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Background: Noninvasive, low-cost prescreening tools are needed to improve risk stratification for esophageal cancer (EC) before 
endoscopic confirmation. We developed and validated explainable machine-learning (ML) models using routine peripheral blood biomarkers.
Methods: This dual-center retrospective case–control study enrolled 454 participants (198 EC cases, 256 non-EC controls) from two 
hospitals between March 2021 and June 2025. Data were randomly split 7:3 into training (n=319) and validation (n=135) sets. LASSO 
regression selected nine features (SIRI, MLR, AST, ADA, CREA, UA, K, PT, and TT). Seven algorithms—logistic regression, 
decision tree, random forest (RF), XGBoost, LightGBM, support vector machine, and artificial neural network—were trained with 10- 
fold cross-validation and grid-search hyperparameter tuning. Performance was assessed by discrimination, calibration, clinical utility, 
and confusion matrices, with Shapley additive explanations (SHAP) for interpretation.
Results: Baseline demographics and comorbidities were comparable between groups. In the validation set, RF performed best 
(AUC=0.973; accuracy=0.926; sensitivity=0.881; specificity=0.961; F1-score=0.912), achieved the lowest Brier score (0.059), and 
showed favorable net benefit. SHAP analysis identified creatinine and SIRI as the most influential features, where lower creatinine and 
higher SIRI increased predicted EC risk.
Conclusion: This explainable RF model showed excellent discrimination and good calibration. As a retrospective case–control study 
using healthy controls, it is intended as a prescreening tool to guide endoscopic referral rather than a diagnostic test, and requires 
prospective external validation before clinical use.
Keywords: esophageal cancer, machine learning, risk prediction, routine laboratory biomarkers, systemic inflammation, SHAP

Introduction
Esophageal cancer is a common malignancy of the digestive tract characterized by an insidious onset, rapid progression, and 
poor prognosis.1 Early-stage disease often lacks specific symptoms or presents only with mild dysphagia, which can be 
overlooked or mistaken for benign upper gastrointestinal conditions. Established risk factors for esophageal cancer— 
including tobacco smoking, heavy alcohol consumption, dietary factors, Barrett’s esophagus, and a family history of the 
disease—are well recognized, yet they capture only part of an individual’s risk and are not always documented in routine 
practice; readily measured laboratory biomarkers may therefore complement traditional risk assessment. Consequently, many 
patients are diagnosed at an advanced stage, when therapeutic options are limited, and survival outcomes are modest.2,3 Early 
identification and risk stratification of high-risk populations, thereby enabling earlier diagnostic evaluation, are therefore 
critical strategies for reducing disease burden and optimizing clinical management. Prior research indicates that identifying 
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high-risk individuals before symptom onset or while tumors are still treatable can facilitate appropriate surveillance and 
intervention, potentially alleviating the concentrated resource consumption driven by a reactive care model.4–6

Currently, endoscopy with pathological biopsy remains the diagnostic and staging standard for esophageal cancer, 
providing irreplaceable value through direct visualization, targeted sampling, and histological confirmation.7,8 For population 
screening or large-scale risk assessment, however, endoscopy is an invasive procedure constrained by cost, resource 
allocation, primary care accessibility, patient adherence, and regional disparities in capacity. Frequent and sustained coverage 
of broad populations is therefore difficult to achieve. Some truly high-risk individuals may thus miss opportunities for early 
detection due to limited access, while overuse in low-risk groups can impose unnecessary medical burdens. Developing non- 
invasive tools for prescreening and stratification before the standard diagnostic pathway, therefore, holds clear clinical value, 
allowing for a more rational selection of individuals who warrant endoscopic evaluation.

Peripheral blood–based laboratory indices are promising sources of information for population-level risk assessment due to 
their ease of collection, low cost, and high reproducibility.9,10 Routine blood counts, biochemical parameters, and coagulation 
measures are widely available in clinical practice with established quality control, and they can reflect systemic changes in 
inflammation, nutritional status, and coagulation function. Evidence suggests these biological processes are associated with 
tumor initiation and progression.11–13 Compared to single tumor markers, a comprehensive evaluation using multidimensional 
routine laboratory data may better capture risk profiles given tumor heterogeneity. Furthermore, these indices can be readily 
integrated into health checkups or primary care screening workflows, offering a practical approach to the dynamic monitoring of 
high-risk individuals.14,15 However, as comorbidities and lifestyle factors influence these parameters, extracting a signal relevant 
to esophageal cancer risk from such a complex background requires robust modeling frameworks and strong validation.

