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Abstract 

Background Breast cancer brain metastases (BCBM) are the most fatal, with limited survival in all breast cancer 
distant metastases. These patients are deemed to be incurable. Thus, survival time is their foremost concern. How-
ever, there is a lack of accurate prediction models in the clinic. What’s more, primary surgery for BCBM patients is still 
controversial.

Methods The data used for analysis in this study was obtained from the SEER database (2010–2019). We made a COX 
regression analysis to identify prognostic factors of BCBM patients. Through cross-validation, we constructed XGBoost 
models to predict survival in patients with BCBM. Meanwhile, a BCBM cohort from our hospital was used to validate 
our models. We also investigated the prognosis of patients treated with surgery or not, using propensity score match-
ing and K–M survival analysis. Our results were further validated by subgroup COX analysis in patients with different 
molecular subtypes.

Results The XGBoost models we created had high precision and correctness, and they were the most accurate mod-
els to predict the survival of BCBM patients (6-month AUC = 0.824, 1-year AUC = 0.813, 2-year AUC = 0.800 and 3-year 
survival AUC = 0.803). Moreover, the models still exhibited good performance in an externally independent dataset 
(6-month: AUC = 0.820; 1-year: AUC = 0.732; 2-year: AUC = 0.795; 3-year: AUC = 0.936). Then we used Shiny-Web tool to 
make our models be easily used from website. Interestingly, we found that the BCBM patients with an annual income 
of over USD$70,000 had better BCSS (HR = 0.523, 95%CI 0.273–0.999, P < 0.05) than those with less than USD$40,000. 
The results showed that in all distant metastasis sites, only lung metastasis was an independent poor prognostic fac-
tor for patients with BCBM (OS: HR = 1.606, 95%CI 1.157–2.230, P < 0.01; BCSS: HR = 1.698, 95%CI 1.219–2.365, P < 0.01), 
while bone, liver, distant lymph nodes and other metastases were not. We also found that surgical treatment signifi-
cantly improved both OS and BCSS in BCBM patients with the HER2 + molecular subtypes and was beneficial to OS of 
the HR−/HER2− subtype. In contrast, surgery could not help BCBM patients with HR + /HER2− subtype improve their 
prognosis (OS: HR = 0.887, 95%CI 0.608–1.293, P = 0.510; BCSS: HR = 0.909, 95%CI 0.604–1.368, P = 0.630).
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Conclusion We analyzed the clinical features of BCBM patients and constructed 4 machine-learning prognostic 
models to predict their survival. Our validation results indicate that these models should be highly reproducible in 
patients with BCBM. We also identified potential prognostic factors for BCBM patients and suggested that primary 
surgery might improve the survival of BCBM patients with HER2 + and triple-negative subtypes.

Keywords Breast cancer, Brain metastases, XGBoost algorithm, SEER, Surgery

Introduction
Breast cancer (BC) is emerging as the top diagnosed 
cancer worldwide and the leading cause of cancer-
related deaths in women [1]. BC metastasis to the central 
nervous system (CNS) is a devastating disease involving 
either the brain parenchyma or the leptomeninges. Of 
newly diagnosed BC patients annually, 10–16% will 
experience symptomatic brain metastases, and more than 
30% of patients with metastatic BC are found in autopsy 
reports [2–5].

Patients with breast cancer brain metastases (BCBM) 
suffer from a particularly poor prognosis, with their 
median survival time being only 10  months [6]. 
Moreover, brain metastases usually lead to progressive 
neurologic deficits, which further reduce the quality 
of life [7]. Sadly, patients with BCBM are refractory to 
almost all currently available treatments, experiencing a 
traumatic deterioration of quality of life and a devastating 
< 20% 1-year survival [8]. A major reason for such a 
dreadful prognosis is that current treatment options 
for brain metastasis (e.g. steroids, cranial radiotherapy, 
and surgical resection in selected patients) are limited 
and merely palliative, not curative. Additionally, diverse 
clinical characteristics greatly affect the prognosis of 
BCBM patients [9]. Therefore, there is an urgent need 
for prognostic prediction models to accurately answer 
BCBM patients’ concerns about survival and to help 
optimize their management.

