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Abstract
Background

Colorectal adenoma (CRA) is a precursor to colorectal cancer. Metabolic syndrome (MetS) is associated
with an increased likelihood of colorectal neoplasia. We aimed to develop and temporally validate an
explainable machine learning model to estimate the probability of CRA in patients with MetS.

Methods

Demographic, clinical, and laboratory data were retrospectively collected from patients with MetS who
underwent colonoscopy between January 2024 and June 2026. Based on colonoscopic and
histopathological findings, patients were classified into a CRA group and a normal colonoscopy group.
Patients from January 2024 to December 2025 were assigned to the training set, whereas those from
January to June 2026 formed the temporal test set. All preprocessing, feature selection, and model
development were restricted to the training set. Mutual information was used for preliminary screening,
followed by a grid-search-optimized GBDT and five-fold cross-validated permutation importance. Three
base models were developed: Elastic Net Logistic Regression, XGBoost, and Extra Trees. Calibration and
ensemble modeling yielded 11 candidate configurations. The final model and classification threshold
were determined using five-fold cross-validation in the training set. Model performance was evaluated
using AUC, sensitivity, specificity, Brier score, decision curve analysis, and SHAP.

Results

A total of 774 patients were included: 467 (60.3%) with CRA and 307 (39.7%) with normal colonoscopy
findings. Two-stage feature selection identified 10 predictors. Prognostic nutritional index (PNI),
hemoglobin, and age had the highest mean permutation importance. ExtraTrees_lsotonic was selected
as the final model with a classification threshold of 0.5563. In the temporal test set, this model achieved
an AUC of 0.811 (95% CI: 0.740-0.875), a sensitivity of 0.819, a specificity of 0.705, and a Brier score of
0.176. Decision curve analysis showed that the model provided greater net benefit than the treat-all and
treat-none strategies across most evaluated thresholds. SHAP analysis showed that sex, history of
constipation, and PNI contributed most to model predictions.

Conclusions

The ExtraTrees_lsotonic model showed good discrimination and potential clinical net benefit across a
range of threshold probabilities. The model's generalizability and clinical utility require further validation
in independent external cohorts and prospective studies.
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Background

Colorectal cancer (CRC) remains a major challenge in global cancer prevention and control. According to
GLOBOCAN 2022 estimates, CRC is the third most commonly diagnosed cancer and the second leading
cause of cancer-related death worldwide, accounting for 9.6% of all new cancer cases and 9.3% of all
cancer deaths, respectively [']. Based on GLOBOCAN 2020 data and global demographic projections, the
annual global burden of CRC is projected to reach approximately 3.2 million new cases and 1.6 million
deaths by 2040 4. Most CRCs arise from colorectal adenomas (CRAs), making the detection and
removal of these precursor lesions during screening colonoscopy a key strategy for interrupting the
adenoma-—carcinoma sequence and preventing CRC 81, Currently, recommendations regarding the
initiation of screening in average-risk individuals remain predominantly age-based, although the
recommended starting age differs across regions and guidelines, generally ranging from 40 to 50 years
[4=7] Although age is an established determinant of CRA risk, considerable interindividual variation in
CRA risk remains beyond age alone [8] Age alone may therefore be insufficient to assess individual CRA
risk, particularly in clinical populations with distinct risk profiles.

Metabolic syndrome (MetS) is characterized by a cluster of interrelated metabolic abnormalities,
including central obesity, elevated blood pressure, elevated fasting glucose, hypertriglyceridemia, and
reduced high-density lipoprotein cholesterol (HDL-C) levels 1 MetS is highly prevalent worldwide, with
prevalence estimates ranging from 12.5% to 31.4% depending on the diagnostic criteria used (101 A more
recent global systematic review and modelling analysis estimated that, in 2023, the prevalence of MetS
was 31.0% in women and 25.7% in men 1], Beyond its well-established cardiometabolic consequences,
accumulating evidence indicates that MetS has been associated with a higher likelihood of CRA [12-14]
Individual MetS components may also differ in their associations with CRA ['3-17]. These findings
suggest that the likelihood of CRA varies among individuals with MetS, supporting individualized risk
assessment in this population.

Several clinical prediction models have been developed to estimate the likelihood of CRA in general
populations and selected high-risk groups ['8722, including patients with type 2 diabetes mellitus [18],
metabolic dysfunction-associated steatotic liver disease [ 9], and chronic liver disease [?". These models
differ substantially in the populations studied, outcomes predicted, and predictors included. Some
models rely on specialized biomarkers or information unavailable before colonoscopy. For example, He
et al. developed a model using the relative abundances of cross-kingdom gut microorganisms derived
from shotgun metagenomic sequencing, whereas Ma et al. incorporated baseline colonoscopic and
pathological characteristics, including adenoma size, location, and degree of dysplasia. Such
requirements may limit the accessibility of these models and their applicability to routine pre-
colonoscopy identification of CRA [23-24 Tran et al. used metabolic syndrome and its components to
develop machine learning and Cox models for incident gastrointestinal cancer 251 The applicability of
existing models to patients with MetS remains uncertain. Few studies have developed CRA prediction
models specifically for this population using routinely available pre-colonoscopy data.
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To address this gap, we aimed to develop and temporally validate a machine learning model based on
routinely available clinical data to estimate the likelihood of CRA in patients with MetS.