Machine learning has gained increasing attention in medical risk prediction and clinical decision-support research in recent 
years. A key advantage of this approach is its capacity to integrate multi-source, high-dimensional variables and capture 
potential nonlinear relationships and interactions among predictors, thereby providing methodological support for building 
risk assessment tools that reflect real-world clinical complexity.16,17 Different algorithms vary in their representation of feature 
space and their bias–variance trade-offs; comparing and validating multiple algorithms can help identify the most suitable 
modeling strategy for a given data structure and clinical task.18 Several models have been proposed for esophageal cancer risk 
assessment, including questionnaire- or score-based tools for opportunistic screening populations15 and autoantibody- or 
biomarker-panel approaches analyzed with machine learning.19 Blood-based machine-learning models have likewise shown 
promise for prescreening other gastrointestinal cancers, such as colorectal cancer, using routine complete blood counts and 
clinical data.20,21 However, few studies have combined routine, low-cost peripheral blood inflammatory, biochemical, and 
coagulation indices with explainable machine learning specifically for esophageal cancer risk. Because opaque “black-box” 
models hinder clinical trust and adoption, model interpretability is increasingly regarded as essential for clinical decision 
support; explainable techniques such as Shapley additive explanations (SHAP) allow the contribution and direction of each 
predictor to be examined, improving transparency and clinical plausibility.16 The present study addresses this gap by 
developing and validating an interpretable, blood-based model for esophageal cancer risk.

Based on these considerations, this study used retrospective case–control data from Siyang Hospital and Shanxian 
Central Hospital to develop and validate machine-learning models for predicting esophageal cancer risk. Using pre- 
treatment peripheral blood laboratory parameters and basic clinical information, we constructed and evaluated multiple 
algorithms to support risk assessment and early identification, thereby providing decision support for subsequent 
diagnostic evaluations such as endoscopy. In particular, because the required laboratory parameters are routinely 
collected during health checkups and primary-care visits, such a model could be embedded into existing screening or 
referral pathways—especially in resource-limited settings—to help prioritize higher-risk individuals for endoscopic 
evaluation while reducing unnecessary procedures in lower-risk groups.

Methods
Data Selection and Preprocessing
This retrospective case–control study utilized data from the clinical and laboratory information systems of Siyang Hospital and 
Shanxian Central Hospital between March 2021 and June 2025. Participants were patients with a first diagnosis of esophageal 
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cancer who had undergone peripheral blood sampling and routine laboratory testing before any anti-tumor treatment, alongside 
individuals receiving health examinations at the same institutions during the same period. The case group consisted of patients 
with pathologically confirmed esophageal cancer, including both squamous cell carcinoma and adenocarcinoma. The control 
group comprised contemporaneous health examination attendees who completed routine clinical data collection and laboratory 
testing as part of standard checkup procedures, ensuring consistency between cases and controls in the clinical setting and testing 
platform.

Baseline information encompassed demographic and clinical characteristics (sex, age, drinking status, body mass 
index [BMI, kg/m2], hypertension, and diabetes), composite inflammation-related indices (systemic immune- 
inflammation index [SII], neutrophil-to-lymphocyte ratio [NLR], systemic inflammation response index [SIRI], platelet- 
to-lymphocyte ratio [PLR], monocyte-to-lymphocyte ratio [MLR], neutrophil-to-albumin ratio [NAR], C-reactive pro
tein-to-lymphocyte ratio [CLR], inflammatory burden index [IBI], and aggregate index of systemic inflammation [AISI]), 
biochemical parameters (aspartate aminotransferase [AST, U/L], alkaline phosphatase [ALP, U/L], gamma-glutamyl 
transferase [GGT, U/L], globulin [GLB, g/L], prealbumin [PA, mg/L], adenosine deaminase [ADA, U/L], urea [UREA, 
mmol/L], creatinine [CREA, μmol/L], uric acid [UA, μmol/L], potassium [K, mmol/L], sodium [Na, mmol/L], and 
chloride [Cl, mmol/L]), and coagulation function parameters (prothrombin time [PT, s], activated partial thromboplastin 
time [APTT, s], fibrinogen [Fbg, g/L], and thrombin time [TT, s]).