Previous studies have built a few nomograms for 
predicting the prognosis of BCBM patients. To predict 
the prognosis of BCBM patients, a few nomograms 
have been developed in earlier investigations. These 
models’ accuracy, however, is unsatisfactory (AUC 
value or C-index less than 0.7) [10–12]. Therefore, a 
more precise and robust model is required. To this end, 
machine learning has emerged as an absolutely crucial 
topic, offering tools and methods for evaluating the 
tremendous, high-dimensional, and multi-modal data 
generated by the biological sciences [13, 14]. It can also 
help us create an artificial intelligence (AI) prognostic 
model, significantly increasing the accuracy rate [14]. 
Extreme Gradient Boosting (XGBoost), one of the 
numerous machine learning algorithms, is created 

iteratively to minimize the loss function, which makes 
it perform well in various domains [15–17]. However, it 
is rarely applied in the prognostic prediction of cancer 
patients. We used 6 kinds of machine learning algorithms 
to create prognostic models and found that XGBoost 
performed best.

The Surveillance Epidemiology and End Results 
(SEER) database was exploited in this study  to examine 
the variables affecting BCBM patients’ prognoses. High-
precision AI models were developed to predict the 
6-month, 1, 2 and 3-year survival of BCBM patients. 
This study contributes to the development of clinical AI 
models to optimize the long-term follow-up of BCBM 
patients and provides insight into the prognosis of BCBM 
patients.

Materials and methods
Data source and study design
Figure 1 presents the workflow of our study design and its 
analyses. As the information on distant metastases was 
included from 2010, the data analyzed in this study were 
obtained from the SEER database [SEER 17 Regs study 
data, (changes 2010–2019); version 8.4.0] where the data 
is openly accessible. Data about women with BC  were 
collected from this database. Inclusion criteria were as 
follows: (1) BC was the patients’ one and only cancer that 
had been identified; (2) all cancer patients showed histo-
pathological and morphological evidence in accordance 
with the International Classification of Cancer Diseases 
Edition III (ICD-O-3); (3) all cancer patients developed 
brain metastases at the initial diagnosis. Exclusion cri-
teria were as follows: (1) patients suffering from two or 
more primary cancers; (2) patients whose survival time 
was unknown. Follow up is sustained until patients died, 
loss to follow-up, or December 31, 2019.

XGBoost model
The XGBoost algorithm modifies the gradient boosting 
approach by utilizing Newton’s method to solve for the 
extreme values of the loss function, conducting Taylor 
expansion of the loss function to the second order, and 
adding a regularization term to the loss function The 
gradient boosting algorithm loss and the regularization 
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term make up the first and second parts of the objective 
function at  training time, respectively. In addition, the 
XGBoost algorithm adopts a technique named "feature 
subsampling”, which can be understood as selecting 
a subset of all features to train each tree (similar to 
a random forest) so as to improve the generalization 
ability of the model, make it more diverse and prevent 
overfitting. The XGBoost algorithm operates under the 
following principle: feature vector with the corresponding 
(output) category yi:

Feature selection: univariate and multivariate COX 
analyses were performed on clinical characteristics 
obtained from the SEER database. Characteristics that 
were statistically significant in the multivariate COX, 
including age at diagnosis, marital status, histological 
type, molecular subtype, T stage, lung metastases and 
chemotherapy, median household income,, as well 

yi =
∑

k = 1

Kfk(xi), fk ∈ F,

as grade, race, surgery, radiotherapy, liver metastases 
reported as independent prognostic factors in previous 
studies [10, 18–20], were incorporated into machine 
learning models to predict 6-month, 1-, 2- and 3-year 
overall BCBM patient survival. Prior to excluding the 
patients who survived  but lived less than 6-month, 1-, 
2- or 3-year at the follow-up cut-off date, these analyses 
were conducted. A response variable was collected 
for survival information before running the training 
program, in which 1 = survival and 0 = death. Patients 
were randomized into train data and test data in a 7:3 
ratio. We also compared the area under the curve (AUC 
value) of logistic regression (LR), support vector machine 
(SVM), random forest (RF), K-Nearest Neighbor (KNN), 
decision tree (ID3), and XGBoost on test data. Receiver 
operating characteristic (ROC) analysis, area under 
the ROC curve (AUC) and confusion matrix were used 
to evaluate the model. Precision and accuracy are the 
primary assessment parameters in the confusion matrix.

