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[bookmark: _Toc1068046576]SUPPLEMENTARY TABLES
[bookmark: _Toc1990481206][bookmark: _Toc1153796267]Table S1 PRISMA 2020 Checklist
	Section and Topic 
	Item #
	Checklist item 
	Location where item is reported 

	TITLE 
	

	Title 
	1
	Identify the report as a systematic review.
	P1

	ABSTRACT 
	

	Abstract 
	2
	See the PRISMA 2020 for Abstracts checklist.
	P4

	INTRODUCTION 
	

	Rationale 
	3
	Describe the rationale for the review in the context of existing knowledge.
	P7-8

	Objectives 
	4
	Provide an explicit statement of the objective(s) or question(s) the review addresses.
	P9

	METHODS 
	

	Eligibility criteria 
	5
	Specify the inclusion and exclusion criteria for the review and how studies were grouped for the syntheses.
	P10

	Information sources 
	6
	Specify all databases, registers, websites, organisations, reference lists and other sources searched or consulted to identify studies. Specify the date when each source was last searched or consulted.
	P10

	Search strategy
	7
	Present the full search strategies for all databases, registers and websites, including any filters and limits used.
	P11, TableS2-S5

	Selection process
	8
	Specify the methods used to decide whether a study met the inclusion criteria of the review, including how many reviewers screened each record and each report retrieved, whether they worked independently, and if applicable, details of automation tools used in the process.
	Figure S1

	Data collection process 
	9
	Specify the methods used to collect data from reports, including how many reviewers collected data from each report, whether they worked independently, any processes for obtaining or confirming data from study investigators, and if applicable, details of automation tools used in the process.
	P12

	Data items 
	10a
	List and define all outcomes for which data were sought. Specify whether all results that were compatible with each outcome domain in each study were sought (e.g. for all measures, time points, analyses), and if not, the methods used to decide which results to collect.
	TableS7,8

	
	10b
	List and define all other variables for which data were sought (e.g. participant and intervention characteristics, funding sources). Describe any assumptions made about any missing or unclear information.
	Table1

	Study risk of bias assessment
	11
	Specify the methods used to assess risk of bias in the included studies, including details of the tool(s) used, how many reviewers assessed each study and whether they worked independently, and if applicable, details of automation tools used in the process.
	P13

	Effect measures 
	12
	Specify for each outcome the effect measure(s) (e.g. risk ratio, mean difference) used in the synthesis or presentation of results.
	Figure3, TableS8

	Synthesis methods
	13a
	Describe the processes used to decide which studies were eligible for each synthesis (e.g. tabulating the study intervention characteristics and comparing against the planned groups for each synthesis (item #5)).
	P15

	
	13b
	Describe any methods required to prepare the data for presentation or synthesis, such as handling of missing summary statistics, or data conversions.
	P14-16

	
	13c
	Describe any methods used to tabulate or visually display results of individual studies and syntheses.
	P14-16

	
	13d
	Describe any methods used to synthesize results and provide a rationale for the choice(s). If meta-analysis was performed, describe the model(s), method(s) to identify the presence and extent of statistical heterogeneity, and software package(s) used.
	P14-16

	
	13e
	Describe any methods used to explore possible causes of heterogeneity among study results (e.g. subgroup analysis, meta-regression).
	P14-16

	
	13f
	Describe any sensitivity analyses conducted to assess robustness of the synthesized results.
	-

	Reporting bias assessment
	14
	Describe any methods used to assess risk of bias due to missing results in a synthesis (arising from reporting biases).
	-

	Certainty assessment
	15
	Describe any methods used to assess certainty (or confidence) in the body of evidence for an outcome.
	-

	RESULTS 
	

	Study selection 
	16a
	Describe the results of the search and selection process, from the number of records identified in the search to the number of studies included in the review, ideally using a flow diagram.
	P17

	
	16b
	Cite studies that might appear to meet the inclusion criteria, but which were excluded, and explain why they were excluded.
	TableS6

	Study characteristics 
	17
	Cite each included study and present its characteristics.
	P17-18

	Risk of bias in studies 
	18
	Present assessments of risk of bias for each included study.
	P21-22

	Results of individual studies 
	19
	For all outcomes, present, for each study: (a) summary statistics for each group (where appropriate) and (b) an effect estimate and its precision (e.g. confidence/credible interval), ideally using structured tables or plots.
	P18-P20

	Results of syntheses
	20a
	For each synthesis, briefly summarise the characteristics and risk of bias among contributing studies.
	P21-22

	
	20b
	Present results of all statistical syntheses conducted. If meta-analysis was done, present for each the summary estimate and its precision (e.g. confidence/credible interval) and measures of statistical heterogeneity. If comparing groups, describe the direction of the effect.
	P20-21

	
	20c
	Present results of all investigations of possible causes of heterogeneity among study results.
	P20-21

	
	20d
	Present results of all sensitivity analyses conducted to assess the robustness of the synthesized results.
	P20-21

	Reporting biases
	21
	Present assessments of risk of bias due to missing results (arising from reporting biases) for each synthesis assessed.
	-

	Certainty of evidence 
	22
	Present assessments of certainty (or confidence) in the body of evidence for each outcome assessed.
	-

	DISCUSSION 
	

	Discussion 
	23a
	Provide a general interpretation of the results in the context of other evidence.
	P22

	
	23b
	Discuss any limitations of the evidence included in the review.
	P23

	
	23c
	Discuss any limitations of the review processes used.
	P27

	
	23d
	Discuss implications of the results for practice, policy, and future research.
	P23-25

	OTHER INFORMATION
	

	Registration and protocol
	24a
	Provide registration information for the review, including register name and registration number, or state that the review was not registered.
	P10

	
	24b
	Indicate where the review protocol can be accessed, or state that a protocol was not prepared.
	P10

	
	24c
	Describe and explain any amendments to information provided at registration or in the protocol.
	-

	Support
	25
	Describe sources of financial or non-financial support for the review, and the role of the funders or sponsors in the review.
	P29

	Competing interests
	26
	Declare any competing interests of review authors.
	P29

	Availability of data, code and other materials
	27
	Report which of the following are publicly available and where they can be found: template data collection forms; data extracted from included studies; data used for all analyses; analytic code; any other materials used in the review.
	P29




[bookmark: _Toc517376276]Table S2 Search Strategy and Retrieval Results in CNKI Database (February 1, 2026)
	Database
	Search Query
	Results

	CNKI
	（主题：肥胖 + 超重或肥胖 + 超重与肥胖 + ’超重/肥胖’ + 超重和肥胖 + 超重及肥胖）AND（主题：风险模型 + 风险模型建立 + 风险模型预测 + 风险模型构架）
	218


[bookmark: _Toc31197]

[bookmark: _Toc76527059][bookmark: _Toc381784029]Table S3 Search Strategy and Retrieval Results in PubMed Database (February 1, 2026)
	#
	Search Query
	Results

	1
	"Obesity"[Mesh] OR "Overweight"[Mesh] OR "Body Mass Index"[Mesh] OR obes*[tiab] OR overweight[tiab] OR "body mass index"[tiab] OR BMI[tiab] OR "waist circumference"[tiab] OR "waist-to-hip ratio"[tiab] OR adipos*[tiab]
	892,175

	2
	"Prediabetic State"[Mesh] OR "Diabetes Mellitus, Type 2"[Mesh] OR prediabet*[tiab] OR "type 2 diabetes"[tiab] OR T2DM[tiab] OR "Dyslipidemias"[Mesh] OR dyslipidemia[tiab] OR hypertriglyceridemia[tiab] OR "low HDL"[tiab] OR "Hypertension"[Mesh] OR hypertension[tiab] OR "Non-alcoholic Fatty Liver Disease"[Mesh] OR "fatty liver"[tiab] OR NAFLD[tiab] OR NASH[tiab] OR "liver fibrosis"[tiab] OR "Sleep Apnea, Obstructive"[Mesh] OR "obstructive sleep apnea"[tiab] OR OSAS[tiab] OR OSA[tiab] OR "Polycystic Ovary Syndrome"[Mesh] OR "polycystic ovary syndrome"[tiab] OR PCOS[tiab] OR "Cardiovascular Diseases"[Mesh] OR "Coronary Artery Disease"[Mesh] OR "Heart Failure"[Mesh] OR "Atrial Fibrillation"[Mesh] OR "cardiovascular disease"[tiab] OR "heart disease"[tiab] OR "heart failure"[tiab] OR "atrial fibrillation"[tiab] OR "Colorectal Neoplasms"[Mesh] OR "Endometrial Neoplasms"[Mesh] OR "Breast Neoplasms"[Mesh] OR "colorectal cancer"[tiab] OR "endometrial cancer"[tiab] OR "postmenopausal breast cancer"[tiab] OR "Depression"[Mesh] OR "Anxiety Disorders"[Mesh] OR depression[tiab] OR anxiety[tiab] OR "eating disorder"[tiab]
	5,109,624

	3
	(("risk prediction"[tiab] OR "prediction model"[tiab] OR "prognostic model"[tiab] OR "risk model"[tiab] OR "risk score"[tiab] OR nomogram[tiab] OR "risk assessment"[tiab] OR "risk evaluation"[tiab]) AND (validation[tiab] OR derivation[tiab] OR development[tiab] OR discrimination[tiab] OR calibration[tiab] OR "C-statistic"[tiab] OR AUC[tiab] OR "ROC curve"[tiab] OR "Hosmer-Lemeshow"[tiab]))
	96087

