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Abstract

Objective: The objective of this study is to develop a machine learning (ML)-based predictive model for bone metastasis (BM)
in esophageal cancer (EC) patients.

Methods: This study utilized data from the Surveillance, Epidemiology, and End Results database spanning 2010 to 2020 to
analyze EC patients. A total of 21,032 confirmed cases of EC were included in the study. Through univariate and multivariate
logistic regression (LR) analysis, 10 indicators associated with the risk of BM were identified. These factors were incorporated
into seven different ML classifiers to establish predictive models. The performance of these models was assessed and com-
pared using various metrics including the area under the receiver operating characteristic curve (AUC), accuracy, sensitivity,
specificity, F-score, precision, and decision curve analysis.

Results: Factors such as age, gender, histological type, T stage, N stage, surgical intervention, chemotherapy, and the pres-
ence of brain, lung, and liver metastases were identified as independent risk factors for BM in EC patients. Among the seven
models developed, the ML model based on LR algorithm demonstrated excellent performance in the internal validation set.
The AUC, accuracy, sensitivity, and specificity of this model were 0.831, 0.721, 0.787, and 0.717, respectively.

Conclusion: We have successfully developed an online calculator utilizing a LR model to assist clinicians in accurately
assessing the risk of BM in patients with EC. This tool demonstrates high accuracy and specificity, thereby enhancing the
development of personalized treatment plans.
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Introduction
Esophageal cancer (EC) ranks seventh among the most preva-
lent malignant tumors worldwide, resulting in an annual mor-
tality rate of 500,000 and accounting for 5.5% of all
cancer-related deaths.1 The 5-year survival rate for patients
with distant metastasis is less than 5%,2 while approximately
50% of patients already exhibit distant metastasis at the time
of diagnosis.3 Furthermore, nearly one-third of patients
develop distant metastasis following surgical intervention or
radiotherapy/chemotherapy.4 Early detection and accurate
diagnosis play a pivotal role in enhancing prognosis.5

The development of EC can be influenced by various
factors, such as biological characteristics,6 dietary choices,7

lifestyle patterns and behaviors,8 psychological well-being,9

as well as environmental conditions.10 Bone metastasis

(BM) is one of the most common forms of metastasis in
malignant tumors and is the third most common site of metas-
tasis in patients with EC,11 after the liver and lungs.12,13

Currently, there are few treatment options that can effectively
improve the survival rate of patients once BM occurs. Patients
may experience a series of bone-related symptoms, including
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pathological fractures, hypercalcemia, pain, and neurological
compression syndrome.14 Prevention and early screening are
particularly important for patients with EC as timely detection
and intervention can improve their quality of life and prolong
survival time.15

Traditional bone marrow puncture biopsy, although con-
sidered the gold standard for diagnosing bone marrowmetas-
tasis, is limited in clinical application due to its invasiveness
and discomfort. Additionally, imaging studies such as CT
andMRI have limited sensitivity for early microscopic meta-
static lesions, often leading to missed diagnoses.16 In recent
years, with the rapid development of artificial intelligence
(AI) technology, its application in medical imaging analysis,
data mining, and clinical decision support has become
increasingly widespread.17,18 Particularly in the field of
tumor diagnosis, AI, through deep learning algorithms, can
automatically identify and extract features from vast
amounts of medical imaging data, significantly improving
the accuracy and efficiency of disease diagnosis.

As a branch of artificial intelligence, machine learning
(ML) has become a powerful tool in the field of healthcare,
completely changing disease diagnosis, prognosis, and treat-
ment methods.19,20 Compared to traditional logical models,
ML technology can reveal more information and achieve
result prediction with higher accuracy when dealing with
large-scale datasets.21 This promotes personalized medical
approaches and enhances clinical decision-making ability.22

Currently, research on AI applications for detecting bone
marrow metastasis in EC remains relatively limited. This
study aims to develop a predictive model for BM in EC
using ML methods. By applying ML technology, we aim to
construct a robust predictive model that can assess the risk
of BM in patients in advance and improve clinical outcomes.

Methods

Study population

This study utilized Surveillance, Epidemiology, and End
Results (SEER)*stat 8.4.1 software to retrieve clinical data
of patients diagnosed with EC from the SEER database.
The study included patients diagnosed with EC between
2010 and 2020 in the SEER database. Exclusion criteria
were as follows: (a) unknown race and grade; (b) unknown
primary site; (c) histological types other than adenocarcin-
oma and squamous cell carcinoma; (d) unknown AJCC T,
N stage; (e) unknown bone, brain, liver, and lung metastatic
status. A total of 21,032 cases of EC were identified. The
complete selection process is illustrated in Figure 1.