Methods
Data Source

This retrospective study included 774 patients with MetS who underwent colonoscopy at the Endoscopy
Center, Department of Gastroenterology and Hepatology, Third Affiliated Hospital of Beijing University of
Chinese Medicine, between January 2024 and June 2026. The study protocol was approved by the
Ethics Committee of the Third Affiliated Hospital of Beijing University of Chinese Medicine(Approval No.
BZYSY-2025KYKTPJ-78) and was conducted in accordance with the Declaration of Helsinki. Given the
retrospective study design, the requirement for informed consent was waived by the Ethics Committee.
All data were de-identified before analysis. The study design and workflow are shown in Fig. 1.

Study Population

MetS was defined according to the modified National Cholesterol Education Program Adult Treatment
Panel Il (NCEP ATP llI) criteria [26] Because waist circumference was not routinely recorded in this
retrospective cohort, the obesity component was operationalized using a body mass index (BMI) cutoff

of = 25.0 kg/m2. This cutoff was adopted from the 2004 Chinese Diabetes Society criteria [27]. The use of
BMI as a substitute for waist circumference has also been reported in previous studies 287311,

MetS was diagnosed when at least three of the following five criteria were met: (a) obesity, defined as
BMI = 25.0 kg/m?; (b) elevated blood pressure, defined as systolic blood pressure = 130 mmHg, diastolic
blood pressure = 85 mmHg, or current antihypertensive treatment; (c) elevated triglycerides, defined as
triglyceride levels = 1.7 mmol/L (150 mg/dL) or relevant treatment for hypertriglyceridemia; (d) reduced
HDL-C, defined as HDL-C levels < 1.03 mmol/L in men or < 1.29 mmol/L in women; and (e) elevated
fasting plasma glucose, defined as fasting plasma glucose = 6.1 mmol/L (110 mg/dL) or current
glucose-lowering treatment.

All participants were adults aged = 18 years with MetS who underwent complete colonoscopy with
adequate bowel preparation and had sufficient clinical, colonoscopic, and histopathological data to
determine eligibility and classify the study outcome. All detected polypoid lesions were endoscopically
resected and examined histopathologically to determine whether they were adenomatous. Based on the
histopathological findings, patients were classified into two groups: the CRA group, comprising patients
with histologically confirmed colorectal adenomas, and the normal colonoscopy group, comprising
patients with no colorectal polyps or neoplastic lesions detected on colonoscopy. Patients were
excluded if they had colorectal cancer, inflammatory bowel disease, a history of colorectal surgery,
hereditary polyposis syndromes, severe cardiac, hepatic, renal, or neurological dysfunction, other
malignancies, hematological diseases, or autoimmune diseases.
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Study Variables

Specifically, the following data were collected: (1) demographic and clinical characteristics, including
age, sex, height, weight, body mass index (BMI; calculated as weight in kilograms divided by height in
meters squared), smoking status, history of alcohol consumption, history of constipation, history of
diarrhea, history of hypertension, type 2 diabetes mellitus, dyslipidemia, non-alcoholic fatty liver disease,
and a first-degree family history of colorectal cancer or other digestive system cancers. Height and
weight were collected solely to calculate BMI and were not included as separate candidate predictors.
(2) Laboratory parameters, including white blood cell count, red blood cell count, hemoglobin, platelet
count, lymphocyte count, monocyte count, neutrophil count, alanine aminotransferase (ALT), aspartate
aminotransferase (AST), gamma-glutamyl transferase (GGT), alkaline phosphatase (ALP), total bilirubin
(TBIL), direct bilirubin (DBIL), total protein, albumin-to-globulin ratio (A/G ratio), total bile acids, fasting
plasma glucose, urea, homocysteine, serum creatinine, uric acid, total cholesterol, triglycerides, high-
density lipoprotein cholesterol, low-density lipoprotein cholesterol, and C-reactive protein. Based on the
original clinical and laboratory variables, and considering clinical significance and routine availability, a
total of 10 derived features were constructed. Hematologic, inflammatory, immune, and nutritional
indices included the neutrophil-to-lymphocyte ratio (NLR), platelet-to-lymphocyte ratio (PLR), lymphocyte-
to-monocyte ratio (LMR), systemic immune-inflammation index (SIl = neutrophil count x platelet count /
lymphocyte count), and prognostic nutritional index (PNI). Serum albumin was derived from total protein
(TP) and the albumin-to-globulin ratio (A/G) using the following formula: albumin =TP x A/G / (1 + A/G).
PNI was then calculated as albumin (g/L) + 5 x total lymphocyte count (10°/L). Hepatic enzyme-derived
and metabolic indices included the AST-to-ALT ratio (AST/ALT), triglyceride-to-HDL-C ratio (TG/HDL-C),
total cholesterol-to-HDL-C ratio (TC/HDL-C), non-HDL cholesterol (non-HDL-C = TC - HDL-C), and
triglyceride—glucose index (TyG). The TyG index was calculated as In[TG (mg/dL) x fasting plasma
glucose (mg/dL) / 2]. TG and fasting plasma glucose values were converted from mmol/L to mg/dL
before calculation. The 38 original variables and 10 derived indices constituted a total of 48 candidate
predictors.

