the training 
set and n=8 vs. n=4 in the external validation set; for HER, n=3 
vs. n=1 in the training set and n=4 vs. n=0 in the external valida-
tion set. This tendency is consistent with previous research on 
subtype discordance. According to a recent meta-analysis study, 
including 39 studies assessing receptor conversion between pri-
mary and metastatic breast cancer, positive to negative recep-
tor conversions occurred more frequently than from negative 
to positive.16 

Radiomics, which is used for medical image analysis by con-
verting medical images into quantitative data, can improve the 
accuracy of diagnosis, evaluate prognosis and response, and 
ultimately lead to better clinical decisions.33 Many radiomics 
research models have investigated breast cancer receptor ex-
pression and molecular subtypes. Leithner, et al.26 applied a ra-
diomics model to differentiate receptor status and molecular 
subtypes (luminal A, luminal B, TN) of breast cancer and re-
ported that radiomics-based models were useful for the as-
sessment of breast cancer subtypes with >80% accuracy.34 In 

addition, a radiomics approach has been reported to have 
predictive value not only for distinguishing TNBC from other 
breast cancer subtypes, but also for distinguishing different 
TNBC molecular subtypes, as well as prognostic value in pa-
tients with TNBC.35,36 However, radiomics studies for predict-
ing subtypes in breast cancer metastases are limited, with, to 
the best of our knowledge, only one study published to date. 
Luo, et al.37 constructed machine learning-based radiomic sig-
natures and predicted the receptor status of BCBM on preop-
erative brain MRI with accuracies of 78.3%, 82.6%, and 82.6% 
for ER, PR, and HER2, respectively, in a test set.

We developed a radiomics-based machine-learning model 
capable of multiclass classification of BCBM. Because our mod-
el was not restricted to binary classification, it could be more 
relevant and useful in clinical practice, given that breast can-
cer subtypes are classified into multiple subtypes. In addition, 
the diagnostic performance of our model was validated using 
an external validation set and measured using F1-macro score, 
which is an appropriate metric for multiclass classification.38 
Our model successfully corrected seven of the 12 subtype con-
version cases in the external validation set. In particular, all six 
BCBM cases with the HR-/HER2+ subtype, which were con-
verted from the HR+/HER2+ subtype, were accurately identi-
fied using our model. Interestingly, all conversion cases (n=12) 
in the external validation showed HR status conversion, and 
all corrected predictions of the conversion cases (n=7) result-
ed from the correction of HR status, whereas the radiomics-
based model did not improve the prediction of HER2 status 
over the non-conversion model. The small number of HER2 
receptor conversions (n=4) that occurred in the external valida-
tion set may be a contributing factor. In addition, we cannot 
rule out that HER2 receptor status has little or no effect on im-
aging features. Further studies with larger sample sizes are war-
ranted to address this issue.

We additionally attempted to explain the results of our mod-
el by applying SHAP value analysis, which assigns an impor-
tance value to each feature for a particular prediction.32 Ac-
cording to the SHAP value analysis of the external validation 
set, the subtype of the primary breast cancer lesion contribut-
ed the most to subtype prediction, which was to be expected 
given the conversion rate of 23.5%. The most contributing ra-
diomic feature was the “firstorder_energy” feature on T2WI, 
which is a measure of the magnitude of voxel gray values in an 
image. Interestingly, for HR+/HER2+ subtype prediction, the 
largest contributing factor was not the primary lesion subtype, 
but the “firstorder_energy” feature on T2WI. This may be at-
tributed to the fact that half of the conversion cases occurred in 
the HR+/HER2+ primary lesion subtype and that one-third of 
the conversion cases changed to the HR+/HER2+ subtype in 
BCBM. Despite attempts to interpret the results using the SHAP 
value analysis, however, the nature of multiclass classification 
in this study’s design hindered an intuitive interpretation. To 
solve the current “black box” problem of radiomics-based 
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models and hence make this approach more applicable in clin-
ical practice, additional research should be undertaken to bet-
ter interpret the relationship between radiomics-based pre-
dictors and outcomes.

Notably, our model showed comparable performance in 
both the training and external validation sets. We postulate that 
the signal intensity normalization method using the mean and 
standard deviation values of signal intensity of the pons area 
was robust for signal normalization while preserving the signal 
characteristics of the tumor lesions. Owing to the multiplicity 
of BCBM with accompanying peritumoral edema, commonly 
used signal normalization methods, such as the Nyul or Whit-
eStripe methods, were inapplicable in this study.39,40 Since the 
pons is relatively less affected by brain metastases, it may serve 
as a reliable reference for brain parenchymal signal intensity in 
radiomics studies of brain metastases.

Our study had some limitations. As this was a retrospective 
study, there may be selection bias. However, we minimized 
selection bias by consecutively including all patients who un-
derwent surgery or biopsy during the defined time period in 
the dataset. Second, the sample size may not have been suffi-
ciently large. The number of available cases with complete 
pathological information, including subtype, for both primary 
cancer and BCBM was restricted. Third, all corrected predic-
tions of the conversion cases resulted from the correction of HR 
status. The limited number of HER2 receptor conversions that 
occurred in the external validation set (n=4) may be a contrib-
uting factor. In addition, while our study primarily focused on 
the development and validation of the radiomics-based mod-
el, it is important to note that the implementation of the mod-
el in real-world clinical settings remains unexplored. To ad-
dress these important aspects, we are planning to conduct a 
prospective study with a larger sample size. This future study 
aims to thoroughly investigate the model’s performance and 
evaluate its impact on clinical outcomes, thereby facilitating its 
practical utilization by clinicians. Finally, we conducted semi-
automated segmentation of BCBM lesions, which might have 
introduced a certain level of bias. However, in this study, it 
was necessary to manually verify that only resected tumor le-
sions were segmented; hence, algorithms recently developed 
for automatic segmentation of brain tumors were not univer-
sally applicable.

In conclusion, our radiomics-based model has the potential 
for more accurately identifying subtypes of BCBR than the as-
sumption that the primary lesion and its metastatic brain le-
sions are of the same subtype, thereby facilitating a more ap-
propriate personalized therapy for metastatic breast cancer.
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