[bookmark: OLE_LINK96]Supplementary Materials
[bookmark: OLE_LINK4]Appendix A: Search strategy
[bookmark: OLE_LINK80][bookmark: OLE_LINK79]1.PubMed search strategy
[bookmark: OLE_LINK115](“mucocutaneous lymph node syndrome”[MeSH Terms] OR “mucocutaneous lymph node syndrome”[Title/Abstract] OR “Kawasaki disease”[Title/Abstract] OR “Kawasaki syndrome”[Title/Abstract]) AND (“intravenous immunoglobulin resistance”[Title/Abstract] OR “intravenous immunoglobulin unresponsiveness”[Title/Abstract] OR “IVIG resistance”[Title/Abstract] OR “IVIG unresponsiveness”[Title/Abstract] OR “i.v.IG resistance”[Title/Abstract] OR “i.v.IG unresponsiveness”[Title/Abstract] OR “γ globulin resistance”[Title/Abstract] OR “γ globulin unresponsiveness”[Title/Abstract]) AND (“predictive value of tests”[MeSH Terms] OR predict [Title/Abstract] OR “observer variation”[MeSH Terms] OR model [Title/Abstract] OR score[Title/Abstract] OR rule[Title/Abstract] OR nomogram [Title/Abstract] OR “ROC curve”[MeSH Terms] OR “receiver operating characteristic”[Title/Abstract] OR roc[Title/Abstract] OR “c-statistic”[Title/Abstract] OR “c statistic”[Title/Abstract] OR “area under the curve”[Title/Abstract] OR AUC[Title/Abstract] OR stratification[Title/Abstract] OR “Calibration”[MeSH Terms] OR calibration [Title/Abstract] OR indices[Title/Abstract] OR “Algorithms”[MeSH Terms] OR algorithms [Title/Abstract] OR “Multivariate Analysis”[MeSH Terms] OR multivariable [Title/Abstract]) AND English[Language] AND journal article[Publication Type] AND (“2006/01”[Date - Publication] : “2025/07”[Date - Publication])
2.Web of Science search strategy
[bookmark: OLE_LINK1]((TS=((mucocutaneous lymph node syndrome) OR (Kawasaki disease) OR (Kawasaki syndrome))) AND TS=((intravenous immunoglobulin resistance) OR (intravenous immunoglobulin unresponsiveness) OR (IVIG resistance) OR (IVIG unresponsiveness) OR (i.v.IG resistance) OR (i.v.IG unresponsiveness) OR (γ globulin resistance) OR (γ globulin unresponsiveness))) AND TS=((predictive value of test) OR (predict) OR (observer variation) OR (model) OR (score) OR (rule) OR (nomogram) OR (ROC curve) OR (receiver operating characteristic) OR (ROC) OR (c-statistic) OR (c statistic) OR (area under the curve) OR (AUC) OR (stratification) OR (calibration) OR (indices) OR (Algorithms) OR (Multivariate Analysis) OR (multivariable)) AND DOP=(2006-01-01/2025-07-31) AND DT=(Article) AND LA=(English)












3.Embase search strategy
[bookmark: OLE_LINK114]('kawasaki disease'/exp OR 'kawasaki disease':ab,ti OR 'kawasaki syndrome':ab,ti OR 'mucocutaneous lymph node syndrome':ab,ti) AND ('immunoglobulin resistance' OR 'intravenous immunoglobulin resistance':ab,ti OR 'intravenous immunoglobulin unresponsiveness':ab,ti OR 'ivig resistance':ab,ti OR 'ivig unresponsiveness':ab,ti OR 'i.v. ig resistance':ab,ti OR 'i.v. ig unresponsiveness':ab,ti OR 'gamma globulin resistance':ab,ti OR 'gamma globulin unresponsiveness':ab,ti OR 'γ globulin resistance':ab,ti OR 'γ globulin unresponsiveness':ab,ti) AND ('prediction'/exp OR 'predictive value'/exp OR 'receiver operating characteristic'/exp OR 'calibration'/exp OR 'nomogram'/exp OR 'algorithm'/exp OR 'multivariate analysis'/exp OR 'predictive value of test':ab,ti OR predict:ab,ti OR prediction:ab,ti OR model:ab,ti OR score:ab,ti OR rule:ab,ti OR nomogram:ab,ti OR 'roc curve':ab,ti OR 'receiver operating characteristic':ab,ti OR roc:ab,ti OR 'c statistic':ab,ti OR 'c-statistic':ab,ti OR 'area under the curve':ab,ti OR auc:ab,ti OR stratification:ab,ti OR calibration:ab,ti OR indices:ab,ti OR algorithms:ab,ti OR 'multivariate analysis':ab,ti OR multivariable:ab,ti OR multivariate:ab,ti) AND english:la AND article:it AND [01-01-2006]/sd NOT [01-08-2025]/sd




[bookmark: OLE_LINK109]Appendix B: PROBAST+AI Assessment of Model Quality, Applicability, and Risk of Bias.
The PROBAST+AI tool was used to systematically assess the methodological quality, risk of bias, and applicability of the included prediction models. Assessments were conducted separately for the model development and model evaluation phases using a domain-based framework of signalling questions.
1.Model development phase (quality assessment)
In the model development phase, PROBAST+AI was used to assess the methodological quality of model development across four domains with 16 signalling questions, covering participants and data sources (3), predictors (4), outcomes (4), and analyses (5).
2.Model evaluation phase (risk of bias assessment)
In the model evaluation phase, PROBAST+AI was used to assess the risk of bias during model validation across four domains with 18 signalling questions, covering participants and data sources (3), predictors (4), outcomes (4), and analyses (7).
3.Judgement rules
Model development quality and model evaluation risk of bias were assessed across the four domains. Signalling questions were answered as yes (Y), probably yes (PY), probably no (PN), no (N), no information (NI), or not applicable (NA). Based on the responses to the signalling questions, the level of risk for each domain was judged as low, high, or unclear. A domain was judged as low risk when all signalling questions were answered as Y or PY; if any signalling question was answered as N or PN, the domain was judged as high risk; otherwise, the domain was judged as unclear.
4.Applicability assessment
Applicability was assessed separately based on the first three domains—participants and data sources, predictors, and outcomes—in both the model development and model evaluation phases, and was judged as low, high, or unclear.
5.Overall assessment
Overall judgements were derived for the quality and applicability of model development and for the risk of bias and applicability of model evaluation. Model development quality was considered low when all domains were rated as low risk, high when any domain was rated as high risk, and unclear when at least one domain was rated as unclear in the absence of any high-risk domains. The same decision rules were applied to determine overall applicability and the overall risk of bias during the model evaluation phase.