Fig. 1 The flowchart described the process of conducting the study and statistical analysis. SEER the surveillance, epidemiology, and end 
results database; BCBM breast cancer brain metastases, PSM propensity score matching, COX concordance index; ROC curve receiver operating 
characteristic curve, AUC  area under the curve, K–M Kaplan–Meier, XGBoost extreme gradient boosting
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Table 1 Baseline characteristics of BC brain metastases (BCBM) patients included from SEER data cohort

Characteristic Cases %

Age at diagnosis  < 40 141 7.29

40–49 251 12.98

50–59 529 27.37

60–69 576 29.80

70–79 307 15.88

80 + 129 6.67

Months from diagnosis to therapy 0 month 877 45.37

 ≥ 1 month 739 38.23

Unknown 317 16.40

Subtype HR + /HER2− 717 37.09

HR + /HER2 + 308 15.93

HR−/HER2 + 239 12.36

HR−/HER2− 333 17.23

Unknown 336 17.38

Race White 1447 74.86

Black 307 15.88

Other 179 9.26

Histological type IDC 1259 65.13

ILC 97 5.02

Mixed 70 3.62

Other 507 26.23

Marital status Married 790 40.87

Singled 495 25.61

Widow/divorced/other 648 33.52

T Stage T1 196 10.14

T2 412 21.31

T3 248 12.83

T4 640 33.11

Unknown 437 22.61

N Stage N0 378 19.56

N1 802 41.49

N2 171 8.85

N3 280 14.49

Unknown 302 15.62

Grade Well differentiated 67 3.47

Moderate differentiated 448 23.18

Poorly differentiated 756 39.11

Unknown 662 34.25

Median household income(inflation adjusted) < 40,000$ 104 5.38

40,000–49,999$ 219 11.33

50,000–59,999$ 292 15.11

60,000–69,999$ 642 33.21

70,000$ + 676 34.97

Chemotherapy No/unknown 878 45.42

Yes 1055 54.58

Radiotherapy No/unknown 757 39.16

Yes 1176 60.84

Surgery No/unknown 1699 87.89

Yes 234 12.11
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External validation: to further validate the XGBoost 
prognostic model, we collected information on 67 
patients diagnosed with BCBM from May 2015 to May 
2022 in the Second Affiliated Hospital of Xi’an Jiaotong 
University. Exclusion criteria were as follows: (1) under 
the age of 20; (2) patients with second primary cancer of 
any kind; (3) male BC patients; (4) patients who were lost 
to follow-up. Follow proceeded until the patient’s death 
or November 5th, 2022. Our retrospective cohort study 
was authorized by the Institutional Review Board of the 
Second Affiliated Hospital of Xi’an Jiaotong University, 
which consented to waive informed consent because the 
data used in this study  have no personally identifiable 
information of patients.

Shiny app: we built a web-based application to make 
our new predictive models available online. The web-
based application was built based on the R package 
“shiny”.

Statistical analysis
To explore the connection between various clinical and 
pathological features and the survival of patients, we sued 
univariate COX regression models. To assess patient 
mortality risk and identify independent prognostic mark-
ers, further multifactorial COX analysis was conducted. 
Patients undergoing surgical therapy and those who did 
not were matched on a 1:1 propensity score matching 
(PSM) based on the variables in the XGBoost model to 
examine the effect of surgical treatment on the progno-
sis of patients with BCBM. On the PSM-adjusted popu-
lation, a Kaplan–Meier (K–M) survival analysis stratified 
by molecular subtype was also carried out. Finally, we 
performed subgroup univariate and multifactorial COX 
analyses in BCBM patients according to molecular sub-
type. We further investigated the role of treatment in 
patients with different molecular subtypes of BCBM. For 

all statistical calculations, the R programming language 
was utilized (version 4.0.2). Statistical significance was 
defined as a bilateral tail value of less than 0.05.

Results
Clinical characteristics of BCBM patients
Eventually, we obtained the information on 1933 
eligible BCBM patients from the SEER database (2010 
to 2019). The clinicopathological characteristics of BC 
patients with brain metastases are shown in Table 1 and 
summarized below. The median age of the patients was 
60  years, of which 141 (7.29%) patients were younger 
than 40  years, and 129 (6.67%) patients were older 
than 80  years. While 739 patients (38.23%) received 
therapy more than a month following diagnosis, 877 
patients (45.37%) received immediate medical attention. 
HR + /HER2− made up 37.09% of the molecular 
subtypes,, followed by HR−/HER2− (17.23%), HR + /
HER2 + (15.93%) and HR−/HER2 + (12.36%). In terms of 
race, 74.86% of the patients were white. Invasive ductal 
carcinoma (IDC) was the predominant histopathological 
type (65.13%). Regarding marital status, 40.87% of the 
patients were married, and 25.61% were single. The 
proportions of staging T1 to T4 were 10.14%, 21.31%, 
12.83% and 33.11%, respectively and N0 to N3 were 
19.56%, 41.49%, 8.85% and 14.49%. Approximately 
39.11% of the patients with tumors progressed to grade 
III or IV tumors, while only 3.47% had grade I. About 
34.97% of the patients had a good annual family income 
of US$70,000. In the treatment field, only 12.11% of 
patients received surgery, 60.84% received radiotherapy, 
and 54.58% received chemotherapy. Bone, liver, and lung 
metastases, distant lymph nodes and other distant organ 
metastases accounted for 64.83%, 33.32%, 43.51%, 14.69% 
and 11.02% of patients, respectively.