	4
	("2020/01/01"[Date - Publication] : "2024/12/31"[Date - Publication])
	7,800,493

	5
	#1 AND #2 AND #3 AND #4
	1566


[bookmark: _Toc24807]

[bookmark: _Toc2110521814][bookmark: _Toc1995059707]Table S4 Search Strategy and Retrieval Results in Web of Science Database (February 1, 2026)
	#
	Search Query
	Results

	1
	TS=(obes* OR overweight OR "body mass index" OR BMI OR "waist circumference" OR "waist-to-hip ratio" OR adipos*)   
	1011303

	2
	TS=("type 2 diabetes" OR T2DM OR prediabet* OR dyslipidemia OR hypertriglyceridemia OR "low HDL" OR hypertension OR "fatty liver" OR NAFLD OR NASH OR "liver fibrosis" OR "obstructive sleep apnea" OR OSA OR "polycystic ovary syndrome" OR PCOS OR "cardiovascular disease" OR "heart failure" OR "atrial fibrillation" OR "colorectal cancer" OR "endometrial cancer" OR "postmenopausal breast cancer" OR depression OR anxiety OR "eating disorder")   
	3016690

	3
	TS=("risk prediction" OR "prediction model" OR "prognostic model" OR "risk model" OR "risk score" OR nomogram OR "risk assessment" OR "risk evaluation")
	449120

	4
	TS=(validation OR derivation OR development OR discrimination OR calibration OR "C-statistic" OR AUC OR "ROC curve" OR "Hosmer-Lemeshow")   
	8419011

	5
	#1 AND #2 AND #3 AND #4  Timespan: 2020-01-01 to 2026-02-01 
	2254


[bookmark: _Toc29605]

[bookmark: _Toc158831291][bookmark: _Toc1552730399]Table S5 Search Strategy and Retrieval Results in Embase Database (February 1, 2026)
	#
	Search Query
	Results


	1
	obes*:ti,ab OR overweight:ti,ab OR 'body mass index':ti,ab OR bmi:ti,ab OR 'waist circumference':ti,ab OR 'waist hip ratio':ti,ab
	
1,208,756

	2
	'prediabetes mellitus'/exp OR 'type 2 diabetes mellitus'/exp OR prediabet*:ti,ab OR 'type 2 diabetes':ti,ab OR t2dm:ti,ab OR 'dyslipidemia'/exp OR dyslipidemia:ti,ab OR hypertriglyceridemia:ti,ab OR 'low hdl':ti,ab OR 'hypertension'/exp OR hypertension:ti,ab OR 'nonalcoholic fatty liver'/exp OR 'fatty liver':ti,ab OR nafld:ti,ab OR nash:ti,ab OR 'liver fibrosis':ti,ab OR 'obstructive sleep apnea'/exp OR 'obstructive sleep apnea':ti,ab OR osa:ti,ab OR 'polycystic ovary syndrome'/exp OR pcos:ti,ab OR 'cardiovascular disease'/exp OR 'coronary artery disease'/exp OR 'heart failure'/exp OR 'atrial fibrillation'/exp OR 'cardiovascular disease':ti,ab OR 'heart failure':ti,ab OR 'atrial fibrillation':ti,ab OR 'colorectal cancer'/exp OR 'endometrial cancer'/exp OR 'breast cancer'/exp OR 'colorectal cancer':ti,ab OR 'endometrial cancer':ti,ab OR 'breast cancer':ti,ab OR 'depression'/exp OR 'anxiety disorder'/exp OR depression:ti,ab OR anxiety:ti,ab
	9406490

	3
	('risk prediction':ti,ab OR 'prediction model':ti,ab OR 'risk model':ti,ab OR 'risk score':ti,ab OR nomogram:ti,ab OR 'prediction rule':ti,ab OR 'risk assessment':ti,ab OR 'risk evaluation':ti,ab) AND (validation:ti,ab OR derivation:ti,ab OR development:ti,ab OR discrimination:ti,ab OR calibration:ti,ab OR 'c statistic':ti,ab OR auc:ti,ab OR 'roc curve':ti,ab OR 'hosmer lemeshow':ti,ab)
	118037

	4
	[2020-2026]/py
	11801449

	5
	#1 AND #2 AND #3 AND #4
	4127

	6
	mortality:ti OR survival:ti OR prognosis:ti OR prognostic:ti OR recurrence:ti OR complication*:ti OR outcome*:ti
	2024439

	7
	#5 NOT #6
	33543

	8
	'prediction and forecasting'/exp OR 'risk assessment'/exp
	2759297

	9
	#7 AND #8
	2615



[bookmark: _Toc716]

[bookmark: _Toc155334616][bookmark: _Toc518537649]Table S6 List of Excluded Studies After Full-Text Screening(27)
	Reasons for Exclusion
	Information of Excluded Studies

	(1) Inconsistent model objectives (e.g., constructing diagnostic models, prognostic models, or treatment selection models rather than incident risk models; models not targeting overweight/obesity-related diseases or core predictors excluding overweight/obesity-related indicators (such as BMI, waist circumference, and other anthropometric indicators)) (N=11)
	1) Zheng B. Construction of a predictive model for central precocious puberty risk in obese girls based on body composition indicators. University of South China, 2024.(1)
2) Huang R. Construction and analysis of a nomogram model for predicting the risk of central precocious puberty in obese girls. Nanchang University, 2023.(2)
3) Jiang X, Liu R, Liao T, et al. A Predictive Model of Live Birth Based on Obesity and Metabolic Parameters in Patients With PCOS Undergoing Frozen-Thawed Embryo Transfer. Front Endocrinol (Lausanne) 2021;12:799871. doi: 10.3389/fendo.2021.799871 [published Online First: 20220112](3)
4) Yang SG, Yoo HJ. A Scoring Model Using Multi-Metabolites Based on Untargeted Metabolomics for Assessing Dyslipidemia in Korean Individuals with Obesity. Metabolites 2025;15(4) doi: 10.3390/metabo15040279 [published Online First: 20250417](4)
5) Wang J, Tang Y, Peng K, et al. Development and validation of a nomogram for predicting nonalcoholic fatty liver disease in the non-obese Chinese population. Am J Transl Res 2020;12(10):6149–59. [published Online First: 20201015](5)
6) Ge H, Chang H, Wang Y, et al. Establishment and validation of a nomogram model for predicting ovulation in the PCOS women. Medicine (Baltimore) 2024;103(14):e37733. doi: 10.1097/md.0000000000037733(6)
7) Zhao Z, Lu H, Meng R, et al. Risk factor analysis and risk prediction study of obesity in steelworkers: model development based on an occupational health examination cohort dataset. Lipids Health Dis 2024;23(1):10. doi: 10.1186/s12944-023-01994-x [published Online First: 20240108](7)
8) Zou J, Wang Y, Xu H, et al. The use of visceral adiposity variables in the prediction of obstructive sleep apnea: evidence from a large cross-sectional study. Sleep Breath 2020;24(4):1373–82. doi: 10.1007/s11325-019-01980-7 [published Online First: 20191212](8)
9) Pei JY, Zhang DD, He H, et al. [Risk prediction of metabolic syndrome and coronary artery disease in overweight and obese populations based on serum metabolomics]. Zhonghua Xin Xue Guan Bing Za Zhi 2023;51(12):1247–55. doi: 10.3760/cma.j.cn112148-20231008-00254(9)
10) Ellis-Kahana J, Sparks AD, Gimovsky AC, et al. Developing a model for predicting venous thromboembolism in obese pregnant women in a national study. Thromb Res 2020;191:42–49. doi: 10.1016/j.thromres.2020.03.025 [published Online First: 20200423](10)
11) Sun Y, Miao H, Gong H, et al. Risk Factors Analysis and Nomogram Model Establishment of Hidden Blood Loss in Overweight and Obese Elderly Patients After Total Hip Arthroplasty. Clin Interv Aging 2024;19:57–66. doi: 10.2147/cia.S428307 [published Online First: 20240110](11)

