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Machine learning-based prediction
model for brain metastasis in
patients with extensive-stage small
cell lung cancer
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Brain metastases (BMs) in extensive-stage small cell lung cancer (ES-SCLC) are often associated with
poor survival rates and quality of life, making the timely identification of high-risk patients for BMs

in ES-SCLC crucial. Patients diagnosed with ES-SCLC between 2010 and 2018 were screened from

the Surveillance, Epidemiology, and End Results (SEER) database. Four different machine learning
(ML) algorithms were used to create prediction models for BMs in ES-SCLC patients. The accuracy,
sensitivity, specificity, AUROC, and AUPRC were compared among these models and traditional
logistic regression (LR). The random forest (RF) model demonstrated the best performance and was
chosen for further analysis. The AUROC and AUPRC were calculated and compared. The findings

from the RF model were utilized to identify the risk factors linked to BMs in patients diagnosed with
ES-SCLC. Examining 4,716 instances of ES-SCLC, the research conducted an analysis, with brain
metastases arising in 1,900 cases. Through evaluation of the ROC curve and PRC concerning the

RF Model, results depicted an AUROC of 0.896 (95% Cl: 0.889-0.899) and AUPRC of 0.900 (95% Cl:
0.895-0.904). Test accuracy measured at 0.810 (95% Cl: 0.784-0.833), sensitivity at 0.797 (95% Cl:
0.756-0.841), and specificity at 0.819 (95% Cl: 0.754-0.879). Based on the SHAP analysis of the RF
predictive model, the top 10 most relevant features were identified and ranked in order of relative
importance: bone metastasis, liver metastasis, radiation, age, tumor size, primary tumor location,
N-stage, race, T-stage, and chemotherapy. The research developed and validated a predictive RF model
using clinical and pathological data to predict the risk of BMs in patients with ES-SCLC. This model may
assist physicians in making clinical decisions that could delay the onset of BMs and improve patient
survival rates.
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Small-cell lung cancer (SCLC) accounts for approximately 14% of lung cancer cases, and nearly two-thirds of
SCLC patients develop extensive-stage disease (ES-SCLC)"2. More than half of ES-SCLC patients experience
brain metastasis(BMs)?>. Four to six cycles of chemotherapy containing cisplatin can achieve a clinical response
rate of 60-70% in ES-SCLC patients, but the median survival period is only around 9 months*-®. Studies have
shown that the development of BMs, especially when symptomatic, may severely impair the quality of life
of ES-SCLC patients, resulting in a median survival of only 4 to 6 months’. Therefore, early assessment and
identification of patients at high risk for BMs in ES-SCLC, followed by a comprehensive evaluation considering
the patient’s overall condition, such as physical health and economic status, and timely implementation of
appropriate interventions, can contribute to improving patient outcomes.

A clinical predictive model, which evaluates the risk of disease and the effectiveness of treatment, is an essential
component of contemporary clinical practice®. Machine learning (ML) is an application of artificial intelligence
that relies on data to automatically learn and improve without the need for explicit programming. Compared to
traditional independent risk factor assessments for predicting cancer metastasis in patients, machine learning
offers higher accuracy in predicting and diagnosing cancer metastasis. ML can autonomously identify new
variables and their complex relationships within a dataset. Its application in healthcare is experiencing rapid
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growth and is increasingly utilized to develop new prognostic models for various diseases’. A study has indicated
that the healthcare burden is skyrocketing, which is associated with the lack of early prevention and treatment
for patients at risk of developing BMs in SCLC!?. Machine learning is particularly well-suited for utilizing the
growing big data and constantly enhancing computational capacities. This allows for the possibility of conducting
large-scale analyses in a more manageable and simplified manner!!.

This study aimed to comprehensively investigate the risk factors for BMs in ES-SCLC patients using
population-based surveillance, epidemiology, and outcomes (SEER) databases. We have employed innovative
ML techniques to build a predictive model for assessing the risk of brain metastasis in ES-SCLC patients. By
predicting the probability of BMs in ES-SCLC patients, clinicians could make more informed and effective
decisions, to minimize or delay the occurrence of BMs to the greatest extent possible.