Table 1 (continued)

Characteristic Cases %

Bone metastases No/unknown 680 35.18

Yes 1253 64.82

Liver metastases No/unknown 1289 66.68

Yes 644 33.32

Lung metastases No/unknown 1092 56.49

Yes 841 43.51

Distant lymph nodes metastases No/unknown 1649 85.31

Yes 284 14.69

Distant other metastases No/unknown 1720 88.98

Yes 213 11.02
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Univariable and multivariable COX regression analysis
We practiced univariable COX regression analysis to spot 
variables that significantly influenced overall survival 
(OS) and breast cancer specific survival (BCSS) of BCBM 
patients, including age at diagnosis, race, marital status, 
histological type, months from diagnosis to therapy, 
median family income (inflation-adjusted), molecular 
subtype, T and N stage, grade, distant metastases and 
treatment information (Table 2).

Then, we performed multivariable COX regression 
analysis to eliminate confounding factors and uncover 
the independent factors that influence OS and BCSS 
(Table  2). It showed that in patients aged > 50, ILC, T4 
stage, lung metastases were greatly related to worse OS 
and BCSS. Patients with HR−/HER2 + and HR−/HER2-
subtypes demonstrated poorer OS and BCSS than HR + /
HER2-patients, whereas there was no difference between 
HR + /HER2- and HR + /HER2 + . In terms of treatment, 
it showed that only chemotherapy was able to prolong 
OS and BCSS in multivariable COX regression analysis 
rather than radiotherapy and primary tumor surgery. 
The prognosis was also influenced by a few social factors, 
including marital status and financial stability of the 
family. Married status and yearly household income of 
over USD$70,000 were tightly linked to higher survival.

Establishing and evaluating predictive models 
for estimating the prognosis of patients with BCBM
In light of the results obtained, we took steps to estab-
lish an XGBoost prediction model to predict the OS 
of BCBM patients at six months, one year, two years, 
and three years. We sorted the patients into train and 
test data group in a 7:3 ratio. And to ensure the sta-
bility of the model, we used ten-fold cross-validation 
in the training set for iterative testing and tuning so 
as  to confirm the key hyperparameters and generate 
the optimal model (Table  3). For the train and valida-
tion sets, we formed the  predicted ROC curves and 
computed the corresponding AUCs. Our XGBoost 
model performed exceptionally well in predict-
ing survival of BCBM patients at 6-month (test set: 
AUC = 0.824; train set AUC = 0.828), 1-year (test set: 
AUC = 0.813; train set AUC = 0.831), 2-year (test set: 
AUC = 0.800; train set AUC = 0.819) and 3-year (test 
set: AUC = 0.803; train set AUC = 0.834) (Fig. 2). Com-
pared to traditional machine learning algorithms, LR 
(6-month: AUC = 0.794; 1-year: AUC = 0.744; 2-year: 
AUC = 0.740; 3-year: AUC = 0.744), RF (6-month: 
AUC = 0.770; 1-year: AUC = 0.729; 2-year: AUC = 0.730; 
3-year: AUC = 0.756), SVM (6-month: AUC = 0.730; 
1-year: AUC = 0.647; 2-year: AUC = 0.525; 3-year: 
AUC = 0.509), KNN (6-month: AUC = 0.738; 1-year: 
AUC = 0.623; 2-year: AUC = 0.581; 3-year: AUC = 0.586) 

Table 3 Main parameters of the XGBoost model

Parameter Value

Gamma 1

Min_child_weight 10

Subsample 0.8

Max_delta_step 6

Alpha 2

Max_depth 5

Eta 0.17

nround 25

Fig. 2 XGBoost model evaluation. A ROC curve for the 6-month 
prognostic model (test data); B ROC curve for the 6-month 
prognostic model (train data); C ROC curve for the 1-year prognostic 
model (test data); D ROC curve for the 1-year prognostic model (train 
data); E ROC curve for the 2-year prognostic model (test data); F ROC 
curve for the 2-year prognostic model (train data); G ROC curve for 
the 3-year prognostic model (test data); H ROC curve for the 3-year 
prognostic model (train data); ROC receiver operating characteristic 
curve, AUC  area under the curve, XGBoost extreme Gradient Boosting
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and ID3 (6-month: AUC = 0.692; 1-year: AUC = 0.628; 
2-year: AUC = 0.685; 3-year: AUC = 0.639), XGBoost 
model performed best (Table 4).