Data selection

In this study, we selected 15 variables related to patients’ clin-
ical pathology and demographic characteristics for analysis.
Demographic variables included age, gender, race, etc., while

clinical pathology indicators included primary site, tumor hist-
ology, tumor grade, T stage, N stage, surgery, radiotherapy,
chemotherapy, brain metastasis, BM, lung metastasis, liver
metastasis, etc. According to the ICD-O-3 coding, the histo-
logical types of EC are divided into adenocarcinoma (8140–
8573) and squamous cell carcinoma (8050–8082). All EC
patients were staged according to the AJCC 8th edition guide-
lines and SEER staging information. Chi-square analysis and
variance analysis were used to reveal the differences between
factors in the training and validation sets.

Data preprocessing

We processed the data collected from the SEER database
using Python 3.12 and SPSS 28 software with the aim of
identifying variables suitable for ML models. Firstly, we con-
ducted single-factor logistic regression (LR) analysis to deter-
mine variables that were significant in patients with bone
metastases (p < 0.05). Subsequently, these variables were
included in a multiple LR analysis, and ML models were
used to further analyze the variables with p< 0.05 in the mul-
tiple LR analysis. To examine the correlation between the
selected features, we employed a correlation analysis
method. In addressing the imbalance within our dataset, we
employed the synthetic minority oversampling technique
(SMOTE) as an oversampling method to balance the distribu-
tion of minority and majority classes.23 SMOTE is a widely
used technique that synthesizes new samples for the minority
class by creating synthetic instances between existing minor-
ity class samples and their nearest neighbors. The crucial
aspect of this approach lies in augmenting the number of
samples from the minority class data through oversampling,
which ultimately enhances the model’s precision without
altering its accuracy.24

Model establishment and evaluation

We randomly assigned the data in the SEER database to a
training set and an internal test set at a ratio of 7:3. We
selected seven common classifier algorithms, including
random forest, extreme gradient boosting, LR, K-nearest
neighbors, Naive Bayes classifier (NBC), decision tree and
support vector machine. We used Python software to train
the ML models and divided all SEER data into 10 parts for
10-fold cross-validation in the training set. In the internal
test set, we directly imported the built models for validation.
Performance metrics for evaluating ML algorithms included
the receiver operating characteristic curve (AUC), sensitivity,
specificity, accuracy, F-Score, and precision. We also used
decision curve analysis (DCA) to compare the actual applica-
tion effects of various models in clinical decision-making.
Finally, based on the best-performing model, we built a web-
based online calculator to facilitate more convenient predic-
tions and decision-making.

2 DIGITAL HEALTH



Results

Patient clinical characteristics

A total of 21,032 patients diagnosed with EC were retrieved
from the SEER database (Supplementary Table 1), and then
divided into training set (n= 14,722) and test set (n= 6310)
at a ratio of 7:3. Fifteen factors were collected, including
age, gender, race, primary site, histological type, tumor
grade, T stage, N stage, surgery, radiotherapy, chemother-
apy, brain metastasis, BM, lung metastasis, and liver metas-
tasis. Among them, there were 1157 cases of BM (5.5%)
and 19,875 cases without BM (94.5%). Chi-square and
variance analyses within the two groups (training and valid-
ation groups) showed no statistically significant differences
between the factors (p > 0.05, Table 1).

Univariate and multivariate logistic regression
analysis

Through univariate and multivariate LR analyses, 10 risk
factors related to BM were identified, including age,

gender, tumor histology, T stage, N stage, surgery, chemo-
therapy, brain metastasis, liver metastasis, and lung metas-
tasis (p < 0.05, Table 2). Based on these independent
prognostic factors, seven different models were developed
using ML algorithms.

Correlation analysis

The Spearman correlation analysis was used to evaluate the
relationships among the 14 factors (Supplementary
Table 2). The results (Figure 2) showed that there was no
strong linear correlation among these 14 features.

Model performance

Ten-fold cross-validation on the train set revealed that
among the seven models, the LR model demonstrated
superior performance with an average AUC of 0.834,
closely followed by the NBC model (AUC= 0.832)
Figure 3(a). In the test set, the results of ROC curve analysis
showed that the AUC score of the LR model was 0.831,
which was superior to other models (Figure 3(b)). To

Figure 1. The study flow chart of case screening.
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Table 1. Characteristics of train set and internal test set.

