Table S1. Overview of Data Quality Assessment Frameworks Categorized by Development Methodology
	Reference
	Broad Category of Data Evaluated
	Framework Development Methodology

	Category 1: Induction and Synthesis from Systematic Literature Reviews

	Schwabe et al.
	Medical data for model training
	The METRIC framework, developed from a systematic review of 120 articles, combined with requirements for medical machine learning, and referencing the Wang & Strong framework and EHR/big data frameworks.

	Fadahunsi et al.
	Electronic health information
	A novel Information Quality (IQ) framework, derived from a systematic review and thematic synthesis to identify IQ dimensions in the eHealth domain.

	Patone & Zhang 
	Social media data
	A data quality framework based on a systematic summary of two statistical analysis methods for social media data.

	Fadahunsi et al. 
	Digital health technology data
	A review of existing information quality frameworks, based on information science theories, data quality models, and ISO standards.

	Declerck et al. 
	Health data (for secondary use)
	A review of existing frameworks, based on a systematic analysis of quality assessment methods for the secondary use of health data.

	Schmidt et al. 
	Observational health research data
	A data quality framework developed from the evaluation of existing frameworks and a literature review, with an accompanying R software package.

	Zhang et al. 
	Internet of Things (IoT) data
	A review of existing frameworks based on ISO/IEC 25012/25024 standards and the requirements of IoT applications.

	Ijab et al. 
	Big data (in the public sector)
	The MyPS-ODI framework, based on a systematic literature review and the specific needs of the Malaysian public sector.

	Daikeler et al. 
	Digital social science research data
	A review of existing frameworks and a decision tree, based on traditional error models (e.g., Total Survey Error, TSE).

	Cichy & Rass 
	General business data
	A review of existing frameworks, focusing on data quality techniques applicable to business environments.

	[bookmark: _Hlk206506863]Category 2: Extension and Contextualization of Existing Authoritative Frameworks

	Bhana et al.
	Public safety data
	A public safety data quality standard based on Design Science methodology, the DIKAR model, smart city characteristics, and the Wang & Strong data quality framework.

	Zou & Berger
	Real-World Data (RWD) (in healthcare)
	The ATRACTR screening criteria, based on FDA/EMA data quality frameworks and the FAIR principles.

	Shabani et al.
	Healthcare data (newborn indicators)
	An adaptation of the WHO data quality framework, combined with the EN-MINI tool, for assessing newborn health indicators.

	Okwaraji et al.
	Healthcare data (low birth weight and preterm birth)
	A systematic data quality assessment framework adapted from WHO recommendations for low birth weight and preterm birth data.

	Gyrard et al.
	Healthcare data (cancer-related)
	An interoperability and standardization quality assessment based on health standards (e.g., FHIR, OMOP CDM) and IoT semantic interoperability practices.

	Jin et al.
	Medical diagnostic study data
	Application of the PRISMA guidelines and QUADAS-2 tool to assess diagnostic accuracy based on systematic review methodology standards.

	Healy et al.
	Health and social care data
	A data quality framework based on the ISO 8000 standard, a literature review, and specific requirements for Ireland.

	Laberge & Shachak
	Sociodemographic data
	A quality assessment tool based on the CIHI framework, a literature review, and discussions with Community Health Centre (CHC) staff.

	Comero et al.
	Environmental monitoring data
	The IPCHEM data quality framework, based on the characteristics of chemical monitoring data and US-EPA quality assurance requirements.

	Category 3: Qualitative Methods & Expert Consensus

	Ng et al.
	Health and biomedical datasets
	An "AI-readiness" framework developed from qualitative interviews with 20 dataset experts, informed by existing data quality frameworks.

	[bookmark: _Hlk206506850]Category 4: Use-Case Driven Construction

	Tute et al.
	Clinical data (pediatric intensive care)
	Sharable measurement methods (MMs) based on a systematic audit of openCQA, analysis of CDSS error cases, data-driven learning, and the HIDQF framework.