Inclusion and Exclusion Criteria
Inclusion criteria comprised: (1) a confirmed diagnosis of primary esophageal cancer via endoscopy and histopathology; 
(2) a first-onset diagnosis with complete medical records accessible in the hospital information system; (3) control subjects 
confirmed through comprehensive health examinations to have no apparent organ dysfunction or history of malignancy; 
(4) availability of complete clinical documentation for all participants; and (5) no missing data for key laboratory indicators.

Exclusion criteria were: (1) acute or chronic active infectious diseases, such as pneumonia, tuberculosis, or urinary tract 
infection; (2) hematologic disorders affecting blood cell counts, including leukemia, aplastic anemia, or primary thrombocy
topenia; (3) a history of autoimmune or connective tissue diseases, such as rheumatoid arthritis, systemic lupus erythematosus, 
or Sjögren’s syndrome; (4) a prior or concurrent diagnosis of malignancy or other active tumors; and (5) any condition likely to 
substantially alter peripheral blood, biochemical, or coagulation parameters, including acute infection, active severe inflam
mation, confirmed immune system diseases, long-term immunosuppression, or severe hepatic or renal failure.

Variable Selection and Model Development
The entire cohort was initially divided into a training set (n=319) and a testing set (n=135) using simple random sampling at 
a 7:3 ratio. Within the training set, least absolute shrinkage and selection operator (LASSO) regression was applied to select 
features and eliminate redundant variables, yielding a candidate subset for modeling. Seven machine learning models were 
constructed using these features: Logistic Regression (LR), Decision Tree (DT), Random Forest (RF), Extreme Gradient 
Boosting (XGBoost), Light Gradient Boosting Machine (LightGBM), Support Vector Machine (SVM), and an Artificial 
Neural Network (ANN). To ensure accuracy and robustness, model training employed 10-fold cross-validation on the training 
set. A grid search was conducted concurrently to tune each algorithm’s hyperparameters and identify optimal configurations. 
The independent testing set was finally used to evaluate the generalization performance of the optimized models. The 
hyperparameter search grids and the final selected configuration for each algorithm are provided in Supplementary Table 
S1. Full details of the analysis pipeline—including the random train–test split (seed 123), the 10-fold grid search used for 
hyperparameter tuning, and the fixed 0.50 classification threshold—are provided in the Supplementary Methods.

Model Evaluation
Model performance was evaluated on the validation set using the area under the receiver operating characteristic curve 
(AUC), accuracy, precision, sensitivity, specificity, F1 score, Cohen’s kappa, positive predictive value (PPV), and 
negative predictive value (NPV). Classification results were visualized with confusion matrices. Calibration curves 
assessed the agreement between predicted probabilities and observed event rates. Decision curve analysis (DCA) 
compared the net benefit across a range of threshold probabilities to provide an overall assessment of clinical utility.

International Journal of General Medicine 2026:19                                                                             https://doi.org/10.2147/IJGM.S617852                                                                                                                                                                                                                                                                                                                                                                                                       3

Wang et al

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)

https://www.dovepress.com/article/supplementary_file/617852/617852%20Supplementary%20Material_1.docx
https://www.dovepress.com/article/supplementary_file/617852/617852%20Supplementary%20Material_1.docx
https://www.dovepress.com/article/supplementary_file/617852/617852%20Supplementary%20Material_1.docx


Model Interpretation
Shapley Additive Explanations (SHAP) were used to interpret the best-performing prediction model, quantifying each 
feature’s contribution and directionality toward the final classification. Features were ranked by their SHAP values, with 
higher values indicating greater influence on the model’s predictions. SHAP dependence plots were also generated to 
illustrate the relationships between individual features and the model output.

Statistical Analysis
All statistical analyses were performed using SPSS version 27.0, and a two-sided P value <0.05 was considered 
statistically significant. Continuous variables with a normal distribution were presented as mean ± standard deviation 
and compared between groups using the independent-samples t-test. Non-normally distributed continuous variables are 
reported as median (interquartile range) and were compared using the Wilcoxon rank-sum test. Categorical variables are 
summarized as counts (percentages) and were compared using the chi-square test or Fisher’s exact test, as appropriate. 
Statistical analyses were conducted in R version 4.2.2 (R Foundation for Statistical Computing). SHAP analyses were 
performed in Python version 3.10.4 (Python Software Foundation) using the “shapviz” package.