Variables

Train set Test test

Value of p(N= 14,722) (N= 6310)

Age 67.15± 11.02 67.27± 11.05 0.472

Sex 0.387

Female 2993 (20.3%) 1316 (20.9%)

Male 11,729 (79.7%) 4994 (79.1%)

Race

White 12,712 (86.3%) 5404 (85.6%) 0.34

Black 1167 (7.9%) 536 (8.5%)

Others 843 (5.7%) 370 (5.9%)

Primary site 0.791

Upper third of esophagus 920 (6.2%) 378 (6.0%)

Middle third of esophagus 2478 (16.8%) 1040 (16.5%)

Lower third of esophagus 10,628 (72.2%) 4588 (72.7%)

Overlapping lesion of esophagus 696 (4.7%) 340 (4.8%)

Tumor histology 0.281

Adenocarcinoma 10,375 (70.5%) 4400 (69.7%)

Squamous—cell carcinoma 4347 (29.5%) 1910 (30.3%)

Tumor grade 0.763

Grade I 752 (5.1%) 327 (5.2%)

Grade II 4621 (31.4%) 1934 (30.6%)

Grade III 4951 (33.6%) 2151 (34.1%)

Grade IV 4398 (29.9%) 1898 (30.1%)

T stage 0.429

T1 4466 (30.3%) 1886 (29.9%)

T2 1929 (13.1%) 875 (13.9%)

T3 6601 (44.8%) 2833 (44.9%)

T4 1726 (11.7%) 716 (11.3%)

N stage 0.775

(continued)
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further evaluate the performance of the models, we com-
pared the AUC, accuracy, sensitivity, specificity, F-Score,
and precision of the seven ML models. Overall, the LR

model performed the best, and its indicators were as
follows: AUC 0.831, accuracy 0.725, sensitivity 0.791, spe-
cificity 0.721, F-Score 0.241, and precision 0.142 (Table 3).

Table 1. Continued.

Variables

Train set Test test

Value of p(N= 14,722) (N= 6310)

N0 6226 (42.3%) 2709 (42.9%)

N1 6597 (44.8%) 2802 (44.4%)

N2 1394 (9.5%) 595 (9.4%)

N3 505 (3.4%) 204 (3.2%)

Surgery

No 9513 (64.6%) 4075 (64.6%) 0.958

Yes 5209 (35.4%) 2235 (35.4%)

Radiotherapy 0.823

No 5014 (34.1%) 2319 (33.9%)

Yes 9708 (65.9%) 4171 (66.1)

Chemotherapy 0.473

No 4213 (28.6%) 1775 (28.1%)

Yes 10,509 (71.4%) 4535 (71.9%)

Brain metastasis 0.311

No 14,554 (98.9%) 6248 (99.0%)

Yes 168 (1.1%) 62 (1.0%)

Liver metastasis 0.09

No 13,254 (90.0%) 5632 (89.3%)

Yes 1468 (10.0%) 678 (10.7%)

Lung metastasis 0.916

No 13,820 (93.9%) 5921 (93.8%)

Yes 902 (6.1%) 389 (6.2%)

Bone metastasis 0.901

No 13,914 (94.5%) 5961 (94.5%)

Yes 808 (5.5%) 349 (5.5%)
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Table 2. Univariate analysis and multivariate logistic regression analysis of variables.

Variables

Univariate logistic analysis Multivariate logistic analysis

OR (95%CI) p-value OR (95%CI) p-value

Age 0.978 (0.971–0.984) <0.001 0.977 (0.970–0.984) <0.001

Sex

Female Reference Reference

Male 1.881 (1.518–2.330) <0.001 1.577 (1.256–1.981) <0.001

Race

Others Reference Reference

White 1.105 (0.803–1.521) 0.541 1.157 (0.818–1.636) 0.411

Black 1.217 (0.821–1.803) 0.328 1.246 (0.821–1.892) 0.301

Primary site

Upper third of esophagus Reference Reference

Middle third of esophagus 1.337 (0.925–1.933) 0.122 1.326 (0.905–1.944) 0.147

Lower third of esophagus 1.335 (0.955–1.867) 0.091 0.963 (0.657–1.411) 0.846

Overlapping lesion of esophagus 2.070 (1.356–3.160) <0.001 1.091 (0.689–1.729) 0.71