Data Preprocessing and Feature Selection

Before model development, data quality was assessed. Patients with more than 30% missing clinical
data were excluded. For variables with sporadic missing data, continuous variables were imputed with
the median, while categorical variables were imputed with the mode. The dataset was divided
chronologically according to colonoscopy date. Patients who underwent colonoscopy between January
2024 and December 2025 were assigned to the training set, whereas those who underwent colonoscopy
between January and June 2026 were assigned to the temporal test set. Continuous variables were
Winsorized using the 1st and 99th percentile values calculated within each training fold, followed by
Yeo—-Johnson transformation and standardization. Binary variables retained their original 0/1 coding. All
preprocessing parameters were estimated within the training folds of cross-validation and applied to the
corresponding validation folds. ADASYN oversampling was used only in the training folds. No
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resampling was performed in the validation folds or the temporal test set, which retained their original
class distributions. Upon completion of the model development protocol, the preprocessing pipeline and
model were refit on the full training set, then fixed and applied to the temporal test set. Feature selection
was conducted on the training set, with a total of 48 candidate features included. First, mutual
information (MI) was used for preliminary screening, and features with Ml > 0 were retained.
GridSearchCV was then used to optimize the hyperparameters of a gradient boosting decision tree
(GBDT) model. Permutation importance was calculated using five-fold cross-validation. Features with a
mean permutation importance greater than 0 and positive importance in at least 50% of cross-validation
folds were retained. No minimum number of retained features was prespecified.

Model Development and Selection

Based on the selected features, three base models were developed: Elastic Net Logistic Regression,
Extreme Gradient Boosting (XGBoost), and Extra Trees. These represented a regularized linear model, a
sequential gradient-boosting tree model, and a randomized tree ensemble model, respectively. Each
model was trained using the preprocessing pipeline described above. Hyperparameters were optimized
using Optuna'’s tree-structured Parzen estimator (TPE) sampler, with cross-validated AUC in the training
set as the optimization objective. The uncalibrated version of each base model was retained. Platt
(sigmoid) scaling and isotonic regression were then applied separately to each base model, forming six
calibrated models. These calibrated models were treated as separate candidate configurations and were
not used to construct the ensemble models. The three optimized uncalibrated base classifiers were
subsequently used as base learners to construct stacking and soft-voting ensemble models. The
stacking model used logistic regression as the meta-learner and combined the out-of-fold predictions of
the three base learners. The soft-voting model averaged the predicted probabilities of the three base
learners. A total of 11 candidate model configurations were evaluated, including three uncalibrated base
models, six calibrated models, and two ensemble models. Model selection and classification thresholds
were based on out-of-fold predictions from stratified five-fold cross-validation in the training set. Both
were locked before evaluation in the temporal test set. For each candidate model, the classification
threshold was set to the predicted probability cutoff that yielded the maximum Youden index. The
primary goal was to identify as many patients with CRA as possible before colonoscopy while
maintaining the ability to distinguish individuals with normal colonoscopy findings. Models were first
ranked by sensitivity. Ties were resolved by AUC and then specificity.

Model Evaluation and Interpretation

The final model was evaluated in the temporal test set. Discrimination was assessed using the area
under the receiver operating characteristic curve (AUC), with 95% confidence intervals (Cls) estimated
using 1,000 bootstrap resamples. Sensitivity and specificity were reported at the classification threshold
locked during training. The Brier score and calibration curve were used to assess overall prediction
accuracy and calibration. Balanced accuracy, F1 score, Matthews correlation coefficient (MCC), positive
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predictive value, negative predictive value, and the confusion matrix were reported as additional
performance measures. AUCs were compared using the DelLong test, with Holm adjustment for multiple
comparisons. Decision curve analysis (DCA) was employed to evaluate the clinical net benefit of the
model across different threshold probabilities. SHAP (SHapley Additive exPlanations) analysis was
performed on the temporal test set to quantify the contribution of each feature to model predictions.
Global feature importance plots, SHAP summary plots, and dependence plots were generated for
visualization. SHAP results were used only to interpret model predictions and not to infer causality.

Statistical Analysis

Data analysis was performed using SPSS 27.0 and Python 3.11 software. Continuous variables were
assessed for normality using the Shapiro-Wilk test. Normally distributed continuous variables were
presented as mean + standard deviation and were compared using the independent-samples t test. For
variables with non-normal distributions in either group, data were presented as median and interquartile
range and were compared using the Mann—Whitney U test. Categorical variables were presented as
number (percentage) and were compared using the chi-square test or Fisher’s exact test. All tests were
two-sided, and P < 0.05 was considered statistically significant.

Results

Study Population and Baseline Characteristics

A total of 774 patients with MetS were included, comprising 467 patients with CRA (60.3%) and 307 with
normal colonoscopy findings (39.7%). Compared with the normal colonoscopy group, patients in the
CRA group were older and had a higher BMI. Male sex, history of constipation and diarrhea, type 2
diabetes mellitus, dyslipidemia, smoking, and a history of alcohol consumption were more common in
the CRA group (all P < 0.05). Regarding laboratory parameters, the CRA group had higher levels of WBC,
RBC, hemoglobin, neutrophils, monocytes, ALT, GGT, total bilirubin, direct bilirubin, A/G ratio, serum
creatinine, homocysteine, and PNI, whereas the AST/ALT ratio was lower (all P < 0.05). The complete
baseline characteristics of the study population are presented in Table 1. Baseline characteristics of the
training and temporal test sets are provided in Supplementary Table S1 in Additional file 1.