	(2) No internal validation performed (e.g., Bootstrap, cross-validation, random splitting) or lack of disclosure of validation results (N=10)
	1) Zhao Y. Study on the Risk and Etiological Network of MAFLD in Different Obesity Phenotypes.Lanzhou University, 2024.(12)
2) Huang Q. Association between obesity-related indicators and type 2 diabetes mellitus, and disease risk prediction models in older adults. Anhui Medical University, 2024.(13)
3) Lahelma M, Luukkonen PK, Qadri S, et al. Assessment of Lifestyle Factors Helps to Identify Liver Fibrosis Due to Non-Alcoholic Fatty Liver Disease in Obesity. Nutrients 2021;13(1) doi: 10.3390/nu13010169 [published Online First: 20210108](14)
4) Tawfik MY, Mohamed SF, Elotla SF. Association of novel visceral obesity indices with 10-year risk of major cardiovascular events in patients with type 2 diabetes mellitus. J Egypt Public Health Assoc 2025;100(1):12. doi: 10.1186/s42506-025-00188-w [published Online First: 20250530](15)
5) Lu YK, Dong J, Sun Y, et al. Gender-specific predictive ability for the risk of hypertension incidence related to baseline level or trajectories of adiposity indices: a cohort study of functional community. Int J Obes (Lond) 2022;46(5):1036–43. doi: 10.1038/s41366-022-01081-8 [published Online First: 20220203](16)
6) Ma G, Wang W, Zhu L, et al. Head-to-head comparison of visceral adiposity indices (A Body Shape Index and Visceral Adiposity Index) with traditional anthropometrics: a community-based strategy for cardiovascular risk prediction in urban China. BMJ Open 2025;15(12):e102918. doi: 10.1136/bmjopen-2025-102918 [published Online First: 20251208](17)
7) Lewandowska M, Więckowska B, Sajdak S, et al. Pre-Pregnancy Obesity vs. Other Risk Factors in Probability Models of Preeclampsia and Gestational Hypertension. Nutrients 2020;12(9) doi: 10.3390/nu12092681 [published Online First: 20200902](18)
8) Baek J, Jung SJ, Shim JS, et al. Comparison of Computed Tomography-based Abdominal Adiposity Indexes as Predictors of Non-alcoholic Fatty Liver Disease Among Middle-aged Korean Men and Women. J Prev Med Public Health 2020;53(4):256–65. doi: 10.3961/jpmph.20.140 [published Online First: 20200618](19)
9) Yao F, Cui J, Shen Y, et al. Evaluating a new obesity indicator for stroke risk prediction: comparative cohort analysis in rural settings of two nations. BMC Public Health 2024;24(1):3301. doi: 10.1186/s12889-024-20631-5 [published Online First: 20241127](20)
10) Cho Y, Chang Y, Ryu S, et al. Skeletal muscle mass to visceral fat area ratio as a predictor of NAFLD in lean and overweight men and women with effect modification by sex. Hepatol Commun 2022;6(9):2238–52. (21)doi: 10.1002/hep4.1975 [published Online First: 20220503]

	(3) Full text or key information required for the review unavailable (N=6)
	1) Mingzhe Cao JZ. Study on risk prediction models and determinants of dysfunction in Chinese middle-aged and elderly people with different obesity metabolic heterogeneity based on machine learning algorithms. The 14th National Sports Science Congress, 2025.(22)
2) Yin M, Dong W, Ren L, et al. Development and validation of a risk prediction model for diabetic kidney disease in patients with diabetic retinopathy. Front Endocrinol (Lausanne) 2025;16:1499866. doi: 10.3389/fendo.2025.1499866 [published Online First: 20250505](23)
3) Zhao Yuxuan YN, Liang Hui, et al. Construction and validation of a risk prediction model for secondary type 2 diabetes in young obesity patients. Chinese Journal of Digestive Surgery 2025;24(8):1044–52. doi: 10.3760/cma.j.cn115610-20250509-00186(24)
4) AI for the Prediction of Obesity-Related Vascular Diseases - Validation Study. clinicaltrialsgov 2024(25)
5) Lund LE, Nielsen RL, McVey Z, et al. Machine-learning prediction of obesity-related multi-morbidities. Diabetologia 2022;65((Lund L.E.; Nielsen R.L.; McVey Z.; Kitchen R.R.; Leal L.G.; Monfeuga T.; Gupta R.) Computational Biology, Novo Nordisk Research Centre Oxford, Oxford, United Kingdom):S135–S36. doi: 10.1007/s00125-022-05755-w(26)
6) Spelta E, Rossi E, Menichini D, et al. Obesity and hypertension during pregnancy: Development of a predictive model through bioelectrical impedance analysis. J Matern-Fetal Neonatal Med 2021;34(SUPPL 1):56–57. doi: 10.1080/14767058.2021.1962370(27)



[bookmark: _Toc573627217][bookmark: _Toc57965039][bookmark: _Toc1738838741][bookmark: _Toc25193][bookmark: _Toc1516260007]Table S7 Basic characteristics of the risk prediction models included in the study
	Study Design/Outcome
	First Author, Year
	Model Code
	Handling of Continuous Variables
	Handling of Missing Data
	Predictor Selection Method
	No. of Predictors
	Predictors
	Modeling Method
	Presentation
	Performance Evaluation Methods

	
	
	
	
	
	
	
	
	
	
	Apparent
	Internal
	External

	Cohort Study

	New-onset T2DM
	Tan C, et al., 2022(28)
	1
	Continuous
	Complete case analysis
	LASSO regression
	6
	Smoking, WC, HbA1c, FPG, HDL, TG
	NM
	Nomogram + Online calculator
	Discrimination + Calibration
	Bootstrap + Split-sample validation
	None

	New-onset T2DM
	Yang J, et al., 2025(29)
	2A
	Standardization
	Median (continuous) / Mode (categorical) imputation
	Univariate + multivariable logistic regression
	8
	BMI, Cr, Prealbumin, Glucose 180 min, HbA1c, TSH, Total T4, Free T4
	Machine Learning (Extra Trees)
	None
	Discrimination
	Cross-validation
	None

	New-onset T2DM
	Yang J, et al., 2025(29)
	2B
	Standardization
	Median (continuous) / Mode (categorical) imputation
	Univariate + multivariable logistic regression
	8
	BMI, Cr, Prealbumin, Glucose 180 min, HbA1c, TSH, Total T4, Free T4
	Machine Learning (Logistic)
	None
	Discrimination
	Cross-validation
	None

	New-onset T2DM
	Yang J, et al., 2025(29)
	2C
	Standardization
	Median (continuous) / Mode (categorical) imputation
	Univariate + multivariable logistic regression
	8
	BMI, Cr, Prealbumin, Glucose 180 min, HbA1c, TSH, Total T4, Free T4
	Machine Learning (SVM)
	None
	Discrimination
	Cross-validation
	None

	New-onset T2DM
	Yang J, et al., 2025(29)
	2D
	Standardization
	Median (continuous) / Mode (categorical) imputation
	Univariate + multivariable logistic regression
	8
	BMI, Cr, Prealbumin, Glucose 180 min, HbA1c, TSH, Total T4, Free T4
	Machine Learning (MLP)
	None
	Discrimination
	Cross-validation
	None

	New-onset T2DM
	Yang J, et al., 2025(29)
	2E
	Standardization
	Median (continuous) / Mode (categorical) imputation
	Univariate + multivariable logistic regression
	8
	BMI, Cr, Prealbumin, Glucose 180 min, HbA1c, TSH, Total T4, Free T4
	AdaBoost
	None
	Discrimination
	Cross-validation
	None

	New-onset T2DM
	Yang J, et al., 2025(29)
	2F
	Standardization
	Median (continuous) / Mode (categorical) imputation
	Univariate + multivariable logistic regression
	8
	BMI, Cr, Prealbumin, Glucose 180 min, HbA1c, TSH, Total T4, Free T4
	Machine Learning (Random Forest)
	None
	Discrimination
	Cross-validation
	None

	New-onset T2DM
	Yang J, et al., 2025(29)
	2G
	Standardization
	Median (continuous) / Mode (categorical) imputation
	Univariate + multivariable logistic regression
	8
	BMI, Cr, Prealbumin, Glucose 180 min, HbA1c, TSH, Total T4, Free T4
	Machine Learning (Extra Trees)
	None
	Discrimination
	Cross-validation
	None

	New-onset T2DM
	Yang J, et al., 2025(29)
	2H
	Standardization
	Median (continuous) / Mode (categorical) imputation
	Univariate + multivariable logistic regression
	8
	BMI, Cr, Prealbumin, Glucose 180 min, HbA1c, TSH, Total T4, Free T4
	Machine Learning (XGBoost)
	None
	Discrimination
	Cross-validation
	None

	New-onset T2DM
	Garcia C, et al., 2020(30)
	3A
	z-score standardization
	Linear interpolation
	No feature selection (all 17 CV risk-related features)
	17
	BMI, SBP, DBP, HDL, LDL, TG, HOMA-IR, Insulin, UACR, CRP, AST, ALT, GGT, VitD, Ferritin, Cr, Cystatin C
	Machine Learning (KNN)
	None
	Discrimination + Calibration
	Cross-validation
	None

	New-onset T2DM
	Garcia C, et al., 2020(30)
	3B
	z-score standardization
	Linear interpolation
	Based on RF feature importance
	17
	BMI, SBP, DBP, HDL, LDL, TG, HOMA-IR, Insulin, UACR, CRP, AST, ALT, GGT, VitD, Ferritin, Cr, Cystatin C
	Machine Learning (Random Forest)
	None
	Discrimination + Calibration
	Cross-validation
	None

	New-onset T2DM
	Garcia C, et al., 2020(30)
	3C
	z-score standardization
	Linear interpolation
	Based on RF feature importance
	3
	BMI, HOMA-IR, Insulin
	Machine Learning (KNN)
	None
	Discrimination + Calibration
	Cross-validation
	None

	New-onset T2DM
	Liu Q, et al., 2020(31)
	4A
	Partial categorization
	Complete case analysis
	LASSO regression
	6
	Age, Family history of T2DM, BMI, FBG, TC, TG
	Cox proportional hazards model
	Nomogram
	Discrimination + Calibration + Clinical value
	Split-sample validation
	None

	New-onset T2DM
	Liu Q, et al., 2020(31)
	4B
	Partial categorization
	Complete case analysis
	LASSO regression
	6
	Age, Family history of T2DM, BMI, FBG, TC, TG
	Cox proportional hazards model
	Nomogram
	Discrimination + Calibration + Clinical value
	Split-sample validation
	None