Methods

Data source and study population

The SEER database, comprising 18 cancer registries in the United States, provided data on cancer incidence,
therapy, and survival for around 30% of the American population. Demographic factors like income, location,
age at diagnosis, ethnicity, and sex, as well as cancer-specific factors including tumor location, histological
subtypes, and sites of metastasis, were included in the SEER database. For this study, we extracted information
on patients histologically diagnosed with SCLC between 2010 and 2018 from the SEER database. The inclusion
criteria for this study were as follows: (1) Patients who had a confirmed histological diagnosis of ES-SCLC; (2)
Patients who had complete information on TNM stage and other important characteristics; (3) Patients who had
complete follow-up. The exclusion criteria were as follows: (1)Patients diagnosed at autopsy or death certificate
only; (2) Not the first primary malignancy; (3) TN stage was not available; (4) Patients with limited-stage small
cell lung cancer; (5) Incomplete records of the patient’s other information. This study was conducted using
publicly available de-identified data from the SEER database. No specific ethical approval or informed consent
was required for this analysis.

Data preprocessing

Based on our research objectives, we extracted 36 indicators from the SEER database related to the metastasis
of ES-SCLC. We filtered the necessary data, eliminating any missing or abnormal entries. Text data underwent
encoding as part of the data cleaning process. Additionally, the data was standardized, normalized, and
discretized to enhance analysis'2. Various processing techniques were implemented on various factors, including
tumor dimensions and age groups. Discriminating against non-significant variables or highly duplicative ones
led to the identification of the most informative features. To equalize the imbalanced dataset, the resampling
method was employed to ensure uniformity between the two categories. Ultimately, a total of 15 features were
chosen for the model.

Model development

Various input variables were used to establish machine learning models in this research, such as age, gender, race,
primary site of tumor, surgical procedures, radiation therapy, chemotherapy, marital status, bone metastases,
liver metastases, lung metastases, laterality, tumor size, T stage, and N stage. A 7:3 split of the SEER cohort
was determined using Python and the scikit-learn package!®. In addition, random forests (RF)!*, AdaBoosts'>,
extreme gradient boostings (XGB)', logistic regression (LR)!7, and support vector machine (SVM)'8 were used
in the prediction process. Based on a development dataset, all models are built using 10-fold cross-validation and
50 iterations, with each iteration’s samples drawn randomly from observational data'®.

Python was used to export predictive models based on machine learning, resulting in the creation of five
models. These models varied in discrimination and accuracy across datasets. To determine the final model, the
predictive performance of each model was assessed and compared on the testing dataset. Various metrics such
as accuracy, sensitivity, specificity, as well as ROC and PRC curves were utilized to evaluate model performance.
The significance of input variables in predicting BMs in ES-SCLC was determined by ranking the feature
importance of input variables.

Evaluation methods

In order to assess the effectiveness of ML models, the performance of five different models was analyzed in
terms of accuracy, sensitivity, specificity, AUROC, and AUPRC, with a confidence interval of 95%. The RF
model was chosen as the optimal model for predicting BMs in ES-SCLC research after evaluating these metrics.
Each model's AUROC was computed and compared to determine their generalization capabilities and clinical
utility. In cases of imbalanced datasets, the AUPRC is a more reliable metric than the AUC for evaluating model
performance. Thus, the Precision-Recall curve was plotted and the AUPRC was calculated to supplement
the AUC value?. Additionally, SHAP, a cooperative game-theoretic-based technique, was utilized to provide
explanations for predictions made by the best-performing ML model?!. The statistical software employed for
these analyses included R (v4.2.2) and Python (v3.9.13).