Page 8/34



Table 1

Baseline characteristics of the study population

Variable

Normal
colonoscopy

group
(n =307)

Demographic and anthropometric characteristics

Age (years)
Sex, male

Female

BMI (kg/m?)

Hematologic parameters

WBC (10°/L)

RBC (1072/L)

Hemoglobin (g/L)

Platelets (10°/L)
Neutrophils (10°/L)

Lymphocytes (10°/L)

Monocytes (10°/L)

Liver-related parameters

ALT (U/L)
AST (U/L)

ALP (U/L)
GGT (U/L)

59 (52-65)
117 (38.1)
190 (61.9)

25.20 (22.66-
27.34)

5.54 (4.77-6.71)
4.48 (4.13-4.83)
136 (126-147)

218 (178-260)
3.26 (2.60-4.21)

1.79 (1.37-2.24)

0.32 (0.26-0.41)

20.90 (15.20-
30.00)

20.00 (16.80-
24.00)

75 (62-91)

21.40 (15.00-
33.50)
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CRA group
(n=467)

61 (55-68)
281 (60.2)

186 (39.8)

25.69 (23.66—
27.60)

5.92 (5.01-
7.30)

4.69 (4.33-
5.01)

144 (133-155)

213 (181-256)

3.54 (2.86-
4.50)

1.84 (1.42-
2.28)

0.35 (0.28-
0.44)

22.90 (16.70-
33.40)

20.30 (17.20-
24.60)

76 (63-92)

24.80 (17.00-
38.70)

Statistic
(Z/x?)

-3.505

36.088

-2.326

-3.035

-4.843

-6.449

-0.010
-3.071

-1.222

-2.654

-2.332

-1.330

-0.387
-3.121

P
value

<
0.001

<
0.001

0.020

0.002

<
0.001

<

0.001
0.992
0.002

0.222

0.008

0.020
0.183

0.699
0.002




Variable

Normal
colonoscopy

group
(n =307)

Demographic and anthropometric characteristics

Total bilirubin (umol/L)
Direct bilirubin (umol/L)
Total protein (g/L)
Albumin-to-globulin ratio
Total bile acids (umol/L)

Renal and metabolic parameters

Urea (mmol/L)
Serum creatinine (umol/L)

Uric acid (umol/L)

Fasting plasma glucose (mmol/L)
Total cholesterol (mmol/L)
Triglycerides (mmol/L)

HDL-C (mmol/L)

LDL-C (mmol/L)

Homocysteine (umol/L)
C-reactive protein (mg/L)

Derived indices

NLR

11.50 (8.80-
15.30)

2.87 (2.20-3.95)
69.50 (65.90~
73.40)

1.68 (1.50-1.83)

3.10 (2.10-5.00)

5.30 (4.50-6.20)
63.00 (52.50-
72.20)

326 (267-403)
5.52 (4.91-6.33)

4.98 (4.12-5.77)
1.50 (0.97-2.35)
1.30 (1.06-1.57)
2.92 (2.19-3.53)
11.50 (10.00-

14.40)
1.30 (0.60-2.70)

1.87 (1.40-2.53)
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CRA group
(n=467)

12.20 (9.30-
17.10)

3.05 (2.23-
4.32)

70.40 (66.30-
73.80)

1.70 (1.50~-
2.00)

3.10 (2.10-
4.90)

5.40 (4.50-
6.30)

68.00 (56.00-
78.10)

332 (271-399)

5.56 (5.05—
6.64)

4.75 (4.13-
5.62)

1.53 (1.02-
2.22)

1.27 (1.06-
1.51)

2.68 (2.13-
3.33)

13.00 (10.90-
15.80)

1.50 (0.80-
2.70)

1.94 (1.46-
2.53)

Statistic
(Z/x?)

-2.325
-1.965
-1.567
-2.494

-0.193

-0.266
-4.230

-0.527
-1.025

-1.623
-0.468
-0.706
-1.936
-4.842

-1.876

-1.152

value

0.020
0.049
0.117
0.013

0.847

0.791

<

0.001
0.598
0.305

0.105
0.640
0.480
0.053

<
0.001
0.061

0.249




Variable

Normal
colonoscopy

group
(n =307)

Demographic and anthropometric characteristics

PLR
LMR

Sl

PNI

AST/ALT ratio
TG/HDL-C ratio
TC/HDL-C ratio
Non-HDL-C (mmol/L)
TyG index

Categorical variables

History of constipation
History of diarrhea

Type 2 diabetes mellitus
Dyslipidemia

Non-alcoholic fatty liver disease
Hypertension

Smoking

History of alcohol consumption

118.45 (97.96-
156.00)
5.51 (4.23-6.88)

394.86 (274.13-
574.30)

52.47 (49.49-
55.15)

0.94 (0.71-1.23)
1.12 (0.66-2.11)
3.91(2.99-4.72)

3.69 (2.78-4.38)

8.87 (8.35-9.33)

13 (4.2)
17 (5.5)

71(23.1)
206 (67.1)
68 (22.1)
244 (79.5)
50 (16.3)

48 (15.6)

Page 11/34

CRA group
(n=467)

116.57 (94.00-
151.85)

5.25 (4.17-
6.53)

408.59
(305.86—
592.98)

53.65 (50.28-
58.58)

0.89 (0.70-
1.13)

1.21 (0.74-
2.00)

3.77 (2.96-
4.70)

3.47 (2.74~
4.33)

8.89 (8.44-
9.30)

65 (13.9)
74 (15.8)

144 (30.8)
352 (75.4)
112 (24.0)
353 (75.6)
150 (32.1)

143 (30.6)

Statistic
(Z/x?)

