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Comparison of machine learning methods
for Predicting 3-Year survival in elderly
esophageal squamous cancer patients based
on oxidative stress
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Summary

Background Oxidative stress process plays a key role in aging and cancer; however, currently, there is paucity of
machine-learning model studies investigating the relationship between oxidative stress and prognosis of elderly
patients with esophageal squamous cancer (ESCQ).

Methods This study included elderly patients with ESCC who underwent curative ESCC resection surgery
continuously from January 2013 to December 2020 and were stratified into the training and external validation
cohorts. Using Cox stepwise regression analysis based on Akaike information criterion, the relationship between
oxidative stress biomarkers and prognosis was explored, and a geriatric ESCC-related oxidative stress score (OSS)
was constructed. To construct a predictive model for 3-year overall survival (OS), machine-learning strategies
including decision tree (DT), random forest (RF), and support vector machine (SYM) were employed. These machine-
learning strategies play a key role in data mining and pattern recognition tasks. Each model was tested in the
external validation cohort through 1000 resampling iterations. Validation was conducted using receiver operating
characteristic area under the curve (AUC) and calibration plots.

Results The training cohort and validation cohort consisted of 340 and 145 patients, respectively. In the training
cohort, the 3-year OS rate for patients was 59.2%. We constructed the OSS based on systemic oxidative stress
biomarkers using the training cohort. The study found that pathological N stage, pathological T stage, tumor
histological type, lymphovascular invasion, CEA, OSS, CA 19-9, and the amount of bleeding were the most important
factors influencing the 3-year OS. These eight important features were included in training the RF, DT, and SVM and
trained on the training cohort and validated cohort, respectively. In the training cohort, the RF model demonstrated
the highest predictive performance with an AUC of 0.975 (0.962-0.987), while the DT model is 0.784 (0.739-0.830)
and the SVM is 0.879 (0.843-0.916). In the external validation cohort, the RF model again exhibited the highest
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performance with an AUC of 0.791 (0.717-0.864), compared to the DT model with an AUC of 0.717 (0.640-0.794) and

0.779 (0.702-0.856) in SVM.

Conclusions The random forest clinical prediction model constructed based on OSS can effectively predict the
prognosis of elderly patients with ESCC after curative surgery.

Keywords Machine learning, Esophageal squamous cancer, Elderly patients, Oxidative stress, Prognosis

Introduction

Esophageal squamous cancer (ESSC) is one of the most
common malignant tumors in the world with a high mor-
tality rate [1]. Elderly patients with cancer demonstrate
more variability in their physical, functional, psychologi-
cal, and social strengths or vulnerabilities compared to
younger patients [2]. Consequently, the current TNM stag-
ing system may not fully account for the specific prognos-
tic features of elderly patients with esophageal squamous
cell carcinoma. In recent years, studies have found that
biological markers such as albumin (ALB), total bilirubin
(TBIL), direct bilirubin (DBIL), blood urea nitrogen (BUN),
creatinine (Crs), which reflect systemic oxidative stress,
play important roles in the occurrence, development,
and prognosis of elderly malignant tumor patients [3-6].
Antioxidant enzyme activity is believed to decline in
elderly individuals, increasing their susceptibility to oxy-
gen free radical damage. The increased susceptibility of
elderly cancer patients’ cells to oxidative stress can lead
to damage of DNA, proteins, and lipids, speeding up cel-
lular aging and disease progression [7-9]. Understand-
ing the oxidative stress characteristics in elderly cancer
patients can help doctors predict the complex prognosis
of esophageal squamous cancer (ESCC), refine treatment
plans, and improve the quality of life. Currently, the pre-
dictive models for survival in elderly patients with ESCC
based on oxidative stress indicators remain lacking.

As part of artificial intelligence, supervised machine-
learning techniques are widely employed to predict
biological outcomes due to their ability to capture com-
plex patterns, particularly in large and sparse datasets
[10-12]. However, prior models depended on established
variables such as TNM staging, histopathological char-
acteristics, surgery, and chemotherapy, rendering them
inadequate for the complex profiles of elderly individuals.
Considering the significant impact of oxidative stress on
elderly ESSC patients, this study aims to investigate the
relationship between oxidative stress and the prognosis
of elderly ESSC patients. Additionally, it seeks to develop
a machine learning model to predict 3-year survival post-
surgery, thereby aiding clinical decision-making.