Results
Patient Characteristics
The study included 454 participants (243 men and 211 women) with a mean age of 56 years, stratified by esophageal 
cancer status into non-EC (n=256) and EC (n=198) groups. As presented in Table 1, the EC group exhibited significantly 
higher SIRI levels than the non-EC group [2.44 (1.48, 3.77) vs. 1.64 (1.13, 2.33), P<0.001] but significantly lower MLR 
levels [0.34 (0.20, 0.60) vs. 0.44 (0.34, 0.62), P<0.001]. ADA and UA levels were also significantly elevated in the EC 
group, whereas creatinine (CREA) levels were significantly reduced (all P<0.001). No statistically significant differences 
were found between the groups in baseline characteristics, including sex, age, BMI, hypertension, diabetes, or drinking 
status (all P > 0.05). Among the 198 EC cases, the TNM stage distribution was 23.7% stage I, 22.7% stage II, 38.4% 

Table 1 Baseline Characteristics

Variables Total  
(N=454)

No-Esophageal Cancer 
(N=256)

Esophageal Cancer 
(N=198)

p-value

Sex (%) 0.632

Female 211 (46.48) 122 (47.66) 89 (44.95)

Male 243 (53.52) 134 (52.34) 109 (55.05)
Hypertension (%) 0.420

No 288 (63.44) 167 (65.23) 121 (61.11)
Yes 166 (36.56) 89 (34.77) 77 (38.89)

Diabetes (%) 0.186

No 235 (51.76) 140 (54.69) 95 (47.98)
Yes 219 (48.24) 116 (45.31) 103 (52.02)

Drinking (%) 0.914

No 273 (60.13) 155 (60.55) 118 (59.60)
Yes 181 (39.87) 101 (39.45) 80 (40.40)

Age (years) 56.00 [41.00, 69.75] 56.00 [39.00, 69.00] 57.00 [42.25, 70.00] 0.337

BMI (kg/m2) 28.74 [24.80, 33.06] 29.10 [24.75, 33.48] 28.49 [24.89, 32.38] 0.628
SII 1001.60 [689.59, 1407.41] 985.40 [760.93, 1271.31] 1043.77 [605.98, 1658.51] 0.529

NLR 4.93 [3.55, 6.90] 4.92 [3.94, 6.52] 4.94 [2.92, 8.15] 0.425

SIRI 1.90 [1.25, 2.89] 1.64 [1.13, 2.33] 2.44 [1.48, 3.77] <0.001
PLR 259.59 [187.73, 369.13] 257.03 [202.12, 346.32] 262.96 [171.27, 421.12] 0.695

MLR 0.42 [0.27, 0.62] 0.44 [0.34, 0.62] 0.34 [0.20, 0.60] <0.001

(Continued)
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stage III, and 15.2% stage IV (Supplementary Table S2), so that early-stage (I–II) and advanced-stage (III–IV) disease 
were both well represented.

LASSO Regression for Prediction Factors
LASSO regression selected features, with the optimal penalization parameter (λ) determined through 10-fold cross- 
validation. The left vertical dashed line indicates the binomial deviance ± standard error (SE), while the right vertical 
dashed line corresponds to the 1-SE criterion relative to the minimum deviance. Applying the 1-SE criterion, nine 
variables with non-zero coefficients were selected for further analysis: SIRI, MLR, AST, ADA, CREA, UA, K, PT, and 
TT (Figure 1A). The coefficient path plot demonstrates that as log(λ) increases, the regression coefficients for all 
variables progressively shrink toward zero. At the optimal λ, only a subset of predictors retained non-zero coefficients, 
indicating their strong association with esophageal cancer occurrence (Figure 1B).

