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Abstract

Background This study aims to establish a predictive model for assessing the risk of esophageal cancer lung metastasis
using machine learning techniques.

Methods Data on esophageal cancer patients from 2010 to 2020 were extracted from the surveillance, epidemiology, and
end results (SEER) database. Through univariate and multivariate logistic regression analyses, eight indicators related to
the risk of lung metastasis were selected. These indicators were incorporated into six machine learning classifiers to develop
corresponding predictive models. The performance of these models was evaluated and compared using metrics such as The
area under curve (AUC), accuracy, sensitivity, specificity, and F1 score.

Results A total of 20,249 confirmed cases of esophageal cancer were included in this study. Among them, 14,174 cases (70%)
were assigned to the training set while 6075 cases (30%) constituted the internal test set. Primary site location, tumor histol-
ogy, tumor grade classification system T staging criteria N staging criteria brain metastasis bone metastasis liver metastasis
emerged as independent risk factors for esophageal cancer with lung metastasis. Amongst the six constructed models, the
GBM algorithm-based machine learning model demonstrated superior performance during internal dataset validation. AUC,
accuracy, sensitivity, and specificity values achieved by this model stood at respectively at 0.803, 0.849, 0.604, and 0.867.

Conclusion We have developed an online calculator based on the GBM model (https://lvgrkyxcgdvo7ugoyxyywe.streamlit.
app/)to aid clinical decision-making and treatment planning.

Keywords Pulmonary metastasis - Esophageal cancer - Machine learning - Online calculator

Introduction

Esophageal cancer (EC) represents the seventh most preva-
lent malignancy globally (Wang et al. 2022). Esophageal
cancer accounts for over 500,000 annual mortalities, consti-
tuting 5.3% of all cancer-induced deaths globally. The dis-
tribution of this malignancy reveals significant geographical
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dysphagia (Ilson and Hillegersberg 2018). The high mor-
tality rate of esophageal cancer is due to the fact that the
majority of patients with esophageal cancer are diagnosed
at a late stage, which often leads to the delay in treatment
(Uhlenhopp et al. 2020). The pathological types of esopha-
geal cancer are mainly divided into esophageal squamous
cell carcinoma (ESCC) and esophageal adenocarcinoma
(EAC) (Njei et al. 2016).
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Some studies indicated that esophageal squamous cell car-
cinoma cases were located in the middle and lower third of
the esophagus, while most esophageal adenocarcinomas were
located in the lower third (Gasmelseed et al. 2015). Multi-
ple studies have shown that heavy alcohol, smoking, obesity,
hot drinks, malnutrition and infections (such as human papil-
lomavirus) can lead to esophageal cancer (Chen et al. 2015;
Huang and Yu 2018; Hoyo et al. 2012; Corley et al. 2008;
Lindkvist et al. 2014 Feb; Steffen et al. 2009). Metastatic sites
of esophageal cancer encompass the liver, brain, lungs, bones,
and others. However, lung metastasis in esophageal cancer
engenders a substantial impact on patient prognosis. Not only
does it signal advanced-stage disease, but it also portends a
poor prognosis, resulting in metabolic disorders due to liver
dysfunction, circulatory problems. Lung metastasis of esoph-
ageal cancer often leads to metabolic disorders, respiratory
failure, pain and even multiple organ dysfunction syndrome
(MODS) (Luo 2022).

Machine learning (ML) is a branch of data science and an
important field of artificial intelligence. Machine learning is
mainly based on the development and training of algorithms
through computers, ML can learn from data and perform pre-
dictions without specific programming before (Choy et al.
2018). The main advantage of ML is that it can analyze and
use a large amount of data, and can use more optimized algo-
rithms to build more accurate models. Compared with tradi-
tional statistical analysis, ML is much more effective (Gillies
et al. 2016). At present, ML technology has been widely used
in different fields, from self-driving cars, board games, and
various event decisions (Silver et al. 2018).