Methods

Patient selection

This study included elderly ESCC patients who under-
went curative ESCC resection surgery from January 2013

to December 2020 and were registered in the Thoracic
Surgery Database of Putian University Affiliated Hospital
(AHPTU) and Fujian Medical University Union Hospital
(FMUUH). Inclusion criteria were as follows: (1) postop-
erative pathological diagnosis of Esophageal squamous
cell carcinoma; (2) age>65 years at diagnosis; (3) under-
went curative surgery with no evidence of distant metas-
tasis; and (4) complete clinical and pathological data
were available. Exclusion criteria were: (1) postoperative
pathology confirmed a non-primary tumor originating
from the esophagus; (2) presence of distant metasta-
ses; (3) incomplete clinical data. Ultimately, after apply-
ing exclusion criteria, 340 patients from AHPTU were
included in the study group as the training cohort, and
145 patients from FMUUH were included in the external
validation cohort. This study was a retrospective analysis
of anonymized data from the database, and the Institu-
tional Review Board waived the requirement for informed
consent.

Validation selection

Other clinically relevant features used in training the
machine learning predictive model were established by
researchers based on clinical reasoning, literature review,
and consensus on routine availability to ensure wide
applicability in various clinical settings. Specifically, the
predictive model included preoperative hematological
tests (white blood cell count (WBC), hemoglobin (HB),
neutrophils (NE), lymphocytes (LYM), monocytes (NOM),
prothrombin time (PT)), biochemical tests( (ALB), BUN,
TBIL, DBIL, UA, Crs, LDH), tumor markers (alpha-fetopro-
tein (AFP), carcinoembryonic antigen (CEA), carbohydrate
antigen 19-9 (CA199)), clinical variables (gender, age,
0SS, body mass index, history of major abdominal sur-
gery, history of previous malignancy, Charlson Comor-
bidity Index, American Society of Anesthesiologists (ASA)
score, neoadjuvant therapy), intraoperative variables
(extent of resection, intraoperative blood loss), postop-
erative variables (Clavien-Dindo complication grading,
adjuvant chemoradiation), and pathological variables
(differentiation grade, pathological T(pT) stage, patholog-
ical N(pN) stage, pathological TNM(pTNM) stage, lympho-
vascular invasion, perineural invasion). Due to potential
collinearity among variables, other potential predictive
factors were excluded from the candidate predictive
variables (using pT stage, pN stage without using pTNM
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stage). Variables were standardized to ensure compara-
bility of scales.

Candidate predictive variables

Complete data on preoperative tests, intraoperative con-
ditions, postoperative recovery, and pathological results
are essential. Routine blood and biochemical tests were
conducted for each patient from the first day of admis-
sion. The TNM staging was reclassified according to the
American Joint Committee on Cancer/Union for Interna-
tional Cancer Control 8th edition AJCC Cancer Staging
Manual. Based on the optimal cutoff values identified by
R 4.3.3 software, each biochemical parameter was con-
verted into a categorical variable. The oxidative stress
indicators in our study included ALB, TBIL, DBIL, BUN,
Crs, lactate dehydrogenase (LDH), and uric acid (UA).
Based on the optimal cutoff values determined by the
surv-cutpoint method, the biochemical parameters were
classified as low (values below the cutoff) or high (val-
ues above the cutoff). The training cohort was used to
develop a new Oxidative Stress Score (OSS) using beta
coefficients from a multivariate stepwise Cox regression
analysis. Patients were then stratified into risk groups
based on the calculated optimal cutoff value of OSS,
which was subsequently validated in the.

