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Objective: Esophageal squamous cell carcinoma (ESCC) has a high incidence and mortality rate. Postoperative positive surgical
margins (PSM) often correlate with poor prognosis. This study aims to develop and validate a predictive model for PSM positivity in
ESCC patients, with the potential to guide preoperative planning and improve patient outcomes.

Methods: We conducted a retrospective analysis of 1776 patients who underwent esophageal cancer surgery at the First Affiliated
Hospital of Jilin University between January 2015 and December 2023. Patients with visible residual tumors (R2) or microscopic
residual tumors (R1) at the surgical margins were classified as having PSM. High-dimensional pathological features were extracted
from digital pathological sections using CellProfiler software. The selected features were used to develop a predictive model based on
decision trees and generalized linear regression, and the model was validated in an independent cohort. Clinically significant
pathological factors (P < 0.05) were included in multivariate logistic regression for further validation. The model’s performance
was assessed using calibration curves and receiver operating characteristic (ROC) curves, generated with the Bootstrap method.
Decision curve analysis (DCA) was employed to evaluate the clinical utility of the predictive model.

Results: A total of 229 patients (12.89%) were diagnosed with PSM. Logistic regression analysis identified multifocal lesions,
vascular invasion, and pathomics-based features as independent predictors of PSM. The predictive model, represented by a decision
tree, demonstrated good discrimination with an area under the ROC curve of 0.899 (95% CI: 0.842-0.956, P < 0.001), and a strong
calibration curve between the predicted probability and the actual probability. Additionally, the nomogram demonstrated slightly
inferior discrimination with an area under the ROC curve of 0.803 (95% CI: 0.734-0.872, P < 0.001) in the training cohort.
Conclusion: Our study successfully established and validated a pathology-based predictive model for PSM risk, which could enhance
preoperative evaluation and inform treatment strategies for ESCC.
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Introduction

Esophageal cancer is the eighth most common malignancy worldwide and the sixth leading cause of cancer-related
deaths.' More than half of global cases occur in China, where esophageal squamous cell carcinoma (ESCC) accounts
for over 90% of diagnoses.’ The majority of ESCC patients present locally advanced disease at the time of diagnosis, and
surgery is typically the preferred treatment method.* It is worth mentioning that PSMs after esophagectomy are
associated with a poor prognosis, including lower survival rates and higher recurrence risks due to residual tumors at

the proximal, distal, or circumferential margins.4’5
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Nowadays, esophagectomy remains a cornerstone of comprehensive treatment.*” While advancements in surgical
techniques have reduced the incidence of complications and perioperative mortality, the focus has shifted towards
achieving high-quality oncological outcomes. Ensuring adequate tumor-free margins and effective lymph node dissection
are critical for achieving radical resection.®® Meanwhile, avoiding PSM is also a key indicator of surgical quality.
Previous studies have demonstrated that factors influencing the risk of PSM include tumor location, T3 or higher stage
tumors, malnutrition, and preoperative radiotherapy and chemotherapy.®'® Meanwhile, early prediction and identification
models for esophageal cancer are gradually being developed and clinically tested.'''*However, there is still a need for
simple and effective tools to predict surgical margin status preoperatively, which could aid surgeons in planning and
adjusting treatment strategies to reduce the incidence of residual tumors while ensuring effective resection.

Currently, visual observation remains the primary method for assessing pathological sections. Notably, the develop-
ment of high-throughput processing technology for medical images has led to the emergence of “pathomics”, which
involves the extraction of quantitative features from digital pathology images.'* Pathomic features can provide valuable
insights into the tumor microenvironment, and recent research has shown their potential in cancer risk stratification,
prognosis prediction, and adjuvant chemotherapy efficacy prediction.'>'® Encouraged by this, we developed a machine
learning-based model using pathomic features to predict the risk of postoperative PSM in ESCC patients. This model
could assist clinicians in making informed decisions and promoting individualized treatment plans. Given this situation,
this study aims to retrospectively analyze the current status of PSM in esophagectomy and establish a clinically feasible
prediction model to assess the likelihood of PSM in ESCC patients, followed by its validation.