[bookmark: OLE_LINK150]Supplementary Tables
Supplementary Table S1. PICOTS description of the included studies.
	PICOTS item
	Description

	P(Population)
	Patients diagnosed with KD

	I (Index model)
	The model has been used since 2006/01 to 2025/07 to predict IVIG resistance in children with KD

	C (Comparator model)
	Alternative models compared with index model which were not considered

	O (Outcome)
	IVIG resistance

	T (Timing)
	The definition of the timing of IVIG resistance (such as a persistent or recurrence of fever during 36 hours to 7 days after initial IVIG treatment,)

	S (Setting and Intended use)
	Hospital-based settings; intended to identify patients at high risk of IVIG resistance early and assist clinicians in treatment decision-making


Abbreviation: PICOTS, Population, Index model, Comparator, Outcome, Timing, and Setting; KD, Kawasaki disease; IVIG, intravenous immunoglobulin.










[bookmark: OLE_LINK135]Supplementary Table S2. Checklist of the PROBAST+AI tool.
	Model development: Signalling questions
	Model evaluation: Signalling questions

	Participants and data sources

	[bookmark: _Hlk213627629]1.1 Were appropriate data sources used?
	1.1 Were appropriate data sources used?

	1.2 Was an appropriate study design used?
	1.2 Was an appropriate study design used?

	1.3 Did the inclusions and exclusions of study participants result in a representative dataset?
	1.3 Did the inclusions and exclusions of study participants result in a representative dataset?

	Quality: Concern regarding quality of selection of participants and data sources
	Quality: Concern regarding quality of selection of participants and data sources

	Applicability: Concern that the data of the included participants do not match the review question or the assessor’s intended use of the prediction model
	Applicability: Concern that the data of the included participants do not match the review question or the assessor’s intended use of the prediction model

	Predictors

	2.1 Were predictors defined and assessed in a similar way for all participants?
	2.1 Were predictors defined and assessed in a similar way for all participants?

	2.2 Was any preprocessing of predictors similar for all participants?
	2.2 Was any preprocessing of predictors similar for all participants?

	2.3 Were predictor assessments made without knowledge of outcome data?
	2.3 Were predictor assessments made without knowledge of outcome data?

	2.4 Were the predictors included in the model available at the time the model was intended to be used?
	2.4 Were the predictors included in the model available at the time the model was intended to be used?

	Quality: Concern regarding the quality of the predictors or their assessment
	Quality: Concern regarding the quality of the predictors or their assessment

	Applicability: Concern that the definition, preprocessing, assessment, or timing of assessment of the predictors in the model do not match the review question or the assessor’s intended use
	Applicability: Concern that the definition, preprocessing, assessment, or timing of assessment of the predictors in the model do not match the review question or the assessor’s intended use

	Outcomes

	3.1 Were outcomes defined and assessed appropriately?
	3.1 Were outcomes defined and assessed appropriately?

	3.2 Were outcomes defined and assessed in a similar way for all participants?
	3.2 Were outcomes defined and assessed in a similar way for all participants?

	3.3 Were outcome assessments made without use or knowledge of predictor data?
	3.3 Were outcome assessments made without use or knowledge of predictor data?

	3.4 Was the time interval between predictor assessment and outcome assessment appropriate?
	3.4 Was the time interval between predictor assessment and outcome assessment appropriate?

	Quality: Concern regarding quality of the outcome or its determination
	Quality: Concern regarding quality of the outcome or its determination

	Applicability: Concern that the outcome, its definition, assessment, or timing of assessment do not match the review question or the assessor’s intended use
	Applicability: Concern that the outcome, its definition, assessment, or timing of assessment do not match the review question or the assessor’s intended use

	Analyses

	4.1 Was there evidence that the sample size was reasonable?
	4.1 Was model evaluation based on only apparent performance avoided?

	4.2 Were continuous and categorical predictors handled appropriately?
	4.2 Was there evidence that the sample size was reasonable?

	4.3 Were participants with missing or censored data handled appropriately in the analysis?
	4.3 Were participants with missing or censored data handled appropriately in the analysis?

	4.4 If methods to address class imbalance were used, was the model or the model predictions recalibrated?
	4.4 If methods to address class imbalance were used, was the evaluation done in a dataset without correction for imbalance?

	4.5 Were methods used to address potential model overfitting?
	4.5 If data splitting was done to create training and test datasets, was there evidence that data leakage was avoided?

	
	4.6 If resampling methods were used to evaluate model performance, were all model development steps replicated in the resampling process?

	
	4.7 Was the predictive performance of the model evaluated appropriately—for example, calibration, discrimination, and net benefit?

	Quality: Concern regarding quality of the analysis
	Risk of bias: Risk of bias introduced by the analysis


 
 
 






[bookmark: OLE_LINK134]Supplementary Table S3. Detailed information of ML and LR models.
	[bookmark: OLE_LINK10]First author (year)
	Mentioning of reporting guidelines
	Predictors
	Model evaluation
	Sample size
	Method of discrimination assessed

	
	
	
	
	
	Sensitivity
	Specificity
	AUC
	Accuracy
	PPV
	NPV

	ML models
	
	
	
	
	
	
	
	
	
	

	Masato Takeuchi (2017)[1]
	NR
	age, sex, past history of KD, illness days at admission, illness days at first IVIG, aspirin use, conjunctival injection, changes in lips and oral cavity, polymorphous exanthema, cervical lymphadenopathy, changes in extremity in acute phase, erythema at BCG inoculation, WBC, NEU%, HCT, PLT, CRP, LDH, AST, ALT, BIL, TP, ALB, Na, IgG
	internal validation
	IVIG-resistant:170
IVIG-responsive:597
	0.797
	0.873
	0.916
	NR
	0.852
	0.821

	[bookmark: _Hlk216019200]Tengyang Wang (2020)[2]
	NR
	sex, age, weight, BSA, days of illness prior to hospitalization, days of illness at diagnosis, KD type, rash, erythema of oral mucosa, strawberry tongue, conjunctival injection, cervical lymphadenopathy, edema of extremities, periungual desquamation, changes around the anus, days of illness at the initial treatment, usage of IVIG, comprising glucocorticoid use, sampling stage, LMCA diameter, RCA diameter, LMCA artery Z_Score (Japan), Proximal_RCA Z_Score (Japan), LMCA Z_Score (AHA), Proximal_RCA Z_Score (AHA), K, TG, BUN, CRE, Ca, ALP, TP, ALB, GLO, Na, ALT, AST, GGT, TBIL, DBIL, IBIL, Mg, LDH, CK, CKMB, P, CHOL, Cl, GLU, Carbon dioxide combining power, ESR, WBC, EOS, BASO, MCV, MCH, MCHC, MPV, Plateletcrit , MONO%, EOS%, BASO%, NEU, HCT, PDW, LYMPH%, NEU%, RBC, PLT, Hb, LYMPH, MONO, P-LCR%, NLR, PLR, CRP, ESR
	internal validation
	IVIG-resistant:124
IVIG-responsive:520
	0.3043
	0.9919
	0.7423
	0.8844
	0.875
	0.8848