-0.658
-1.463

-1.618

-4.663
-2.226
-0.775
-0.912
-1.655

-0.646

19.170
18.972

5.486
6.303
0.349
1.599
24.232

22.380

value

0.510
0.143

0.106

<
0.001
0.026

0.438
0.362
0.098

0.518

<
0.001

<
0.001
0.019
0.012
0.555
0.207

<
0.001

<
0.001




Variable Normal CRA group Statistic P
colonoscopy value
group (n=467) (Z/x?)
(n=307)

Demographic and anthropometric characteristics

First-degree family history of 20 (6.5) 49 (10.5) 3.610 0.057
colorectal or other digestive cancers

Feature Selection Results

After mutual information prescreening and GBDT-based five-fold cross-validated permutation
importance analysis, 10 of the 48 candidate features were retained. PNI, hemoglobin, and age had the
highest mean permutation importance values, at 0.0779, 0.0423, and 0.0239, respectively. The remaining
selected features were history of constipation, history of diarrhea, sex, LDL-C, history of alcohol
consumption, serum creatinine, and HDL-C. The mean permutation importance of HDL-C was close to
zero (0.00036), but it was positive in 60% of the cross-validation folds and therefore met the prespecified
selection criteria (Fig. 2; Tables S2 and S3 in Additional file 1).

Model Selection and Performance in the Temporal Test Set

Based on out-of-fold predictions from five-fold stratified cross-validation in the training set, the Youden
index was used to determine the classification threshold for each model. ExtraTrees_lsotonic had the
highest sensitivity (0.8016), with an AUC of 0.752 (95% CI, 0.712-0.790) and a specificity of 0.6016.
According to the prespecified selection rule, ExtraTrees_lsotonic and its threshold of 0.5563 were locked
as the final model (Table 2).
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Table 2
Ranking of candidate models based on out-of-fold predictions from five-fold cross-validation in the

training set
Model Threshold AUC (95% CI) Sensitivity  Specificity Balanced
accuracy

ExtraTrees_lsotonic 0.5563 0.752 (0.712- 0.8016 0.6016 0.7016
0.790)

Stacking 0.4923 0.743 (0.701- 0.7989 0.6016 0.7003
0.784)

ElasticNet_LR_Isotonic  0.4966 0.717 (0.675- 0.7882 0.5691 0.6787
0.758)

Voting 0.5066 0.747 (0.705- 0.7668 0.6220 0.6944
0.786)

ExtraTrees_Platt 0.5459 0.750 (0.708- 0.7587 0.6463 0.7025
0.789)

ExtraTrees 0.4586 0.748 (0.707- 0.7587 0.6301 0.6944
0.787)

XGBoost_Isotonic 0.5863 0.717 (0.675- 0.6997 0.6179 0.6588
0.757)

ElasticNet_LR_Platt 0.5804 0.723 (0.682- 0.6890 0.6748 0.6819
0.764)

XGBoost_Platt 0.5699 0.730 (0.689- 0.6783 0.6626 0.6704
0.769)

XGBoost 0.4567 0.723 (0.684~- 0.6649 0.6463 0.6556
0.763)

ElasticNet_LR 0.5473 0.724)(0.682— 0.5737 0.7846 0.6791
0.765

The temporal test set included 155 patients: 94 with CRA and 61 with normal colonoscopy findings. The
final ExtraTrees_Isotonic model achieved an AUC of 0.811 (95% Cl, 0.740-0.875), a sensitivity of 0.819, a
specificity of 0.705, and a Brier score of 0.176. Core performance results for the six top-ranked
candidate models are shown in Table 3. Full performance metrics are provided in Table S4, and the multi-
metric comparison is shown in Figure S2 in Additional file 1.
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Table 3
Performance of the six top-ranked candidate model configurations in the temporal test set

Model Threshold AUC (95% CI) Sensitivity Specificity  Brier
score
ExtraTrees_lsotonic 0.5563 0.811 (0.740- 0.8191 0.7049 0.1760
0.875)
Stacking 0.4923 0.811 (0.736~- 0.8191 0.6393 0.2062
0.877)
ElasticNet_LR_Isotonic  0.4966 0.796 (0.721- 0.7979 0.6557 0.1787
0.864)
Voting 0.5066 0.809 (0.736- 0.8191 0.6557 0.1809
0.873)
ExtraTrees_Platt 0.5459 0.808 (0.734- 0.7872 0.7049 0.1751
0.873)
ExtraTrees 0.4586 0.817)(0.743— 0.7979 0.7213 0.1926
0.883

The six candidate models had AUCs ranging from 0.796 to 0.817 in the temporal test set (Fig. 3).
ExtraTrees had the highest AUC (0.817), while the final ExtraTrees_Isotonic model had an AUC of 0.811.
The ROC curves showed substantial overlap. Temporal test-set results were used only for performance
evaluation and not for model reselection.