In order to further validate our models, we collected 
clinical and prognostic information from 67 patients 
with BCBM from our hospital (Additional file  1: 
Table  S1). It showed that our XGBoost models still 

exhibited good robustness in an externally independ-
ent dataset [6-month: AUC = 0.820 (Fig.  3A); 1-year: 
AUC = 0.732 (Fig.  3B); 2-year: AUC = 0.795 (Fig.  3C); 
3-year: AUC = 0.936 (Fig. 3D)].

Then, the effectiveness and precision of our XGBoost 
model was then assessed using a confusion matrix. 
The 6-month survival prediction model was calculated 

Table 4 Performance of prognostic models built by machine learning algorithms on test data (area under the ROC curve)

XGBoost extreme gradient boosting, LR logistic regression, RF random forest, SVM support vector machine, ID3 decision tree, KNN K-Nearest Neighbor

6-month survival 1-year survival 2-year survival 3-year survival

XGBoost 0.824 0.813 0.800 0.803

LR 0.794 0.744 0.740 0.744

RF 0.770 0.729 0.730 0.756

SVM 0.730 0.647 0.525 0.509

KNN 0.738 0.623 0.581 0.586

ID3 0.692 0.628 0.685 0.639

Fig. 3 Validation of XGBoost models from external database. A ROC curve for the 6-month prognostic model (external validation data); B ROC 
curve for the 1-year prognostic model (external validation data); C ROC curve for the 2-year prognostic model (external validation data); D ROC 
curve for the 3-year prognostic model (external validation data); ROC receiver operating characteristic curve; AUC  area under the curve; XGBoost 
extreme gradient boosting
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to have a correctness of 0.76 and a precision of 0.76 
(Fig. 4A); the 1-year survival model had a correctness of 
0.73 and a precision of 0.72 (Fig. 4B); the 2-year survival 
model had a correctness of 0.79 and a precision of 0.73 
(Fig. 4C). And the 3-year survival model had a correct-
ness of 0.88 and a precision of 0.67 (Fig. 4D). In general, 
our models behaved efficiently and successfully.

Additionally, we graded how prominent clinical traits 
were in the models. The findings revealed that the 
top 5 factors affecting prognosis were chemotherapy, 
molecular subtype, age at diagnosis, grade and T stage. 
Among them, chemotherapy was the most important 
factor for short-term prognostic models (6-month and 
1-year) (Fig.  5A and B), while molecular subtype was 

more important for medium- to long-term prognostic 
models (2 and 3-year) (Fig. 5C and D).

Web-based application development
To help researchers and clinicians learn to use our prog-
nostic models, we have developed user-friendly web 
applications based on the shiny platform. The web inter-
faces (Fig. 6A–D) allow users to input clinical character-
istics of a new sample and then the web application can 
help predict survival probabilities and survival status 
according to BCBM patient’s information.

Fig. 4 Confusion matrix of the XGBoost model’s predicted results in the test data. A Confusion matrix in the 6-month prognostic model; B 
confusion matrix in the 1-year prognostic model; C confusion matrix in the 2-year prognostic model; D confusion matrix in the 3-year prognostic 
model. TP true positive, TN true negative
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Benefits of surgical treatment in BCBM patients subdivided 
by molecular subtypes
Previous studies proved that surgical treatment was an 
independent prognostic factor for BCBM patients [10–
12]. However, our multivariable COX regression analysis 
gave us the opposite result (Table2). Furthermore, we 
explored how surgery affected the prognosis of BCBM 
patients. Patients undergoing surgical therapy and those 
not undergoing surgery were compared based on their 
baseline characteristics (Table 5). These two groups had 
different baselines. Therefore, PSM was employed to 
adjust for the observed imbalance. After PSM correction, 
there were ultimately no significant differences in 
baseline characteristics (Table 5).