In clinical medicine, biomedicine and other fields, ML can
well deal with various types of big data in scientific research,
and help clinicians better understand and predict the disease
studied. Therefore, ML has been used in clinical diagnosis,
precision treatment and health monitoring (Aarestrup et al.
2020; Zhuang et al. 2020; Shilo et al. 2020).

Patients with esophageal cancer often have different clini-
cal manifestations, pathological grading and metastasis site
(Gong et al. 2021). After receiving different treatments, the
prognosis results also have significant differences. Unfortu-
nately, there are limited studies on lung metastasis of advanced
esophageal cancer, which poses new challenges to clinicians'
clinical decision-making. Therefore, the purpose of this study
is to use ML to build and verify a new machine learning model
to predict lung metastasis in patients with esophageal cancer.

Materials and methods
Study population

The SEER*stat 8.4.1 software was utilized in this study to
retrieve clinical data of patients diagnosed with esophageal
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cancer from the SEER database. The study enrolled patients
who were diagnosed with esophageal cancer (including
squamous cell carcinoma and adenocarcinoma) in the SEER
database from 2010 to 2020.

Exclusion criteria were detailed as follows: (1) Excluded
unknown race and grade; (2) Excluded unknown primary
site; (3) Excluded unknown AJCC T, N stage; (4) Excluded
unknown bone, brian, liver and lung metastatic status. The
total number of esophageal cancer cases obtained was
20,249, which were subsequently divided into a train set
and a test set in a ratio of 7:3. Please refer to Fig. 1 for the
complete screening process.

Data selection

In this study, 12 variables related to the clinicopathological
and demographic characteristics of patients were selected for
analysis. Demographic variables included age, sex and race.
Clinicopathological variables included primary site, tumor
histology, tumor grade, T stage, N stage, brain metastasis,
bone metastasis, lung metastasis, liver metastasis. Accord-
ing to the ICD-0O-3 codes, histological types of esophageal
cancere divided into 2 categories, including adenocarcinoma
(8140-8573), squamous cell carcinoma (8050-8082). All
esophageal cancer patients were staged according the AJCC
8th edition guidelines and SEER staging information. Reveal
the disparities among various factors in the training and vali-
dation sets through chi-square analysis. The age is typically
represented by its mean value.

Data pre-processing and feature engineering

All statistical analyses were performed using Python 3.8 and
SPSS 23. The logistic regression analysis was conducted on
the data collected from the SEER database using SPSS 23 soft-
ware, aiming to identify variables suitable for machine learn-
ing models. The significant variables (P <0.05) in patients
with pulmonary metastasis were identified using univariate
logistic regression analysis. Subsequently, these variables were
included in multivariate logistic regression analysis, and the
variables with P <0.05 in the multivariate logistic regression
analysis underwent further analysis using a machine learn-
ing model. The correlation between the selected features was
examined using a method of correlation analysis. Since this
data set is an unbalanced data set, the over-sampling method
were adopted for data processing (Solihah et al. 2020). The
key of this method is to oversampling the data samples of
small classes to increase the number of data samples of small
classes to improve the accuracy of the model. Meanwhile, to
compare the importance of each feature, we extract the feature
importance of each variable in the machine learning model
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Fig. 1 The study flow chart of
case screening
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according to the Permutation Importance principle (Tian et al.
2021; Liu et al. 2021a).

Model establishment and evaluation

The data from the SEER database was randomly assigned in a
7:3 ratio to the train set and the internal test set. Six commonly
used classifier algorithms were chosen to this study, including
three ensemble algorithms (Random Forest (RF), Gradient
Boosting ine (GBM), eXtreme gradient boosting (XGB)) and
three simple classification algorithms (Logistic Regression
(LR), Decision tree (DT), Naive Bayes classifiers (NBC)). The
ML model was trained using Python software. In the train set,
all SEER data were split into 10 parts and cross-validated 10
times (Buch et al. 2018). The built model directly imports data
for validation in the case of internal test sets. The area under
the receiver operating characteristic curve (AUC), sensitivity,
specificity, accuracy and F-score were evaluated indicators of
ML algorithms. The probability density plot and clinical util-
ity curve (CUC) was utilized to examine clinical applicability.
Furthermore, based on the best-performing model, we built a
web-based online calculator.