Establishment of machine learning model

To predict the survival status at 3 years post-surgery, we
analyzed the discriminative capabilities of three classifi-
cation machine learning algorithms: random forest (RF),
decision tree (DT), and support vector machine (SVM).
These methods were chosen due to their widespread
application and superior performance in cohort studies.
All statistical analyses were conducted using previously
developed R packages: “randomForest,” “MASS,” “PRROC,”
“rpart,” “caret, and “e1071. In order to select hyperpa-
rameters and the best probability, we trained the mod-
els using a cross validation scheme. DT is a supervised
machine learning technique utilized for both regression

Consecutive elderly patients who underwent
curative resection for EC between January
2015 and December 2020 in AHPTU (n=362)

Excluded (n=22)

- Non-esophageal cancer (n=3)
- Metatstatic disease (n=16)

- Incomplete clinical data (n=4)
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340 patients included in the training cohort

Fig. 1 Flow diagram of the study population
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and classification tasks. DT predicts the target variable’s
value by learning simple rules that are represented by a
decision tree, comprising nodes, branches, and leaves.
The algorithm classifies each sample by traversing the
tree from the root to a leaf node. RF is an ensemble
learning algorithm applicable to classification, regres-
sion, and unsupervised learning. It comprises multiple
unpruned trees, each created using the DT algorithm
through a recursive partitioning process. SVM is another
widely used supervised learning algorithm for classifica-
tion and regression. SVM constructs a hyperplane or mul-
tiple hyperplanes in a high-dimensional space, optimally
separating data into different classes. For nonlinear clas-
sification, the Radial Basis Function kernel is used to esti-
mate and maximize the hyperplane’s margin.The training
cohort was utilized to develop a novel oxidative stress
score (OSS) and to construct a machine learning predic-
tive model (Fig. 1).

Neoadjuvant/adjuvant chemoradiation

In accordance with the National Comprehensive Cancer
Network guidelines [13], we recommend preoperative
neoadjuvant radiochemotherapy for esophageal squa-
mous cancer at stages cTis-2N1-3MO or cT3-4aNany
MO, and adjuvant chemotherapy was recommended for
patients with suspicious cT4b or high-risk factors (T4a
and N1-3 stages).The majority regimens comprised
weekly carboplatin (area under curve 2) and paclitaxel
(50 mg/mz) for 5 weeks combined with daily radiother-
apy consisting of 23 fractions of 1.8 Gy (total 41.4 Gy)
[14]. After neoadjuvant therapy, surgery was conducted
on patients who do not have distant metastasis and can
generally tolerate surgery.

Follow-up

Follow-up visits were scheduled every three months
during the first two years after surgery, and every six
months from two to five years postoperatively. The final
assessment took place in December 2023. Most routine

Consecutive elderly patients who underwent
curative resection for EC between January
2015 and December 2020 in FMUUH (n=179)

Excluded (n=34)

- Non-esophageal cancer (n=1)
- Metatstatic disease (n=24)

- Incomplete clinical data (n=9)
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145 patients included in the validation cohort
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follow-up visits included physical examinations, labo-
ratory tests, chest X-rays, abdominal ultrasounds or
computed tomography scans, and annual endoscopic
examinations. The primary outcome was defined as over-
all survival (OS) after discharge, which was measured
from the date of surgery to the date of death from any
cause or to the last follow-up date for censored observa-
tions. The 3-year follow-up rate is over 90%.

Statistical analysis

Data analysis was performed using R version 4.3.3. For
continuous data not following a normal distribution, we
applied the Mann-Whitney test, while the independent
t-test was used for normally distributed continuous data.
Differences in the distribution of categorical variables
between groups were analyzed using Pearson’s chi-
squared test and Fisher’s exact test. Overall survival (OS)
curves were generated using the Kaplan-Meier method,
with differences between survival curves assessed using
the log-rank test. Validation was conducted via bootstrap
resampling. Model parameters were trained using train-
ing cohorts, and the performance of the trained model
was evaluated with independent validation datasets. The
performance metrics for the trained classifier included
sensitivity, specificity, accuracy, AUC values, and Brier
scores. All statistical analyses were conducted using R
software version 4.3.3 (https://www.r-project.org/), with
a two-sided p-value of <0.05 considered statistically
significant.

Results

Study cohort

A total of 485 elderly patients with ESCC were included in
this study. In the training cohort, there were 340 patients,
of whom 261 (76.8%) were males and 79 (23.2%) were
females, with a median age of 69 (67-73) years. In the val-
idation cohort, there were 145 patients, with 119 (82.1%)
males and 26 (17.9%) females, with a median age of 69
(67-73) years old. There were statistical differences in the
clinical and pathological data of patients in the training
and validation cohorts in terms of pathological N stag-
ing, lympholymphovascular invasion, and complication
grading (p=0.007, 0.047, 0.002, respectively), while other
variables demonstrated no statistical differences (Table 1,
p>0.05).