AUCs of the six models were compared using the standard DelLong test, with Holm adjustment for
multiple comparisons. All raw pairwise P values were greater than 0.05 (P = 0.2957-0.9777), and all
Holm-adjusted P values were 1.000 (Figure S1 in Additional file 1). No statistically significant differences
in AUC were detected between the models.

As a supplementary analysis, the area under the precision-recall curve (AUPRC) ranged from 0.852 to
0.874 across the six models. The final ExtraTrees_Isotonic model had an AUPRC of 0.871, above the
temporal test-set prevalence baseline of 0.61 (Figure S3 in Additional file 1).

At the Youden threshold locked during training, ExtraTrees_Isotonic correctly identified 77 of 94 patients
with CRA, with 17 false negatives. Among 61 patients with normal colonoscopy findings, 43 were
correctly classified and 18 were false positives. This corresponded to a sensitivity of 0.819 and a
specificity of 0.705 (Fig. 4). ExtraTrees had the highest specificity (0.721) but lower sensitivity (0.798),
showing the trade-off between sensitivity and specificity across models.

The calibration curve for the final ExtraTrees_Isotonic model is shown in Fig. 5. Predicted probabilities
were generally close to the observed proportions in the mid-to-high probability range, while larger
deviations were seen at lower probabilities. The Brier score in the temporal test set was 0.176.

Decision curve analysis showed that the final ExtraTrees_Isotonic model had a higher net benefit than
the treat-all and treat-none strategies across most of the evaluated threshold probabilities (Fig. 6).
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Around the Youden threshold of 0.556 locked during training, the model maintained a positive net benefit
and remained above both reference strategies.

SHAP Interpretation Results

SHAP analysis was performed on the base ExtraTrees classifier within the final ExtraTrees_lsotonic
model using the temporal test set. The analysis assessed the contribution and direction of each feature
to model output. Ranked by mean absolute SHAP value, sex (male), history of constipation, and PNI were
the top three features. They were followed by hemoglobin, history of diarrhea, age, history of alcohol
consumption, serum creatinine, LDL-C, and HDL-C (Fig. 7).

The SHAP beeswarm plot showed the direction of each feature's contribution to model output (Fig. 8).
Male sex was more often associated with positive SHAP values, while female sex was more often
associated with negative values. History of constipation, history of diarrhea, and history of alcohol
consumption were also mainly associated with positive SHAP values. Higher PNI, age, and hemoglobin
values generally corresponded to higher SHAP values. SHAP values for LDL-C and HDL-C were mostly
concentrated near zero, indicating smaller overall contributions.

SHAP dependence plots were generated for the three most important features (Fig. 9). Male sex and
history of constipation were generally associated with positive SHAP values, consistent with the
beeswarm plot. PNI showed a nonlinear relationship with SHAP values. At lower and intermediate input
values, SHAP values were mostly near zero or negative. As PNI increased, SHAP values became positive
and increased. Point colors indicate the values of a second feature; statistical interactions were not
formally tested.

Overall, sex, history of constipation, PNI, and hemoglobin made relatively large contributions to
predictions from the base ExtraTrees classifier, with a nonlinear contribution pattern for PNI.

Discussion

In this study, we developed a model to identify CRA in patients with MetS using routine clinical and
laboratory data available before colonoscopy. Ten features were retained from 48 candidate predictors.
ExtraTrees_lsotonic was selected as the final model according to the prespecified selection rule. In the
temporal test set, the model achieved an AUC of 0.811, a sensitivity of 0.819, a specificity of 0.705, and a
Brier score of 0.176. DCA showed greater net benefit than the treat-all and treat-none strategies across
most evaluated threshold probabilities. SHAP analysis revealed sex, history of constipation, and PNI as
the three largest contributors to model predictions. These results indicate satisfactory discrimination
and relatively high sensitivity in the study population.

Previous meta-analyses have shown that MetS is associated with an increased risk of CRA (131 put few
studies have examined individualized CRA prediction for patients with MetS. Similar studies have been
conducted in other specific high-risk populations. Liu et al. established a model via automated machine

learning (AutoML) among 506 patients with MASLD. Their best GBM model achieved an AUC of 0.791 in
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the validation set "%, Mu et al. developed a logistic regression model in 521 patients with T2DM, with an
AUC of 0.878 [8] our study focused on a different question: among patients who already have MetS,
which individuals are more likely to have CRA? The 10 features retained in the final model are not a
simple combination of MetS diagnostic components. Only HDL-C belongs to the MetS diagnostic
components, and the other features include LDL-C, age, sex, history of constipation and diarrhea, PNI,
hemoglobin, history of alcohol consumption and serum creatinine. BMI, fasting plasma glucose, and
triglycerides were not retained in the final model. This suggests that differences in demographic
characteristics, gastrointestinal symptoms, nutritional and hematologic status, and lifestyle may provide
additional information for distinguishing CRA from normal colonoscopy findings in patients with MetS.