Result

Patient clinical characteristics

This study analyzed a total of 4,716 patients diagnosed with ES-SCLC between 2010 and 2018, using data from
the SEER database. Among the 79,769 patients who did not meet the inclusion criteria, they were excluded from
the study. The 4,716 ES-SCLC patients included in the analysis were divided into a training group (n=3,301)
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and a testing group (n=1,415) at a ratio of 7:3. Out of these patients, 2,816 had no brain metastases (non-BMs),
while 1,900 patients had brain metastases(BMs) (Fig. 1).

Table 1 displays the clinical features of individuals with ES-SCLC in the BMs group and non-BMs group. The
mean ages of the two groups were similar (mean (SD), 67 vs. 67, P<0.001). Both cohorts predominantly consisted
of patients aged >65 (P<0.001). The prevalence of the White race was notably higher in both groups than
other ethnicities (P <0.001). In comparison to the non-BMs group, a greater percentage of patients in the BMs
group underwent radiation therapy (75.7% vs. 35.2%, P<0.001). Most patients were diagnosed while married
(P<0.001). The non-BMs group had a higher rate of metastases at DX-liver, DX-lung, and DX-bone compared
to the BMs group. The proportion of T4 and N2 stages was relatively elevated in both groups (P<0.001). No
significant disparities were noted in sex, tumor location, surgery, or chemotherapy between the two cohorts.

Feature analysis of common clinical variables

Based on the SEER database, a statistical analysis was conducted on six common clinical variables of ES-
SCLC patients included in the study (Fig. 2). The research findings indicate that BMs in ES-SCLC patients
predominantly occurred between the ages of 50 and 80 (P <0.001). Among patients within this age range, those
around 65 and 70 years old were more prone to developing BMs, with a relatively higher risk (Fig. 2A). In the
diagnosis of ES-SCLC, we have observed that when patients have marital statuses such as divorce or widowhood,
the likelihood of BMs occurrence is higher (P<0.001) (Fig. 2B). The risk of BMs in ES-SCLC patients was not
statistically significantly correlated with primary tumor site (P=0.764) or laterality (P=0.461) (Fig. 2C-D).
The risk of BMs was found to be similar between stage T3 and T4 stage (P <0.001) ES-SCLC patients (Fig. 2E).
Additionally, when considering the stage of lymph node metastasis, it was observed that the risk of BMs was
slightly higher in stage N2 and N3 stage ES-SCLC patients compared to those in stage N2 (P <0.001) (Fig. 2F).

Model performance

Based on the statistical analysis results, a total of 15 clinical variables were identified. Figure 3 illustrates the
correlation analysis conducted among these clinical variables. The results indicated that there appears to be
a correlation between BMs in ES-SCLC and factors such as race, surgery, radiation, and laterality. Clinical

Patients diagnosed with small cell lung cancer between 2010 and 2018 in SEER database

(N=79,769)

Excluded:
1.Patients diagnosed at autopsy or death certificate only (n=26,372);

2. Not first primary malignancy (n=10,739):

3.TN stage was not available (n=14.953);
4. Patients with limited-stage small cell lung cancer(n=7,953);

5.Incomplete records of the patient's other information(n=15,034);

Patients with extensive-stage small cell lung cancer who meet study criteria

(N=4,716)
7:3
Training set (N=3,301) Testing set (N=1,415)
No Brain metastasis Brain metastasis No Brain metastasis Brain metastasis
(N=1971) (N=1,330) (N=845) (N=570)

Fig. 1. The flowchart of patient selection from the SEER database. SEER Surveillance, Epidemiology, and End
Results.
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Characteristics, n (%) No Brain metastasis (N=2816) | Brain metastasis (N=1900) | P Value
Age (years), median (range) 67(17-85) 67(37-85) <0.001
Age <0.001
<65 993 (35.3%) 877 (46.2%)

>65 1823 (64.7%) 1023 (53.8%)

Sex 0.545
Male 1555 (55.2%) 1067 (56.2%)

Female 1261 (44.8%) 833 (43.8%)

Race <0.001
White 2486 (88.3%) 1539 (81.0%)

Black 234 (8.3%) 246 (12.9%)

Asian or Pacific Islander 87 (3.1%) 102 (5.4%)