In terms of survival rates, the 3-year (OS) overall survival
rate in the training cohort was 37.22% (29.78%, 46.52%),
while in the validation cohort, it was 49.87% (39.50%,
62.97%) (eFigure 1). The 3-year recurrence rate in whole
cohort was 36.4%.

Developing a novel oxidative stress score
In the training cohort, the optimal cutoff values for
oxidative stress indicators were determined using
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the surv_cutpoint method as follows: ALB 39.4 g/dL,
BUN 4.65 mg/dL, TBIL 5.7umol/L, DBIL 1.5umol/L, UA
215umol/L, LDH 162 U/L, and Crs 49.3 umol/L. These
indicators were included in a Cox proportional hazards
model to perform bidirectional stepwise regression
method based on the Akaike information criterion. ALB,
BUN, UA, LDH, and Crs were the core factors affecting
the OS of elderly patients with ESCC in the final model
(eTable 1). Proportional hazards assumptions were satis-
fied for all variables, as verified by the Schoenfeld residual
plots (eFigure 2) and tests (eTable 2). Based on the regres-
sion coefficients of these variables, a prognostic model
called the Esophageal Squamous Cancer Oxidative Stress
Score (OSS) was further constructed as follows: OSS=ALB
* —0.3197+BUN * 0.2397+UA * —04927+LDH *
0.3392+Crs * 0.6625. Patients were stratified into low
and high-OSS groups using the optimal cutoff value of
OSS (eFigure 3). Kaplan-Meier survival curve analysis
indicated that the survival rate of patients in the low OSS
group was significantly lower than that of the high OSS
group (p<0.05). In the validation cohort, similar results
were obtained (Fig. 2).

Variable selection

In our study, we used the Boruta algorithm to select
important variables related to the disease status. Boruta
is an important assessment method based on random
forest (RF), which determines which variables are truly
important by comparing the importance of the original
variables with randomly generated “shadow” variables.
After running 50 iterations, a set of variables such as
pN, pT, tumor histology, lympholymphovascular inva-
sion, CEA, 0SS, CA 19-9, and bleeding were identified
as important variables. The importance of these variables
was visualized in graphical charts, where the importance
of each variable is demonstrated by comparing its impor-
tance relative to the maximum importance of the shadow
variables (eFigure 4). To comprehensively evaluate poten-
tial prognostic factors, we conducted univariate and
multivariate Cox regression analyses on a wide range of
clinical variables (eTable 3).

Model performance: validation

We included the selected variables in machine learn-
ing to construct three models (RF, DT, and SVM), and
Table 2 reveal the performance metrics of these mod-
els in predicting 3-year OS in the training and validation
cohorts. The area under the curve (AUC) for RF was 0.975
(0.962-0.987) and 0.791 (0.717-0.864); DT had AUC val-
ues of 0.784 (0.739-0.830) and 0.717 (0.640-0.794) in the
training and validation cohorts, respectively; and SVM
had AUC values of 0.879 (0.843-0.916) and 0.779 (0.702-
0.856). Besides, the AUC of the Cox model is 0.625 (0.581-
0.667) and 0.532 (0.510-0.553), respectively. Compared
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Table 1 Comparison of clinicopathologic characteristics between patients included in the training and validation set
level Overall Training Validation p

n 485 340 145

Recurrence within 36 months 207 145 62 0.982

Dead within 36 months 235 166 69 0.803

Sex (%) Female 05(21.6) 79(23.2) 26 (17.9) 0.239
Male 380 (78.4) 261 (76.8) 119(82.1)

Age[median(QR)] 69(67-73) 69(67-73) 69(67-73) 0.904

Smoking history (%) No 477 (98.4) 333(97.9) 144 (99.3) 0487
Yes 8(1.6) 7(2.7) 1(0.7)

Alcohol consumption (%) No 484 (99.8) 339(99.7) 145 (100.0) 1.000
Yes 1(0.2) 1(0.3) 0(0.0)