	SLD (confirmed by ultrasound)
	Park J, et al., 2025(32)
	5A
	Continuous
	Complete case analysis
	Univariate analysis
	5
	Age, Sex, BMI, Diabetes history, Dyslipidemia history
	Logistic regression (optimized by Random Forest)
	Scoring formula
	Discrimination
	Split-sample validation
	None

	SLD (confirmed by ultrasound)
	Park J, et al., 2025(32)
	5B
	Continuous
	Complete case analysis
	Univariate analysis
	5
	Sex, BMI, Body fat mass / Muscle mass, Diabetes history, Dyslipidemia history
	Logistic regression (optimized by Random Forest)
	Scoring formula
	Discrimination
	Split-sample validation
	None

	SLD (confirmed by ultrasound)
	Park J, et al., 2025(32)
	5C
	Continuous
	Complete case analysis
	Univariate analysis
	5
	Sex, BMI, VFA / Muscle mass, Diabetes history, Dyslipidemia history
	Logistic regression (optimized by Random Forest)
	Scoring formula
	Discrimination
	Split-sample validation
	None

	OSA
	Zhu X, et al., 2025(33)
	6
	Continuous
	Complete case analysis
	Univariate + multivariable logistic regression
	4
	Age, CC, NAFLD (Y/N), Mean SpO₂
	Logistic regression
	Nomogram
	Discrimination + Calibration + Clinical value
	Cross-validation
	None

	First-time ASCVD
	Zhou Y, et al., 2025(34)
	7A
	Partial log-transformation
	Complete case analysis
	Univariate + backward stepwise
	11
	Age (log), Race, Smoking, WHR, DM, HTN, ABI, Treated/untreated SBP, TC, HDL-C, eGFR(log)
	Cox proportional hazards regression
	Online calculator
	Discrimination + Calibration
	Split-sample validation
	Present

	First-time ASCVD
	Zhou Y, et al., 2025(34)
	7B
	Partial log-transformation
	Complete case analysis
	Univariate + backward stepwise
	10
	Age (log), Race, Smoking, ASCVD family history, DM, HTN, ABI, Treated/untreated SBP, TC, HDL-C, FPG
	Cox proportional hazards regression
	Online calculator
	Discrimination + Calibration
	Split-sample validation
	Present

	Systemic Thromboembolism
	Yu M, et al., 2024(35)
	8A
	Partial categorization
	Complete case analysis
	Univariate + multivariable logistic regression
	7
	Age, BMI, Stroke, HF, PLT, eGFR, LVEF
	Multivariable logistic regression
	Nomogram
	Discrimination + Calibration + Clinical value
	Bootstrap
	None

	Systemic Thromboembolism
	Yu M, et al., 2024(35)
	8B
	Continuous
	Complete case analysis
	Univariate + multivariable logistic regression
	7
	Age, BMI, Stroke, HF, PLT, eGFR, LVEF
	Logistic regression
	Nomogram
	Discrimination + Calibration + Clinical value
	Bootstrap
	None

	Hyperuricemia
	Jing J, et al., 2024(36)
	9
	Continuous
	Complete case analysis
	Univariate analysis
	5
	Age, Sex, TG, Ca, Serum Cr
	Logistic regression
	Nomogram
	Discrimination + Calibration
	Bootstrap
	None

	New-onset CKD
	Zhang H, et al., 2024(37)
	10
	Continuous
	Complete case analysis
	LASSO + multivariable logistic regression
	7
	Age, Sex, BMI, HTN, FBG, HbA1c, TG
	Logistic regression
	Nomogram
	Discrimination + Calibration
	Cross-validation
	None

	Cross-sectional Study

	Hypertension
	Yang X, et al., 2025(38)
	11
	Continuous
	Complete case analysis
	Univariate analysis
	9
	Age, NC, PI, WHR, AVI, BAI, ASMI, LFWR, TMWR
	Logistic regression
	Nomogram
	Discrimination + Calibration
	Bootstrap
	None

	Dyslipidemia
	Liao J, et al., 2023(39)
	12A
	Continuous
	Complete case analysis
	LASSO regression
	3
	Chest circumference, Thigh circumference, ABSI
	Multivariable logistic regression
	Nomogram
	Discrimination + Calibration
	Bootstrap
	None

	Dyslipidemia
	Liao J, et al., 2023(39)
	12B
	Continuous
	Complete case analysis
	LASSO regression
	3
	BMI, TMI, ABSI
	Multivariable logistic regression
	Nomogram
	Discrimination + Calibration
	Bootstrap
	None

	NAFLD
	Zhou Y, et al., 2022(40)
	13
	Continuous
	Complete case analysis
	LASSO + multivariable regression
	5
	Weight, ALT, HbA1c, FPG, TG
	Logistic regression
	Nomogram + Online calculator
	Discrimination + Calibration
	Split-sample validation
	None

	MAFLD
	Song D, et al., 2022(41)
	14
	Continuous
	Complete case analysis
	Random Forest selection + multivariable logistic
	2
	BMI, WC
	Logistic regression
	Nomogram
	Discrimination + Calibration
	Cross-validation
	None

	MAFLD
	Hu J, et al., 2025(42)
	15A
	Continuous
	Complete case analysis
	Univariate + stepwise multivariable logistic regression
	6
	Age, Sex, BMI Z-score, WC, HOMA-IR, ALT
	Logistic regression
	Nomogram + Online calculator
	Discrimination + Calibration
	Cross-validation
	None

	MAFLD
	Hu J, et al., 2025(42)
	15B
	Continuous
	Complete case analysis
	Univariate logistic regression
	2
	TG, FPG
	Logistic regression
	Scoring formula
	Discrimination
	Cross-validation
	None

	MAFLD
	Hu J, et al., 2025(42)
	15C
	Continuous
	Complete case analysis
	Univariate logistic regression
	5
	Sex, BMI, FPG, TG, ALT/AST
	Logistic regression
	Scoring formula
	Discrimination
	Cross-validation
	None

	MAFLD
	Hu J, et al., 2025(42)
	15D
	Continuous
	Complete case analysis
	Univariate logistic regression
	6
	Sex, WC, SBP, FPG, TG, ALT
	Logistic regression
	Scoring formula
	Discrimination
	Cross-validation
	None

	Severe OSA (AHI≥30)
	Zhao A, et al., 2024(43)
	16
	Partial categorization
	Complete case analysis
	Univariate + multivariable logistic regression
	6
	Sex (male), Age, BMI, aVAT, LSM, LDL
	Logistic regression
	Nomogram
	Discrimination + Calibration
	Split-sample validation
	None

	OHS
	Chen W, et al., 2022(44)
	17
	Continuous
	Complete case analysis
	Univariate analysis + AIC-based backward stepwise
	5
	BMI, NC, T2DM, Serum bicarbonate, CRP
	Logistic regression
	Nomogram + Online calculator
	Discrimination + Calibration
	Bootstrap
	None

	Atherosclerosis Index
	Yu H, et al., 2025(45)
	18
	Continuous
	Complete case analysis
	Univariate analysis
	8
	Age, BMI, T2DM duration, FBG, HbA1c, LDL-C, CRP, Hcy
	Multivariable logistic regression
	Nomogram
	Discrimination + Calibration
	Bootstrap
	None

	Subclinical Carotid Atherosclerosis
	Geng D, et al., 2024(46)
	19
	Continuous
	Complete case analysis
	Univariate logistic + backward stepwise + LASSO
	8
	Age, Smoking, Hypertension, T2DM, SBP, TC, TG, LDL-C/HDL-C ratio
	Multivariable logistic regression
	Nomogram
	Discrimination + Calibration + Clinical value
	Bootstrap + Split-sample validation
	None

	Diabetic Nephropathy
	Shi J, et al., 2025(47)
	20
	Continuous
	Multiple imputation
	Univariate logistic regression + LASSO
	4
	Hypertension, T2DM duration, ALB, Serum Cr
	Bidirectional stepwise logistic regression
	Nomogram
	Discrimination + Calibration + Clinical value
	Split-sample validation
	None

	Hyperuricemia
	Li L, et al., 2021(48)
	21A
	Continuous
	Complete case analysis
	Univariate + multivariable logistic regression
	6
	Age, Sex, Cr, TC, HDL-c, LDL-c
	Multivariable logistic regression
	Classification tree
	Discrimination + Calibration + Clinical value
	Split-sample validation
	None

	Hyperuricemia
	Li L, et al., 2021(48)
	21B
	Continuous
	Complete case analysis
	Univariate + multivariable logistic regression
	6
	Age, Sex, Cr, TC, HDL-c, LDL-c
	Multivariable logistic regression
	Nomogram
	Discrimination + Calibration + Clinical value
	Split-sample validation
	None

	Major Depressive Disorder
	Yu X, et al., 2024(49)
	22
	Continuous
	Complete case analysis
	LASSO regression
	7
	Sex, Weekday sleep duration, Income-poverty ratio, Mental health visit history, Daytime sleepiness, Hypertension, Diabetes
	Multivariable logistic regression
	Nomogram + Online calculator
	Discrimination + Calibration + Clinical value
	Bootstrap + Split-sample validation
	None

	Major Depressive Disorder
	Yu C, et al., 2025(50)
	23
	Continuous
	Multiple imputation
	LASSO + multivariable logistic regression
	7
	Age, Sleep duration, Kidney disease, Digestive disease, Rheumatism/Arthritis, PEFR, Grip strength
	Logistic regression
	Nomogram
	Discrimination + Calibration
	Cross-validation
	None