American Indian/Alaska Native | 9 (0.3%) 13 (0.7%)

Primary.Site 0.764
Main bronchus 241 (8.6%) 149 (7.8%)

Upper lobe, lung 1432 (50.9%) 1007 (53.0%)

Middle lobe, lung 116 (4.1%) 79 (4.2%)

Lower lobe, lung 675 (24.0%) 434 (22.8%)

Overlapping lesion of lung 42 (1.5%) 30 (1.6%)

Lung, NOS 310 (11.0%) 201 (10.6%)

Surgery 0.872
No 178 (6.3%) 114 (6.0%)

Yes 2631 (93.4%) 1782 (93.8%)

Others 7 (0.2%) 4(0.2%)

Radiation <0.001
No 1808 (64.2%) 447 (23.5%)

Yes 990 (35.2%) 1439 (75.7%)

Others 18 (0.6%) 14 (0.7%)

Chemotherapy 0.005
No 1051 (37.3%)) 787 (41.4%)

Yes 1765 (62.7%) 1113 (58.6%)

Marital.status <0.001
Married 1465 (52.0%) 988 (52.0%)

Single and Unmarried 370 (13.1%) 326 (17.2%)

Others 981 (34.8%) 586 (30.8%)

Mets.at.DX.bone <0.001
No 951 (33.8%) 1418 (74.6%)

Yes 1865 (66.2%) 482 (25.4%)

Mets.at.DX liver <0.001
No 1140 (40.5%) 1453 (76.5%)

Yes 1676 (59.5%) 447 (23.5%)

Mets.at.DX.lung 0.123
No 2147 (76.2%) 1486 (78.2%)

Yes 669 (23.8%) 414 (21.8%)

Laterality 0.461
Left 1181 (41.9%) 793 (41.7%)

Right 1576 (56.0%) 1062 (55.9%)

Paired site 18 (0.6%) 20 (1.1%)

Others 41 (1.5%) 25 (1.3%)

T.stage <0.001
Tl 220 (7.8%) 165 (8.7%)

T2 811 (28.8%) 666 (35.1%)

T3 150 (5.3%) 107 (5.6%)

T4 1635 (58.1%) 962 (50.6%)

N.stage <0.001
NoO 405 (14.4%) 370 (19.5%)

N1 265 (9.4%) 212 (11.2%)

Continued
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Frequency

N2 1531 (54.4%) 951 (50.1%)

N3 615 (21.8%) 367 (19.3%)

Tumor.Size <0.001
Median(IQR) 50(33-71) 58(35-73)

Table 1. Patient demographics and clinical characteristics.
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Fig. 2. Common clinical variable characteristics analysis of ES-SCLC is based on the SEER database.

variables associated with non-BMs cases might include age, sex, primary tumor site, chemotherapy, marital
status, metastasis at DX-liver, metastasis at DX-lung, metastasis at DX-bone, tumor size, T stage, and N stage.

In order to evaluate the predictive abilities of the five models, a ten-fold cross-validation was conducted
using the training dataset. Figure 4 illustrates the comparison of model performances, revealing that the RF
model demonstrates superior results compared to other models in AUROC, AUPRC, sensitivity, accuracy, and
specificity. Consequently, we suggest employing the RF model as the optimal classifier for predicting ES-SCLC
brain metastasis.

The ROC curve and precision-recall curve for the RF model are illustrated in Fig. 5, displaying an AUROC
of 0.896 (95% CI: 0.889-0.899) and an AUPRC of 0.900 (95% CI: 0.895-0.904). The RF model achieved a test
accuracy score of 0.810 (95% CI: 0.784-0.833) along with a sensitivity of 0.797 (95% CI: 0.756-0.841) and a
specificity of 0.819 (95% CI: 0.754-0.879). Moreover, the feasibility of the AdaBoost model in predicting BMs in
ES-SCLC was also demonstrated through confusion matrix analysis (Supplemental Fig. 1).