Charlson Comorbidity Index (%) 0 405 (83.5) 285 (83.8) 120 (82.8) 0.728
1 62(12.8) 43(12.6) 19(13.1)
2 2(04) 2(0.6) 0(0.0)
3 5(3.1) 9(26) 6(4.1)
5 1(0.2) 1(03) 0(0.0)

History of malignancy (%) No 472 (97.3) 332 (97.6) 140 (96.6) 0.706
Yes 13(2.7) 8(24) 5(34)

Surgical history (%) No 431 (88.9) 302 (88.8) 129 (89.0) 1.000
Yes 54(11.1) 38(11.2) 16 (11.0)

BMI (mean (SD)) 21.70 (3.01) 21.63(3.03) 21.87 (2.97) 0436

Differentation (%) G1 47 (9.7) 35(10.3) 12(8.3) 0.895
G2 183 (37.7) 129 (37.9) 54 (37.2)
G3 246 (50.7) 170 (50.0) 76 (52.4)
G4 9(1.9) 6(1.8) 3(2.1)

cT (%) 1 70 (14.4) 76 (22.4) 29 (20.0) 011
2 60 (12.4) 44 (12.9) 8(124)
3 48(9.9) 30(8.8) 0(6.9)
4 307 (63.3) 190 (55.9) 88 (60.7)

cN (%) 0 215 (44.3) 155 (45.6) 3(36.6) 0.086
1 85(17.5) 47(11 8) (221)
2 97 (20.0) 8(17.0) 25(17.2)
3 88(18.1) 80 (23.5) 35(24.1)

pT (%) 1 ( ) (1 9.7) 21(14.5) 0.594
2 0(10.3) 4(10.0) 6(11.0)
3 ( 1) ( 1 6 (441)
4 327 (674) 225 (66.2) 102 (70.3)

pN (%) 0 195 (40.2) 149 (43.8) 46 (31.7) 0.007
1 73(15.1) 40(11.8) 33(22.8)
2 87 (17.9) 62 (18.2) 25(17.2)
3 30 (26.8) 89 (26.2) 41 (28.3)

Lymphovascular invasion (%) No 365 (75.3) 265 (77.9) 100 (69.0) 0.047
Yes 20 (24.7) 75 (22.1) 45(31.0)

Perineural invasion (%) No 350 (72.2) 253 (74.4) 97 (66.9) 0114
Yes 5(27.8) 87 (25.6) 48(33.1)

Neoadjuvant chemoradiation (%) No 417 (86.0) 289 (85.0) 128 (88.3) 0419
Yes 68 (14.0) 51(15.0) 17 (11.7)

Resection margin status (%) RO 477 (984) 336 (98.8) 141 (97.2) 0.388
R1-2 8(1.6) 4(1.2) 4(2.8)

Tumor histology (%) Adenocarcinoma 197 (40.6) 144 (42.4) 53 (36.6) 0.276
Squamous cell carcinoma 288 (59.4) 196 (57.6) 2 (63.4)

Adjuvant chemoradiation(%) No 208 (42.9) 153 (45.0) 55(37.9) 0.18
Yes 277 (57.1) 187 (55.0) 0 (62.1)

Clavien Dindo Classification (%) 0 75 (36.1) 133 (39.1) 2 (29.0) 0.002
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Table 1 (continued)
level Overall Training Validation p
<3 212 (43.7) 152 (44.7) 60 (41.4)
>3 98 (20.2) 55(16.2) 43 (29.7)
A Risk Group == Low0SS = High 0SS B Risk Group =~ Low0SS = High 0SS
1.00 1.00+
0.75 0.75-
Py ry
2 3
8 S
5050~ 50501
© ©
2 2
c =
I =3
(] w
0.25- 0.25
p<0.001 p=0.004
0.00- 0.00
0 12 18 24 30 36 0 6 12 18 24 30 36
Time (months) Time (months)
Number at risk Number at risk
3 S
8 Low0SS- 178 171 160 130 72 38 11 g Low 0SS 81 80 76 59 28 17 5
% High0ss 162 161 158 139 89 50 23 | §Hioh0SS- 64 61 60 49 29 18 12
- 0 6 12 18 24 30 w T 0 6 12 18 24 30 36

Time (months)

Fig. 2 Calibration curves of models

Time (months)

