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Background: Triple-negative breast cancer (TNBC) patients have a high 2-year post-operative incidence 
of brain metastasis (BM). Currently, there is no early prediction tool to predict the risk of BM in TNBC 
patients.
Methods: Data of breast cancer patients, who had been scanned, resected, and pathologically diagnosed at 
a local hospital from May 2012 to June 2018 were collected. Primary and radiological secondary exclusion 
criteria were used to determine patients’ eligibility for inclusion in the study. Data for the TNBC cohort 
included qualified 2-year post-operative follow-up information, BM status, and pre-operative MRI data. Age-
based propensity score matching (PSM) was used to build a comparable study cohort. The tumor regions of 
interest were segmented and used for lattice radiomics feature extraction. The filtered and normalized lattice 
radiomics features were then trained with BM status using the random forest (RF), support vector machine 
(SVM), k-nearest neighbor, least absolute shrinkage and selection operator regression, naïve Bayesian, and 
neural network algorithms. The generated prediction models were evaluated using 10-fold cross verification, 
and the areas under the curve (AUCs), accuracy, sensitivity, and specificity were reported.
Results: Data from 643 breast cancer patients were collected. Among these, 84 TNBC cases (comprising 
42 pairs) were included in this study after primary exclusion, radiological secondary exclusion, and PSM. 
We extracted 3,854 lattice radiomics features from the pre-operative MRI. Of these, 2,480 were used for 
model training after filtration. The 10-fold verification results showed that the BM risk-prediction model, 
which was based on the normalized and filtered lattice radiomics features of collected cases trained by naïve 
Bayesian algorithm, had a high AUC (0.878), accuracy (0.786), specificity (81.0%), and sensitivity (76.2%).
Conclusions: The pre-operative MRI data of TNBC patients can be used to predict 2-year BM risk. This 
application could help to achieve better early stratification, BM screening, and the overall prognosis.
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Introduction

It is well accepted that triple-negative breast cancer 
(TNBC) has a worse short-term prognosis than other 
breast cancer subtypes (1). The 2-year mark after the initial 
diagnosis of TNBC represents a unique milestone (1). In 
this 2-year period, the mortality rate of TNBC shows a 
steep upward trend, then the rate would gradually approach 
other subtypes after this milestone. Thus, the initial 
2-year intervention is of great importance to the prognosis 
improvement of TNBC patients.

Brain metastasis (BM) is one of the most common and 
severe negative events of TNBC, and usually occurs within 
2 years of diagnosis (2). Apart from lethal metastasis, 
BM of TNBC is also a clinical indication of a non-ideal 
systemic treatment response (3). Thus, BM has attracted 
considerable attention in relation to TNBC prognosis. 
For example, a BM monitoring system was developed to 
enable early detection and achieve a better response (4,5). 
However, existing studies have mainly discussed passive 
post-operative monitoring, and the use of active pre-
operative risk stratification methods is rare. 

In clinical practice, the magnetic resonance imaging 
(MRI) as a routine examination of the breast cancer 
have concluded many radiological signs include T2 
hyperintensity and rim enhancement that greatly helped 
the TNBC diagnosis (6). Recently, studies have shown that 
pre-operative MRI data predicts breast cancer prognosis 
based on radiomics analysis (7,8). Thus, we sought to build 
an MRI data-based pre-operative BM risk-prediction model 
and improve TNBC patient prognosis. Our study included 
TNBC cases with available BM status data from a local 
center. The quantitative pre-operative MRI features were 
extracted and used to train the machine-learning model.

We present the following article in accordance with 
the TRIPOD reporting checklist (available at https://dx.doi.
org/10.21037/gs-21-537).

Methods

Cohort

A total of 643 patients with breast cancer were enrolled 
in the study, all of these patients were treated surgically in 
our hospital and had postoperative pathological reports. 
The initial diagnosis dates of patients fell between May 
2012 and June 2018. The China Anti-Cancer Association’s 
guidelines on the clinical diagnosis and treatment of breast 
cancer were used to guide individual treatment. To be 

eligible for inclusion in this study, the following primary 
screening criteria had to be met for each patient: (I) An 
original immunohistochemical examination had to confirm 
the triple-negative status of the estrogen receptor (ER), 
progesterone receptor (PR), and human epidermal growth 
factor receptor 2 (Her2); (II) pre-operative fat-suppressed 
T2-weighted MRI had to be available; (III) 24-month post-
operative follow-up records detailing outcomes had to be 
available; (IV) a standard brain MRI follow-up record for 
BM monitoring had to be available; (V) each patient had to 
have positive MRI evidence of BM, have undergone surgical 
resection, and have a pathology report that supported the 
diagnosis of BM. Additionally, the following secondary 
imaging screening criteria had to be met: (I) there had to 
be no image degradation, such as motion artifacts; and (II) 
the BM had to be a single-lesion type. After the secondary 
screening, propensity score matching (PSM) was used to 
perform baseline matching between BM TNBC cases and 
non-BM TNBC cases based on age (rounded). The method 
for training and test data set separation are detailed later 
in this paper in the section that describes the machine-
learning model. All procedures performed in this study 
involving human participants were in accordance with the 
Declaration of Helsinki (as revised in 2013). The study was 
approved by ethics board of the Sixth Hospital of Wuhan 
(No. WHSHIRB-K-2021012) and informed consent was 
taken from all the patients.