The significance of factors in ML algorithms

SHAP was utilized in the analysis of the RF model in this study. Generally, higher SHAP values associated with
features suggest a higher likelihood of the target event taking place. During the SHAP analysis, red is used to
signify feature values that have a positive effect on the model, while blue is reserved for feature values that have a
negative impact®2. The results of the study revealed that out of the top ten feature variables, bone metastasis held
the most significance, followed closely by liver metastasis, radiation, patient age, tumor size, primary tumor site,
N-stage, ethnicity, T-stage, and the use of chemotherapy (Fig. 6).

Scientific Reports|  (2024) 14:28790

| https://doi.org/10.1038/s41598-024-80425-y nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

Race -1

1 -0.062-0.039 !\

Primary Site -0.061 HULEEE L=/ JESY

Surgery JHULE]

-0.007901\HE -0.03 -0.16 -0.19 [Ulky (LS D02 20,013 -0.019 -0.024 -0.067| h
-0.015
08
-0.034 -0.021 -0.018.
1 -0.026 -0.017-0.0043-0.034-0.0052 0. L o6

71-0.022

Radiation ST 0.085 RUCEXS

Chemotherapy SUBE)

-0.04 -0.021 111

1 JBEN-0.059 -0.038 -0.31 -0.048

0.16 [NEY mmsﬁ -0.046 -0.021 -0.016 .
04

(RN CIEEER N AP P 80.000190.018 -0.026 -0.059 -0.095 1 0,02 -0.01 -0.0089-0.021 -0.015 -0.03

Mets at DX-bone.

Mets at DX-liver - 0.

Mets at DX-lung - 0.

Laterality SORGERUIEFL0.037. 0.16 (N[LFS

Tumor Size - ULFL)

-0.053 -0.021

o .u.m.a.azaﬁ.o.oz A 0 074 o,
-0.083 50,0043 -0.31 UL 0.072 1[)1-10.069 0.064 0.11

-0.028 |5k

RECETE0.024:00061

N stage SUUIZRRE SN PPEUEE R UE 07 0,092 SUUER 0.097 011 0.099 0.036 0.049 0.4

Adaboost RF

Xgboost

LR

SVM
I

Accuracy

-02
(01 -0.034 -0.048 -0.046 -D.!)l 1 022 0.099
-0.021-0.0089 -0. nnz ERN 0.083 0.052 0.036 0.0
-0.072 -0.016 -0.021 X X 021 0.049
0,033
-0.2

Primary Site

0.814

0.787

0.805

0.797

0.734

|

Laterality.

Chemotherapy | &
Ma
Mets at DX-lung -
Tumor Size

Mets at DX-bon
Mets at DX-liver -

No Brain Metastasis

Brain Metastasis

Age
Sex

Race

Primary Site

Surgery

Radiation
Marital status -

Chemotherapy
Mets at DX-bone -

i

Mets at DX-liver -
Mets at DX-lung -

Laterality
Tumor Size -
T stage -
N stage -

Fig. 3. Correlation analysis of clinical variables. (A) The correlation heatmap between clinical variables. (B)
The correlation heatmap between ES-SCLC BMs or non-BMs and 15 clinical variables.

0.805 0.819

0.762 0.805

0.798 0.810

0.785 0.806

0.789

Sensitivity Specificity

0.801

AUROC

Fig. 4. Performance comparison of different models.