Tumor histology

Squamous—cell carcinoma Reference Reference

Adenocarcinoma 1.448 (1.223–1.713) <0.001 1.601 (1.272–2.015) <0.001

Tumor grade

Grade I Reference Reference

Grade II 1.389 (0.868–2.223) 0.17 0.969 (0.591–1.588) 0.9

Grade III 2.605 (1.648–4.119) <0.001 1.386 (0.855–2.248) 0.185

Grade IV 2.584 (1.631–4.092) <0.001 1.585 (0.976–2.575) 0.63

T stage

T1 Reference Reference

T2 0.479 (0.358–0.641) <0.001 0.591 (0.434–0.806) <0.001

T3 0.717 (0.605–0.851) <0.001 0.726 (0.596–0.883) 0.001

T4 2.015 (1.660–2.445) <0.001 1.012 (0.818–1.251) 0.914

(continued)
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Subsequently, the importance of the predictive variables of
the LR model was ranked through permutation tests
(Figure 3(c)), and the results indicated that surgery, brain
metastasis, lung metastasis, and liver metastasis had signifi-
cant effects on the prediction results. In addition, DCA
(Figure 3(d)) showed that the LR model had better clinical

utility compared to other models in this study. Finally, the
confusion matrices of the training set and the test set
(Figure 3(e)) further verified the high accuracy of the LR
model. We used SHAP and LIME analysis methods to
conduct global and local interpretations of the LR model.
The results showed that the feature “Whether surgery”

Table 2. Continued.

Variables

Univariate logistic analysis Multivariate logistic analysis

OR (95%CI) p-value OR (95%CI) p-value

N stage

N0 Reference Reference

N1 2.637 (2.219–3.134) <0.001 1.830 (1.515–2.201) <0.001

N2 1.962 (1.497–2.507) <0.001 2.245 (1.664–3.029) <0.001

N3 3.668 (2.652–5.073) <0.001 2.654 (1.844–3.802) <0.001

Surgery

Yes Reference Reference

No 31.409 (18.872–52.543) <0.001 21.724 (12.922–36.521) <0.001

Radiotherapy

Yes Reference Reference

No 1.686 (1.462–1.945) <0.001 1.062 (0.891–1.264) 0.502

Chemotherapy

Yes Reference Reference

No 1.153 (0.989–1.343) 0.068 1.231 (1.029–1.473) 0.023

Brain metastasis

Yes Reference Reference

No 0.119 (0.085–0.166) <0.001 0.290 (0.201–0.417) <0.001

Liver metastasis

Yes Reference Reference

No 0.154 (0.132–0.180) <0.001 0.436 (0.363–0.524) <0.001

Lung metastasis

Yes Reference Reference

No 0.156 (0.131–0.186) <0.001 0.420 (0.345–0.511) <0.001
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had the greatest impact on the model’s prediction results
(Supplementary Figures 1 and 2).

Network prediction

The LR model was utilized to develop a network predictor,
which demonstrated superior predictive performance in the
identification of BM among patients with EC. This network
predictor serves as a valuable tool for healthcare profes-
sionals, enabling them to make more precise clinical deci-
sions. By inputting relevant variables associated with BM
into the network predictor, physicians can easily calculate
the probability of BM occurrence in patients with EC. To
access the network predictor, please refer to the following
link: (https://project-1-sz2zqgdwbewjz4pmjiluya.streamlit.
app/) (Figure 4)

Discussion
The application of AI in the medical field is becoming
increasingly widespread, particularly in areas such as preci-
sion diagnosis, personalized treatment, and disease predic-
tion. For instance, the use of AI in COVID-19 detection and
diagnosis has demonstrated its critical role in responding to
public health emergencies.25 In the field of nuclear medi-
cine, the integration of AI has not only enhanced diagnostic
accuracy but also opened up new possibilities for persona-
lized treatment.26 These studies indicate that AI technology
is driving rapid advancements in the medical field.

Recent studies have used this innovative approach to
explore clinical issues related to early cancer metasta-
sis27,28; however, there hasn’t been any research using
ML methods to assess the risk of BM in diagnosed EC
patients. The primary objective of this study is to develop
a ML-based model for predicting the risk of bone marrow

Figure 2. Heat map of the correlation of features.
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metastasis in EC patients. Previous studies, such as,29,30 Bei
Yuan and Liming Jiang constructed traditional nomogram
prediction models that not only used clinical data from
2010 to 2015 as patient samples but also included fewer
variables. This study not only improved the sample size
but also added variables compared with previous studies.
In our study, we identified 10 independent risk factors influ-
encing BM in EC through univariate and multivariate LR

analysis and incorporated them into seven ML algorithms
for development and validation to predict BM in EC
patients. Among them, the LR model showed excellent per-
formance in internal validation with AUC values of 0.831
on internal testing sets. The DCA also demonstrated good
applicability.

