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Health literacy prediction models based on machine learning methods:

a scoping review
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Abstract: Objective To conduct a scoping review on the types, construction methods and predictive performance of
health literacy prediction models based on machine learning methods, so as to provide the reference for the improve-
ment and application of such models. Methods Publications on health literacy prediction models conducted using ma-
chine learning methods were retrieved from CNKI, Wanfang Data, VIP, PubMed and Web of Science from inception to
May 1, 2024. The quality of literature was assessed using the Prediction Model Risk of Bias ASsessment Tool. Basic
characteristics, modeling methods, data sources, missing value handling, predictors and predictive performance were re-
viewed. Results A total of 524 publications were retrieved, and 22 publications between 2007 and 2024 were finally
enrolled. Totally 48 health literacy prediction models were involved, and 25 had a high risk of bias (52.08%), with ma-
jor issues focusing on missing value handling, predictor selection and model evaluation methods. Modeling methods in-
cluded regression models, tree—based machine learning methods, support vector machines and neural network models.
Predictors primarily encompassed factors at four aspects: individual, interpersonal, organizational and society/policy as-
pects, with age, educational level, economic status, health status and internet use appearing frequently. Internal valida-
tion was conducted in 14 publications, and external validation was conducted in 4 publications. Forty—two models report-
ed the areas under the receiver operating characteristic curve, which ranged from 0.52 to 0.983, indicating good discrim-

ination. Conclusion Health literacy prediction models based on machine learning methods perform well, but have defi-
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ciencies in risk of bias, data processing and validation.
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