0.766

AUPRC

-0.890

- 0.85

- 0.80

-0.75

- 0.70

Scientific Reports |

(2024) 14:28790

| https://doi.org/10.1038/s41598-024-80425-y

nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

1.0 1 1.0 1
0.9 1
0.8 A
2 0.8 -
5}
& 0.6 <
v - 5
] e @
a - S 0.7 1
S - L
o 7 a
w 0.4 PR
= -
= ’ 0.6 1
-
-,
R
0.2 1 //// 0.5 1
-, —— ROC curve (train) (area = 0.94) —— PRC curve (train) (area = 0.94)
0.0 // —— ROC curve (test) (area = 0.90) 0.4{ —— PRC curve (test) (area = 0.90)
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate Recall
Fig. 5. The receiver operating characteristic curve and the precision-recall curve on the training and test
dataset. (A) AUROC. (B) AUPRC.
High Feature Importances
Mets at DX-bone
Mets at DX-liver Surgery
Sex
Radiation
Laterality
Age
Mets at DX-lung
Chemotherapy
Marital status
Tumor Size Chemotherapy
T stage El T
] stage
N stage % Race
Race § N stage
Primary Site Primary Site
Marital status Tumor Size
Mets at DX-lung Age
Sex Radiation
Laterality Mets at DX-liver
Mets at DX-bone
Surgery
63 62 61 oo 01 o2 03 Low 0.00 0.05 0.10 0.15 0.20 0.25 0.30

SHAP value (impact on model output)

Relative Importance

Fig. 6. Relative importance of variables based on SHAP for RF prediction model. SHAP, Shapley’s Additive
explanations.

Discussion
This study utilized data from the SEER database to gather information on extensive-stage small cell lung
cancer(ES-SCLC) patients with or without brain metastasis (BMs). The 15 feature variables were carefully
selected and determined, and four simple and practical machine learning (ML) models and traditional logistic
regression (LR) were developed and validated. The performance of these models was compared in terms of
accuracy, sensitivity, specificity, AUROC, and AUPRC. These research findings indicated that the Random
forest (RF) model exhibited the highest predictive ability for BMs in ES-SCLC patients, as observed in both the
training and testing models. The application of this model assisted clinical practitioners in accurately assessing
the risk of BMs in ES-SCLC patients, enabling timely prophylactic cranial irradiation (PCI) treatment, thereby
enhancing survival rates and delaying the reduction of BMs risk. Based on current understanding, this research
was groundbreaking in utilizing machine learning algorithms to forecast the likelihood of BMs in ES-SCLC.

The RF is an ensemble learning method that employs bagging technology to combine multiple decision trees
for tasks such as classification, regression, and others. During its training phase, it constructs and aggregates
the outputs of numerous decision trees—producing a majority vote of classes for classification problems and
an average of predicted values for regression problems??. This technique’s primary benefit lies in its exceptional
stability, effectively preventing overfitting in training®*, particularly beneficial for smaller datasets. Consequently,
it enhances accuracy not only during testing but also when implementing the model on samples. While the
prevailing notion suggested that random forest classifiers could yield satisfactory outcomes without systematic
hyperparameter adjustments, we conducted hyperparameter optimization to both mitigate overfitting and
enhance positive prediction accuracy.

Utilizing SHAP values, this research evaluated the influence of individual factors. In the visualization of
SHAP for variable importance, it was observed that each of the 15 variables analyzed made unique contributions
to the model. Feature importance analysis and ranking of the variables identified the top ten features associated
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with BMs in ES-SCLC: bone metastasis, liver metastasis, radiation, age, tumor size, primary tumor location, N
staging, race, T staging, and chemotherapy.

Relevant studies indicated that bone metastasis and liver metastasis are significant risk factors for SCLC brain
metastasis?>~%’. This finding further corroborates our research results. In our study, bone metastasis and liver
metastasis emerged as the two most notable variables for BMs in ES-SCLC. It was noteworthy that past research
did not conduct distinctive analyses between limited-stage and extensive-stage patients, and we were the first to
systematically explore the role of bone metastasis and liver metastasis as risk factors for BMs in ES-SCLC.

There is currently controversy over whether age was a risk factor for ES-SCLC-induced BMs. Multiple studies
indicated that age is not a key risk factor for BMs in ES-SCLC patients?*-%°. However, in the systematic review
and meta-analysis conducted by Zeng Haiyan et al.’! regarding the risk factors for BMs in patients with SCLC
(induced ES-SCLC), a comprehensive analysis of the conclusions from 14 studies revealed that age (< 65 years) is
arisk factor for BMs. The explanation for this finding may be that younger SCLC patients typically have a longer
lifespan®>3, allowing for more time to experience BMs. A research led by et al.> delved into the predictive value
of clinical features in relation to the occurrence and consequences of simultaneous brain metastases (BMs) in
patients with small cell lung cancer (SCLC), revealing that older age was established as a notable risk factor
for synchronous BMs in individuals with SCLC. This is consistent with our results. Age was the fourth factor
associated with BMs in our study of ES-SCLC.