SHAP analysis showed that sex, history of constipation, and PNI made the largest contributions to
model predictions, followed by hemoglobin, history of diarrhea, age and history of alcohol consumption.
A 2025 meta-analysis of 31 population-based studies found that male sex and older age were
associated with higher adenoma detection rates 32 In 2026, a screening study further revealed that
after adjusting for age and sex, the association between metabolic syndrome (MetS) and advanced
colorectal lesions was significantly attenuated, indicating that age and sex may partially explain the
observed associations 33, In our study, male sex was more often associated with positive SHAP values,
while higher age also tended to correspond to higher SHAP values. This suggests that evenin a
population with pre-existing MetS, age and sex still provide discriminative information. History of alcohol
consumption was also mainly associated with positive SHAP values. Previous meta-analyses have
generally supported a link between higher alcohol intake and an elevated risk of colorectal adenoma

(CRA) 3435l \whereas a recent analysis of the PLCO cohort found no significant association between
higher lifetime alcohol intake and incident CRA [36]

Among gastrointestinal symptoms, history of constipation had the second largest SHAP contribution.
History of diarrhea was also retained in the final model. Previous studies on constipation, diarrhea, and
colorectal neoplastic lesions have produced inconsistent findings. Current evidence is insufficient to
establish a consistent association between these symptoms and colorectal adenoma. A 2024 study
involving 50,578 colonoscopy procedures found that constipation was not significantly associated with
polyp detection in multivariable analysis 371 1n contrast, Guérin et al. reported a higher incidence of
benign colorectal neoplasms among patients with chronic constipation in a large database study 381, For
diarrhea, Li et al. found that chronic diarrhea was associated with colorectal adenomatous polyps in a
prospective study of 3,576 participants. Chronic diarrhea was also retained as an independent predictor
in the multivariable model 39, Current evidence is limited by differences in study populations, symptom
definitions, and outcome measures. Therefore, neither history of constipation nor history of diarrhea can
yet be considered an independent risk factor for CRA.

Among laboratory indicators, the contributions of PNI and hemoglobin are relatively prominent. PNI
ranked first in permutation importance and third in SHAP analysis. Its contribution showed a nonlinear
pattern. At lower and intermediate PNI values, SHAP values were mostly close to zero or negative. At
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higher PNI values, SHAP values became positive and increased markedly. PNI is derived from serum
albumin and peripheral blood lymphocyte count and reflects nutritional and immune status 9. MetS is
characterized by chronic low-grade inflammation, insulin resistance, and immunometabolic dysfunction
[41] 1 patients with MetS, PNI may capture nutritional and immune-inflammatory status not reflected by
the conventional diagnostic components of MetS. A previous study found lower PNI in patients with
recurrent CRA after resection, although this association was not significant after multivariable
adjustment 2. Another study involving 1,330 subjects found that after adjusting for factors such as
diabetes, cardiovascular disease and BMI, PNI was still negatively associated with advanced colorectal
neoplasia (OR=0.958, 95% Cl: 0.930-0.987, P=0.005) [43]. This discrepancy may partly reflect differences
in study populations and outcome definitions, as well as the nonlinear relationship between PNI and
model output observed in our study.

Hemoglobin ranked second in feature selection and also showed a relatively large contribution in the
SHAP analysis. A colonoscopy study involving 1,633 asymptomatic Chinese adults found that higher
hemoglobin levels are associated with the detection of colorectal polyps [44], Hemoglobin is also related
to several metabolic features of MetS. Previous studies have reported positive correlations between
hemoglobin and triglycerides, waist circumference, fasting plasma glucose, insulin, and HOMA-IR. Higher
hemoglobin levels have also been associated with incident MetS 4], Meta-analysis also showed that
hemoglobin levels in MetS patients are higher than those in non-MetS populations ¢l These findings
suggest that hemoglobin may capture part of the metabolic profile associated with MetS. Evidence
directly linking hemoglobin to CRA remains limited.

Based on the research purpose of identifying CRA patients as much as possible before colonoscopy,
candidate models were compared according to preset rules, and model selection placed more emphasis
on sensitivity performance. For the final model, the classification threshold corresponding to the
maximum Youden's index in the out-of-fold (OOF) prediction of the training set was 0.5563. At this
threshold, 77 of 94 patients with CRA were correctly identified in the temporal test set, while 17 were
missed. Among 61 patients with normal colonoscopy findings, 43 were correctly classified and 18 were
classified as CRA. Such classification results reflect the trade-off between a higher CRA recognition rate
and false positives. Under this classification threshold, some individuals with normal colonoscopy
results may be classified as CRA, and a negative model result cannot completely exclude CRA. The final
model had a Brier score of 0.176. The calibration curve showed that predicted probabilities were
relatively close to the observed proportions in the mid-to-high probability range, while larger deviations
were seen at lower probabilities. This indicates that the calibration is relatively good in the medium-to-
high prediction probability range, but caution is warranted when interpreting predictions in the low-
probability range [47]. DCA showed that the net benefit of the model was higher than that of the treat-all
and treat-none strategies across most of the investigated threshold probability ranges. This finding
suggests potential clinical utility in the study population [48]. Overall, the model may assist with pre-
colonoscopy identification of CRA, but it cannot be used to rule out CRA or replace colonoscopy.
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This study has several limitations. First, this study is a single-center retrospective study. Although the
temporal test set was used to evaluate the model performance, both the training set and the temporal
test set came from the same hospital. Patient characteristics and the proportion of CRA may differ
across institutions or from those in the general MetS population. The current results mainly reflect
single-center temporal validation within our study population. Further validation in independent external
cohorts is needed. Second, waist circumference was unavailable in this retrospective cohort. We used
BMI =25.0 kg/m? to define the obesity component of MetS. BMI cannot directly reflect abdominal fat
distribution, and Asian populations may have higher metabolic risk even at lower BMI levels 49-50],
Substituting BMI for waist circumference may have affected MetS classification, the composition of the
study population, and model performance. Third, the control group included only patients with normal
colonoscopy findings. Patients with non-adenomatous polyps were not included. Therefore, it remains
unclear whether the model can effectively distinguish CRA from other types of colorectal polyps. Future
multicenter prospective studies are needed to externally validate the model, including its discrimination,
calibration, classification threshold, and clinical utility. A broader range of colonoscopic outcomes
should also be included to develop and evaluate multiclass models that distinguish CRA from normal