A 35% decrease in the overall risk of mortality in the 
surgery  was observed  in the PSM-adjusted data group 
(P = 0.00014, HR: 0.65; 95% CI 0.52–0.81) (Fig.  7A), 
with a similar reduction in the risk of BC-related death 
of approximately 34% (P = 0.00048, HR: 0.66; 95% CI 
0.52–0.83) (Fig. 7B). The OS and BCSS of the BC patients 
with HR + /HER2 + and HR−/HER2 + subtypes enor-
mously  improved after surgery, according to the strati-
fied K–M survival analysis. (Fig.  8B, C, F, G). However, 
no significant difference in HR + /HER2− subtype can 
be found (Fig.  8A, E). In addition, the effect of surgical 
treatment on OS and BCSS in patients with HR−/HER2− 
subtypes was different. To further validate these results, 
we divided all the 1933 eligible BCBM patients into four 

Fig. 5 The ranking of clinical characteristics in terms of importance in the XGBoost prognostic model. A The ranking of clinical characteristics in 
terms of importance in the 6-month prognostic model; B the ranking of clinical characteristics in terms of importance in the 1-year prognostic 
model; C the ranking of clinical characteristics in terms of importance in the 2-year prognostic model; D the ranking of clinical characteristics in 
terms of importance in the 2-year prognostic model. XGBoost: extreme Gradient Boosting
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groups according to molecular subtype and performed 
univariate and multivariable COX analyses again (Addi-
tional file 2: Table S2). It showed that only HR + /HER2− 
subtype could not benefit from surgical treatment, which 
was consistent with our results of the PSM-adjusted K–M 
survival analysis.

Discussion
The bone, lung, brain and liver etc. are the organs where 
BC might metastasis with a high probability of success. 
Different patient prognoses and reactions to therapy 
result from this organotropism [21]. Brain metastases 
are the most fatal. For these BCBM patients deemed, 
incurable, survival time is their foremost concern. The 
clinic practice, however, lacks reliable predictive models. 
In recent investigations, multiple nomogram prediction 
models for BCBM patients were constructed with the 
help of SEER datasets, but their accuracy rates are all 
less than 70% [10–12]. In consequence, more accurate 
and powerful models are needed. To our knowledge, the 
current study is the largest one to analyze the clinical 
characteristics and prognosis of BCBM patients. The 
6-month, 1-, 2-, and 3-year OS of BCBM patients is 
54.44% %, 40.51%, 23.78% and 13.61%, respectively. This 

study is the first one to create AI prognostic models for 
BCBM patients, and the models we made are the most 
accurate in predicting the survival of BCBM patients. 
In practice, our XGBoost models still exhibited good 
performance in an externally independent dataset. This 
demonstrates the high clinical utility of the models. 
Moreover, we have also created the first model for 
predicting the 3-year survival of BCBM patients with 
high accuracy.

This study identified several independent factors 
associated with better prognosis, including age < 50, 
HR + molecular subtype, IDC, married, low T stage, 
median household income over USD$70,000 and chem-
otherapy. Age > 40  years was a risk factor for BCBM 
patients to experience a worse OS, according to previ-
ous research [10, 18], whereas age 45–64 years was also 
a risk factor [12]. We analyzed more age groups and 
found that age > 50 was a feature for worse OS and BCSS. 
Compared to the HR + subtype, the patients with the 
HR− subtype showed poorer survival, similar to several 
previous studies [10, 11], and implied the importance 
of endocrine therapy for HR + BCBM patients. Accord-
ing to the research, the survival of BC patients could be 
impacted by household income [22]. Generally, patients 

Fig. 6 Screenshot of web app. A The screenshot of the 6-month prognostic model (https:// lee22 87171 854. shiny apps. io/6- month_ survi val/); B 
the screenshot of the 1-year prognostic model (https:// lee22 87171 854. shiny apps. io/1- year_ survi val/); C the screenshot of the 2-year prognostic 
model (https:// lee22 87171 854. shiny apps. io/2- year_ survi val/); D the screenshot of the 3-year prognostic model (https:// lee22 87171 854. shiny apps. 
io/3- year_ survi val/). XGBoost: extreme Gradient Boosting; BCBM: breast cancer brain metastases; NA: not applicable; 1 = yes, 0 = no; HR ±  hormone 
receptor positive/negative, HER2 ±  human epidermal growth factor receptor 2 positive/negative, IDC infiltrating ductal carcinoma, ILC infiltrating 
lobular carcinoma, Mixed: Infiltrating ductal and lobular carcinoma

https://lee2287171854.shinyapps.io/6-month_survival/
https://lee2287171854.shinyapps.io/1-year_survival/
https://lee2287171854.shinyapps.io/2-year_survival/
https://lee2287171854.shinyapps.io/3-year_survival/
https://lee2287171854.shinyapps.io/3-year_survival/
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Table 5 Comparison of patient characteristics according to surgery treatment before and after propensity score matching (PSM)

