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Machine Learning Algorithm-Based Mining and Integration of Clinical Laboratory
Multi-Parameter Big Data for the Construction and Performance Evaluation
of a Colorectal Polyps Risk Prediction Model

WANG Jing', HAO Xiaoyan', BAI Congxia’, DENG Juan’, ZHOU Lei*, WANG Juan®, LIU Jiayun® (a. Department of Labo—
ratory Medicine; b. Department of Gastroenterology, Xijing Hospital of Air Force Medical University, Xi’an 710032, China)

Abstract: Objective To establish a prediction model for colorectal polyps via mining big data derived from routine laboratory ex-
aminations through machine learning algorithms, and to provide novel insights for the early diagnosis and prophylactic treatment
of precancerous lesions of colorectal cancer. Method A total of 423 patients diagnosed with colorectal polyps and 305 healthy
controls were enrolled at Xijing Hospital of Air Force Medical University between October 2023 and December 2024. Sixty-six
variables, including age, gender, and laboratory test indicators were collected. Feature selection was performed using three dis-
tinct methods: least absolute shrinkage and selection operator cross-validation (LassoCV), extreme gradient boosting-recursive
feature elimination cross-validation (XGBoost-RFECV), and support vector machine-recursive feature elimination cross-valida-
tion (SVM-RFECV). The Synthetic Minority Oversampling Technique (SMOTE) was applied to balance the dataset, resulting in
a total of 846 eligible cases after processing. Subsequently, nine machine learning algorithms, namely Random Forest, Gaussian
Naive Bayes (GNB), Decision Tree, Logistic Regression, gradient boosting decision tree (GBDT), complement naive Bayes
(CNB), Adaptive Boosting (AdaBoost), extreme gradient boosting (XGBoost), and light gradient boosting machine (LightGBM),
were utilized to establish an early prediction model for colorectal polyps. Among all cases, 760 were assigned to the training set
and 86 to the validation set for evaluating the predictive performance of the model. Results A total of eight variables was finally
incorporated into the colorectal polyp prediction model, including activated partial thromboplastin time (APTT), thrombin time
(TT), prothrombin time (PT), mean platelet volume (MPV), platelet distribution width (PDW), direct bilirubin (DBIL), urea (BU)

and sodium ion (Na). Among the nine machine learning algorithms evaluated, the XGBoost model exhibited the optimal predictive
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efficacy, with an area under the receiver operating characteristic curve, with an AUC(95%CI) of 0.961 (0.951 ~ 0.971), a sensi-

tivity of 0.894, and a specificity of 0.889. Conclusions The risk prediction model for colorectal polyps, developed by integrating

the XGBoost algorithm with eight laboratory indicators, provides a new evidence base for the popularization of colonoscopy and

the early screening and diagnosis of colorectal cancer.
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