Results
Clinical characteristics of patients

A total of 20,249 patients diagnosed with esophageal can-
cer were retrieved from the SEER database and subse-
quently divided into a training set (n=14,174) and a test
set (n=6,075) in a ratio of 7:3. Twelve factors, including
age, gender, race, primary site, histology, tumor grade,
T stage, N stage, brain metastasis status as well as bone
metastasis status along with lung and liver metastases
were collected. The mean age of patients in the training
set was 67.2 years (67.2 +11.0), whereas the mean age of
patients in the validation set was 67.0 years (67.0+11.1).
The majority of patients diagnosed with esophageal cancer
were male; white individuals constituted the largest pro-
portion; the most prevalent tumor location was observed
in the lower third of the esophagus while adenocarcinoma
represented the predominant histological type. No sig-
nificant variation was found in terms of tumor grade dis-
tribution among patients. Following chi-square analysis
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Table 1 Clinical and pathological characteristics of train set and
internal test set

Variables Training set Test set Value of P
(N=14,174)  (N=6075)
Age (67.2+11.0)0 (67.0x11.1) 0.187
Sex 0.452
Female 2790(19.7%) 1168(19.2%)
Male 11,384(80.3%) 4907(80.8%)
Race 0.944
White 12,347(87.1%) 5287(87.0%)
Black 1062(7.5%) 463(7.6%)
Other (American 765(5.4%) 325(5.3%)
Indian/AK Native,
Asian/Pacific
Islander)
Primary Site 0.15
Upper third of esopha-  695(4.9%) 336(5.5%)
gus
Middle third of esopha- 2529(17.8%)  1097(18.1%)
gus
Lower third of esopha-  10,950(77.3%) 4642(76.4%)
gus
Histology 0.105
Adenocarcinoma 10,171(71.8%) 4291(68.3%)
Squamous—cell carci-  4003(28.2%) 1784(31.7%)
noma
Tumor grade 0.307
Grade I+11 4945334.9%)  2120(34.9%)
Grade III 4330(30.5%)  1798(29.6%)
Grade IV 4899(34.6%)  2157(35.5%)
T stage 0.268
T1 4332(30.6%)  1817(29.9%)
T2 1901(13.4%)  796(13.1%)
T3 6324(44.6%)  2800(46.1%)
T4 1617(11.4%)  662(10.9%)
N stage 0.607
NO 5966(42.1%)  2523(41.5%)
N1 6373(45.0%)  2736(45.0%)
N2 1356(9.6%) 590(9.7%)
N3 479(3.4%) 226(3.7%)
Brain metastasis 0.292
Yes 169(1.2%) 62(1.0%)
No 14,005(98.8%) 6013(99.0%)
Bone metastasis 0.072
Yes 773(5.5%) 370(6.1%)
No 13,401(94.5%) 5705(93.9%)
Lung metastasis 0.234
Yes 721(5.8%) 285(5.3%)
No 11,739(94.2%) 5055(94.7%)
Liver metastasis 0.068
Yes 847(6.0%) 404(6.7%)
No 13,327(94.0%) 5671(93.3%)
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between each factor within both sets (training and valida-
tion), no statistically significant differences were identified
(p>0.05). The distribution pattern for each factor exhib-
ited similarity between these two groups which indicates
that both the training set and validation set are suitable for
further predictive analysis (Table 1).

Univariable and multivariable logistic regression
analysis

In our study, 8 risk factors associated with lung metastasis
were identified through univariate and multivariate logistic
regression analysis, including primary site, tumor histology,
tumor grade, T stage, N stage, brain metastasis, bone metas-
tasis and liver metastasis (P <0.05; Table 2). Based on these
8 independent prognostic factors we developed six different
models using machine learning algorithms in this study.