	[bookmark: _Hlk216019218]Jie Liu (2021)[3]
	NR
	TBIL, PCT, ALT, PLT
	internal validation
	IVIG-resistant:158
IVIG-responsive:1240
	0.702
	0.903
	0.874
	NR
	NR
	NR

	Jinwoon Joung (2022)[4]
	NR
	TBIL, NT-proBNP
	internal validation
	IVIG-resistant:111
IVIG-responsive:785
	NR
	NR
	0.834 (95% CI, 0.675-0.973)
	0.905
	NR
	NR

	[bookmark: _Hlk216019227]Sunaga Yuto (2023)[5]
	NR
	start day, CRP, CHOL
	internal validation
	IVIG-resistant:227
IVIG-responsive:775
	0.49 (95% CI, 0.39-0.59)
	0.82 (95% CI, 0.78-0.86)
	0.72 (95% CI, 0.67-0.77)
	0.74 (95% CI, 0.70-0.78)
	0.46 (95% CI, 0.37-0.56)
	0.84 (95% CI, 0.80-0.88)

	[bookmark: _Hlk216019240]Yinan Yang (2023)[6]
	NR
	age, gender, BMI, fever time, WBC, NEU, LYMPH, NEU%, LYMPH%, MONO, EOS%, RBC, BASO, Hb, PLT, PCT, CRP, ESR, K, Na, Cl, Ca, P, TBIL, DBIL, IBIL, TP, ALB, GLO, ALT, AST, CHOL, TG, CK, LDH, GLU, BUN, UA, IgA, IgG, IgM, C3, C4
	internal validation
	IVIG-resistant:94
IVIG-responsive:509
	0.7262
	0.8904
	0.87 (95% CI, 0.85-0.90)
	0.6165
	NR
	NR

	[bookmark: _Hlk216019252]Linfan Deng (2024)[7]
	NR
	Hb, CRP, Na, GLO
	internal validation
	IVIG-resistant:68
IVIG-responsive:534
	0.889
	0.683
	0.821 (95% CI, 0.698-0.944)
	0.748
	NR
	NR

	[bookmark: _Hlk215960908]Miyagi Yoshifumi (2024)[8]
	NR
	day of the first treatment, Na, TBIL, NLR
	internal validation
	IVIG-resistant:228
IVIG-responsive:997
	0.691
	0.629
	0.716 (95% CI, 0.669-0.762)
	NR
	NR
	NR

	[bookmark: _Hlk216019277][bookmark: OLE_LINK13]Gahao Chen (2025)[9]
	TRIPOD+AI
	sex, age, KD type, CAL, recurrence history, CRP, ESR, WBC, NEU, PLT, Hb, ALB, TP, AST, ALT
	internal validation
	IVIG-resistant:170
IVIG-responsive:1408
	0.97
	NR
	0.99
	0.97
	0.98
	NR

	[bookmark: _Hlk216019286]Ying He (2025)[10]
	NR
	comprising glucocorticoid use, CK, EOS%, GLU, CKMB, GGT, CRE, NEU, age, CRP
	internal validation
	IVIG-resistant:44
IVIG-responsive:419
	0.85
	0.54
	0.78
	NR
	0.16
	0.97

	[bookmark: OLE_LINK5]Gang Luo (2025)[11]
	NR
	CRP, Na, ALB, Hb, NEU%, PLT
	internal validation
	IVIG-resistant:146
IVIG-responsive:768
	0.916
	0.912
	0.9725
	0.914
	0.923
	NR

	[bookmark: _Hlk216019296][bookmark: OLE_LINK8]Yuhan Xia (2025)[12]
	NR
	age, sex, WBC, NEU, LYMPH, NEU%, LYMPH%, EOS, PLT, Hb, CRP, ALB, ALT, AST, TBIL, Na, NLR, PLR, CAR, AAR, SII, PNI
	internal validation and external validation
	internal validation:
IVIG-resistant:244
IVIG-responsive:1725
external validation:
Shaoxing external set: IVIG-resistant:5
IVIG-responsive:95
Quzhou external set: IVIG-resistant:5
IVIG-responsive:80
	internal validation: 0.726 (95% CI, 0.631-0.821)
Shaoxing external set: 0.800 (95% CI, 0.400-1.000)
Quzhou external set: 1.000 (95% CI, 1.000-1.000)
	internal validation: 0.720 (95% CI, 0.681-0.764)
Shaoxing external set: 0.863 (95% CI, 0.800-0.926)
Quzhou external set: 0.613(95% CI, 0.500-0.713)
	internal validation: 0.751 (95% CI, 0.692-0.820)
Shaoxing external set: 0.827 (95% CI, 0.659-0.949)
Quzhou external set: 0.735 (95% CI, 0.595-0.860)
	internal validation: 0.721 (95% CI, 0.686-0.758)
Shaoxing external set: 0.860 (95% CI, 0.790-0.920)
Quzhou external set: 0.635 (95% CI, 0.529-0.729)
	NR
	NR

	LR models
	
	
	
	
	
	
	
	
	
	

	Egami Kimiyasu (2006)[13]
	NR
	age, days of illness, PLT, CRP, ALT
	apparent performance
	IVIG-resistant:41
IVIG-responsive:279
	0.78
	0.76
	0.79 (95% CI, 0.73-0.86)
	NR
	0.32
	0.96

	[bookmark: _Hlk216019358][bookmark: OLE_LINK110]Kobayashi Tohru (2006)[14]
	NR
	Na, days of illness at initial treatment, AST, NEU%, CRP, age, PLT
	apparent performance and external validation
	apparent performance:
IVIG-resistant:148
IVIG-responsive:528
external validation:
IVIG-resistant:42
IVIG-responsive:162
	external validation: 0.9
	external validation: 0.77
	apparent performance: 0.85 (95% CI, 0.8-0.88)
external validation: 0.90 (95% CI, 0.85-0.96)
	NR
	NR
	NR

	Tetsuya Sano (2007)[15]
	NR
	CRP, TBIL, AST
	apparent performance
	IVIG-resistant:22
IVIG-responsive:90
	0.77
	0.86
	NR
	NR
	0.59
	0.94

	[bookmark: OLE_LINK70]Adriana H. Tremoulet (2008)[16]
	NR
	days of illness at diagnosis, % bands, GGT, Hb
	apparent performance
	IVIG-resistant:60
IVIG-responsive:302
	0.733
	0.619
	NR
	NR
	NR
	NR

	Lynn A. Sleeper (2011)[17]
	NR
	sex, ALB, AST
	apparent performance
	NR
	NR
	NR
	0.83
	NR
	NR
	NR

	[bookmark: _Hlk216019382]Peipei Fu (2013)[18]
	NR
	polymorphous exanthema, changes around the anus, days of illness at initial treatment, CRP, NEU%
	apparent performance
	IVIG-resistant:211
IVIG-responsive:966
	0.541
	0.712
	0.672 (95% CI, 0.631-0.712)
	NR
	NR
	NR