	Cognitive Impairment
	Lei C, et al., 2024(51)
	24
	Continuous
	Complete case analysis
	LASSO regression
	7
	Age, Sex, Education, Moderate work activity, Depression, 24h total fat, RBC folate
	Multivariable logistic regression
	Nomogram
	Discrimination + Calibration + Clinical value
	Split-sample validation
	None


Abbreviations: AIC, Akaike information criterion; ALT, alanine aminotransferase; AVI, abdominal volume index; ABSI, a body shape index; ABI, ankle-brachial index; ASMI, appendicular skeletal muscle mass index; AST, aspartate aminotransferase; BAI, body adiposity index; BMI, body mass index; CC, calf circumference; CRP, C-reactive protein; Cr, creatinine; CKD, chronic kidney disease; DBP, diastolic blood pressure; DM, diabetes mellitus; eGFR, estimated glomerular filtration rate; FBG, fasting blood glucose; FPG, fasting plasma glucose; GGT, gamma-glutamyl transferase; HbA1c, glycated hemoglobin; Hcy, homocysteine; HDL, high-density lipoprotein; HDL-C, high-density lipoprotein cholesterol; HOMA-IR, homeostatic model assessment of insulin resistance; HTN, hypertension; IQR, interquartile range; KNN, K-nearest neighbors; LASSO, least absolute shrinkage and selection operator; LDL, low-density lipoprotein; LDL-C, low-density lipoprotein cholesterol; LFWR, lean mass-to-waist ratio; LSM, liver stiffness measurement; LVEF, left ventricular ejection fraction; MAFLD, metabolic associated fatty liver disease; MLP, multilayer perceptron; NA, not available; NAFLD, non-alcoholic fatty liver disease; NC, neck circumference; NM, not mentioned; OHS, obesity-hypoventilation syndrome; OSA, obstructive sleep apnea; PEFR, peak expiratory flow rate; PI, ponderal index; PLT, platelet; RBC, red blood cell; SBP, systolic blood pressure; SLD, steatotic liver disease; SVM, support vector machine; T2DM, type 2 diabetes mellitus; TC, total cholesterol; TG, triglyceride; TMI, triceps skinfold thickness-mass index; TMWR, total mass-to-waist ratio; TSH, thyroid-stimulating hormone; UACR, urine albumin-to-creatinine ratio; VAT, visceral adipose tissue; VFA, visceral fat area; VitD, vitamin D; WC, waist circumference; WHR, waist-to-hip ratio; XGBoost, extreme gradient boosting.




[bookmark: _Toc898544736]Table S8 Full Information of Model Performance
	Study Design/Outcome
	First Author, Year
	Model Code
	Discrimination
	Calibration
	Clinical Utility
	Internal Validation
	External Validation

	
	
	
	AUC(95%CI) or C statistic(95%CI)
	Sensitivity (%)
	Specificity (%)
	Calibration Plot
	Hosmer-Lemeshow Test (p)
	DCA Performed
	Bootstrap
	Split-sample Validation
	K-fold Cross-validation
	AUC(95%CI)

	
	
	
	
	
	
	
	
	
	AUC(95%CI)
	AUC(95%CI)
	AUC(95%CI)
	

	Cohort Study
	
	
	
	
	
	
	
	
	
	
	
	

	New-onset T2DM
	Tan C, et al., 2022(28)
	1
	0.819 (0.776-0.858)
	74.68%
	77.00%
	Yes
	P > 0.05
	NM
	0.872(95%CI NM)
	0.853(95%CI NM)
	NM
	NM

	New-onset T2DM
	Yang J, et al., 2025(29)
	2A
	0.789(95%CI NM)
	50.00%
	NM
	NM
	NM
	NM
	NM
	NM
	0.789(95%CI NM)
	NM

	New-onset T2DM
	Yang J, et al., 2025(29)
	2B
	0.945(95%CI NM)
	50.00%
	NM
	NM
	NM
	NM
	NM
	NM
	0.945(95%CI NM)
	NM

	New-onset T2DM
	Yang J, et al., 2025(29)
	2C
	0.904(95%CI NM)
	60.00%
	NM
	NM
	NM
	NM
	NM
	NM
	0.904(95%CI NM)
	NM

	New-onset T2DM
	Yang J, et al., 2025(29)
	2D
	0.961(95%CI NM)
	50.00%
	NM
	NM
	NM
	NM
	NM
	NM
	0.961(95%CI NM)
	NM

	New-onset T2DM
	Yang J, et al., 2025(29)
	2E
	0.849(95%CI NM)
	50.00%
	NM
	NM
	NM
	NM
	NM
	NM
	0.849(95%CI NM)
	NM

	New-onset T2DM
	Yang J, et al., 2025(29)
	2F
	0.938(95%CI NM)
	50.00%
	NM
	NM
	NM
	NM
	NM
	NM
	0.938(95%CI NM)
	NM

	New-onset T2DM
	Yang J, et al., 2025(29)
	2G
	0.833(95%CI NM)
	50.00%
	NM
	NM
	NM
	NM
	NM
	NM
	0.833(95%CI NM)
	NM

	New-onset T2DM
	Yang J, et al., 2025(29)
	2H
	0.829(95%CI NM)
	50.00%
	NM
	NM
	NM
	NM
	NM
	NM
	0.829(95%CI NM)
	NM

	New-onset T2DM
	Garcia C, et al., 2020(30)
	3A
	0.89(95%CI NM)
	99.80%
	83.80%
	NM
	0.24
	NM
	NM
	NM
	0.89(95%CI NM)
	NM

	New-onset T2DM
	Garcia C, et al., 2020(30)
	3B
	0.88(95%CI NM)
	99.00%
	78.00%
	NM
	0.24
	NM
	NM
	NM
	0.88(95%CI NM)
	NM

	New-onset T2DM
	Garcia C, et al., 2020(30)
	3C
	0.90(95%CI NM)
	99.00%
	84.00%
	NM
	0.24
	NM
	NM
	NM
	0.9(95%CI NM)
	NM

	New-onset T2DM
	Liu Q, et al., 2020(31)
	4A
	AUC：0.862(0.853-0.871) C statistic: 0.859(0.850-0.868)
	NM
	NM
	Yes
	NM
	Yes
	NM
	AUC：0.851 (0.837-0.865) C-index： 0.848 (0.833-0.863)
	NM
	NM

	New-onset T2DM
	Liu Q, et al., 2020(31)
	4B
	AUC：0.862 (0.853-0.871) C statistic: 0.859(0.850-0.868)
	NM
	NM
	Yes
	NM
	Yes
	NM
	AUC：0.851 (0.837-0.865) C-index： 0.848 (0.833-0.863)
	NM
	NM

	SLD (confirmed by ultrasound)
	Park J, et al., 2025(32)
	5A
	0.817 (0.811-0.824)
	92.70%
	94.70%
	NM
	NM
	NM
	NM
	0.822 (0.811-0.832)
	NM
	NM

	SLD (confirmed by ultrasound)
	Park J, et al., 2025(32)
	5B
	0.823 (0.816-0.829)
	92.80%
	95.10%
	NM
	NM
	NM
	NM
	0.822 (0.811-0.832)
	NM
	NM

	SLD (confirmed by ultrasound)
	Park J, et al., 2025(32)
	5C
	0.820 (0.813-0.826)
	92.60%
	95.00%
	NM
	NM
	NM
	NM
	0.822 (0.812-0.832)
	NM
	NM

	OSA
	Zhu X, et al., 2025(33)
	6
	0.88 (0.82-0.94)
	93.00%
	70.00%
	Yes
	0.955
	NM
	NM
	NM
	0.87 (0.79–0.96)
	NM

	First-time ASCVD
	Zhou Y, et al., 2025(34)
	7A
	0.758 (0.756-0.761)
	NM
	NM
	Yes
	0.634
	NM
	NM
	0.735(95%CI NM)
	NM
	0.707(95%CI NR)

	First-time ASCVD
	Zhou Y, et al., 2025(34)
	7B
	0.817 (0.815-0.818)
	NM
	NM
	Yes
	0.857
	NM
	NM
	0.799(95%CI NM)
	NM
	0.734(95%CI NR)

	Systemic Thromboembolism
	Yu M, et al., 2024(35)
	8A
	0.885(0.815-0.955)
	NM
	NM
	Yes
	NM
	Yes
	0.885(0.814-0.954)
	NM
	NM
	NM

	Systemic Thromboembolism
	Yu M, et al., 2024(35)
	8B
	0.885(0.815-0.955)
	NM
	NM
	Yes
	NM
	Yes
	0.885(0.814-0.954)
	NM
	NM
	NM

	Hyperuricemia
	Jing J, et al., 2024(36)
	9
	0.840(0.801-0.880)
	78.60%
	76.20%
	Yes
	P > 0.05
	NM
	0.871(95%CI NM)
	NM
	NM
	NM

	New-onset CKD
	Zhang H, et al., 2024(37)
	10
	0.789(0.754-0.831)
	NM
	NM
	Yes
	0.547
	NM
	NM
	NM
	0.812(95%CI NM)
	NM

	Cross-sectional Study

	Hypertension
	Yang X, et al., 2025(38)
	11
	0.796(95%CI NM)
	NM
	NM
	Yes
	0.103
	NM
	0.7957(95%CI NM)
	NM
	NM
	NM