Materials and Methods
Study Population

Retrospective analysis of 1776 patients who underwent surgical treatment for esophageal squamous cell carcinoma in the
esophageal cancer comprehensive management database of the First Affiliated Hospital of Jilin University from
January 2015 to December 2023. Inclusion criteria: (1) Postoperative pathological diagnosis of ESCC; (2) Age 18
years old and above; (3) The tumor is located in the thoracic esophagus. Exclusion criteria: (1) Postoperative pathology is
non squamous cell carcinoma; (2) Cervical or esophagogastric junction cancer; (3) Patients undergoing salvage surgery;
(4) Patients with incomplete clinical data. This study adopted the 8th edition of the esophageal cancer TNM staging
system jointly released by the Joint Committee on Cancer of the United States and the International Union Against
Cancer, which was officially implemented in 2018. This project has been approved for implementation by the Medical
Ethics Committee of the First Affiliated Hospital of Jilin University (NO.20240812). All patients participating in this
study have signed a letter of consent and strictly follow the Helsinki Declaration. We make sure that the patients were
informed about the purpose of the study. The process of patient enrollment and the construction of prediction models are
summarized in Figure 1.

Definition of PSM

According to the College of American Pathologists criteria, R1 resection is defined as the presence of cancer cells at any
point along the longitudinal (proximal or distal) or circumferential margins. Visible tumor residue detectable by the
naked eye characterizes R2 resection.'”'® Patients with either R1 or R2 resection were classified as having PSM for this
study.

Establishment of Pathological Omics Scoring System

We developed a case omics signature based on a survival analysis framework for whole section histopathological images
using conventional HE staining. Specifically, this process includes four main stages: (1) generating candidate patches
from pathological images of the entire sliced tissue; Set a fixed area sampling rate to sample candidate patches from WSI
[patch size is 512 x 512, 0.5 microns per pixel]; (2) Perform phenotype-based clustering on candidate patches; To
distinguish patches from different parts (tumor/normal/both), cluster them based on their phenotypes. Due to the
consideration of the high dimensionality of generated features, PCA was used for dimensionality reduction before
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Figure | Process diagram for obtaining clinical pathological data of patients and constructing PSM prediction model. (A) Construction and extraction of digital pathological
features; (B) Construction and efficiency evaluation of PSM prediction model.

implementing the K-means clustering process; (3) Identify target category clusters based on patch-wise survival
prediction performance; Execute patch-wise training on a candidate subset and select a combination of candidate
parameter categories with better prediction accuracy than random guessing.

Pathological Omics Feature Extraction

Quantitative features from the selected pathological image were extracted using the image analysis software CellProfiler
(version 4.0.7)."° Initially, the “Unmix Colors” module separated the original stained images, converting them into
grayscale images stained with hematoxylin and eosin. Additionally, the “ColorToGray” module was employed to convert
the original stained images into grayscale.”’ The measurement process was divided into overall measurement and object
measurement. In the overall measurement phase, 40—-130 pathological features were extracted from each image. For
object measurement, the hematoxylin-stained images were used to identify primary and secondary objects, followed by
feature measurement. The average, median, and standard deviation of raw values from many objects within each image

were calculated, resulting in the extraction of pathological features.