	[bookmark: _Hlk216019395]SATO Satoshi (2013)[19]
	NR
	NEU%, IL-6
	apparent performance
	IVIG-resistant:21
IVIG-responsive:84
	0.857
	0.774
	NR
	NR
	NR
	NR

	Myung Hyun Choi (2014)[20]
	NR
	sex, cervical lymphadenopathy, changes of the extremities, PLT, TBIL, ALP, LDH, CRP
	apparent performance and external validation
	apparent performance:
IVIG-resistant:120
IVIG-responsive:313
external validation:
IVIG-resistant:38
IVIG-responsive:102
	simple model: apparent performance: 0.525 (95%CI, 0.435-0.614)
external validation: 0.378 (95%CI, 0.222-0.535)
	simple model: apparent performance: 0.824 (95%CI, 0.782-0.866) 
external validation: 0.818 (95%CI, 0.742-0.894)
	complex model: apparent performance: 0.7001 (95% CI, 0.6424–0.7578)
simple model: apparent performance: 0.7247
	NR
	NR
	NR

	[bookmark: _Hlk216019405]Mingtai Lin (2016)[21]
	NR
	ALB, NEU%, positive lymphadenopathy
	apparent performance and external validation
	apparent performance:
IVIG-resistant:22
IVIG-responsive:159
external validation:
IVIG-resistant:7
IVIG-responsive:60
	apparent performance: 0.909
external validation: 0.714
	apparent performance: 0.813
external validation: 0.810
	apparent performance: 0.86 (95% CI, 0.76-0.97)
	NR
	external validation: 0.313
	external validation: 0.959

	[bookmark: _Hlk216019416]Yunjia Tang (2016)[22]
	NR
	rash, edema of extremities, NEU%, age, ALB
	apparent performance
	IVIG-resistant:46
IVIG-responsive:864
	0.714
	0.76
	0.77 (95% CI, 0.71-0.82)
	NR
	NR
	NR

	[bookmark: _Hlk216019425]Hua Wang (2017)[23]
	NR
	IVIGRKD model: total fever duration, delayed diagnosis, GGT, Na, NLR, PLT
IVIGRKD ≤ 6 months old model: total fever duration, Na, NLR, PLT
	apparent performance
	IVIGRKD model:
IVIG-resistant:380
IVIG-responsive:1746
IVIGRKD ≤ 6 months old model:
IVIG-resistant:43
IVIG-responsive:275
	IVIGRKD model:
cutoff: 3: 0.828
cutoff:4: 0.607
cutoff:5: 0.405
IVIGRKD ≤ 6 months old model:
cutoff:3: 0.821
cutoff:4: 0.59
cutoff:5: 0.385
	IVIGRKD model:
cutoff:3: 0.401
cutoff:4: 0.665
cutoff:5: 0.847
IVIGRKD ≤ 6 months old model:
cutoff:3: 0.538
cutoff:4: 0.752
cutoff:5: 0.902
	IVIGRKD model:0.685
IVIGRKD ≤ 6 months old model:0.746
	NR
	NR
	NR

	[bookmark: _Hlk216019434]Maskit Bar-Meir (2017)[24]
	NR
	coronary artery abnormalities at the initial echo, days of illness at presentation to the emergency department
	apparent performance and external validation
	apparent performance:
IVIG-resistant:42
IVIG-responsive:270
external validation:
retrospective set: IVIG-resistant:7
IVIG-responsive:25
prospective set: IVIG-resistant:29
IVIG-responsive:157
	apparent performance: 0.81 (95% CI, 0.67-0.90)
external validation: retrospective set: 0.86
prospective set: 0.86 (95% CI, 0.49-0.97)
	apparent performance: 0.50 (95% CI, 0.44-0.56)
external validation: retrospective set: 0.41
prospective set: 0.61 (95% CI, 0.43-0.78)
	apparent performance: 0.7 (95% CI, 0.6-0.8)
external validation: retrospective set: 0.69 (95% CI, 0.59-0.8)
prospective set: 0.74 (95% CI, 0.60-0.87)
	NR
	NR
	NR

	Nattika Chantasiriwan (2017)[25]
	NR
	HCT, PLT, AST, NLR
	apparent performance
	IVIG-resistant:26
IVIG-responsive:191
	0.808
	0.668
	0.796
	NR
	NR
	NR

	[bookmark: _Hlk216019445]Gámez-González Luisa Berenise (2018)[26]
	NR
	NEU%, ALB, AST, HR, BT
	apparent performance
	IVIG-resistant:101
IVIG-responsive:318
	0.762
	0.648
	NR
	NR
	0.401
	0.894

	Robert Grignani (2018)[27]
	NR
	PLT, CRP, CAL, zHb, ALB, number of days febrile
	apparent performance
	IVIG-resistant:15
IVIG-responsive:107
	0.8
	0.8
	0.808
	NR
	NR
	NR

	[bookmark: _Hlk216019454]Xuhai Tan (2019)[28]
	NR
	RDW, PLT, LYMPH%, TBA, Na, ALB, D-CALs, age
	internal validation
	IVIG-resistant:348
IVIG-responsive:4929
	NR
	NR
	0.72 (95% CI, 0.65-0.80)
	NR
	NR
	NR

	[bookmark: _Hlk216019463]Shu Wu (2019)[29]
	NR
	NLR, MPVLR, ALB, Na
	apparent performance and external validation
	apparent performance:
IVIG-resistant:23
IVIG-responsive:259
external validation:
IVIG-resistant:10
IVIG-responsive:177
	apparent performance: 0.87
external validation: 0.700
	apparent performance: 0.784
external validation: 0.751
	apparent performance: 0.891 (95% CI, 0.837-0.945)
	NR
	NR
	NR

	[bookmark: _Hlk216019470]Shuai Yang (2019)[30]
	NR
	CRP, NEU%, Na, ALB, TBIL
	internal validation and external validation
	internal validation:
IVIG-resistant:78
IVIG-responsive:1282
external validation:
Children’s Hospital Capital Institute of 
Pediatrics set: IVIG-resistant:21
IVIG-responsive:344
Beijing Children’s Hospital set: IVIG-resistant:40
IVIG-responsive:337
	external validation: 
Children’s Hospital Capital Institute of Pediatrics set: 0.52
Beijing Children’s Hospital set: 0.50
	external validation: 
Children’s Hospital Capital Institute of Pediatrics set: 0.76
Beijing Children’s Hospital set: 0.72
	internal validation:0.77 (95% CI, 0.72-0.83)
external validation: 
Children’s Hospital Capital Institute of Pediatrics set: 0.69 (95% CI, 0.58-0.81)
Beijing Children’s Hospital set: 0.63 (95% CI, 0.53-0.72)
	NR
	NR
	NR