Correlation analysis and Importance of features
on prediction

In order to assess the level of correlation among various
factors, it is customary to employ correlation analysis.
For this study, we utilize Spearman correlation analysis to
evaluate the interrelationships and characteristics among
the aforementioned 11 factors. A corresponding heat map
is generated, as depicted in Figure A The findings from
Fig. 2A indicate a lack of significant correlation among the
studied 11 characteristics. Given the absence of substantial
correlations between these factors, statistical interference
is minimized, enabling us to effectively incorporate these
factors into constructing a predictive model. he significance
of various factors from the six machine learning algorithms
is illustrated in Fig. 2B In the RF model, liver metastasis, T
stage, and N stage emerge as the top three most influential
factors. Similarly, for the XGB model, liver metastasis, bone
metastasis, and N stage are deemed to be highly important.
The GBM model highlights liver metastasis, T stage, and
bone metastasis as its key predictors. In contrast, for the LR
model, liver metastasis holds utmost importance along with
bone metastasis and brain metastasis. For the DT model,
liver metastasis again takes precedence followed by T stage
and N stage as significant factors. Lastly, in the NB model,
T stage, N Stage, and Grade are considered to be pivotal
factors. The analysis reveals that except for the NB model,
liver metastasis consistently recognized as the most critical
factor. T stage, N stage, bone metastasis, and liver metastasis
have been identified as important determinants.

Model performance

The performance of the six predictive models is
described in Fig. 3A, B and C Table 3. Internal ten-fold



Journal of Cancer Research and Clinical Oncology ~ (2024) 150:420

Page 50f 10

420

Table 2 Univariate analysis and

S o . Variables Univariate logistic analysis Multivariate logistic analysis
multivariate logistic regression
analysis of variables OR (95%CI) P-value OR (95%CI) P-value

Age 0.991(0.985-0.997) 0.006 1.004(0.997-1.011) 0.220
Sex

Female Reference Reference

Male 1.324(1.096-1.600) 0.004 1.220(0.991-1.504) 0.061
Race
Other Reference Reference

White 0.892(0.661-1.202) 0.452 0.909(0.655-1.261) 0.567

Black 1.320(0.919-1.897) 0.133 1.173(0.792-1.738) 0.425
Primary site

Upper third of esophagus Reference Reference

Middle third of esophagus 0.571(0.427-0.762) <0.001 0.804(0.580-1.115) 0.191

Lower third of esophagus 0.497(0.385-0.641) <0.001 0.610(0.457-0.815) <0.001
Tumor histology

Adenocarcinoma Reference Reference

Squamous—cell carcinoma 1.189(1.023-1.381) 0.024 1.229(1.008-1.498) 0.042
Tumor grade

Grade I+11 Reference Reference

Grade I1I 1.019(0.851-1.219) 0.841 1.261(1.035-1.536) 0.022

Grade IV 1.328(1.126-1.567) 0.001 1.188(0.988-1.429) 0.067
T stage
T1 Reference Reference