colonoscopy findings and other types of colorectal polyps.

Conclusions

In conclusion, the ExtraTrees_lsotonic model used routine clinical and laboratory data available before
colonoscopy to estimate the likelihood of CRA in patients with MetS. The model showed good
discrimination and relatively high sensitivity in temporal validation. The information used by the model is
not limited to MetS diagnostic components, but also includes demographic characteristics,
gastrointestinal symptoms, nutritional and hematological measures, lifestyle and other aspects.
Currently, the model has undergone only single-center temporal validation, and its external applicability,
probability calibration and clinical decision-making value still need further verification in independent
populations.
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PNI

prognostic nutritional index
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Patients with metabolic syndrome who underwent colonoscopy
January 2024-June 2026

!
~

Inclusion criteria

+ Age =18 years: ad 1y prepared col py and required clinical data available
+ MetS ( 23 of 5 components) : BMI =25 kg/m? BP =130/85 mmHg or treatment:TG =1.7 mmol/L or treatment:
HDL-C <1.03 mmol/L (men) or <1.29 mmol/L (women);FPG =6.1 mmol/L or glucose-lowering treatment.

-
l N

Exclusion criteria

« Colorectal cancer, inflammatory bowel disease, prior colorectal surgery, or hereditary polyposts syndrome
+ Severe cardiac, hepatic, renal, or neurological dysfunction, Other malignancy, hematological disease, or autoimmune disease

'

Col v and histopathological findings

!

Final study population (n=774)
CRA group (n=467) | Normal-colonoscopy group (n=307)

!

I Temporal split by colonoscopy date ]

/\.

Temporal test set

Training set
January—June 2026 (Final model evaluation)

January 2024-December 2025 (Model development)

Evaluation of the locked model
—> AUC 0.811 (95% CI, 0.740-0.875)

Training-set preprocessing
Sensitivity 0.819, Specificity 0.705, Brier score 0.176

Missing-value imputation, winsorization, and Yeo—Johnson transformation
Training-derived parameters applied to the test set

Two-stage feature selection
Mutual-information pre-screening — optimized GBDT
Five-fold CV permutation importance: 48 — 10 features

A 4

Model interpretation
SHAP global importance and individual predictor contributions

A 4

Candidate model development

Elastic Net LR, XGBoost and Extra Trees
Base-model folds: scaling — ADASYN — classifier
Platt/isotonic calibration; Stacking and soft Voting (11 configurations)

Five-fold OOF model and threshold selection
Sensitivity ranked first; AUC and specificity used for ties —t
Youden threshold; ExtraTrees_Isotonic locked as the final model

ExtraTrees_Isotonic model evaluated in the temporal test set
Pre-colonoscopy estimation of CRA likelihood in patients with MetS

Figure 1

Study design and model development workflow.
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GBDT Feature Selection — Selected Features (IMP=0 & pfa==0.5)
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Figure 2

Cross-validated permutation importance of the 10 selected features.

Note: Bars show the mean decrease in AUC after feature permutation, and error bars show variation
across the five cross-validation folds. The three features with the highest mean permutation importance
are shown in red; the other selected features are shown in blue.
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Receiver Operating Characteristic (ROC) Curves
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Figure 3

ROC curves of the six top-ranked candidate models in the temporal test set.
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Confusion Matrices — Top-6& Models (Youden threshold)
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Figure 4

Confusion matrices of the six top-ranked models in the temporal test set.

Note: Confusion matrices were generated using the Youden thresholds locked during training.
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Calibration Curve — ExtraTrees_Isotonic
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Figure 5

Calibration curve of the final ExtraTrees_lsotonic model in the temporal test set.
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Decision Curve Analysis — ExtraTrees Isotonic

Treat All
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Net Benefit
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Figure 6

Decision curve analysis of the final ExtraTrees_lsotonic model in the temporal test set.
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SHAP Feature Importance — Final Model ExtraTrees (TreeExplainer)
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Figure 7

Global SHAP feature importance for the base ExtraTrees classifier.

SHAP Summary Plot — Final Model ExtraTrees (TreeExplainer)
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SHAP beeswarm plot for the base ExtraTrees classifier.

Note: Colors indicate preprocessed feature values.
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