	[bookmark: _Hlk216019482]Piram Maryam (2020)[31]
	NR
	ALT, hepatomegaly, LYMPH, time to treatment
	apparent performance
	IVIG-resistant:92
IVIG-responsive:323
	0.77
	0.60
	0.725
	NR
	NR
	NR

	[bookmark: _Hlk216019490]Shu Wu (2020)[32]
	NR
	age, NEU, LYMPH, PLT, ALB
	apparent performance
	IVIG-resistant:31
IVIG-responsive:246
	0.774
	0.61
	0.750 (95% CI, 0.666-0.834)
	NR
	NR
	NR

	[bookmark: OLE_LINK6]Takashi Kanai (2020)[33]
	NR
	NLR, PLR
	internal validation
	Training set: IVIG-resistant:117
IVIG-responsive:403
Test set: IVIG-resistant:79
IVIG-responsive:253
	0.54
	0.72
	0.7
	0.68
	0.38
	0.84

	[bookmark: _Hlk216019500]Meng Li (2021)[34]
	NR
	rs10056474GG, rs746994GG, rs76863441GT, rs16944(CT/TT), rs1143627(CT/CC), CRP, NEU%, Na, ALB, TBIL
	apparent performance and external validation
	apparent performance:
IVIG-resistant:77
IVIG-responsive:154
external validation:
IVIG-resistant:35
IVIG-responsive:65
	apparent performance: 0.6533 (95% CI, 0.535-0.760)
external validation: 0.7714 (95% CI, 0.599-0.896)
	apparent performance: 0.8667 (95% CI, 0.802-0.917)
external validation: 0.8615 (95% CI, 0.753-0.935)
	apparent performance: 0.832 (95% CI, 0.776-0.878) 
external validation: 0.820 (95% CI, 0.730-0.889)
	NR
	NR
	NR

	[bookmark: _Hlk216019508]Carlos D. Grasa (2022)[35]
	NR
	gender, age, days of fever, adenopathy, cardiologic alteration, CRE, CRP, Hb, Na
	apparent performance and external validation
	apparent performance:
IVIG-resistant:75
IVIG-responsive:364
external validation:
IVIG-resistant:7
IVIG-responsive:91
	apparent performance: 0.95
external validation: 0.78
	apparent performance: 0.34
external validation: 0.50
	apparent performance: 0.826 (95% CI, 0.777-0.875)
external validation: 0.727 (95% CI, 0.535-0.920)
	apparent performance: 0.45(95% CI, 0.4-0.5)
external validation: 0.6 (95% CI, 0.4-0.8)
	external validation: 0.3889 (95% CI, 0.2696-0.5231)
	external validation: 0.8462 (95% CI, 0.6018-0.9524)

	[bookmark: _Hlk216019518]Hongbiao Huang (2022)[36]
	NR
	Hb, NEU%, PLT, CRP, ALB, Na, ALP, CAL, incomplete KD
	apparent performance and external validation
	apparent performance:
IVIG-resistant:72
IVIG-responsive:1221
external validation:
IVIG-resistant:14
IVIG-responsive:191
	apparent information: 0.74
external validation: 0.86
	apparent information: 0.64
external validation: 0.49
	apparent information: 0.75 (95% CI, 0.69-0.80)
external validation: 0.66 (95% CI, 0.53-0.79)
	NR
	NR
	NR

	[bookmark: _Hlk216019527]Changjian Li (2022)[37]
	NR
	TBIL, NLR, PNI
	apparent performance and external validation
	apparent performance:
IVIG-resistant:47
IVIG-responsive:588
external validation:
IVIG-resistant:32
IVIG-responsive:358
	apparent performance: 0.809
external validation: 0.727
	apparent performance: 0.776
external validation: 0.849
	apparent performance: 0.850 (95% CI, 0.798-0.901)
	external validation: 0.839
	NR
	NR

	[bookmark: _Hlk216019534][bookmark: OLE_LINK11]Yujie Li(2022)[38]
	NR
	TNC, TBIL, ALB, Na
	apparent performance
	IVIG-resistant:51
IVIG-responsive:210
	0.784
	0.738
	0.816 (95% CI, 0.747-0.886)
	NR
	NR
	NR

	[bookmark: _Hlk216019542]Singh Jasdip (2022)[39]
	NR
	WBC, age, NEU%, ALB
	apparent performance and external validation
	apparent performance:
IVIG-resistant:39
IVIG-responsive:169
external validation:
China set:644
Boston set:97
	apparent performance: 0.54
external validation: China set: 0.27
Boston set: 0.40
	apparent performance: 0.69
external validation: China set: 0.27
Boston set: 0.73
	apparent performance: 0.6905
	NR
	NR
	NR

	[bookmark: _Hlk216019551]Kumar Natarajan Rupesh (2023)[40]
	NR
	PLT, K, BSA, CRE
	apparent performance
	IVIG-resistant:35
IVIG-responsive:80
	0.76
	0.68
	0.796
	NR
	NR
	NR

	[bookmark: _Hlk216019576]Junjie Wang (2023)[41]
	NR
	WBC, NLR, HCT, ALB, TBIL, LDH, CRE
	internal validation
	IVIG-resistant:80
IVIG-responsive:578
	NR
	NR
	0.742
	NR
	NR
	NR

	[bookmark: _Hlk216019587]Shuhui Wang (2023)[42]
	NR
	LYMPH%, CAR, AST, Na, TBIL
	internal validation and external validation
	internal validation:
IVIG-resistant:113
IVIG-responsive:1146
external validation:
IVIG-resistant:21
IVIG-responsive:156
	NR
	NR
	internal validation: 0.791 (95% CI, 0.694-0.890)
external validation: 0.801 (95% CI, 0.717-0.885)
	NR
	NR
	NR

	[bookmark: _Hlk216019598]Yan Wang (2023)[43]
	NR
	ALB, NEU%, Hb
	apparent performance
	IVIG-resistant:38
IVIG-responsive:665
	0.605
	0.878
	0.818 (95% CI, 0.744-0.892)
	NR
	0.722
	0.964

	Pan Yan (2023)[44]
	STROBE
	CAL, CRP, NEU%, PLT, AST, ALT
	internal validation
	IVIG-resistant:59
IVIG-responsive:448
	NR
	NR
	0.722
	NR
	NR
	NR

	[bookmark: OLE_LINK7]Yang Zhou (2023)[45]
	NR
	ESR, BECN1, LC3II mRNA
	apparent performance
	IVIG-resistant:31
IVIG-responsive:108
	0.871
	0.8333
	0.9
	NR
	0.6
	0.9574

	[bookmark: _Hlk216019607]Shiyu Li (2024)[46]
	NR
	PCT, Na, CASP1
	apparent performance
	IVIG-resistant:24
IVIG-responsive:120
	0.917
	0.692
	0.899
	NR
	NR
	NR

	[bookmark: _Hlk216019617]Tae Lim Young (2024)[47]
	NR
	TBIL, ALB
	apparent performance
	IVIG-resistant:45
IVIG-responsive:98
	0.578
	0.674
	0.633 (95% CI, 0.533-0.733)
	NR
	NR
	NR