	Dyslipidemia
	Liao J, et al., 2023(39)
	12A
	0.62(95%CI NM)
	67.11%
	52.72%
	Yes
	0.575
	NM
	0.62(95%CI NM)
	NM
	NM
	NM

	Dyslipidemia
	Liao J, et al., 2023(39)
	12B
	0.7(95%CI NM)
	68.19%
	64.39%
	Yes
	0.422
	NM
	0.7(95%CI NM)
	NM
	NM
	NM

	NAFLD
	Zhou Y, et al., 2022(40)
	13
	0.863 (0.841-0.885)
	NA
	NA
	Yes
	NM
	NM
	NM
	0.887 (0.857-0.888)
	NM
	NM

	MAFLD
	Song D, et al., 2022(41)
	14
	0.793(0.745-0.840)
	NM
	NM
	Yes
	0.514
	NM
	NM
	NM
	0.775(95%CI NM)
	NM

	MAFLD
	Hu J, et al., 2025(42)
	15A
	0.874 (0.858-0.890)
	84.50%
	74.40%
	Yes
	0.905
	NM
	NM
	NM
	0.87(95%CI NM)
	NM

	MAFLD
	Hu J, et al., 2025(42)
	15B
	0.591 (0.565-0.618)
	49.60%
	63.60%
	NM
	NM
	NM
	NM
	NM
	0.582(95%CI NM)
	NM

	MAFLD
	Hu J, et al., 2025(42)
	15C
	0.778 (0.757-0.799)
	69.30%
	71.90%
	NM
	NM
	NM
	NM
	NM
	0.796(95%CI NM)
	NM

	MAFLD
	Hu J, et al., 2025(42)
	15D
	0.811 (0.792-0.831)
	78.60%
	69.20%
	NM
	NM
	NM
	NM
	NM
	0.829(95%CI NM)
	NM

	Severe OSA (AHI≥30)
	Zhao A, et al., 2024(43)
	16
	0.845 (0.817-0.873)
	72.40%
	82.80%
	Yes
	0.296
	NM
	NM
	0.791(95%CI NM)
	NM
	NM

	OHS
	Chen W, et al., 2022(44)
	17
	0.830 (0.784-0.876)
	72.80%
	81.60%
	Yes
	0.675
	NM
	0.823(95%CI NM)
	NM
	NM
	NM

	Atherosclerosis Index
	Yu H, et al., 2025(45)
	18
	0.92(0.88-0.94)
	91.53%
	81.90%
	Yes
	0.539
	NM
	0.87(0.80-0.94)
	NM
	NM
	NM

	Subclinical Carotid Atherosclerosis
	Geng D, et al., 2024(46)
	19
	0.805(0.794-0.816)
	NM
	NM
	Yes
	NM
	Yes
	0.805 (0.794-0.816)
	0.807(0.791, 0.823)
	NM
	NM

	Diabetic Nephropathy
	Shi J, et al., 2025(47)
	20
	0.913 (0.871-0.955)
	NM
	NM
	Yes
	P > 0.05
	Yes
	NM
	0.919(0.856-0.982)
	NM
	NM

	Hyperuricemia
	Li L, et al., 2021(48)
	21A
	0.791(0.777-0.804)
	NM
	NM
	NM
	P > 0.05
	Yes
	NM
	0.787(0.765-0.807)
	NM
	NM

	Hyperuricemia
	Li L, et al., 2021(48)
	21B
	0.787 (0.773-0.800)
	NM
	NM
	NM
	P > 0.05
	Yes
	NM
	0.776(0.754-0.797)
	NM
	NM

	Major Depressive Disorder
	Yu X, et al., 2024(49)
	22
	0.817 (0.786-0.848)
	77.80%
	70.80%
	Yes
	0.536
	Yes
	0.806(95%CI NM)
	0.772 (0.718-0.824)
	NM
	NM

	Major Depressive Disorder
	Yu C, et al., 2025(50)
	23
	0.715 (0.681-0.749)
	68.00%
	67.20%
	Yes
	0.931
	NM
	NM
	NM
	0.716(95%CI NM)
	NM

	Cognitive Impairment
	Lei C, et al., 2024(51)
	24
	0.842 (0.814-0.875)
	82.20%
	65.90%
	Yes
	NM
	Yes
	NM
	AUC：0.795 (0.753-0.847) C-index：0.805 (0.758-0.851)
	NM
	NM


Abbreviation: NM, not mentioned
[bookmark: _Toc736372248]Table S9 Distribution of Predictors According to Included Studies
	First author, publication year
	Model Code
	Predictors

	
	
	Sociodemographic and lifestyle characteristics
	Weight-related characteristics
	Chronic disease prevalence characteristics
	Biochemical indicators

	Tan C, et al., 2022(28)
	1
	Smoking status
	Waist circumference (WC)
	None
	Glycated hemoglobin (HbA1c), fasting plasma glucose (FPG), high-density lipoprotein (HDL), triglycerides (TG)

	Yang J, et al., 2025(29)
	2A-2H
	None
	BMI
	None
	Creatinine, prealbumin, glucose at 180 minutes (Glucose 180 min), glycated hemoglobin (HbA1c), thyroid-stimulating hormone (TSH), total thyroxine (total T4), free thyroxine (free T4)

	Garcia C, et al., 2020(30)
	3A,3B,3C
	None
	BMI
	None
	Systolic blood pressure (SBP), diastolic blood pressure (DBP), high-density lipoprotein (HDL), low-density lipoprotein (LDL), triglycerides (TG), homeostatic model assessment for insulin resistance (HOMA-IR), insulin, urinary albumin-to-creatinine ratio (UACR), C-reactive protein (CRP), aspartate transaminase (AST), alanine transaminase (ALT), gamma-glutamyl transferase (GGT), vitamin D (VitD), ferritin, creatinine, cystatin C

	Liu Q, et al., 2020(31)
	4A,4B
	Age, family history of type 2 diabetes
	BMI
	None
	Fasting blood glucose (FBG), total cholesterol (TC), triglycerides (TG)

	Park J, et al., 2025(32)
	5A,5B,5C
	Age, sex
	BMI, fat mass/muscle mass, visceral fat area/muscle mass
	History of diabetes, history of dyslipidemia
	None

	Zhu X, et al., 2025(33)
	6
	Age
	Chest circumference (CC)
	Non-alcoholic fatty liver disease (NAFLD) (yes/no)
	Mean blood oxygen saturation (SpO₂, %)

	Zhou Y, et al., 2025(34)
	7A,7B
	Age (log-transformed), race (Black vs non-Black), current smoking, family history of ASCVD
	Waist-to-Hip Ratio (WHR)
	Diabetes, hypertension
	Ankle-brachial index (ABI), treated/untreated systolic blood pressure, total cholesterol (TC), high-density lipoprotein cholesterol (HDL-C), estimated glomerular filtration rate (eGFR, log-transformed), fasting plasma glucose (FPG)

	Yu M, et al., 2024(35)
	8A,8B
	Age
	BMI
	History of stroke, heart failure
	Platelet (PLT), estimated glomerular filtration rate (eGFR), left ventricular ejection fraction (LVEF)

	Jing J, et al., 2024(36)
	9
	Age, sex
	None
	None
	Triglycerides (TG), serum calcium, serum creatinine

	Zhang H, et al., 2024(37)
	10
	Age, sex
	BMI
	Hypertension (yes/no)
	Fasting blood glucose (FBG), glycated hemoglobin (HbA1c), triglycerides (TG)

	Yang X, et al., 2025(38)
	11
	Age
	Neck circumference (NC), Ponderal Index (PI), Waist-to-Hip Ratio (WHR), Abdominal Volume Index (AVI), Body Adiposity Index (BAI), Appendicular Skeletal Muscle Mass Index (ASMI), Limb Fat-to-Weight Ratio (LFWR), Trunk Muscle-to-Weight Ratio (TMWR)
	None
	None

	Liao J, et al., 2023(39)
	12A, 12B
	None
	Chest circumference, thigh circumference, A Body Shape Index (ABSI), BMI, Tri-ponderal Mass Index (TMI)
	None
	None

	Zhou Y, et al., 2022(40)
	13
	None
	Body weight
	None
	Alanine transaminase (ALT), glycated hemoglobin (HbA1c), fasting plasma glucose (FPG), triglycerides (TG)

	Song D, et al., 2022(41)
	14
	None
	BMI, waist circumference (WC)
	None
	None

	Hu J, et al., 2025(42)
	15A-15D
	Age, sex
	BMI Z-score, waist circumference (WC)
	None
	Homeostatic model assessment for insulin resistance (HOMA-IR), alanine transaminase (ALT), triglycerides (TG), fasting plasma glucose (FPG), AST/ALT ratio, systolic blood pressure (SBP)

	Zhao A, et al., 2024(43)
	16
	Sex (male), age
	BMI, abdominal visceral adipose tissue area (aVAT)
	None
	Liver stiffness measurement (LSM), low-density lipoprotein (LDL)

	Chen W, et al., 2023(52)
	17
	None
	BMI, neck circumference
	Type 2 diabetes (T2D)
	Serum bicarbonate, C-reactive protein (CRP)