Construction of PSM Prediction Model

To remove redundant features, Mann—Whitney U-test was performed on each feature with a P-value of 0.05.
Subsequently, considering the correlation between features, Spearman correlation analysis was performed on the features.
If the absolute value of the correlation coefficient between two features is greater than 0.9, one of the features was
excluded. Then, use the minimum absolute value convergence and selection operator algorithm to select the extracted
features, and use 5-fold cross validation to select Lambda values to determine the optimal feature subset. Based on the
selected optimal features, a pathological omics prediction model is constructed using decision tree and generalized linear
regression algorithms. The optimal regularization parameters C and Gamma for the Gaussian radial basis function kernel
are determined through 5-fold cross validation and grid search. Use the predicted output value of the pathological omics
model as the risk coefficient for PSM occurrence.
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Statistical Analysis

We used Jupyter notebook and R-studio for statistical analysis. Use chi-square test to compare whether there are significant
differences in clinical indicators and pathological parameters between the training set and the test set; Kolmogorov Smirnov
test was used to test the normality of the age of two groups of patients in the training and validation sets. Independent sample
t-test was used for those who met the normal distribution, expressed in the form of mean + standard deviation; Otherwise,
Mann—Whitney U-test will be used to compare whether there is a statistically significant difference between the two groups,
represented by MD (P25, P75). The area under the curve (AUC) of the receiver operating characteristic curve (ROC) is used
to evaluate the discriminative performance of the pathological omics model; Multi-factor logistic regression is suitable for
further validation of independent predictive factors. Test level a = 0.05.

Results

Baseline Characteristics and Pathological Parameters of Esophageal Cancer Patients
As shown in Table 1 and Supplementary Table 1, a total of 229 patients (12.89%) with PSM were included, comprising

149(65.07%) patients who underwent R1 resection and 80(34.93%) patients who underwent R2 resection. The lower
segment of the esophagus was the most common site of onset. A subgroup analysis of the upper thoracic region revealed
no statistically significant difference in the anastomotic site between neck and chest surgical margins. In addition,
approximately 18.8% of RO resection patients underwent laparoscopic surgery, while 81.2% of PSM patients underwent
open surgery. Notably, 89.1% of patients with multifocal lesions were found to have PSM after surgery.

Selection of Candidate Parameters for the PSM Prediction Model

We first conducted a correlation analysis between the candidate predictor variables and the outcome variable (ie PSM),
and the results showed that VI, MI, preoperative treatment (PT) were significantly correlated with PSM (Figure 2). So,
we used LASSO analysis to obtain the optimal combination variables, that is, set the minimum penalty coefficient as the
cutoff value, and included VI, MI, and some pathological parameters (feature 1, feature 3, and feature 6) for weight
ranking and distribution. The results showed that VI, MI, and pathological parameters occupied the top weight values
among the candidate predictive variables. Meanwhile, multivariate logistic regression analyses identified MI
(OR=1.19,95% CI: 0.62-3.26,P < 0.05), VI(OR=1.61,95% CI: 1.04-2.99,P < 0.01) and pathomics-based features as
statistically significant factors (Table 2).

Table | Clinical Baseline and Histopathological Data of Patients with Esophageal Squamous Cell

Carcinoma
Variables Overall(N=1776) Yes(N=229) No(N=1547) P-value
Sex (%)
Male 875 (49.3) 117 (51.1) 758 (49.0) 0.603
Female 901 (50.7) 112 (48.9) 789 (51.0)
Age (median [IQR]), year 48.00 [37.00, 60.00] | 47.00 [38.00, 59.00] | 48.00 [36.00, 60.00] 0915
KPS (%), score
<90 922 (51.9) 122 (53.3) 800 (51.7) 0.711
290 854 (48.1) 107 (46.7) 747 (48.3)
BMI (median [IQR]), kg/m2 | 23.22 [17.72, 29.16] | 23.16 [17.48, 29.64] | 23.24 [17.87, 29.12] 0.841
Tumor location (%)
Upper 578 (32.5) 61 (26.6) 517 (33.4) 0.123
Middle 596 (33.6) 83 (36.2) 513 (33.2)
Lower 602 (33.9) 85 (37.1) 517 (33.4)
T stage (%)
TI~T2 880 (49.5) 118 (51.5) 762 (49.3) 0.568

(Continued)
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Table | (Continued).