Pre-operative MRI scan

A 1.5-Tesla magnetic resonance scanner at our local center 
was used to obtain fat-suppressed T2-weighted MRI. The 
original Digital Imaging and COmmunications in Medicine 
(DICOM) files were downloaded directly from the local 
hospital’s picture archiving and communication system 
(PACS) system, and Neuroimaging Informatics Technology 
Initiative (NIfTI) format conversion and anonymization 
was achieved with dcm2niiX (version: v1.0.20190902). 
The anonymized NIfTI files were used for the subsequent 
analysis.

Tumor lesion description and region of interest (ROI) 
segmentation

Two board-certificated radiologists, both experts in 
breast cancer diagnosis, participated in the radiographic 
reading and ROI segmentation. In the radiographic 
reading, the radiologists evaluated each lesion’s length 
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of the long axis and shape (oval/irregular). The two 
radiologists independently finished the contour in 
the ROI segmentation using Slicer software (version: 
4.11.20200930). The radiologists were able to browse all the 
available radiological studies, but were blinded to patients’ 
BM status. The intraclass correlation coefficient (ICC) of 
the final ROI volume was calculated to evaluate consistency 
concordance.

Radiomics feature extraction

The Cancer Imaging Phenomics Toolkit  (version 
v.1.8.0.Beta) was used to extract radiomics features from 
the collected fat-suppressed T2-weighted MRI. Feature 
categories included morphology, histogram, intensity, and 
texture. The 2-dimensional (2D) lattice extraction mode 
was applied. After 0-value based dimension reduction and 
z-score normalization, a feature matrix was used as input to 
train the machine-learning model.

Training and evaluating the performance of the machine-
learning model

Orange Data Mining (version 3.27.1) was used to train 
the machine-learning model and evaluate its performance. 
Classical modeling machine-learning algorithms, including 
random forest (RF), support vector machine (SVM), 
K-nearest neighbor (KNN), least absolute shrinkage and 
selection operator (LASSO) regression, Naive Bayes, and 
Neural network, were included. The default parameters 
were used, and 0.5 was set as the prediction threshold. 
The test and score module of Orange software was used 
to evaluate performance, and a 10-fold cross-validation 
was used for benchmark testing. The performance 
measurements included the area under the curve (AUC) for 
the receiver operating characteristic (ROC) curve, precision, 
accuracy, sensitivity, and specificity. In the sensitivity and 
specificity calculation, the target event was set as BM.

Statistical analysis

SPSS software (version 22.0) was used for the statistical 
analysis and PSM. Due to the insignificance of the 
Kolmogorov-Smirnov normality test, a non-parametric 
test method was used to compare differences between the 
long axis diameters of the BM Group. A Chi-square test 
or Fisher’s exact test was used to compare the categorical 
variables of the BM Group. A P<0.05 was considered 

statistically significant.

Results

Clinical and radiographic characteristics of the study cohort

Based on the 643 collected breast cancer cases, the screening 
and PSM process generated 84 TNBC cases (comprising 42 
pairs) with and without BM during the initial post-operative 
period of 24 months. The cohort selection process is 
summarized in Figure 1. Patients’ clinical and radiographic 
characteristics are summarized in Table 1. No clinical or 
radiographic differences were found between the BM 
groups. Patients’ ages at diagnosis were not compared due 
to the PSM design.

Radiomics feature analysis

The 84 TNBC cases (comprising 42 pairs) were subjected 
to a radiomics feature analysis. The primary workflow is 
summarized in Figure 2. In relation to the concordance 
evaluation, the ROI volume concordance between the two 
radiologists was satisfactory (ICC =0.86). Thus, we selected 
the ROIs contoured by the senior radiologist. In relation to 
the lattice radiomics feature extraction, 3,854 quantitative 
features were extracted. The feature categories included 
morphology, intensity, histogram, gray-level co-occurrence 
matrix, gray-level run length matrix, and local binary 
pattern. After dimension reduction, 2,480 lattice radiomics 
features were kept and entered into the machine-learning 
model for training. Figure 3 shows the most relevant BM 
lattice radiomics features (only the top 50 features according 
to the information gain ratio ranking are shown).