	Yu H, et al., 2025(45)
	18
	Age
	BMI
	T2DM duration
	Fasting blood glucose (FBG), glycated hemoglobin (HbA1c), low-density lipoprotein cholesterol (LDL-C), serum C-reactive protein (CRP), serum homocysteine (Hcy)

	Geng D, et al., 2024(46)
	19
	Age, smoking history
	None
	Hypertension, type 2 diabetes mellitus (T2DM)
	Systolic blood pressure (SBP), total cholesterol (TC), triglycerides (TG), low-density lipoprotein cholesterol / high-density lipoprotein cholesterol ratio (LDL-C/HDL-C)

	Shi J, et al., 2025(47)
	20
	None
	None
	Hypertension, T2DM duration
	Serum albumin, serum creatinine

	Li L, et al., 2021(48)
	21A,21B
	Age, sex
	None
	None
	Creatinine (Cr), total cholesterol (TC), high-density lipoprotein cholesterol (HDL-C), low-density lipoprotein cholesterol (LDL-C)

	Yu X, et al., 2024(49)
	22
	Sex, weekday sleep duration, poverty-income ratio, mental health treatment history, daytime sleepiness
	None
	Hypertension, diabetes
	None

	Yu C, et al., 2025(50)
	23
	Age, sleep duration
	None
	Renal diseases, digestive diseases, rheumatism and arthritis
	Respiratory function (peak expiratory flow), grip strength

	Lei C, et al., 2024(51)
	24
	Age, sex, educational level, moderate-intensity occupational physical activity
	None
	Depression
	24-hour total fat intake, red blood cell folate concentration
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[bookmark: _Toc1740982347][bookmark: _Toc260114475]Table S10 Frequency Distribution of Predictors by Study
	Type of predictors
	Predictors (N)

	Sociodemographic and Lifestyle Characteristics (N=17)[footnoteRef:0] [0:  Number of studies considering this kind of predictors] 

	Age (15), sex (8), smoking status/smoking history/current smoking (3), sleep duration/weekday sleep duration (2), race (1), educational level (1), poverty-income ratio (1), moderate-intensity occupational activity (1), daytime sleepiness (1), mental health treatment history (1), family history of ASCVD (1), family history of type 2 diabetes (1)

	Weight-related Characteristics (N=17)
	BMI (12), waist circumference (WC) (3), neck circumference (NC) (2), waist-to-hip ratio (WHR) (2), body weight (1), tri-ponderal mass index (TMI) (1), thigh circumference (1), chest circumference (CC) (1), body adiposity index (BAI) (1), a body shape index (ABSI) (1), abdominal volume index (AVI) (1), ponderal index (PI) (1), appendicular skeletal muscle mass index (ASMI) (1), limb fat-to-weight ratio (LFWR) (1), trunk muscle-to-weight ratio (TMWR) (1), abdominal visceral adipose tissue area (aVAT) (1), fat mass/muscle mass (1), visceral fat area/muscle mass (1)

	Chronic Disease History Characteristics (N=12)
	Hypertension (5), diabetes/type 2 diabetes mellitus (T2DM) (4), history of diabetes/history of dyslipidemia (1), non-alcoholic fatty liver disease (NAFLD) (1), history of stroke (1), heart failure (1), depression (1), renal diseases (1), digestive diseases (1), rheumatism and arthritis (1)

	Biochemical Index Characteristics (N=19)
	Glucose metabolism: fasting blood glucose (FBG/FPG) (5), glycated hemoglobin (HbA1c) (5), homeostatic model assessment for insulin resistance (HOMA-IR) (2), insulin (1), glucose at 180 minutes (1)
Lipid metabolism: triglycerides (TG) (5), total cholesterol (TC) (4), high-density lipoprotein (HDL/HDL-c) (3), low-density lipoprotein (LDL/LDL-c) (4), 24-hour total fat intake (1)
Renal function: creatinine (Cr/Creatinine) (4), estimated glomerular filtration rate (eGFR) (2), serum bicarbonate (1), urinary albumin-to-creatinine ratio (UACR) (1), cystatin C (1)
Liver function: alanine transaminase (ALT) (2), aspartate transaminase (AST) (1), gamma-glutamyl transferase (GGT) (1), AST/ALT ratio (1), prealbumin (1)
Inflammation/nutrition/others: C-reactive protein (CRP/serum CRP) (3), serum albumin (1), serum homocysteine (serum Hcy) (1), serum calcium (1), red blood cell folate concentration (1), vitamin D (VitD) (1), ferritin (1)
Cardiovascular function (5): systolic blood pressure (SBP) (2), left ventricular ejection fraction (LVEF) (1), ankle-brachial index (ABI) (1), diastolic blood pressure (DBP) (1)
Thyroid function: thyroid-stimulating hormone (TSH) (1), total thyroxine (total T4) (1), free thyroxine (free T4) (1)
Others: platelet (PLT) (1), mean blood oxygen saturation (SpO₂) (1), liver stiffness measurement (LSM) (1), respiratory function (peak expiratory flow) (1), grip strength (1)




[bookmark: _Toc259154754][bookmark: _Toc1614759680][bookmark: _Toc1148174186][bookmark: _Toc28854]Table S11 Risk of Bias and Applicability Assessment for Machine Learning Prediction Models Part I: Model Development Evaluation
	First author, publication year
	Model Code
	Domain 1 (Study Participants & Data Source)
	Domain 2 (Predictors)
	Domain 3 (Outcome)
	Domain 4 (Analysis)

	
	
	1.1
	1.2
	1.3
	OE1
	AE1
	2.1
	2.2
	2.3
	2.4
	OE2
	AE2
	3.1
	3.2
	3.3.
	3.4
	OE3
	AE3
	4.1
	4.2
	4.3
	4.4
	4.5
	OE4

	Yang J, et al., 2025(29)
	2A
	Y
	Y
	Y
	low
	low
	Y
	Y
	Y
	Y
	low
	low
	Y
	Y
	Y
	Y
	low
	low
	Y
	Y
	Y
	N
	Y
	unclear

	Yang J, et al., 2025(29)
	2B
	Y
	Y
	Y
	low
	low
	Y
	Y
	Y
	Y
	low
	low
	Y
	Y
	Y
	Y
	low
	low
	Y
	Y
	Y
	N
	Y
	unclear

	Yang J, et al., 2025(29)
	2C
	Y
	Y
	Y
	low
	low
	Y
	Y
	Y
	Y
	low
	low
	Y
	Y
	Y
	Y
	low
	low
	Y
	Y
	Y
	N
	Y
	unclear

	Yang J, et al., 2025(29)
	2D
	Y
	Y
	Y
	low
	low
	Y
	Y
	Y
	Y
	low
	low
	Y
	Y
	Y
	Y
	low
	low
	Y
	Y
	Y
	N
	Y
	unclear

	Yang J, et al., 2025(29)
	2E
	Y
	Y
	Y
	low
	low
	Y
	Y
	Y
	Y
	low
	low
	Y
	Y
	Y
	Y
	low
	low
	Y
	Y
	Y
	N
	Y
	unclear

	Yang J, et al., 2025(29)
	2F
	Y
	Y
	Y
	low
	low
	Y
	Y
	Y
	Y
	low
	low
	Y
	Y
	Y
	Y
	low
	low
	Y
	Y
	Y
	N
	Y
	unclear

	Yang J, et al., 2025(29)
	2G
	Y
	Y
	Y
	low
	low
	Y
	Y
	Y
	Y
	low
	low
	Y
	Y
	Y
	Y
	low
	low
	Y
	Y
	Y
	N
	Y
	unclear

	Yang J, et al., 2025(29)
	2H
	Y
	Y
	Y
	low
	low
	Y
	Y
	Y
	Y
	low
	low
	Y
	Y
	Y
	Y
	low
	low
	Y
	Y
	Y
	N
	Y
	unclear

	Garcia C, et al., 2020(30)
	3A
	Y
	PY
	Y
	low
	low
	Y
	Y
	Y
	Y
	low
	low
	Y
	Y
	Y
	Y
	low
	low
	PY
	Y
	PY
	NA
	Y
	low

	Garcia C, et al., 2020(30)
	3B
	Y
	PY
	Y
	low
	low
	Y
	Y
	Y
	Y
	low
	low
	Y
	Y
	Y
	Y
	low
	low
	PY
	Y
	PY
	NA
	Y
	low

	Garcia C, et al., 2020(30)
	3C
	Y
	PY
	Y
	low
	low
	Y
	Y
	Y
	Y
	low
	low
	Y
	Y
	Y
	Y
	low
	low
	PY
	Y
	PY
	NA
	Y
	low

	Park J, et al., 2025(32)
	5A
	Y
	PY
	Y
	low
	low
	Y
	Y
	Y
	Y
	low
	low
	Y
	Y
	Y
	Y
	low
	low
	Y
	Y
	NI
	NA
	Y
	low

	Park J, et al., 2025(32)
	5B
	Y
	PY
	Y
	low
	low
	Y
	Y
	Y
	Y
	low
	low
	Y
	Y
	Y
	Y
	low
	low
	Y
	Y
	NI
	NA
	Y
	low

	Park J, et al., 2025(32)
	5C
	Y
	PY
	Y
	low
	low
	Y
	Y
	Y
	Y
	low
	low
	Y
	Y
	Y
	Y
	low
	low
	Y
	Y
	NI
	NA
	Y
	low