T2 0.399(0.298-0.535) <0.001 0.511(0.376-0.695) <0.001

T3 0.485(0.406-0.579) <0.001 0.491(0.402-0.599) <0.001

T4 2.684(2.252-3.199) <0.001 1.667(1.364-2.036) <0.001
N stage

NO Reference Reference

N1 2.328(1.979-2.738) <0.001 1.901(1.583-2.282) <0.001

N2 1.306(0.982-1.737) 0.066 1.516(1.105-2.081) 0.010

N3 2.936(2.116-4.074) <0.001 2.149(1.469-3.143) <0.001
Brain metastasis

Yes Reference Reference

No 0.184(0.129-0.263) <0.001 0.354(0.236-0.533) <0.001
Bone metastasis

Yes Reference Reference

No 0.157(0.131-0.188) <0.001 0.337(0.274-0.415) <0.001
Liver metastasis

Yes Reference Reference

No 0.098(0.084-0.114) <0.001 0.147(0.125-0.173) <0.001

cross-validation (Fig. 3A) showed that GBM model per-
formed best among the six models with an average AUC of
0.893, followed by the LR model (AUC =0.828). Internal
test validation was shown in Table 3 and Fig. 3B. Inter-
estingly, the GBM model also achieves the best AUC
score (0.803) in the internal test validation and the score
of accuracy, sensitivity (recall rate) and specificity were
0.849, 0.604 and 0.867, respectively. The confusion matrix
(Fig. 3C) of the GBM model in the training set and the test
set indicated its high accuracy. The probability density

plot (Fig. 3D) depicting predictive distribution showed
that the AUC was highest when the predictive score was
0.53. The CUC plot (Fig. 3E) also showed good clinical
applicability.

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: The confusion matrix
of the GBM model in the (A) train set and the (B) internal

@ Springer



420 Page 6 of 10

Journal of Cancer Research and Clinical Oncology

(2024) 150:420

© 3
A & &P
& & & P
§ 5 e &
& & & & & RE xG8 GBM
o ® 5 & & F PP &
L AR O N A S A Uver metasasis Uver metasasis Uver metastasis
. | N | v \ N s . N 1.00
Age 0.08 -004 -002 003 005 011 -003 -0.07 -0.06 Tamoe Gone menansty Foe
N stage Nstage Bone metastasis
075
Race - -0, 014 -031 -001 000 -0.02 000 -0.02 -0.00 [E—— . o . Nstoge
Sex~ 0.08 -0.01 003 -005 -0.04
050 primary ite rimary sue ] £ |
Primary Site - 0.04 -0.14 002 007 002 Histlogic sran metastass ] arain metastasis |
025 Brain metastasis o | Histologic
Histologic - -0.02 0,31 003 006 003
000 005 0.10 015 070 025 030 035 00 o1 oz 03 04 05 08 o0 o1 o0z 03 04 05
Feature Importance Feature Importance Feature mportance
Grade- 0.03 001 -O. 000 003 004 0.00 W or L)
Uver metastasis Uver metastass Tstage
Tstage- 0.05 0.00 003 012 006
L 025 Bone metastasis Nstage Nstage
Nstage- 011 -0.02 To00 Brain metastasis Tstage Grade
¢ Wsoge & Bone metastasis o Primorysite
-050 ] H H
Brain metastasis - -0.03 000 -0.03 002 003 000 003 -0 H — H e : S
Nstage. primary Ste Uver metastasis
Liver metastasis - -0.07 -0.02 -0.05 007 006 003 012 o075
g Grade Histologic sone metastoss ]
Bone metastasis - -0.06 -0.00 -0.04 002 003 004 006 -0 primary Ste Brain metastasis Brain metastasis
-1.00

Correlation Heatmap

oo 20

5 1o 1s
Feature Importance

Fig.2 A Heat map of the correlation of features. B Feature importance of different models