Machine-learning TNBC BM risk-prediction model

The training of the machine-learning models was based on 
the 2,480 kept lattice radiomics features. Table 2 summarizes 
the 10-fold cross-validation performance of the generated 
models. Among the 6 classical machine-learning algorithms, 
the Naïve Bayes method had the highest AUC (0.878, 95% 
confidence interval: 0.743–0.911) and accuracy (0.786). The 
Naïve Bayes model had higher specificity than sensitivity, 
and thus was more suitable for identifying low-risk BM 
TNBC cases. Table 3 shows the model confusion matrix. All 
the generated models are available upon reasonable request 
(via email) and can be imported into Orange software for 
exploration.
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Figure 1 The workflow used to establish the cohort. TNBC, triple-negative breast cancer.

Breast cancer cases that were 
pathologically confirmed in local hospital

Primary cohort

Radiological-available secondary cohort

Matched brain metastasis and non-brain 
metastasis cohort

N=643

N=99

Final cohort: 84 cases (42 pairs)

N=109

Primary screening: IHC confirmed TNBC; pre-operative MR 
imaging available; 24 months post-operative follow up and 
BM monitoring; pathological confirmation for resected brain 
metastasis cases 

Secondary screening: no artifact or other imaging 
degradation, single lesion

Baseline matching: the age-based propensity score matching 
was applied 

Discussion of the machine-learning models

Our discussion focuses on the Naïve Bayes model, as it 
achieved the highest performance. A nomogram was plotted 
to depict the features’ absolute weights based on the whole 
cohort (see Figure 4). The entropy feature that belonged to 
the gray-level co-occurrence matrix category contributed 
most to the prediction ability of the model, which mainly 
described the disorder level of the image. Additionally, 
the lattice radiomics features of histogram and intensity 
contributed considerably to the model.

Discussion

BM is a critical clinical milestone in the course of TNBC. 
The accepted law of BM in TNBC included common, 

lethal, and unique. In 2008, Lin et al. examined 116 cases 
of metastatic TNBC and found that the overall prognosis 
of BM was poor (the median survival time was only 
4.9 months after the diagnosis of BM) (1). It has been 
reported that the age- and race-adjusted rate of death 
of BM was 3.4 times higher than that of other primary 
metastasis types (9). However, the dismal prognosis of 
TNBC patients with BM is not simply due to the BM 
lesion itself. Indeed, death, as a direct consequence, 
is uncommon in TNBC patients with BM; rather, 
unsatisfied systemic control is the main cause of death. 
The BM could also harbor novel genetic alterations 
compared to the original lesion (10). Thus, BM in TNBC 
patients is a unique event that should be considered a 
particular clinical scenario, and more importantly, as a 
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Table 1 The clinical characteristics of the study cohort

Items Brain metastasis group (n=42) Non-brain metastasis group (n=42) P

Clinical characteristics 

Marital status >0.05

Married 36 34

Single, widowed, divorced, separated 6 8

Original TNBC side >0.05

Left 23 24

Right 19 18

Histological grade >0.05

II 6 12

III 36 30

Radiographic features 

TNBC length of the long axis (mm) 27.1 (26.5–27.6) 26.9 (26.1–27.5) >0.05

TNBC shape >0.05

Oval 31 31

Irregular 11 11

Figure 2 The primary workflow used for the radiomics feature extraction.

treatment response marker. To predict this marker, our 
study established a BM risk-prediction model based on 
the radiomics features extracted from pre-operative MRI. 
The data of 84 TNBC cases (comprising 42 pairs), with 
and without BM within 24 months after the primary 
breast cancer resection surgery, were collected. Next, 
2,480 filtrated lattice radiomics features were extracted. 
The model that used the Naïve Bayes algorithm had the 
highest performance (AUC =0.878, accuracy =0.786, 
sensitivity =76.2%, and specificity =81.0% when BM 
was the target event in 10-fold verification mode). The 
interpretative analysis of the model showed that texture, 
histogram, and intensity features contributed significantly 

to the prediction ability of the model. Morphological 
features were not included.