(A) Calibration curves of RSF model in training dataset; (B) Calibration curves of RSF model in validation dataset; (C) Calibration curves of DT model in
training dataset; (D) Calibration curves of DT model in validation dataset; (E) Calibration curves of SYM model in training dataset; (F) Calibration curves of

SVM model in validation dataset

Table 2 Classification performance of the individual model

RF

DT

SVM

Training AUC (95% Cl)
Brier (95% Cl)
Accuracy (95% Cl)
Precision (95% Cl)
Recall (95% Cl)

F1 Score (95% Cl)
AUC (95% CI)
Brier (95% Cl)
Accuracy (95% Cl)
Precision (95% Cl)
Recall (95% Cl)

F1 Score (95% Cl)

Validation

0.975(0.962-0.987)
0.075(0.065-0.086)
0.903(0.872-0.934)
0.885(0.828-0.926)
0.943(0.904-0.982)
0.913(0.888-0.943)
0.791(0.717-0.864)
91(0.149-0.229)
0.721(0.655-0.783)
0.738(0.639-0.816)
0.742(0.652-0.82)
0.739(0.668-0.797)

0.784(0.739-0.830)
0.168(0.145-0.197)
0.786(0.741-0.818)
0.763(0.694-0.808)
0.878(0.825-0.917)
0.816(0.774-0.843)

(0.640-0.794)
0.218(0.185-0.266)
0.684(0.614-0.766)
0.675(0.587-0.765)
0.79(0.712-0.868)
0.727(0.66-0.801)

6
717
8

0.879(0.843-0.916)
0.143(0.124-0.161)
0.803(0.756-0.843)
0.816(0.74-0.87)

0.822(0.772-0.869)
0.819(0.77-0.855)
0.779(0.702-0.856)
0.186(0.155-0.231)
0.741(0.676-0.8)

0.78(0.687-0.867)
0.717(0.626-0.794)
0.746(0.676-0.814)

to DT, SVM, and Cox model, RF had higher AUC values in
the validation dataset, indicating that the RF model has
excellent predictive performance and good generaliza-
tion ability (see eFigure 5 A/B/C). We conducted an addi-
tional analysis comparing RF models with and without
0SS. In the validation cohort, the AUC for the RF model
without OSS was 0.7852. A DelLong test comparing these
AUCs yielded a p-value of 0.7516.

In the training cohort, results from 1000 resamplings
demonstrated that the Brier scores of RF, SVM, and DT
were 0.075, 0.143, and 0.168, respectively. The Brier
score is used to measure the accuracy of predicted prob-
abilities, with lower scores indicating smaller deviations
between predictions and actual outcomes, that is, higher
prediction accuracy. These data indicate that in the train-
ing cohort, the RF model had the highest prediction
accuracy, followed by SVM, while the DT model had a
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relatively lower accuracy. In the resampling performance
metrics on the test set, the Brier scores for RF, SVM, and
DT were 0.191, 0.186, and 0.218, respectively. This high-
lights the advantage of RF and SVM over DT in terms of
generalization ability (Table 2). Table 2 demonstrate the
performance metrics of each model based on resampling.

Model performance: calibration and decision curve

The calibration curve plots demonstrate that the RF
model performed well on all datasets, with predicted
probabilities roughly matching the observed event fre-
quencies. Particularly, in the validation cohort, the pre-
dicted probabilities were closer to the actual outcomes,
indicating better generalization ability for the RF model
(eFigure 6). Conversely, the DT model’s predictions devi-
ated significantly from the diagonal line on both datasets,
indicating substantial differences between predicted and
observed values in certain probability ranges, indicating
poor calibration within these specific prediction probabil-
ity intervals. In both the training and validation cohorts,
the SVM model’s calibration was close to the 45-degree
line, with slight deviations in some probability intervals
(Fig. 2), indicating good calibration of the SVM model in
predicting probabilities and consistency across different
datasets. Additionally, we used decision curve analysis to
compare the clinical utility of these models. The results
demonstrated that the RF model exhibited the high-
est net benefit in most threshold probability ranges in
the training cohort, while the DT and SVM models had
similar net benefits, but both were lower than the RF
model (Fig. 3A). In the validation cohort, the RF model

A .. .
Decision Curve in

Training Set

— RF
‘of. - — SWM
DT
--- Al
N None
o

Net Benefit
0.0

-0.2
l

-04
|

I I I I I
0.0 0.2 04 0.6 0.8

Threshold Probability

Fig. 3 Decision curve analysis curve of prediction models
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maintained high net benefits in most threshold prob-
ability ranges, while the DT and SVM demonstrate similar
performance, both lower than the RF model (Fig. 3B).