Variables Overall(N=1776) Yes(N=229) No(N=1547) P-value
T3~T4 896 (50.5) I11 (48.5) 785 (50.7)

N stage (%)

NO~NI 866 (48.8) 114 (49.8) 752 (48.6) 0.795
N2~N3 910 (51.2) 115 (50.2) 795 (51.4)

TNM (%)

I~ 936 (52.7) 132 (57.6) 804 (52.0) 0.125
n~1v 840 (47.3) 97 (42.4) 743 (48.0)

NLYM (median [IQR]) 64.00 [40.00, 87.00] | 61.00 [41.00, 83.00] | 65.00 [40.00, 88.00] 0.186
VI (%)

Yes 552 (31.1) 173 (75.5) 379 (24.5) <0.001
No 1224 (68.9) 56 (24.5) 1168 (75.5)

Pl (%)

Yes 872 (49.1) 105 (45.9) 767 (49.6) 0.326
No 904 (50.9) 124 (54.1) 780 (50.4)

Ml (%)

Yes 818 (46.1) 204 (89.1) 614 (39.7) <0.001
No 958 (53.9) 25 (10.9) 933 (60.3)

Surgery (%)

Open 301 (16.9) 186 (81.2) 115 (7.4) <0.001
Laparoscope 1475 (83.1) 43 (18.8) 1432 (92.6)

AS (%)

Neck 899 (50.6) 108 (47.2) 791 (51.1) 0.293
Chest or abdomen 877 (49.4) 121 (52.8) 756 (48.9)

PT (%)

Yes 1071 (60.3) 39 (17.0) 1032 (66.7) <0.001
No 705 (39.7) 190 (83.0) 515 (33.3)

Featurel (median [IQR]) 3.82 [3.06, 4.64] 8.54 [7.08, 10.04] 3.64 [2.96, 4.31] <0.001
Feature2 (median [IQR]) 2.95 [2.32, 3.62] 1.42 [1.17, 1.64] 3.13 [2.56, 3.72] <0.001
Feature3 (median [IQR]) 5.83 [4.62, 7.07] 2.38 [1.80, 3.03] 6.15 [5.09, 7.29] <0.001
Feature4 (median [IQR]) 3.03 [2.60, 3.52] 3.06 [2.60, 3.50] 3.03 [2.59, 3.52] 0.828
Feature5 (median [IQR]) 8.14 [7.07, 9.23] 30.64 [21.88, 39.55] 7.84 [6.96, 8.79] <0.001
Feature6 (median [IQR]) 3.14 [1.99, 4.16] 0.73 [0.31, 1.13] 3.42 [2.39, 4.30] <0.001
Feature7 (median [IQR]) 43.42 [32.83, 55.25] | 43.65 [32.78, 54.97] | 43.42 [32.94, 55.31] 0.995

Notes: Featurel, Granularity_5_OrigGray; Feature2, StDev_IdentifySecondaryObjectives_AreaShape_BoundingBoxMinimum_Y;
Feature3, StDev_ldentifySecondaryObjects_AreaShape_Zernike_6_2; Feature4,
StDev_ldentifySecondaryObjects_Texture_Contrast_Hematoxylin_3_03_256; Feature5, ExecutionTime_09MeasureGranularity;
Feature6, Correlation_Slope_Eosin_OrigGray; Feature7, Granularity_6_Eosin.

Abbreviations: IQR, Interquartile range; KPS, Karnofsky Performance Status Score; BMI, Body Mass Index; TNM, Tumor node
metastasis classification; NLYM, Number of lymph node dissections; VI, Vascular invasion; P, Perineural invasion; M, Multifocal
lesions; AS, Anastomotic site; PT, Preoperative treatment.