Ten Fold Cross Validation

ROC curve

00

o1 04 00 o1 04 o5

02 03 02 03
Feature Importance Feature Importance

Probability Density Plot
1

40
0.9 10 = H =3 Negative
o 4 =3 Positve
- DT — S—— - 79126% 1
IR === == an eSS 7 * 1
08 '
~3 & .
07 g s 20 :mmmu
o %
» -
U oo oot 2. P 25 i
=] f
2os Z J - 1
Zo 8 § e R !
0.4 3 o4 L7 220 1
@ RF (ALC: 0.764 £ 0.020) = e e 1
0.3 @~ XGB (AUC: 0.785 = 0.022) e —RE (AUC = 0.724) i I
@ GBM (AUC: 0.828 + 0.019) - —XGB (AUC = 0.715)
02 @ LR (AUC: 0.802 = 0.015) 02 oad —GBM (AUC = 0.803) 1
' @~ DT (AUC: 0.569 £ 0.018) e LR (AUC = 0.794) 1
-@- NBC (AUC: 0.805 £ 0.017) 7 s— DT (AUC = 0.779) 10
0.1 s —NB (AUC = 0.802)
2 4 6 8 10 o.
00 02 04 06 08 10
. 54 0s
Round of cross False Positive Rate
C Confusion Matrix - Training Set Confusion Matrix - Test Set 00 1
i— E @ Clinical vty Plot
— Negative
4000 : — Positive
° 2681 ° 1144 08
(FP) (FP)
3000
06
g g 3
< 5000 < g
- 2000 “
04
02— — —_— =
-- 209 638 -- 116 288 1
(FN) (TP) (FN) (TP) b I
1
1
0.0 1
. =02 0.0 02 04 06 08 1.0 12
0 1 0 1 Probability

Predicted Predicted

Fig.3 A Ten-fold cross-validation results of different machine learn-
ing models. B The roc curves of different machine learning models
in internal test set. C The confusion matrix of the GBM model in the
(A) train set and the (B) internal test set. TP true positive; TN true

test set. TP, true positive; TN, true negative; FP, false posi-
tive; FN, false negative. D: Probability density plot of gradi-
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negative; FP false positive; FN false negative. D Probability density
plot of gradient boosting machine model. E The clinical impact curve
of gradient boosting machine model

Web predictor

The objective of this study was to develop a web predic-
tor utilizing the GBM model, which demonstrated superior
predictive performance for lung metastasis in patients with
esophageal cancer. The primary aim of this web predictor
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Table 3 Prediction performance of different models

Model AUC Accuracy Sensitivity Specificity F-score

RF 0.723748 0.843292 0.485149  0.868806  0.291667
XGB  0.714689 0.853333 0.460396  0.881326  0.294537
GBM  0.802854 0.849053 0.60396 0.866514  0.347331
LR 0.793915 0.830453 0.655941  0.842885  0.339744
DT 0.779204 0.806749 0.608911  0.820843  0.295318
NB 0.801703 0.862387 0.601485  0.880973  0.367625

is to provide healthcare professionals with a valuable tool
for making more precise clinical decisions. By inputting the
relevant variables associated with hepatic metastasis into the
web predictor, doctors can conveniently calculate the prob-
ability of lung metastasis in patients with esophageal cancer.
Please refer to Supplementary Information Figure for further
details. For easy accessibility, please visit the following link
to access the web predictor: (https://Ivgrkyxcgdvo7ugoyxyy
we.streamlit.app/).

Discussion

Esophageal cancer is considered one of the most aggressive
malignancies among all gastrointestinal tumors, and it ranks
as the most prevalent form of cancer worldwide (Global
Burden of Disease Cancer Collaboration 1990). Despite
advancements in multidisciplinary treatment approaches for
esophageal cancer in the United States, the 5-year relative
survival rate remains low at only 20% (Siegel et al. 2022;
Watanabe et al. 2020). Notably, there is currently no univer-
sally recognized and effective comprehensive systemic ther-
apy available for esophageal cancer with distant metastasis.
The anticipated incidence of distant metastasis in clinically
detected cases ranges from 27.3 to 66.7% (Lou et al. 2013;
Ichida et al. 2013). It is well-known that lung represents
one of the primary sites for esophageal cancer metastasis
(Kudou et al. 2022).

Both the esophagus and lungs are organs located in the
thoracic cavity, playing a crucial role in maintaining normal
physiological function, nutrient absorption, and metabolism
of the human body. Once lung metastasis occurs in patients
with esophageal cancer, it not only indicates disease pro-
gression to an advanced stage but also leads to gradual loss
of pulmonary function, resulting in respiratory distress,
decreased oxygenation index, and potential complications
such as malignant pleural effusion and cachexia (Al-Sawaf
et al. 2023). The effective treatment and comprehensive
management of metastatic esophageal cancer necessitate a
multidisciplinary approach encompassing various treatment
modalities and strategies. This remains a significant chal-
lenge within the medical community. Therefore, identifying

high-risk factors for esophageal cancer and accurately pre-
dicting the likelihood of lung metastasis based on clinical
and pathological characteristics hold immense importance
for clinical decision-making.