Model Development and Performance Assessment
Seven machine learning models were trained, and their performance was evaluated on an independent test set. The LR, 
DT, RF, XGBoost, LightGBM, SVM, and ANN models achieved AUC values of 0.808, 0.913, 0.973, 0.960, 0.955, 
0.811, and 0.854, respectively (Figure 2A–G). Among these, the RF model demonstrated the highest discriminative 
ability, with an AUC of 0.973 (95% CI: 0.942–0.995) (Figure 2H). A comprehensive assessment of all seven models 
confirmed that the RF model performed best, attaining an accuracy of 0.926, a precision of 0.945, a sensitivity of 0.881, 
a specificity of 0.961, an F1 score of 0.912, a Kappa coefficient of 0.848, a PPV of 0.945, and an NPV of 0.913. The RF, 
XGBoost, and LightGBM models all showed strong performance, with high AUC and F1 scores (Table 2). Calibration 
analysis indicated that the RF model had the lowest Brier score (0.059; 95% CI: 0.037–0.085), and its calibration curve 

Table 1 (Continued). 

Variables Total  
(N=454)

No-Esophageal Cancer 
(N=256)

Esophageal Cancer 
(N=198)

p-value

NAR 0.10 [0.08, 0.13] 0.10 [0.09, 0.12] 0.10 [0.08, 0.13] 0.169
CLR 18.66 [7.30, 34.56] 16.85 [7.47, 34.53] 19.90 [4.97, 34.54] 0.866

IBI 56.78 [22.64, 125.54] 58.18 [28.00, 114.66] 51.16 [15.64, 152.12] 0.386

AISI 321.82 [202.69, 473.37] 330.10 [231.22, 472.94] 307.90 [177.90, 472.12] 0.062
AST (U/L) 48.78 [25.97, 91.33] 46.87 [26.39, 81.24] 50.45 [24.08, 103.33] 0.235

ALP (U/L) 103.78 [96.30, 115.12] 104.61 [98.18, 114.33] 103.03 [92.17, 116.59] 0.258

GGT (U/L) 34.70 [23.95, 49.66] 34.38 [23.62, 46.52] 35.90 [24.37, 55.51] 0.050
GLB (g/L) 32.54 [29.96, 34.66] 32.28 [30.16, 34.20] 32.78 [29.56, 35.28] 0.607

PA (mg/L) 109.67 [73.31, 155.45] 109.67 [78.11, 153.84] 110.32 [57.90, 156.45] 0.049

ADA (U/L) 12.04 [10.18, 14.76] 11.50 [10.08, 13.62] 13.31 [10.41, 17.34] <0.001
UREA (mmol/L) 5.39 [4.77, 6.11] 5.36 [4.81, 5.98] 5.55 [4.70, 6.34] 0.407

CREA (μmol/L) 58.02 [52.06, 64.23] 61.13 [56.74, 65.09] 51.64 [48.87, 58.03] <0.001

UA (μmol/L) 281.52 [251.95, 313.89] 271.24 [249.20, 296.10] 303.27 [257.37, 337.77] <0.001
K (mmol/L) 4.18 [4.08, 4.27] 4.18 [4.10, 4.25] 4.16 [4.02, 4.31] 0.393

Na (mmol/L) 134.88 [133.20, 136.31] 134.75 [133.30, 135.75] 135.25 [133.03, 137.12] 0.025

Cl (mmol/L) 99.72 [96.92, 101.94] 99.61 [97.18, 101.57] 99.85 [96.42, 103.07] 0.313
PT (S) 11.88 [11.30, 12.40] 11.96 [11.42, 12.40] 11.81 [11.14, 12.38] 0.137

APTT (S) 28.56 [27.91, 29.21] 28.55 [28.02, 29.13] 28.58 [27.79, 29.28] 0.787

Fbg (g/L) 3.45 [3.21, 3.79] 3.45 [3.24, 3.77] 3.45 [3.11, 3.81] 0.633
TT (S) 14.76 [13.63, 15.93] 14.80 [13.88, 15.60] 14.68 [13.29, 16.26] 0.713