	Kookal et al.
	Dental electronic health record data
	An adaptation of the NIHPTC framework, including data element identification, staging, profiling, review, and documentation.

	Kuusisto et al.
	Healthcare data (palliative care)
	The CLIQ framework, covering information utility, usability, and useability, developed through deductive content analysis.

	Widad et al.
	Big data
	An end-to-end data quality anomaly detection framework based on predictive techniques to address shortcomings of existing methods.

	McCord et al.
	Ecological data
	A QA & QC framework based on the DataOne data lifecycle, treating quality assurance and control as a continuous process.

	Blacketer et al.
	Observational medical data
	A standardized data quality assessment method based on a common data model and the needs of real-world evidence generation.

	Hillert et al.
	Healthcare data (multiple sclerosis)
	Harmonized data quality indicators (DQIs) based on data quality assessment principles and the characteristics of multiple sclerosis (MS) data.

	Corrales et al.
	Datasets for classification tasks
	A data quality framework based on data quality theory, data preprocessing techniques, and the requirements of classification tasks.

	Jiang et al.
	Real-World Data (RWD) (in healthcare)
	A suitability assessment based on data element availability, consistency, linkability, and a common data model.

	Wirsching et al.
	Observational epidemiological study data
	The BIOCROSS tool, based on research quality assessment principles and the characteristics of biomarker data.

	Nguyen et al.
	Big data (in education)
	A big data quality management framework based on big data management theories and the specific needs of the education sector.

	Deady et al.
	Healthcare data (vaccine adverse events)
	An EHR data quality framework based on FHIR resource exchange and the research needs for vaccine adverse event studies.

	Naik et al.
	Nursing quality indicator data
	A data quality framework and DQIs based on the assessment needs of the NQuIRE database.

	Smith et al.
	Administrative data
	The MCHP framework, based on practical experience in administrative data research.

	Iverson et al.
	Healthcare data (metabolic charts)
	A suitability assessment based on the completeness and accuracy of the MCAD core outcome set.

	Category 5: Deduction and Construction based on Specific Theories

	Krishna et al.
	Road infrastructure data
	A semiotic framework based on syntactic, empirical, semantic, and pragmatic layers of data quality dimensions.

	Larburu et al.
	Healthcare data (telemedicine)
	An ontology based on the impact of technological environmental changes on clinical data quality.




Table S2. Literature Search Strategy and Results
	Database
	Search date = 04/12/2025
	Number of studies

	PubMed/
MEDLINE
	#1 ("Diabetes Mellitus"[Mesh] OR "Diabetes, Gestational"[Mesh] OR "Prediabetic State"[Mesh] OR diabetes mellitus[tiab] OR diabetes[tiab] OR diabetic*[tiab] OR T1DM[tiab] OR T2DM[tiab] OR "gestational diabetes"[tiab] OR prediabet*[tiab])
	929,046

	
	#2 ("Breath Tests"[Mesh] OR "Exhalation"[Mesh] OR breath[tiab] OR "exhaled air"[tiab] OR "exhaled gas*"[tiab] OR "expired air"[tiab] OR "expired gas*"[tiab] OR exhalation[tiab] OR "breath analysis"[tiab] OR "breath analyses"[tiab] OR "breath test*"[tiab] OR "breath testing"[tiab] OR breathomic*[tiab])
	72,418

	
	#3 ("Volatile Organic Compounds"[Mesh] OR "volatile organic compound*"[tiab] OR VOC[tiab] OR VOCs[tiab] OR "volatile metabolite*"[tiab])
	36,779

	
	#4 (#1 AND #2 AND #3)
	103

	
	#5 limit #4 to humans
	82

	
	#6 limit #5 to English language
	82

	
	#7 limit #6 from 2005 to 2025
	81

	Scopus
	#1 (diabetes AND mellitus OR diabetes OR diabetic* OR t1dm OR t2dm OR "type 1 diabetes" OR "type 2 diabetes" OR "gestational diabetes" OR prediabetes OR "pre-diabetes" OR "prediabetic state")
	1,275,851