Existing studies on lung metastasis of esophageal can-
cer patients remain limited. To the best of our knowledge,
there is a lack of research on the development of a predic-
tion model for pulmonary metastasis in esophageal cancer.
In order to address this research gap, three key issues need
to be addressed. Firstly, it is crucial to identify high-risk
prognostic factors associated with esophageal cancer in
order to gain insights into its pathogenesis, etiological fac-
tors and improve prognosis. Secondly, further investigation
into the interrelationships among these independent prog-
nostic factors is also essential. Lastly, leveraging big data
and machine learning techniques can enhance the accuracy
and effectiveness of predictive modeling in this field. Our
study successfully addresses these challenges by utilizing a
comprehensive dataset from the SEER database to identify
independent prognostic factors related to esophageal can-
cer and exploring their correlations. Furthermore, we have
developed a user-friendly website that allows direct access
to our prediction model.

Some studies have indicated that smoking and alcohol
consumption are the predominant risk factors for male
esophageal cancer (Li et al. 2021). Furthermore, research
has demonstrated that in patients with esophageal cancer, the
extent of tissue differentiation, pathological stage, vascular
invasion, and nerve invasion are widely acknowledged as
crucial prognostic factors (Petrelli et al. 2021; Gao et al.
2016; Shahbaz Sarwar et al. 2010; Yang et al. 2020; Gupta
et al. 2018). The aforementioned literature comprehensively
describes and statistically analyzes the independent prog-
nostic factors of esophageal cancer. However, these studies
often lack the support of extensive data, which may com-
promise their reliability. Furthermore, these studies fail to
predict the occurrence of metastasis in esophageal cancer.
In contrast, this study utilizes big data analysis from the
SEER database to identify independent high-risk factors
associated with lung metastasis through logistic regres-
sion analysis. This approach effectively mitigates statistical
errors caused by small sample sizes. Specifically, this study
includes 11 common clinical factors related to lung metas-
tasis: age, sex, race, primary site, tumor histology, tumor
grade, brain metastasis, bone metastasis, liver metastasis,
T stage, and N stage. In order to ascertain the independ-
ence among different features,a correlation heat map was
generated using Spearman correlation analysis (Fig. 2). The
results depicted in Fig. 2 indicate that there is no significant
correlation observed among the 11 features. Subsequently,
the univariate and multivariate logistic regression analyses
were employed to identify eight independent high-risk fac-
tors associated with lung metastasis. These factors include
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liver metastasis,T stage,N stage,bone metastasis,tumor
grade,primary site,tumor histology,and bone metastases.

Undoubtedly, establishing a predictive model for dis-
tant organ metastasis in advanced esophageal cancer is of
paramount importance in order to investigate independent
high-risk factors. Currently, there is an insufficient amount
of research on risk factors in patients with esophageal cancer
who develop distant organ metastasis (Ai et al. 2019).

For instance, Tang et al. previously constructed a nomo-
gram to predict survival in patients with metastatic esoph-
ageal cancer; however, that study encompassed all ana-
tomical sites of metastasis and did not specifically explore
models for predicting the risk of distant metastasis (Tang
et al. 2019a). Similarly, Cheng et al. developed a custom-
ized model for predicting the risk and survival outcomes in
patients with esophageal cancer presenting brain metastases
(Cheng et al. 2021). Furthermore, Guo et al. provided com-
prehensive characteristics of patients with liver metastases
and investigated risk factors as well as prognostic factors;
nevertheless, they did not develop any predictive tools (Guo
et al. 2021).