Abbreviations: BMI, body mass index; SII, systemic immune-inflammation index; NLR, neutrophil-to-lymphocyte ratio; SIRI, systemic 
inflammation response index; PLR, platelet-to-lymphocyte ratio; MLR, monocyte-to-lymphocyte ratio; NAR, neutrophil-to-albumin ratio; 
CLR, C-reactive protein to lymphocyte ratio; IBI, inflammatory burden index; AISI, aggregate index of systemic inflammation; AST, aspartate 
aminotransferase; ALP, alkaline phosphatase; GGT, gamma-glutamyl transferase; GLB, globulin; PA, prealbumin; ADA, adenosine deaminase; 
UREA, urea; CREA, creatinine; UA, uric acid; K, potassium; Na, sodium; Cl, chloride; PT, prothrombin time; APTT, activated partial 
thromboplastin time; Fbg, fibrinogen; TT, thrombin time.
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closely followed the ideal line, reflecting excellent reliability (Figure 3A). Decision curve analysis revealed that, across 
a wide range of threshold probabilities, the RF and XGBoost models provided the greatest clinical net benefit 
(Figure 3B). In addition, confusion matrices for all models were presented (Figure 4).The confusion matrix for the RF 
model on the test set showed false-positive and false-negative rates of 3.95% and 11.86%, respectively, underscoring its 
robust specificity and sensitivity (Figure 4C).

Robustness and Sensitivity Analyses
To further examine model stability, repeated stratified cross-validation (10 folds × 20 repeats) was performed; the RF 
model maintained the strongest and most stable discrimination (mean AUC 0.984 ± 0.012; Supplementary Table S3). 
Stage-restricted sensitivity analyses showed that the RF model retained high discrimination when limited to early-stage 
(stage I–II) EC cases versus controls (AUC 0.993 in the internal test set) as well as advanced-stage (stage III–IV) cases 
(AUC 0.970; Supplementary Table S4), indicating that performance was not driven solely by advanced disease. 
Permutation-importance analysis was concordant with the SHAP ranking, with CREA showing the largest mean AUC 
decrease, followed by MLR, UA, and SIRI (Supplementary Table S5).

Model Interpretation
We used SHAP analysis on the top-performing random forest model to interpret the influence of each predictor. CREA 
had the greatest average impact on the model output (mean (|SHAP|)=0.12), followed by SIRI (0.07), MLR (0.05), 
K (0.05), UA (0.04), TT (0.04), ADA (0.04), PT (0.02), and AST (0.02) (Figure 5A). The SHAP beeswarm plot indicated 
that lower CREA and higher SIRI values were positively associated with an increased risk of esophageal cancer 
(Figure 5B). Individual-level SHAP waterfall plots for representative subjects showed that the same features contributed 
in opposite directions and with different magnitudes to “cancer” versus “non-cancer” predictions, with CREA, SIRI, and 
MLR being the key drivers of the model’s decisions (Figure 5C and D). SHAP dependence plots further revealed 
pronounced non-linear relationships between individual variables and the model output (Figure 6). For SIRI, the effect on 
the output was modest at lower levels. Still, it increased steadily as values rose, with SHAP values shifting from negative 
to positive in the moderate-to-high range, indicating a stronger positive contribution to the predicted probability beyond 
a certain threshold (Figure 6A). Distinct U-shaped relationships were observed for MLR, AST, ADA, CREA, UA, K, PT, 
and TT, in which these variables primarily exerted a negative influence within their intermediate ranges but showed 
intensified, often positive, effects at very low or high values, highlighting a strong range-dependent effect on predictions 
(Figure 6B–I).

Discussion
Esophageal cancer is often diagnosed at an advanced stage due to its insidious early symptoms, leading to a poor 
prognosis for most patients. While endoscopy with pathological biopsy remains the diagnostic gold standard, its invasive 
nature leads to poor patient compliance in population-based screening. The high cost and uneven distribution of 

Figure 1 Feature selection by LASSO regression. (A) Ten-fold cross-validation for selecting the optimal penalty parameter (λ). (B) Coefficient paths versus log(λ); 
coefficients shrink toward zero with increasing penalty, and non-zero coefficients at the selected λ are retained.
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Figure 2 ROC curve of the test dataset. (A) Logistic (B) Decision Tree (C) Random Forest (D) XGBoost (E) LightGBM (F) SVM (G) ANN (H) ROC Curves for All Models. 
Abbreviations: XGBoost, Extreme Gradient Boosting, LightGBM, Light Gradient Boosting Machine, SVM, Support Vector Machine, ANN, Artificial Neural Network.