The size of the tumor was identified as another significant risk factor in the development of distant metastasis
from malignant tumors. An analysis conducted by Zheng et al.3> revealed that the size of the primary tumor
can predict the occurrence of SCLC-BM. Research conducted by Chen et al.’ regarding the factors associated
with brain metastasis following PCI in limited-stage SCLC indicated that individuals with tumors>5 cm are
at a higher risk of developing brain metastasis (Hazard Ratio: 1.781, 95% Confidence Interval: 1.044-3.039,
P=0.034). Similarly, a retrospective study by Farooqi AS et al.’” showed that tumors>5 cm increase the risk
of brain metastasis (HR 1.77, 95% CI 1.22-2.55, P=0.002). Our research results are essentially consistent with
theirs.

It was noteworthy that in our study, radiotherapy ranks third among factors associated with BMs,
which appeared contradictory to general clinical knowledge. Considering that the SEER database did not
comprehensively record patients’ radiotherapy details, survival curve analysis of patients who received or did
not receive radiotherapy reveals a significantly higher survival period for those who underwent radiotherapy
(P<0.001)( Supplemental Fig. 2). Radiotherapy has also been shown to provide benefits to patients with ES-
SCLC in recent clinical studies. Several literature reports suggested that thoracic radiotherapy is an independent
prognostic factor for improving the survival of ES-SCLC patients®*®*, indicating that thoracic radiotherapy may
enhance overall survival. This aligns with our analyzed survival curve results, possibly because radiotherapy
extended the survival time of ES-SCLC patients, allowing for more time to experience BMs.

Although there were previous reports on predictive models of BMs in SCLC based on the SEER database,
these articles limited scope and only focused on the occurrence of BMs in SCLC. Therefore, we were the first
to develop and validate a prediction model for BMs in ES-SCLC using the SEER database. Our study included
up to 15 clinically available variables, which were used in both the development and validation of the model.
Additionally, all predictors related to BMs in ES-SCLC were obtained through sequencing.

While our study had its strengths, there were also some limitations. Firstly, it was a retrospective study, which
came with the inherent data biases typical of retrospective research. Secondly, due to a significant amount of
missing data for some variables in multiple imputations within the SEER dataset, we choose to exclude these
missing data in the manuscript, potentially introducing bias to the results. Lastly, the absence of key variables in
the SEER database, such as KPS, ECOG scores, blood biochemical indicators, and detailed survival times, limits
further optimization of our model. In future research, we plan to address these limitations by incorporating
additional clinical factors to enhance the predictive power of the model, thereby providing more comprehensive
support to healthcare professionals in their decision-making.

In summary, five ML models were created to forecast BMs in ES-SCLC. Among these models, it was observed
that the RF model showcased the most reliable predictive capacity, showcasing outstanding discriminative
performance not solely in the evaluation and validation sets, but also attaining the maximum levels of AUROC,
AUPRG, sensitivity, specificity, and accuracy. We hope the RF model-based web calculator can help clinicians
identify patients at high risk of BMs from ES-SCLC, enabling early and effective interventions to prevent and
delay the onset of BMs and improve patient survival. We hope that the RF model-based online calculator will
help clinicians identify high-risk ES-SCLC patients for BMs, facilitating the selection of early and appropriate
interventions, such as Prophylactic Cranial Irradiation or Brain MRI surveillance. These early interventions aim
to prevent or delay BMs and improve patient survival.

Data availability

The dataset analysed during the current study are available in the Surveillance, Epidemiology, and End Results
(SEER) database (https://seer.cancer.gov/). All data analysed during this study are included in the supplementa
ry file.
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