The comprehensive investigation of patients with esopha-
geal cancer and lung metastasis holds significant clinical
importance, given the fact that lung metastasis serves as the
most prevalent distant dissemination site for this disease.

Previous studies have utilized the nomogram method to
develop a prognostic model for patients with esophageal
cancer at different stages; however, these studies did not
establish a prediction model specifically for late-stage meta-
static esophageal cancer (Domper Arnal et al. 2015). Earlier
literature has constructed a nomogram based on traditional
logistic regression models to predict esophageal cancer
metastasis. Nevertheless, the accuracy of this nomogram is
limited due to its inability to effectively handle big data. In
contrast, current cutting-edge medical research is centered
around precision medicine, where the use of nomograms
has posed challenges in achieving significant breakthroughs
(Deo 2015; Goecks et al. 2020). Furthermore, conventional
research methods fail to explore interactions among various
independent high-risk factors (Liu et al. 2021b; Tang et al.
2019b). Conversely, our study not only comprehensively
captures complex associations between different independ-
ent high-risk factors but also employs advanced machine
learning statistical techniques to construct an improved
prediction model. The model can be considered effective
when the AUC value exceeds 0.7 in general (Yu et al. 2021).
Our GBM model achieved an AUC value of 0.803, provid-
ing strong evidence for the high reliability of our proposed
model.

After employing machine learning techniques, we con-
structed six prediction models and conducted internal ten-
fold cross-validation to determine the optimal model among
them, which turned out to be the GBM model. Utilizing

@ Springer

these findings, we successfully developed a publicly acces-
sible online calculator based on the GBM model (https://
lvgrkyxcgdvo7ugoyxyywe.streamlit.app/). The meticulously
crafted model accurately forecasts the risk of lung metas-
tasis in patients by considering diverse clinical indicators.
Clinicians can conveniently access this tool via the provided
website, input patient information, and promptly obtain cor-
responding probabilities of lung metastasis. Consequently,
this resource significantly aids clinicians in making informed
clinical decisions.

Our study possesses several advantages. Firstly, we have
developed a statistical model based on machine learning to
accurately predict the probability of pulmonary metasta-
sis in patients with esophageal cancer. To our knowledge,
our research team is the first to utilize machine learning for
constructing such a prediction model. This model exhibits
greater reliability compared to traditional nomogram predic-
tion models. Additionally, this work contributes to expand-
ing our understanding of artificial intelligence and precision
medicine. Secondly, our study delves deeper into exploring
the relationship between various independent high-risk fac-
tors among patients with esophageal cancer, thereby pro-
viding new avenues for future clinical research. In other
words, future studies should not solely focus on examining
the final outcomes of patients but also investigate the cor-
relations between different independent high-risk factors.
This approach will enable us to better comprehend these
relationships and subsequently eliminate factors that may
hinder patients' perioperative lifestyle or treatment methods.

However, it is important to acknowledge certain limita-
tions within this study. Firstly, being a single-center study
with a limited number of included patients, we employed
internal validation for model verification purposes. There-
fore, in subsequent investigations, we plan to incorporate
multi-center data for training and external validation in order
to obtain an even more reliable prediction model. Secondly
and regrettably, Neoadjuvant therapy, surgical methods, cir-
culating tumor DNA and other factors that may affect the
long-term prognosis of patients with esophageal cancer were
not included in this study. In the future, with the continuous
improvement of the database, we will include more param-
eters related to esophageal cancer into the prediction model
to improve its accuracy.

Conclusion

In conclusion, based on eight commonly observed clinico-
pathological features in clinical practice, this study has suc-
cessfully developed a machine learning model to accurately
predict the occurrence of pulmonary metastasis in patients
with esophageal cancer. Among these models, the GBM
model demonstrated superior performance. By utilizing the
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GBM model, clinicians can obtain valuable information
regarding the probability of pulmonary metastasis in patients
with esophageal cancer, thereby facilitating the development
of more precise treatment strategies.
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