International Journal of G
eneral M

edicine 2026:19                                                                             
https://doi.org/10.2147/IJG

M
.S617852                                                                                                                                                                                                                                                                                                                                                                                                       

7

W
ang et al

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)



endoscopic resources further limit its feasibility for widespread, sustainable screening.22 A non-invasive, cost-effective, 
and accessible tool for preliminary risk stratification before endoscopic referral is therefore urgently needed. Using 
retrospective case-control data from two hospitals, this study developed a machine-learning model based on readily 
available routine laboratory metrics and basic clinical characteristics that demonstrated robust efficacy in predicting 
esophageal cancer risk. This model provides evidence-based support for proactively identifying high-risk individuals and 
optimizing the allocation of endoscopic resources.

Multi-indicator models offer greater clinical utility than single biomarkers,19,23 as routine laboratory parameters 
reflect comprehensive systemic alterations in inflammatory-immune status, nutrition, and coagulation during tumorigen
esis. Evidence increasingly shows that machine learning models integrating routine hematological and biochemical data 
achieve superior performance in early risk identification and stratification for gastrointestinal malignancies.24,25 For 
example, Los et al used complete blood counts and interpretable machine learning to develop an effective pre- 
colonoscopy risk-stratification tool for colorectal cancer in a large screening cohort.20 Similarly, Zhen et al developed 
models from routine clinical data to identify young individuals at high risk for colorectal cancer, highlighting how deep 
data integration enhances the clinical applicability of early risk stratification.21 Methodologically, this study confirms the 
particular suitability of tree-based models for such multidimensional medical data. Human biochemical and inflammatory 
parameters often exhibit complex non-linear relationships, threshold effects, and interactive coupling, such as between 
liver function and coagulation or between inflammation and nutrition. Ren et al, using a large gastrointestinal cancer 
cohort, pathophysiologically substantiated this profound internal network: tumor-induced systemic inflammation disrupts 
hepatic protein metabolism and nutritional conversion while cross-activating the coagulation cascade via inflammatory 

Table 2 Comparative Analysis of the Performance Outcomes Across Machine Learning Models

Model AUC Accuracy Precision Sensitivity Specificity F1 Score Kappa PPV NPV

Logistic 0.808 0.741 0.761 0.593 0.855 0.667 0.460 0.761 0.730
Decision Tree 0.913 0.881 0.906 0.814 0.934 0.857 0.756 0.906 0.866

Random Forest 0.973 0.926 0.945 0.881 0.961 0.912 0.848 0.945 0.913

XGBoost 0.960 0.904 0.926 0.847 0.947 0.885 0.802 0.926 0.889
LightGBM 0.955 0.919 0.962 0.847 0.974 0.901 0.832 0.962 0.892

SVM 0.811 0.748 0.766 0.610 0.855 0.679 0.476 0.766 0.739

ANN 0.854 0.756 0.703 0.763 0.750 0.732 0.508 0.703 0.803

Abbreviations: XGBoost, Extreme Gradient Boosting, LightGBM, Light Gradient Boosting Machine, SVM, Support Vector Machine, ANN, 
Artificial Neural Network, PPV, positive predictive value, NPV, Negative Predictive Value, AUC, Area Under the Curve.

Figure 3 Model performance evaluation. (A) Calibration curves for the models. (B) DCA curves for the test dataset.
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mediators, thereby creating a synergistic, mutually causal pathological axis.26 Tree-based models, with their flexible 
splitting rules, can delineate these non-linear feature structures more effectively than traditional linear models, generating 
risk mappings that better approximate true clinical and physiological mechanisms.

Many machine learning models are constrained by their “black-box” nature, which obscures decision logic and 
impedes clinical translation. By applying the SHAP interpretability framework, this study provides a global ranking of 
feature importance. It elucidates the non-linear relationships and potential threshold effects between key variables and the 
predicted risk. The model’s risk determination does not rely on simplistic assumptions of higher or lower values equating 
to higher risk; instead, it captures significant shifts in risk contribution when indicators deviate from physiological 
homeostasis. At the inflammatory and immunological level, SIRI and MLR exhibited threshold effects, showing lower 
contributions within homeostatic intervals and increased contributions upon deviation, corroborating the biological 
cascade from systemic inflammation and immunosuppression to a protumorigenic microenvironment. While the relative 
proportions of neutrophils, monocytes, and lymphocytes contribute minimally to the model within an intermediate 
homeostatic range, breaching a specific inflection point—indicating a shift to an abnormal pro-inflammatory or immu
nosuppressive state—significantly increases their assigned risk weight. Indicators of metabolism, organ function, and 