Discussion

As the scholar believes that the impact of surgery on sur-
vival gradually diminishes after the third postoperative
year, the 3-year survival rate following ESCC resection is
a valuable audit indicator for evaluating the long-term
quality of tumor surgical care [15-17]. Elderly individu-
als, as a special population, may face increased surgical
risks due to their unique bio-psychosocial characteristics.
These include a higher likelihood of complications, frailty,
reduced stress tolerance, declining physical function,
cognitive decline, and other factors that can complicate
postoperative survival [18, 19]. In recent years, machine-
learning methods have been widely employed to predict
survival outcomes for patients with liver cancer, gastric
cancer, colorectal cancer, breast cancer, and prostate can-
cer [20-24], demonstrating a strong predictive perfor-
mance. In this study, we successfully predicted the 3-year
survival rate after surgery for elderly patients with ESCC
using machine-learning models (DT, RF, and SVM), with
the RF model showing the best performance.

Previous clinical studies have preliminarily confirmed
the predictive value of numerous clinicopathological
biomarkers in forecasting recurrence, metastasis, and OS
rates after ESCC surgery. These biomarkers include tumor
size, venous invasion, differentiation status, and the TNM
staging system [25-27]. However, these predictive bio-
markers come with high detection costs and may not be
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suitable for a complex prognosis of elderly ESCC patients.
Conversely, oxidative stress accelerates glycolysis, acti-
vates tumor cell migration, and promotes tumor prolifer-
ation. Furthermore, varying levels of oxidative stress can
alter phosphorylation levels, influencing the malignancy
and prognosis of tumors [28]. Some researchers suggest
that oxidative stress might be linked to the expression of
ferritin metabolism genes, thereby affecting prognosis
[29]. Experiments using animal models have shown that,
in response to external stimuli, mice exhibit increased
oxidative stress factors, leading to significant elevations
in biochemical markers such as TBIL, LDH, CRE, and BUN,
thereby promoting tumor initiation and progression [30,
31]. Prospective studies have indicated that oxidative
stress leads to alterations in patients’ ALB, BUN, UA, LDH,
and Cr levels. Following antioxidant therapy, patients
demonstrated better scores, lower mortality rates, and
decreased sepsis rates compared to the control group
[32]. Although oxidative stress is linked to cancer, its use
in predicting the prognosis of ESCC has not been exten-
sively studied. To explore this, we proposed an oxida-
tive stress index for ESCC, termed OSS, which includes
ALB, DBIL, and BUN, based on preoperative hematologi-
cal indicators associated with oxidative stress. Our study
found that patients with lower OSS had a poorer progno-
sis compared to those with higher OSS. It is noteworthy
that OSS was developed by training on a patient cohort
from our institution, leveraging detailed clinical data and
long-term follow-up. Thus, we hypothesize that a pre-
dictive model incorporating OSS and other pathologi-
cal index may more accurately forecast the prognosis of
elderly patients with ESCC.