Establishment and Validation of a Model for Predicting Positive Surgical Margins

A predictive model was constructed based on independent influencing factors for PSM and visualized in a Nomogram
(Figure 3A). Scores corresponding to each predictive indicator were obtained from the chart, and their sum represented
the total score, which predicted the risk of postoperative PSM occurrence. The decision tree model, as shown in
Figure 3B, first divided cases based on whether the feature6 exceeded 1.5. In short, clinicians can determined the next
risk value based on the characteristic parameter threshold of each node, until the final risk coefficient of the patient’s
PSM is obtained (Figure 4). DCA demonstrated that the decision tree model had the highest net benefit evaluation,
consistent with its AUC value, whereas the generalized linear regression model showed the least benefit (Figure 5). As
for the evaluation of predictive performance, the decision tree model showed an AUC value of 0.899 (95% CI:
0.0.842-0.956) in the training set and 0.852 (95% CI: 0.844-0.958) in the test set, while the generalized linear regression
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model had AUC values of 0.803 (95% CI: 0.734-0.872) and 0.793 (95% CI: 0.724-0.862) in the training and test sets,
respectively (Table 3). Overall, the machine learning-based risk prediction model for PSM demonstrated satisfactory
robustness, with the decision tree algorithm achieving optimal prediction performance.

5874 e International Journal of General Medicine 2024:17

Dove!


https://www.dovepress.com
https://www.dovepress.com

Dove Tang et al

Table 2 Logistic Regression Analysis of Pathology-Based Factors for PSM in
Patients with ESCC

Variables | Univariate analysis | P-value | Multivariate analysis | P-value
OR 95% CI OR 95% CI

Mi 1.18 0.61~3.75 <0.05 1.19 0.62~3.26 <0.05

\1 1.56 0.99~3.13 <0.05 1.61 1.04~2.99 <0.01

Featurel 426 2.69~4.83 <0.01 3.99 1.42~4.56 <0.01

Feature3 1.95 0.38~2.52 <0.01 1.87 0.30~2.44 <0.01

Feature6é 226 0.69~2.83 <0.01 2.38 0.71~2.85 <0.01
Notes: Featurel, Granularity_5_OrigGray; Feature3,
StDev_IdentifySecondaryObjects_AreaShape_Zernike_6_2; Featureé,

Correlation_Slope_Eosin_OrigGray.
Abbreviations: OR, odds ratio; 95% Cl, 95% confidence interval; Ml, Multifocal lesions; VI, Vascular
invasion.

Comparison Between Machine Learning Model for Predicting PSM and Manual

Recognition

The decision tree model was compared with the evaluation level of senior pathology chief physicians. Encouragingly,
Figure 6 indicated that the decision tree model effectively identified high-risk PSM, matching the differential diagnostic
ability of senior chief physicians. Overall, the machine learning model we developed for predicting PSM risk demon-
strated high robustness and precision learning curves, achieving diagnostic capabilities comparable to those of experi-
enced senior chief physicians.

Discussion

Positive margins after esophagectomy are linked to higher rates of recurrence and mortality.*'*** Achieving negative
margins during esophagectomy for optimizing patient outcomes.”>** Advances in imaging, preoperative neoadjuvant
therapy, and intraoperative frozen section analysis have improved the ability to achieve negative margins.*> This study
analyzed clinical data from a large cohort of patients undergoing esophagectomy at a single center and developed
a simple predictive model that can assist clinicians in preoperative evaluation and treatment planning. The study found
that 12.89% of patients had non-RO resections, a rate consistent with findings from the National Cancer Database
(NCDB) in the United States, where positive margin after esophagectomy exceeds 9%.2® This rate is higher compared to
other cancer surgeries, such as colorectal and lung cancer, indicating the complexity of achieving negative margins in
esophageal cancer. Additionally, we found that approximately 18.8% of RO resection patients underwent laparoscopic
surgery, while 81.2% of PSM patients underwent open surgery. We speculate that positive margins after esophagectomy
often indicate incomplete tumor removal, necessitating subsequent adjuvant therapy. Herein, identifying factors that
contribute to positive margins and establishing a predictive model for clinical use can significantly improve patient
prognosis and reduce their economic and psychological burdens.