The known BM risk factors for breast cancers include 
younger age, disease staging, histological subtype, and 
breast cancer gene 1/2 mutation status (11-15). Due 
to the considerable heterogeneity of each group, these 
risk factors cannot be directly used in clinical practice. 
Given that BM is related to overall treatment response, 
Gabani et al. developed a TNBC BM risk-assessment 
tool based on posttreatment lymph node status and 
grade change (16); however, this model was based on a 
relatively specific cohort that had undergone neoadjuvant 
therapy, surgery, and radiotherapy treatment. Besides, 

Radiomics feature extractionTumor ROT segmentationRadiographic reading

Morphology

Intensity

Histogram

Texture
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Figure 3 Radiomic features highly correlated with brain metastases status (only the top 50 features according to information gain ratio 
ranking are shown).

the after-surgery prediction could be relatively late. 
Other BM risk-prediction models have been based on 
immunohistochemical marker combinations, alternative 
splicing sites, and chromosome amplification status (17-19). 
However, a lack of commonly accepted real-world diagnosis 
power reports and non-routine examination requirements 
are barriers to the comprehensive clinical verification of 
these models. Consequently, central nervous symptoms 
are still the primary and sometimes only available tool by 
which most clinicians identify BM in TNBC patients. In 
well-known ESME-MBC trial cohort, the majority (70.7%) 
of the BM in TNBC patients were found in symptom-
initiated procedure, which clearly showed the screening 

role of clinical symptom-based diagnosis and the decision-
making role of the MRI examination (20). But the MRI 
as an objective examination in lesion detection requires 
less clinical experience than symptom-based diagnosis. 
This clinical dilemma apparently called for a better data 
interpretation method for the BM prediction in TNBC. 

In recent years, radiomics analysis, which is a quantitative 
imaging analysis method, has emerged. By extracting a large 
number of features, radiomics workflows can significantly 
enhance clinicians’ understandings of medical images. In 
the field of breast cancer, previous studies have shown that 
radiomics analysis can be applied in early screening, subtype 
prediction, immune infiltration pattern differentiation, and 
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Table 2 The performance of the brain metastases prediction model (under 10-fold cross-validation mode)

Machine learning algorithm
AUC  

(95% confidence interval)
Accuracy

Precision Sensitivity 
(%)

Specificity  
(%)Brain metastasis Non-brain metastasis

Naive Bayes 0.878 (0.743–0.911) 0.786 0.800 0.773 76.2 81.0

LASSO regression 0.739 (0.607–0.809) 0.667 0.652 0.684 71.4 61.9

Support vector machine 0.702 (0.592–0.797) 0.631 0.617 0.649 69.0 57.1

Random forest 0.695 (0.585–0.791) 0.643 0.658 0.630 59.5 69.0

Neural network 0.690 (0.580–0.786) 0.702 0.698 0.707 71.4 69.0

K-nearest neighbors 0.647 (0.535–0.748) 0.607 0.600 0.615 64.3 57.1

Table 3 The confusion matrix of the Naïve Bayes brain metastases prediction model (the percentages were calculated based on actual value)

Actual brain metastasis status Predicted brain metastasis status

Yes No Sum

Yes 32 (76.2%) 10 (23.8%) 42

No 8 (19.0%) 34 (81.0%) 42

Sum 40 44 84

Figure 4 The triple-negative breast cancer brain metastases risk-prediction nomogram (based on whole cohort data and Naïve Bayes 
method).

treatment response prediction (7,21-25). Braman et al. used 
peritumoral radiomics characteristics to predict the tumor 
microenvironmental status and treatment response of 
HER-2 positive breast cancer (26). The previous study also 
showed the ability of three-dimensional radiomics feature in 
predicting TNBC systemic recurrence (27). However, BM 

risk stratification based on such a method remains rare. Our 
study conducted further research on this topic. In 2016, Bae 
et al. reported that pretreatment MRI feature peritumoral 
edema was the only radiographic feature associated 
with worse recurrence-free survival in TNBC (28).  
As the distant recurrence of TNBC was represented 
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by brain and lung metastasis, our study indicated the 
feasibility of MRI-based BM risk prediction. Unlike the 
peritumoral edema used in the above study, in which there 
was a moderate overall agreement between radiologists, 
radiomics feature extraction is almost completely robust, 
as it relies on a mathematical definition. Tumor ROI 
segmentation represented the primary variation. Tumor 
ROI segmentation can be controlled by signal thresholding 
on MRI and was supported by our study’s satisfied ROI 
volume concordance (ICC =0.86). It should also be noted 
that, similar to the previous study, our BM risk-prediction 
model and high-correlation feature list did not include 
morphological features.

The present study had some limitations. First, its 
retrospective nature may have caused related bias. 
Second, the internal validation was based on data from 
a local, single center, and this limited cohort may not 
comprehensively reflect the real-world performance of 
the model. Finally, the radiomics analysis method used 
in this study required manual ROI segmentation, and the 
subjective contour criteria could have introduced bias; 
however, this limitation should be acceptable given the 
ICC results of our study. 

Conclusions

Our study established a pre-operative TNBC BM risk-
prediction model using 84 cases from a local hospital. This 
imaging-based non-invasive model should help in early BM 
risk stratification and benefit prognosis.
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