Characteristics Unmatched Cohort 1:1 propensity score matched (PSM) Cohort

Surgery Surgery not given Unadjusted Surgery Surgery not given PSM-adjusted

N = 234 % N = 1699 % P value N = 200 % N = 200 % P value

Age at diagnosis 0.004 0.951

 < 40 24 10.26 117 6.89 19 9.50 18 9.00

 40–49 41 17.52 210 12.36 34 17.00 32 16.00

 50–59 72 30.77 457 26.90 60 30.00 59 29.50

 60–69 57 24.36 519 30.55 49 24.50 50 25.00

 70–79 23 9.83 284 16.72 23 11.50 29 14.50

 80 + 17 7.26 112 6.59 15 7.50 12 6.00

Subtype  < 0.001 0.815

 HR + /HER2- 85 36.32 632 37.20 75 37.50 68 34.00

 HR + /HER2 + 33 14.10 275 16.19 30 15.00 29 14.50

 HR-/HER2 + 29 12.39 210 12.36 26 13.00 29 14.50

 HR-/HER2- 64 27.35 269 15.83 48 24.00 46 23.00

 Unknown 23 9.83 313 18.42 21 10.50 28 14.00

Race 0.830 0.786

 White 172 73.50 1275 75.04 143 71.50 148 74.00

 Black 38 16.24 269 15.83 34 17.00 33 16.50

 Other 24 10.26 155 9.12 23 11.50 19 9.50

Histological type  < 0.001 0.700

 IDC 177 75.64 1082 63.68 149 74.50 149 74.50

 ILC 11 4.70 86 5.06 10 5.00 6 3.00

 Mixed 12 5.13 58 3.41 10 5.00 9 4.50

 Other 34 14.53 473 27.84 31 15.50 36 18.00

Marital status 0.132 0.623

 Married 105 44.87 685 40.32 86 43.00 81 40.50

 Single 64 27.35 430 25.31 56 28.00 52 26.00

 Others 65 27.78 584 34.37 58 29.00 67 33.50

T stage < 0.001 0.802

 T1 34 14.53 162 9.54 25 12.50 28 14.00

 T2 69 29.49 343 20.19 53 26.50 48 24.00

 T3 31 13.25 217 12.77 29 14.50 23 11.50

 T4 84 35.90 556 32.73 77 38.50 86 43.00

 Tx 16 6.84 421 24.78 16 8.00 15 7.50

Grade < 0.001 0.923

 Well 9 3.85 58 3.41 8 4.00 7 3.50

 Moderately 52 22.22 396 23.31 48 24.00 43 21.50

 Poorly 146 62.39 610 35.90 117 58.50 121 60.50

 Unknown 27 11.54 635 37.37 27 13.50 29 14.50

Median household 
income (inflation 
adjusted)

0.093 0.944

 < 40,000$ 19 8.12 85 5.00 15 7.50 14 7.00

 40,000–49,999$ 30 12.82 189 11.12 24 12.00 28 14.00

 50,000–59,999$ 41 17.52 251 14.77 35 17.50 30 15.00

 60,000–69,999$ 76 32.48 566 33.31 63 31.50 63 31.50

 70,000$ + 68 29.06 608 35.79 63 31.50 65 32.50

Chemotherapy < 0.001 0.586

 No/unknown 66 28.21 812 47.79 63 31.50 58 29.00
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with higher incomes have better prognoses. The OS and 
BCSS of BCBM patients with incomes over USD $70,000 
were shown to be superior to those with incomes under 
USD $40,000 in our study. No income level boundary 
among BC patients was documented previously, while 
this may be a reflection of how well they cooperate with 
doctors throughout treatment. Several studies showed 
that extracranial organ metastases worsened the progno-
sis of patients with BCBM [10, 23]. Our study found that 
only lung metastasis is an independent poor prognostic 
factor for patients with BCBM, while bone, liver, distant 
lymph nodes and other metastases were not. In contrast, 
two previous studies indicated that liver metastasis was 
also an independent factor of BCBM patients [19, 20], 
but their studies only covered about 700 patients, which 
was much smaller than ours and incorporated fewer 

factors. For example, the study by Leone et  al. did not 
even include chemotherapy as an important factor [20].