In this study, we have for the first time utilized ML tech-
niques to establish a statistical model that accurately

Figure 3. (a) Ten-fold cross-validation results of different machine learning models. (b) The roc curves of different machine learning
models in internal test set. (c) Feature importance ranks in logistic regression. (d) Decision clinical analysis curves of algorithms in the
internal test set. (e) The confusion matrix of the LR model in the train set and the internal test set. TP: true positive; TN: true negative; FP:
false positive; FN: false negative; LR: logistic regression.

Table 3. Prediction performance of different models.

Model AUC Accuracy Sensitivity Specificity F-score Precision

RF 0.739809 0.892076 0.206304 0.932226 0.169576 0.150110

XGB 0.790966 0.875277 0.30086 0.908908 0.217021 0.172589

LR 0.83073 0.721395 0.787966 0.717497 0.241048 0.142195

NBC 0.828803 0.834231 0.587393 0.848683 0.288543 0.191549

KNN 0.717015 0.842155 0.421203 0.866801 0.229329 0.157556

DT 0.788985 0.634707 0.810888 0.624392 0.197144 0.112213

SVM 0.770360 0.714263 0.713467 0.714310 0.216428 0.127561

AUC: receiver operating characteristic curve; LR: logistic regression; RF: random forest; XGB: extreme gradient boosting; KNN: K-nearest neighbors; NBC:
Naive Bayes classifier; DT: decision tree; SVM: support vector machine.
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predicts the risk of BM in EC patients. Compared to trad-
itional nomogram prediction models (such as those con-
structed by Bei Yuan and Liming Jiang),29,30 our model
demonstrates higher AUC values. The improved predictive
ability of this model holds significant importance for clin-
ical practice, as it can help doctors identify the risk of
bone metastases earlier during the initial diagnosis of
patients. Early identification facilitates the development of
more personalized treatment plans, enhancing patient prog-
nosis and quality of life. For instance, based on the model’s
predictions, doctors can monitor high-risk patients more
frequently or adopt more aggressive treatment measures,
potentially delaying the onset of bone metastases or mitigat-
ing their impact. However, there are limitations to this study.
Firstly, the training and validation data for the model primar-
ily originate from the SEER database, which encompasses a
relatively restricted range of variables. Notably, detailed
information on chemotherapy regimens and dosages is
lacking in the SEER database, potentially impacting the real-
world accuracy of our model. For instance, certain chemo-
therapy drugs may influence the risk of bone metastases;
however, these factors have not been incorporated into our
current model. Secondly, internal validation alone has been
conducted for this study without external validation.
Although internal validation results demonstrate favorable
predictive ability, it is essential to confirm the generalizabil-
ity of our model across diverse populations through future
research involving external validation in different medical
institutions and populations to ensure reliability and effect-
iveness. Additionally, selection bias exists within the
SEER database concerning patients’ races, age groups, or

disease stages that might limit the predictive ability due to
insufficient sample diversity. Therefore, future research
should consider incorporating sample diversity during
model development and validation processes to enhance gen-
eralizability. Despite these limitations acknowledged herei-
nabove, our developed predictive model exhibits
significant advantages in forecasting BM risk in EC patients;
nevertheless further refinement and extensive verification are
warranted for improved accuracy and generalizability of our
proposed approach towards providing more effective support
for prevention and treatment strategies among EC patients.

Conclusion
This study developed seven predictive models based on
ML, among which the LR algorithm demonstrated the
best overall performance among all candidate algorithms.
Based on this algorithm, we constructed a web-based pre-
dictor specifically designed for BM in EC. This predictor
is capable of effectively identifying the risk of BM in EC
patients, thereby assisting clinicians in making more
precise decisions in actual clinical practice. By providing
early warnings and personalized treatment recommenda-
tions, this tool has the potential to significantly improve
the treatment outcomes and prognosis management of EC
patients.
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Figure 4. A web predictor for predicting BM in EC. EC: esophageal cancer; BM: bone metastasis.
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