	[bookmark: _Hlk216019626]Jenny Yee Chen Tan (MPharm) (2024)[48]
	NR
	gender, CRP, NEU%, TBIL
	apparent performance
	IVIG-resistant:19
IVIG-responsive:210
	0.789
	0.805
	0.835 (95% CI, 0.751-0.919)
	NR
	0.268
	0.977

	[bookmark: _Hlk216019636]Yue Wang (2024)[49]
	NR
	CRP, NEU%, PCT, CD3%, CD19, IgM
	internal validation
	IVIG-resistant:120
IVIG-responsive:1151
	NR
	NR
	0.800
	NR
	NR
	NR

	[bookmark: _Hlk216019644]Yuanyuan Zeng (2024)[50]
	NR
	PLT, NEU%, AST, sIL-2R level
	apparent performance
	IVIG-resistant:42
IVIG-responsive:479
	0.6929
	0.8391
	0.889
	NR
	NR
	NR

	[bookmark: _Hlk216019655]Yuan Gao (2025)[51]
	NR
	NEU%, HDL-C, MHR
	internal validation
	IVIG-resistant:49
IVIG-responsive:351
	NR
	NR
	0.866
	NR
	NR
	NR

	[bookmark: _Hlk216019666]Xinping Lin (2025)[52]
	NR
	GLO, RBC, weight, ALT, APTT
	internal validation
	IVIG-resistant:42
IVIG-responsive:505
	NR
	NR
	0.749 (95% CI, 0.597-0.902)
	NR
	NR
	NR


[bookmark: OLE_LINK69][bookmark: _Hlk214809937][bookmark: _Hlk217084190][bookmark: _Hlk214809672][bookmark: _Hlk214809895][bookmark: _Hlk214809955][bookmark: _Hlk214809805][bookmark: _Hlk214809947][bookmark: _Hlk214809885][bookmark: _Hlk214809968][bookmark: _Hlk214809789]Abbreviations: ML, machine learning; LR, logistic regression; BCG, Bacillus Calmette–Guérin; PLT, platelet count; Ca, serum calcium; A/G, albumin-to-globulin ratio; TBIL, total bilirubin; CHOL, total cholesterol; PCT, procalcitonin; ALT, alanine aminotransferase; CRP, C-reactive protein; ALB, albumin; Na, serum sodium; IgG, Immunoglobulin G; Hb, hemoglobin; zHb, standardised haemoglobin; GLO, globulin; NEU%, percentage of neutrophil ; CD3%, percentage of CD3-positive T cells; NLR, neutrophil-to-lymphocyte ratio; KD, Kawasaki disease; CAL, coronary artery lesions; RCA, right coronary artery; LMCA, left main coronary artery; NEU, neutrophil count; AST, aspartate aminotransferase; NT-proBNP, nitrogen terminal- pro brain natriuretic peptide; CK, serum creatine kinase; EOS%, eosinophil percentage; GLU, glucose; CKMB, serum creatine kinase-MB; GGT, gamma-glutamyl transferase; CRE, creatinine; MCV, erythrocyte mean corpuscular volume; MCH, mean corpuscular hemoglobin; MCHC, mean corpuscular hemoglobin concentration; MPV, mean platelet volume; MONO%, percentage of monocytes; BASO%, percentage of basophils; BASO, basophils count; HCT, hematocrit; PDW, platelet distribution width; LYMPH%, percentage of lymphocyte; RBC, red blood cell count; WBC, white blood cell count; LYMPH, lymphocyte count; MONO, monocyte count; P-LCR%, platelet larger cell ratio; PLR, platelet-to-lymphocyte ratio; ESR, erythrocyte sedimentation rate; CAR, C-reactive protein-to-albumin ratio; PNI, prognostic nutritional index; TP, total protein; EOS, eosinophil count; P, phosphorus; DBIL, direct bilirubin; IBIL, indirect bilirubin; TG, triglyceride; LDH, lactate dehydrogenase; BUN, blood urea nitrogen; UA, uric acid; AAR, aspartate aminotransferase-to-alanine aminotransferase ratio; SII, systemic immune-inflammatory index; RDW, red blood cell distribution width; HR, heart rate; BT, body temperature; TBA, total bile acid; D-CALs, degree of coronary artery lesions; MPVLR, mean platelet volume-to-lymphocyte ratio; ALP, serum alkaline phosphatase; K, serum potassium; BSA, body surface area; TNC, tenascin-C; HDL-C, high-density lipoprotein cholesterol; MHR, monocyte count to high-density lipoprotein cholesterol ratio; APTT, activated partial thromboplastin time; NR, not reported.

Supplementary Table S4. Methodological characteristics of ML and LR prediction studies.
	Characteristics
	ML (n = 12)
	LR (n = 40)

	Type of algorithm
	

	[bookmark: OLE_LINK99]Logistic Regression, n (%)
	NA
	37 (92.5)

	[bookmark: OLE_LINK100]Lasso Regression, n (%)
	[bookmark: OLE_LINK98]NA
	3 (7.5)

	RF, n (%)
	4 (33.3)
	NA

	[bookmark: OLE_LINK103]Light GBM, n (%)
	3 (25.0)
	NA

	GBM, n (%)
	[bookmark: OLE_LINK101]1 (8.3)
	NA

	XGBoost, n (%)
	1 (8.3)
	NA

	GBDT, n (%)
	1 (8.3)
	NA

	DT, n (%)
	1 (8.3)
	NA

	TabPFN-V2, n (%)
	1 (8.3)
	NA

	Handling of missing data
	

	Multiple imputation, n (%)
	[bookmark: OLE_LINK102]2 (16.7)
	5 (12.5)

	Use median / arithmetic means, n (%)
	3 (25.0)
	0 (0)

	Use random forest algorithms, n (%)
	1 (8.3)
	1 (2.5)

	Complete-case analysis, n (%)
	6 (50.0)
	20 (50.0)

	[bookmark: OLE_LINK104]Unclear or no information, n (%)
	[bookmark: OLE_LINK105]0 (0)
	14 (35.0)

	Handling of class imbalance
	

	SMOTE, n (%)
	3 (60.0)
	0 (0)

	SMOTE-NC, n (%)
	1 (20.0)
	[bookmark: OLE_LINK106]0 (0)

	ROSE, n (%)
	1 (20.0)
	0 (0)

	Methods of internal validation#
	

	Random split (8:2), n (%)
	[bookmark: OLE_LINK107]3 (25.0)
	0 (0)

	Random split (7:3), n (%)
	1 (8.3)
	3 (33.3)

	Time series (7:3), n (%)
	0 (0)
	[bookmark: OLE_LINK108]1 (11.1)

	Time series, n (%)
	0 (0)
	1 (11.1)

	5-fold cross validation, n (%)
	3 (25.0)
	2 (22.2)