Our logistic regression analysis identified multifocal lesions and vascular invasion as risk factors for PSMs, while
lower segment tumors, more extensive lymph node dissection, and laparoscopic surgery were also threatening factors in
other literature reports.>”*® In this study, multifocal lesions were regarded as statistically independent risk factors for
PSM, and most patients with multifocal tumors did have PSM post-surgery. This suggests that these patients may benefit
from more extensive preoperative treatment or wider resection. Other studies have identified similar risk factors,
including male gender, tumor length, T4 stage, and the Ivor-Lewis esophagectomy procedure.”” ' While our study
did not find preoperative treatment to be an independent factor for PSM, this may be due to biases in our data,
particularly the low proportion of neoadjuvant therapy before 2018. Previous studies have shown that neoadjuvant
therapy can significantly increase the likelihood of complete resection, contributing to improved long-term outcomes.**~>
Previous studies also found a correlation between the number of lymph nodes dissected and the likelihood of positive
margins.34’35 Patients with more than 12 dissections were less likely to have tumor residues, suggesting that extensive
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lymph node dissection may reflect a more rigorous surgical approach, reducing the risk of PSMs. Currently, the 8th
edition of the National Comprehensive Cancer Network Guidelines recommends clearing at least 15 lymph nodes. The
thoroughness of lymph node dissection reflects the surgeon’s commitment to achieving negative margins, as a less
rigorous approach can increase the risk of tumor residue.

In clinical practice, the decision to perform rapid frozen section pathological analysis during surgery is often based on
the surgeon’s experience or specific intraoperative conditions. However, this empirical and situational decision-making
can lack precision, potentially leading to PSM at the resection site. Fortunately, pathological genomics has emerged as
a valuable tool for studying tumor cell heterogeneity and predicting tumor prognosis. By identifying relevant spatial
relationships to classify cell interactions and signal transduction, as well as quantifying the intrinsic variability of
different phenotypes and biological behaviors in tumor cells, this approach helps analyze and predict clinical outcomes
and treatment responses following tumor surgery. In this study, we extracted a large number of pathological features from
H&E-stained slides using CellProfiler image analysis software and applied the LASSO regression algorithm to propose
specific pathological features. The optimal cutoff value was determined to be 1.12 through a maximum selection rank
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Figure 5 Net profit analysis of prediction model based on decision curve. (A)Training cohort; (B)Testing cohort.
Notes: The gray line represents the threshold, and the blue and purple lines represent DTM and GLRM, respectively. The farther the line is from the threshold, the greater
the net benefit, indicating that the predictive model has better predictive performance.

test, and it was confirmed that this score is associated with high risk and prognosis of esophageal squamous cell
carcinoma surgical margins. These findings suggest that pathological feature scores may serve as a potential biomarker
for predicting surgical margins and prognosis in ESCC.

The predictive model developed in this study may assist clinicians in identifying patients at high risk for PSM,
allowing for proactive adjustments in treatment plans and surgical strategies. For high-risk patients, more intensive
preoperative treatment may be considered to reduce the risk of incomplete resection. Preoperative treatment can
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Table 3 Evaluation of Predictive Performance of PSM Prediction Model Based on ROC

Prediction model Training set International set

AUC 95% CI PPV | NPV | AUC 95% ClI PPV | NPV

DTM 0.899 | 0.842~0.956 | 0.991 | 0.852 | 0.901 | 0.844~0.958 | 0.992 | 0.895
GLRM 0.803 | 0.734~0.872 | 0.846 | 0.713 | 0.793 | 0.724~0.862 | 0.829 | 0.706

Abbreviations: AUC, Area under the curve; 95% CIl, 95% confidence interval; PPV, Positive predictive value; NPV, negative
predictive value; DTM, Decision tree model; GLRM, Generalized linear regression.