Several models have been reported for predicting post-
operative survival in ESCC. Li [33] built nomograms for
predicting progression-free survival (PFS) and OS based
on the Cox model to determine independent prognos-
tic factors for PFS and OS. Following internal cross-val-
idation, the corrected concordance indices were 0.739
and 0.696. However, inherent selection bias in retro-
spective studies and the inclusion of a limited number
of cases further magnified this limitation. On the other
hand, Xie [34] used a prospective study to construct an
OS prediction model for patients with ESCC using LASSO
regression. In the training and validation cohorts, the
AUC was 0.811 (95% Cl: 0.67-0.952) and 0.805 (95% Cl:
0.638-0.973), respectively, indicating a strong predictive
performance. However, this model did not specifically dif-
ferentiate elderly ESCC patients. To determine whether
the established model is applicable to elderly patients,
further research is warranted. Contrarily, Liu [35] con-
ducted a stratified analysis of survival characteristics in
elderly patients with ESCC and developed a nomogram
prognostic prediction model with a C-index of 0.706.
This study utilized the SEER database as the validation
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cohort, resulting in the inclusion of fewer modeling indi-
cators that may not comprehensively capture patient
information. To address this limitation, Xie [36] explored
the predictive value of basic indicators such as age, sex,
and education level, including pathological indicators
such as tumor staging, histology, and margin status, and
surgical indicators such as neoadjuvant therapy, reop-
eration, and the Charlson comorbidity index for ESCC.
Although this comprehensive model includes a wide
range of information, it was established solely through
multivariable regression analysis, lacking the general-
izability and automation offered by machine learning,
which might lead to the omission of key prognostic indi-
cators. In response, we developed and validated various
machine-learning methods (RF, DT, and SVM) to enhance
the accuracy of predicting 3-year OS in elderly patients
with ESCC. Compared to other models, the RF model
showed excellent performance and good calibration in
predicting the 3-year survival status. Our model utilized
routine and easily obtainable perioperative clinical data,
with key variables including pN, pT, tumor histological
type, lymphovascular invasion, CEA, OSS, CA 19-9, and
the amount of bleeding. Indeed, we observed the rela-
tionship between UA levels and prognosis, which may
seem counterintuitive. However, studies have shown that
UA may have antioxidant effects in certain circumstances,
especially at lower concentrations, thereby exerting a
protective effect on tumor cells [37]. Consequently, this
approach provides a new opportunity to understand the
significance of preoperative oxidative stress, patient sta-
tus, surgical performance, postoperative recovery, and
tumor staging in predicting the 3-year survival rate for
elderly ESCC patients. This can aid clinicians improve the
accuracy and effectiveness of patient management. Deci-
sion curve analysis allows us to evaluate and compare the
performance of different models at various thresholds,
aiding in model selection and application. Besides these,
we noted that there were differences in the pathological
and survival data between patients in the training and
validation groups, yet our model still managed to show
good predictive performance. This suggests that the RF
model is applicable across different populations, exhibit-
ing a strong generalization capability.

Our novel RF model demonstrated higher AUC values
compared to previous models, likely attributed to the
inclusion of more comprehensive clinical assessment
indicators specific to elderly patients, such as oxidative
stress markers, comorbidity indices, and complication
status. While the model demonstrated excellent perfor-
mance in the training cohort, its advantage over other
models was less pronounced in the validation cohort.
However, considering overall metrics including AUC, Brier
score, and calibration curves, it still exhibited better per-
formance and generalizability. Although pN and pT were
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identified as the most decisive variables for model predic-
tion, their importance remarkably surpassed that of other
variables. Furthermore, tumor histological type, lympho-
vascular invasion, CEA, OSS, CA 19-9, and the amount of
bleeding also revealed relatively high importance. These
findings highlight the crucial variables in the model, aid-
ing in its further optimization and interpretation. Thus,
when developing a predictive model for long-term sur-
vival after ESCC surgery, these prognostic factors should
be considered comprehensively.

Some limitations of this study should be acknowl-
edged. As it was retrospective, selection bias cannot be
completely avoided. The OSS was constructed by com-
bining serum indicators such as ALB, BUN, UA, LDH, and
Cr and may not fully capture the oxidative stress status of
patients. A more accurate assessment of oxidative stress
typically requires the detection of reactive oxygen spe-
cies and their associated markers, such as superoxide
dismutase and malondialdehyde. Furthermore, while the
predictive model’s performance was evaluated in terms
of discriminative ability and risk calibration, and the self-
resampling bootstrap method helped mitigate overfit-
ting, the limited sample size still poses a risk of insufficient
generalization. Furthermore, well-known factors influenc-
ing ESCC, such as high-risk genetic mutations, immuno-
therapy drug use, and socioeconomic status, were not
available in our database and could potentially enhance
model performance. To further validate these findings,
future prospective studies are recommended.

Conclusion

The clinical predictive model for OSS constructed using
machine-learning methods can effectively predict the
prognosis of elderly patients with ESCC after curative
surgery.
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