	10-fold cross validation, n (%)
	3 (25.0)
	0 (0)

	OOB, n (%)
	1 (8.3)
	0 (0)

	1000-bootstrap resampling procedure, n (%)
	0 (0)
	2 (22.2)

	Unclear, n (%)
	1 (8.3)
	0 (0)

	Sample size calculation, n (%)
	0 (0)
	0 (0)

	Model performance evaluation
	
	

	DCA
	2 (16.7)
	7 (17.5)

	Calibration curve
	1 (8.3)
	9 (22.5)

	Hosmer-Lemeshow test
	0 (0)
	16 (40.0)


[bookmark: OLE_LINK46][bookmark: OLE_LINK145]Abbreviations: ML, machine learning; LR, logistic regression; RF, random forest; GBM, gradient boosting machine; GBDT, gradient boosting decision tree; XGBoost, eXtreme gradient boosting; LightGBM, light gradient boosting machine; TabPFN-V2, tabular prior-data fitted network version 2.0; DT, decision tree; SMOTE, Synthetic Minority Over-sampling Technique; SMOTE-NC, Synthetic Minority Over-sampling Technique for Nominal and Continuous features; ROSE, random over-sampling examples; OOB, out-of-bag error; DCA, decision curve analysis; NA, not applicable.
# Data derived from ML studies (n = 12) and LR studies (n = 9).









Supplementary Table S5. Head-to-head comparisons between LR and ML models within the same studies.
	Study
	AUC

	Tengyang Wang (2020) [2]

	logit_l1
	0.6725

	logit_l2
	0.6879

	DT
	0.6367

	RF
	0.6488

	AdaBoost
	0.6704

	GBM
	0.7423

	LightGBM
	0.6560 

	Jie Liu (2021) [3]

	Logistic
	0.731

	SVM
	0.797

	XGBoost
	0.804

	LightGBM
	0.874

	Yue Wang (2024) [49]
	

	LASSO
	0.800

	RF
	0.841

	Stepwise
	0.785

	SVM
	0.572

	Linfan Deng (2024) [7]

	Logistic
	0.737

	XGBoost
	0.765

	LightGBM
	0.686

	MLP
	0.482

	SVM
	0.577

	Miyagi Yoshifumi (2024) [8]

	Logistic
	0.75155

	SVM
	0.7385

	RF
	0.71695

	XGBoost
	0.72672

	LightGBM
	0.69255

	Stacking
	0.74874

	Ying He (2025) [10]

	LR
	0.70

	LASSO
	0.73

	GLMNET
	0.72

	RF
	0.78

	GBM
	0.75

	SVM
	0.72

	KNN
	0.55

	RPART 
	0.69

	RF Ranger
	0.77

	SVM Kernlab
	0.68

	NB
	0.66

	AdaBoost
	0.80

	NN
	0.59

	[bookmark: OLE_LINK14]Yuhan Xia (2025) [12]

	Logistic
	0.692

	RF
	0.711

	XGBoost
	0.704

	LightGBM
	0.683

	SVM
	0.662

	CatBoost
	0.704


Abbreviation: DT, decision tree; RF, random forest; AdaBoost, adaptive boosting; GBM, gradient boosting machine; SVM, support vector machine; XGBoost, eXtreme gradient boosting; LASSO, least absolute shrinkage and selection operator; MLP, multiple layers perception; LR, logistic regression; GLMNET, generalized linear mode; KNN, K-nearest neighbors; RPART, recursive partitioning and regression tree; NB, naïve bayes classifier; NN, neural network; CatBoost, categorical boosting.


	Validation type
	Total estimates, n
	Reported with 95% CI, n
	Standard error estimable from case numbers, n 
	No CI and sample size information, n 
	No reported AUC, n 

	Apparent performance
	32
	16[13, 14, 18, 20, 22, 24, 29, 32, 34-38, 43, 47, 48]
	11[20, 23, 25, 27, 31, 39, 40, 45, 46, 50]
	1[17]
	4[15, 16, 19, 26]

	Internal validation
	21
	10
[4-8, 12, 28, 30, 42, 52]
	11[1-3, 9-11, 33, 41, 44, 49, 51]
	0 (0%)
	0 (0%)

	External validation
	18
	11[12, 14, 24, 30, 34-36, 42]
	0
	0
	7[20, 21, 29, 37, 39]

	Total
	71
	37
	22
	1
	11


Supplementary Table S6. Availability of AUC data for quantitative synthesis across different validation types.
Abbreviations: AUC, area under the receiver operating characteristic curve; CI, confidence interval.







Supplementary Table S7. Subgroup analyses of apparent-performance LR models.
	subgroup_variable
	subgroup
	k
	pooled_auc
	ci_low
	ci_high
	I2
	tau2

	Region_group
	non-China
	13
	0.761
	0.72
	0.798
	70.14
	0.0987

	Region_group
	China
	14
	0.803
	0.759
	0.84
	85.68
	0.1831

	Predictor_group
	≤5 predictors
	18
	0.781
	0.743
	0.814
	74.44
	0.1386

	Predictor_group
	>5 predictors
	9
	0.785
	0.732
	0.83
	86.86
	0.1557

	Missing_group
	other/unclear/not reported
	9
	0.758
	0.713
	0.799
	62.25
	0.0787

	Missing_group
	complete-case
	18
	0.795
	0.757
	0.829
	84.97
	0.1715






Supplementary Table S8. Subgroup analyses of ML models with internal validation.
	subgroup_variable
	subgroup
	k
	pooled_auc
	ci_low
	ci_high
	I2
	tau2

	Region_group
	non-China
	4
	0.808
	0.662
	0.9
	94.58
	0.5128

	Region_group
	China
	8
	0.888
	0.774
	0.948
	97.13
	1.3638

	Predictor_group
	>5 predictors
	7
	0.901
	0.778
	0.959
	97.68
	1.5808

	Predictor_group
	≤5 predictors
	5
	0.789
	0.698
	0.859
	86.2
	0.2134

	Missing_group
	non-complete-case
	6
	0.912
	0.772
	0.97
	96.66
	1.8389

	Missing_group
	complete-case
	6
	0.802
	0.73
	0.858
	89.4
	0.2052

	
	
	
	
	
	
	
	



Supplementary Table S9. PROBAST-AI assessment of ML and LR models for IVIG resistance prediction in Kawasaki Disease.
	[bookmark: _Hlk215959666]First author (year)
	Model development
	Model evaluation
	
Overall model development
	Overall model evaluation

	
	Participants and data sources
	Predictors
	Outcomes
	Analyses
	Participants and data sources
	Predictors
	Outcomes
	Analyses
	
	

	
	quality concern
	applicability concern
	quality concern
	applicability concern
	quality concern
	applicability concern
	quality concern
	risk of bias
	applicability concern
	risk of bias
	applicability concern
	risk of bias
	applicability concern
	risk of bias
	quality concern
	applicability concern
	risk of bias
	applicability concern