transform unresectable tumors into resectable ones, downstage locally advanced tumors, and maximize the likelihood of
complete resection. This is particularly important for cases involving multifocal lesions, TNM staging, and individualized
neoadjuvant therapy or conversion therapy should be strongly considered. If feasible, rapid frozen section pathological
analysis during surgery to determine whether to re-perform resection or expanded organ resection, ensuring the thorough
removal of the tumor. Surgeons must continually enhance their surgical expertise and accumulate experience to ensure
accuracy and completeness in their procedures. The improvement of surgical techniques and surgical instruments and
equipment can also enhance the accuracy and visibility of surgical resection, helping to reduce the occurrence of positive
surgical margins after surgery. Advancements in surgical techniques, instruments, and equipment can also improve the
precision of resections, helping to minimize the occurrence of positive surgical margins. In summary, the predictive tool
from this study can aid clinicians in planning surgical strategies, such as expanding resection margins or incorporating
intraoperative frozen section analysis, and in adjusting treatment decisions by adding or intensifying neoadjuvant therapy,
thereby maximizing the chances of achieving complete resection.

This study also found that, compared to the RO resection group, the PSM group exhibited a higher proportion of
lymph node positivity but underwent fewer lymph node dissections. This disparity may be because of extensive lymph
node metastasis, which often correlates with a broader tumor infiltration range, making surgery more challenging. To
ensure patient safety, surgeons may limit the extent of resection, which underscores the importance of precise pre-
operative evaluation and reducing tumor burden. This study attempted to predict the likelihood of a PSM before surgery
to guide the use of intraoperative frozen sections. However, due to the limitations of retrospective data, some post-
operative information was used to assist in decision-making.

There are several limitations to this study. Firstly, it is a single-center retrospective analysis conducted over an extended
period, making it difficult to maintain consistency in surgical quality; Additionally, most patients with esophageal cancer are
already locally advanced at the time of initial treatment, and neoadjuvant therapy has become the standard treatment
recommended by various guidelines. Unfortunately, because the first version of the esophageal cancer diagnosis and
treatment guidelines was only released by the Chinese Society of Clinical Oncology in 2019, the proportion of patients
receiving neoadjuvant therapy before 2018 was extremely low, limiting further discussion on this topic. Moreover, this study
only broadly explored factors influencing surgical margins without separately analyzing the proximal, distal, and circumfer-
ential margins after esophageal cancer surgery. This was due to the long duration of the study and the gradual improvement
of pathological reporting during the construction of the single esophageal cancer full-process management database. More
detailed analyses will be conducted in the future. Finally, as this study relied on data from retrospective research databases, it
was not possible to accurately collect and record tumor recurrence for related analysis. Moving forward, we plan to expand
the sample size of the population research cohort, develop multi-center prospective PSM prediction models based on multi-
omics, and conduct external validation to improve the accuracy and the generalizability of these models.

Conclusion

PSM remains a significant factor influencing postoperative treatment decisions and patient prognosis. This study,
utilizing a large retrospective dataset developed a predictive model to assess the risk of PSM in patients with ESCC.
The model shows promise for application in preoperative evaluation and treatment planning for esophageal cancer
patients. Despite advances in medical technology leading to a gradual decrease in the incidence of PSM, it remains
a challenging clinical issue. Surgeons must leverage pathological omics information and predictive tools to further reduce
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Figure 6 Evaluation of predictive model based on the area under the receiver working characteristic curve and the predictive performance of senior chief physicians. (A)
Training cohort; (B)Testing cohort.

PSM occurrence. Building on the factors and models explored in this study, future prospective clinical trials are essential
for both internal and external validation. Such studies will better equip clinicians to make informed preoperative
preparations and surgical plans, ultimately reducing the risk of PSM and offering long-term benefits to a broader patient

population.
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