In terms of treatment, our analysis showed that only 
chemotherapy was an independent protective factor 
for all BCBM patients. Consistent with previous stud-
ies[10–12, 19], we also found radiotherapy was not an 
independent prognostic factor for BCBM patients, which 
further validated the effect of chemotherapy and radio-
therapy on OS and BCSS of BCBM. One controversial 
topic is whether surgical therapy for the primary site 
improves the survival of BCBM patients. Previous stud-
ies showed that surgical treatment was an independent 
prognostic factor for BCBM patients [10–12]. However, 
our result was exactly the opposite of it, and another 
study indicated that surgical therapy, with the exception 
of brain metastases, positively affected the  prognosis 

Table 5 (continued)

Characteristics Unmatched Cohort 1:1 propensity score matched (PSM) Cohort

Surgery Surgery not given Unadjusted Surgery Surgery not given PSM-adjusted

N = 234 % N = 1699 % P value N = 200 % N = 200 % P value

 Yes 168 71.79 887 52.21 137 68.50 142 71.00

Radiotherapy < 0.001 0.517

 No/unknown 60 25.64 697 41.02 59 29.50 65 32.50

 Yes 174 74.36 1002 58.98 141 70.50 135 67.50

Liver metastases < 0.001 0.370

 No/unknown 193 82.48 1096 64.51 159 79.50 166 83.00

 Yes 41 17.52 603 35.49 41 20.50 34 17.00

Lung metastases 0.002 0.918

 No/unknown 154 65.81 938 55.21 124 62.00 123 61.50

 Yes 80 34.19 761 44.79 76 38.00 77 38.50

Fig. 7 PSM adjusted OS and BCSS of BCBM patients with surgical treatment. Kaplan–Meier (K–M) survival analysis: A unadjusted OS of BCBM 
patients with surgical treatment; B PSM adjusted OS of BCBM patients with surgical treatment. PSM propensity score matching, OS overall survival; 
BCBM BC brain metastases, HR hazard ratio, CI confidence interval
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in primary metastatic BC patients with a single dis-
tant metastasis. [24]. Whether surgical therapy for the 
primary site prolongs survival time in patients with de 
novo metastatic BC has long been debatable, but cur-
rent results imply that in well-selected patients, pri-
mary surgery might be a therapeutic option [25–33]. To 
more explicitly categorize the  patients, we subsequently 
looked into the impact of surgery on the prognosis of 
BCBM patients with various molecular subtypes. In 
BCBM patients with HER2 + molecular subtypes, it was 
found  that surgical intervention dramatically enhanced 
both OS and BCSS, suggesting that anti-HER2-targeted 
therapy combined with surgical treatment may prolong 

the survival of BCBM patients. We also found that for 
BCBM patients with HR-/HER2- subtype, the OS, but not 
BCSS, could benefit from surgery. In contrast, surgery 
could not help BCBM patients with HR + /HER2− sub-
type improve their prognosis, suggesting that chemother-
apy and endocrine therapy are more important for these 
patients. Our findings suggested the necessity of surgery 
for HER2 + and triple-negative BCs (TNBC), which had 
the greatest incidence of brain metastases, compared 
with other BC subtypes [34, 35].

Our study may have some potential limitations despite 
its promising discoveries. First, although the SEER 
database includes about 30% of the USA population, this 
study’s sample size was constrained because the SEER 
database only incorporates the clinical data on tumor 
subtypes and distant metastatic sites following 2010. 
Second, the SEER database can greatly represent the 
general situation, but due to ethnic differences, it may 
not always apply to Asian and especially the Chinese. 
Third, the SEER database does not incorporate data on 
disease recurrence or subsequent sites of metastases. 
Therefore, we could not go further and look into the 
patients who developed brain metastases later in their 
remaining years, which may potentially result in some 
bias. Fourth, elaborate information on treatments of 
patients with brain metastases is not collected in the 
SEER database. We were unable to go deeper on this 
consequently. Furthermore, despite the extraordinary 
accuracy the machine learning prognostic model has 
achieved, external validation could be strengthened so 
that the study results can be more reliable.

Conclusion
In conclusion, we analyzed the clinical features of 
BCBM patients and constructed 4 machine-learning 
prognostic models to predict their survival. According 
to the findings of our validation, these models are 
considered to be highly reproducible in BCBM patients. 
We further  revealed potential  prognostic variables for 
BCBM patients, and the survival of BCBM patients with 
the HER2 + and triple-negative subtypes may be greatly 
improved by primary surgery.
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