	ML models
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	Masato Takeuchi (2017)
	high
	low
	unclear
	low
	unclear
	low
	unclear
	high
	low
	unclear
	low
	unclear
	low
	high
	high
	low
	high
	low

	Tengyang Wang (2020)
	high
	low
	unclear
	low
	unclear
	low
	high
	high
	low
	unclear
	low
	unclear
	low
	high
	high
	low
	high
	low

	Jie Liu (2021)
	high
	low
	unclear
	low
	unclear
	low
	high
	high
	low
	unclear
	low
	unclear
	low
	high
	high
	low
	high
	low

	Jinwoon Joung (2022)
	high
	low
	unclear
	low
	unclear
	low
	high
	high
	low
	unclear
	low
	unclear
	low
	high
	high
	low
	high
	low

	Sunaga Yuto (2023)
	high
	low
	unclear
	low
	unclear
	low
	high
	high
	low
	unclear
	low
	unclear
	low
	high
	high
	low
	high
	low

	Yinan Yang (2023)
	high
	low
	unclear
	low
	unclear
	low
	high
	high
	low
	unclear
	low
	unclear
	low
	high
	high
	low
	high
	low

	Linfan Deng (2024)
	high
	low
	unclear
	low
	unclear
	low
	high
	high
	low
	unclear
	low
	unclear
	low
	high
	high
	low
	high
	low

	Miyagi Yoshifumi (2024)
	high
	low
	unclear
	low
	unclear
	low
	high
	high
	low
	unclear
	low
	unclear
	low
	high
	high
	low
	high
	low

	Gahao Chen (2025)
	high
	low
	unclear
	low
	unclear
	low
	unclear
	high
	low
	unclear
	low
	unclear
	low
	high
	high
	low
	high
	low

	Ying He (2025)
	high
	low
	unclear
	low
	unclear
	low
	unclear
	high
	low
	unclear
	low
	unclear
	low
	high
	high
	low
	high
	low

	Gang Luo (2025)
	high
	low
	unclear
	low
	unclear
	low
	unclear
	high
	low
	unclear
	low
	unclear
	low
	high
	high
	low
	high
	low

	Yuhan Xia (2025)
	high
	low
	unclear
	low
	unclear
	low
	high
	high
	low
	unclear
	low
	unclear
	low
	high
	high
	low
	high
	low

	LR models
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	Egami Kimiyasu (2006)
	high
	low
	unclear
	low
	unclear
	low
	high
	high
	low
	unclear
	low
	unclear
	low
	high
	high
	low
	high
	low

	Kobayashi Tohru (2006)
	high
	low
	unclear
	low
	unclear
	low
	high
	high
	low
	unclear
	low
	unclear
	low
	high
	high
	low
	high
	low

	Tetsuya Sano (2007)
	high
	low
	unclear
	low
	unclear
	low
	high
	high
	low
	unclear
	low
	unclear
	low
	high
	high
	low
	high
	low

	Adriana H. Tremoulet(2008)
	high
	low
	unclear
	low
	unclear
	low
	high
	high
	low
	unclear
	low
	unclear
	low
	high
	high
	low
	high
	low

	Lynn A. Sleeper(2011)
	unclear
	low
	low
	low
	unclear
	low
	high
	unclear
	low
	low
	low
	unclear
	low
	high
	high
	low
	high
	low

	Peipei Fu (2013)
	high
	low
	unclear
	low
	unclear
	low
	high
	high
	low
	unclear
	low
	unclear
	low
	high
	high
	low
	high
	low

	SATO Satoshi (2013)
	high
	low
	unclear
	low
	unclear
	low
	high
	high
	low
	unclear
	low
	unclear
	low
	high
	high
	low
	high
	low

	Myung Hyun Choi (2014)
	high
	low
	unclear
	low
	unclear
	low
	high
	high
	low
	unclear
	low
	unclear
	low
	high
	high
	low
	high
	low

	Mingtai Lin (2016)
	high
	low
	unclear
	low
	unclear
	low
	high
	high
	low
	low
	low
	low
	low
	high
	high
	low
	high
	low

	Yunjia Tang (2016)
	high
	low
	unclear
	low
	unclear
	low
	high
	high
	low
	unclear
	low
	unclear
	low
	high
	high
	low
	high
	low

	Hua Wang (2017)
	high
	low
	unclear
	low
	unclear
	low
	high
	high
	low
	unclear
	low
	unclear
	low
	high
	high
	low
	high
	low

	Maskit Bar-Meir (2017)
	high
	low
	unclear
	low
	unclear
	low
	high
	high
	low
	unclear
	low
	unclear
	low
	high
	high
	low
	high
	low

	Nattika Chantasiriwan (2017)
	high
	low
	unclear
	low
	unclear
	low
	high
	high
	low
	unclear
	low
	unclear
	low
	high
	high
	low
	high
	low

	Gámez-González Luisa Berenise (2018)
	high
	low
	unclear
	low
	unclear
	low
	high
	high
	low
	unclear
	low
	unclear
	low
	high
	high
	low
	high
	low

	Robert Grignani (2018)
	high
	low
	unclear
	low
	unclear
	low
	high
	high
	low
	unclear
	low
	unclear
	low
	high
	high
	low
	high
	low

	Xuhai Tan (2019)
	high
	low
	unclear
	low
	unclear
	low
	high
	high
	low
	unclear
	low
	unclear
	low
	high
	high
	low
	high
	low

	Shu Wu (2019)
	high
	low
	unclear
	low
	unclear
	low
	high
	high
	low
	unclear
	low
	unclear
	low
	high
	high
	low
	high
	low

	Shuai Yang (2019)
	high
	low
	unclear
	low
	unclear
	low
	high
	high
	low
	unclear
	low
	unclear
	low
	high
	high
	low
	high
	low

	Piram Maryam (2020)
	unclear
	low
	low
	low
	low
	low
	high
	unclear
	low
	low
	low
	low
	low
	high
	high
	low
	high
	low

	Shu Wu (2020)
	high
	low
	unclear
	low
	unclear
	low
	high
	high
	low
	unclear
	low
	unclear
	low
	high
	high
	low
	high
	low

	Takashi Kanai (2020)
	high
	low
	unclear
	low
	unclear
	low
	high
	high
	low
	unclear
	low
	unclear
	low
	high
	high
	low
	high
	low

	Meng Li (2021)
	high
	low
	unclear
	low
	unclear
	low
	high
	high
	low
	unclear
	low
	unclear
	low
	high
	high
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Supplementary Figures
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Supplementary Fig. 1 Funnel plot for the apparent-performance analysis of LR models. Each dot represents an individual study.
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Supplementary Fig. 2 Funnel plot for the internal validation analysis. Each dot represents an individual study.
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Supplementary Fig. 3 Funnel plot for the external validation analysis. Each dot represents an individual study.
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