Figure 4 Test Dataset Confusion Matrix. (A) Logistic (B) Decision Tree (C) Random Forest (D) XGBoost (E) LightGBM (F) SVM (G) ANN.
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coagulation, such as AST, ADA, CREA, UA, potassium ions (K), and PT/TT, similarly show pronounced low- 
contribution intervals with elevated contributions at distribution tails. Although not tumor-specific, abnormal fluctuations 
in these markers often reflect systemic homeostatic perturbations driven by tissue stress, high metabolic burden, or 
microenvironmental hypoxia.27,28 Within a multi-indicator network, they serve as comprehensive signals of host-tumor 
interactions, significantly enhancing the model’s sensitivity to subtle abnormal signals in the population.

The exceptionally high discrimination observed here (validation AUC 0.973) warrants cautious interpretation, and we 
examined several potential explanations. Repeated cross-validation confirmed that the random forest’s performance was 
stable rather than an artifact of a single favorable data split (Supplementary Table S3), and stage-restricted analyses 
showed that discrimination was preserved even for early-stage disease (Supplementary Table S4), arguing against the 
possibility that the model merely detects advanced systemic illness. Permutation importance was concordant with the 
SHAP results (Supplementary Table S5), and full hyperparameter configurations are reported (Supplementary Table S2) 
to support reproducibility. Nonetheless, a substantial part of the apparent performance likely reflects the case–control 
design itself: confirmed cancer patients were compared with a generally healthy examination population, a spectrum 
effect that tends to inflate discrimination relative to real-world screening, where the comparison group includes 
symptomatic individuals and benign esophageal disease. The reported metrics should therefore be regarded as an 
upper bound on real-world performance.

This study has several limitations. First, its dual-center retrospective case–control design is susceptible to selection 
and spectrum bias; the control group was drawn from a health examination population that is generally asymptomatic and 
healthier than individuals presenting with esophageal symptoms or benign esophageal disease, which may inflate 

Figure 5 SHAP explains the results of the Random Forest model. (A) SHAP values for each feature variable. (B) SHAP beeswarm plot showing the distribution and 
direction of feature effects across individuals. (C and D) Waterfall chart for the same patient (C) Esophageal cancer occurs (D) No esophageal cancer was detected.
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apparent model performance and limit generalizability to real-world screening populations. Second, no independent 
external validation was performed: because the analytic dataset did not retain a center identifier, the model could not be 
trained on one hospital and tested on the other, and the internal robustness checks described above are not a substitute for 
prospective external validation. Third, the model is intended as a prescreening tool to prioritize individuals for 
endoscopic evaluation rather than as a diagnostic test, and its performance in symptomatic populations remains unknown. 
Fourth, because the data were retrospective, several established esophageal cancer risk factors—including detailed 
smoking and alcohol history, dietary structure, Barrett’s esophagus, gastroesophageal reflux disease, and family history 
—could not be incorporated. Finally, the non-linear correlations revealed by SHAP dependence plots operate at the 
model level and cannot be directly equated with biological causal mechanisms. These findings should therefore be 

Figure 6 SHAP dependence plots for key predictors. Dependence plots show the relationship between feature values (x-axis) and SHAP values (y-axis) for SIRI, MLR, AST, 
ADA, CREA, UA, K, PT, and TT, illustrating potential non-linear effects on model predictions; the horizontal dashed line indicates SHAP =0.
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interpreted with caution, and prospective, multicenter external validation in more diverse populations—including 
symptomatic and benign-disease comparison groups—is needed before clinical application.

In conclusion, an interpretable machine-learning model integrating routine laboratory parameters and clinical 
information showed strong internal performance for stratifying individuals at risk for esophageal cancer. Although 
these results are preliminary and require prospective, multicenter external validation, such an interpretable approach 
could—if validated—be developed into a low-cost, high-compliance prescreening aid in primary care to help prioritize 
individuals for endoscopic evaluation.

Conclusion
This study developed an interpretable machine-learning model to predict esophageal cancer risk using routine peripheral 
blood inflammatory, biochemical, and coagulation parameters. The random forest model demonstrated the best internal 
performance. Because the model was developed in a retrospective case–control setting with healthy controls and has 
undergone internal validation only, it should be regarded as a prescreening rather than a diagnostic tool; prospective, 
multicenter external validation is required before it can support clinical decision-making.
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