Note: Domain 1 (Study Participants & Data Source) (Columns: 1.1-1.3, Overall Evaluation1, Applicability Evaluation1): 1.1 Appropriateness of data source; 1.2 Appropriateness of study design; 1.3 Representativeness of study population ensured by inclusion/exclusion criteria; OE1, Overall Evaluation1 : Concerns regarding the quality of participant selection and data source; AE1, Applicability Evaluation1: Concerns regarding mismatch between included participants and the research question or the model’s intended use. 
Domain 2 (Predictors) (Columns: 2.1-2.4, Overall Evaluation2, Applicability Evaluation2): 2.1 Consistency of predictor definition and assessment across all participants; 2.2 Consistency of predictor preprocessing across all participants; 2.3 Blinding of predictor assessment to outcome data; 2.4 Availability of predictors included in the model at the model’s intended time of use; OE2, Overall Evaluation2: Concerns regarding the quality of predictors or their assessment; AE2, Applicability Evaluation2: Concerns regarding mismatch between predictor definition, preprocessing, assessment, or timing and the research question or the model’s intended use. 
Domain 3 (Outcome) (Columns: 3.1-3.4, Overall Evaluation3, Applicability Evaluation3): 3.1 Appropriateness of outcome definition and assessment; 3.2 Consistency of outcome definition and assessment across all participants; 3.3 Blinding of outcome assessment to predictor data; 3.4 Appropriateness of the time interval between predictor assessment and outcome assessment; OE3, Overall Evaluation3: Concerns regarding the quality of outcome or its ascertainment; AE3, Applicability Evaluation3: Concerns regarding mismatch between outcome definition, assessment, or timing and the research question or the model’s intended use. 
Domain 4 (Analysis) (Columns: 4.1-4.5, Overall Evaluation4): 4.1 Adequacy of evidence for sample size rationality; 4.2 Appropriate handling of continuous and categorical predictors; 4.3 Appropriate handling of participants with missing or censored data in the analysis; 4.4 Re-calibration of models or model predictions if methods for handling class imbalance are applied; 4.5 Use of methods to address potential model overfitting; OE4, Overall Evaluation4 : Concerns regarding the quality of data analysis. 


[bookmark: _Toc1515094621][bookmark: _Toc567273905][bookmark: _Toc517114362]Table S12 Risk of Bias and Applicability Assessment for Machine Learning Prediction Models Part II: Model Validation Evaluation
	First author, publication year
	Model Code
	Domain 1 (Study Participants & Data Source)
	Domain 2 (Predictors)
	Domain 3 (Outcome)
	Domain 4 (Analysis)

	
	
	1.1
	1.2
	1.3
	OE1
	AE1
	2.1
	2.2
	2.3
	2.4
	OE2
	AE2
	3.1
	3.2
	3.3.
	3.4
	OE3
	AE3
	ME
	4.1
	4.2
	4.3
	4.4
	4.5
	4.6
	4.7
	OE4

	Yang J, et al., 2025(29)
	2A
	Y
	Y
	Y
	low
	low
	Y
	Y
	Y
	Y
	low
	low
	Y
	Y
	Y
	Y
	low
	low
	A/I
	Y
	PY
	Y
	Y
	Y
	Y
	PY
	unclear

	Yang J, et al., 2025(29)
	2B
	Y
	Y
	Y
	low
	low
	Y
	Y
	Y
	Y
	low
	low
	Y
	Y
	Y
	Y
	low
	low
	A/I
	Y
	PY
	Y
	Y
	Y
	Y
	PY
	unclear

	Yang J, et al., 2025(29)
	2C
	Y
	Y
	Y
	low
	low
	Y
	Y
	Y
	Y
	low
	low
	Y
	Y
	Y
	Y
	low
	low
	A/I
	Y
	PY
	Y
	Y
	Y
	Y
	PY
	unclear

	Yang J, et al., 2025(29)
	2D
	Y
	Y
	Y
	low
	low
	Y
	Y
	Y
	Y
	low
	low
	Y
	Y
	Y
	Y
	low
	low
	A/I
	Y
	PY
	Y
	Y
	Y
	Y
	PY
	unclear

	Yang J, et al., 2025(29)
	2E
	Y
	Y
	Y
	low
	low
	Y
	Y
	Y
	Y
	low
	low
	Y
	Y
	Y
	Y
	low
	low
	A/I
	Y
	PY
	Y
	Y
	Y
	Y
	PY
	unclear

	Yang J, et al., 2025(29)
	2F
	Y
	Y
	Y
	low
	low
	Y
	Y
	Y
	Y
	low
	low
	Y
	Y
	Y
	Y
	low
	low
	A/I
	Y
	PY
	Y
	Y
	Y
	Y
	PY
	unclear

	Yang J, et al., 2025(29)
	2G
	Y
	Y
	Y
	low
	low
	Y
	Y
	Y
	Y
	low
	low
	Y
	Y
	Y
	Y
	low
	low
	A/I
	Y
	PY
	Y
	Y
	Y
	Y
	PY
	unclear

	Yang J, et al., 2025(29)
	2H
	Y
	Y
	Y
	low
	low
	Y
	Y
	Y
	Y
	low
	low
	Y
	Y
	Y
	Y
	low
	low
	A/I
	Y
	PY
	Y
	Y
	Y
	Y
	PY
	unclear

	Garcia C, et al., 2020(30)
	3A
	Y
	Y
	PY
	low
	low
	Y
	Y
	Y
	Y
	low
	low
	Y
	Y
	Y
	Y
	low
	low
	A/I
	Y
	PY
	PY
	NA
	Y
	Y
	Y
	low

	Garcia C, et al., 2020(30)
	3B
	Y
	Y
	PY
	low
	low
	Y
	Y
	Y
	Y
	low
	low
	Y
	Y
	Y
	Y
	low
	low
	A/I
	Y
	PY
	PY
	NA
	Y
	Y
	Y
	low

	Garcia C, et al., 2020(30)
	3C
	Y
	Y
	PY
	low
	low
	Y
	Y
	Y
	Y
	low
	low
	Y
	Y
	Y
	Y
	low
	low
	A/I
	Y
	PY
	PY
	NA
	Y
	Y
	Y
	low

	Park J, et al., 2025(32)
	5A
	Y
	Y
	Y
	low
	low
	Y
	Y
	Y
	Y
	low
	low
	Y
	Y
	Y
	Y
	low
	low
	A/I/E
	Y
	Y
	Y
	NI
	NA
	NA
	PY
	low

	Park J, et al., 2025(32)
	5B
	Y
	Y
	Y
	low
	low
	Y
	Y
	Y
	Y
	low
	low
	Y
	Y
	Y
	Y
	low
	low
	A/I/E
	Y
	Y
	Y
	NI
	NA
	NA
	PY
	low

	Park J, et al., 2025(32)
	5C
	Y
	Y
	Y
	low
	low
	Y
	Y
	Y
	Y
	low
	low
	Y
	Y
	Y
	Y
	low
	low
	A/I/E
	Y
	Y
	Y
	NI
	NA
	NA
	PY
	low


Note: Domain 1 (Study Participants & Data Source) (1.1-1.3, Overall Evaluation1, Applicability Evaluation1): 1.1 Appropriateness of data source; 1.2 Appropriateness of study design; 1.3 Representativeness via inclusion/exclusion criteria; OE1, Overall Evaluation1: Participant/data quality concerns; AE1, Applicability Evaluation1: Mismatch with intended use. 
Domain 2 (Predictors) (2.1-2.4, Overall Evaluation2, Applicability Evaluation2): 2.1 Predictor definition/assessment consistency; 2.2 Preprocessing consistency; 2.3 Blinding to outcome data; 2.4 Predictor availability; OE2, Overall Evaluation2: Predictor quality concerns; AE2, Applicability Evaluation2: Mismatch with intended use. 
Domain 3 (Outcome) (3.1-3.4, NA, Overall Evaluation3, Applicability Evaluation3): 3.1 Outcome definition/assessment appropriateness; 3.2 Consistency across participants; 3.3 Blinding to predictor data; 3.4 Timing interval appropriateness; OE3, Overall Evaluation3 : Outcome quality concerns; AE3, Applicability Evaluation3: Mismatch with intended use. 
Domain 4 (Analysis) (4.1-4.7, Overall Evaluation4, Model Evaluation Methods): 4.1 Avoid sole apparent performance evaluation; 4.2 Sample size adequacy; 4.3 Handle missing/censored data; 4.4 Uncorrected evaluation for class imbalance; 4.5 Prevent data leakage in splitting; 4.6 Reproduce development in resampling; 4.7 Evaluate calibration/discrimination/net benefit; OE4, Overall Evaluation4 : Analysis quality concerns; ME, Model Evaluation Types: A=Apparent Performance, I=Internal Validation, E=External Validatio.
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[bookmark: _Toc222148314][bookmark: _Toc551187660]Figure S2 Risk of bias and applicability assessment of included prediction models.
Each row represents an individual prediction model, and each column represents an assessment item based on the PROBAST tool across four domains: Participants, Predictors, Outcome, and Analysis, along with overall risk of bias and applicability concerns. Colored circles indicate the judgment for each item: Yes (Y), No (N), Unknown (U), High risk (H), or Low risk (L). Vertical lines separate different domains, including Participants (Pa1–R1), Predictors (Pr1–R2), Outcome (O1–R3), Analysis (A1–R4), Overall risk of bias, and Applicability (APa–AA).
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