	
	#2 (breath OR "exhaled air" OR "exhaled gas*" OR "expired air" OR "expired gas*" OR exhalation OR "breath analysis" OR "breath analyses" OR "breath test*" OR "breath testing" OR breathomic*)
	114,123

	
	#3 ("volatile organic compound*" OR VOC OR VOCs OR "volatile metabolite*")
	129,730

	
	#4 (#1 AND #2 AND #3)
	260

	
	#5 limit #4 from 2005 to 2025
	259

	
	#6 Excluded "Editorial" and "Letter" from #5
	250

	Embase
	#1 ('diabetes mellitus'/exp OR 'gestational diabetes'/exp OR 'prediabetes'/exp OR 'diabetes mellitus':ti,ab OR diabetes:ti,ab OR diabetic*:ti,ab OR T1DM:ti,ab OR T2DM:ti,ab OR 'gestational diabetes':ti,ab OR prediabet*:ti,ab)
	1,648,112

	
	#2 ('breath analysis'/exp OR 'exhalation'/exp OR breath:ti,ab OR 'exhaled air':ti,ab OR 'exhaled gas*':ti,ab OR 'expired air':ti,ab OR 'expired gas*':ti,ab OR exhalation:ti,ab OR 'breath analysis':ti,ab OR 'breath analyses':ti,ab OR 'breath test*':ti,ab OR 'breath testing':ti,ab OR breathomic*:ti,ab)
	143,818

	
	#3 ('volatile organic compound'/exp OR 'volatile organic compound*':ti,ab OR VOC:ti,ab OR VOCs:ti,ab OR 'volatile metabolite*':ti,ab)
	41,802

	
	#4 (#1 AND #2 AND #3)
	166

	
	#5 limit #4 to humans
	148

	
	#6 limit #5 to from 2005 to 2025
	147

	Web of Science (WoS) Core Collection
	#1 TS=(diabetes mellitus OR diabetes OR diabetic* OR T1DM OR T2DM OR "type 1 diabetes" OR "type 2 diabetes" OR "gestational diabetes" OR prediabetes OR "pre-diabetes" OR "prediabetic state")
	857,871

	
	#2 TS=((breath OR "exhaled air" OR "exhaled gas*" OR "expired air" OR "expired gas*" OR exhalation OR "breath analysis" OR "breath analyses" OR "breath test*" OR "breath testing" OR breathomic*))
	141,135

	
	#3 TS=(("volatile organic compound*" OR VOC OR VOCs OR "volatile metabolite*"))
	115,910

	
	#4 (#1 AND #2 AND #3)
	287

	
	#5 Excluded various non-article document types
	244

	
	#6 limit #5 to from 2005 to 2025
	242

	
	#7 Limited language to English and Chinese	
	234




Table S3. Literature Screening Process and Results
	Database Name
	No. of Articles After Deduplication 
/ No. Retrieved
	Not Downloaded
	Filter 1
	Filter 2
	Citation
	Quantitative

	PubMed/MEDLINE
	75/81
	0
	19
	16
	18
	22

	Embase
	28/147
	4
	10
	8
	3
	3

	Web of Science (WoS) 
Core Collection
	70/234
	1
	41
	8
	14
	6

	Scopus
	157/250
	17
	75
	14
	43
	8

	Total
	330/712
	22
	145
	46
	78
	39


"Filter 1" refers to the first stage of literature screening conducted using a large language model. "Filter 2" refers to the second stage of literature screening, also conducted using a large language model. "Citation" indicates that the data within the article was not original and only included data cited from other research.

Table S4. The QUADAS-2 Signaling Questions Referenced to Hanna et al.'s Version
	Domain
	Signaling Question(s)

	Risk of Bias

	Patient Selection
	• Were sampled patients representative of the intended population? 
• Did the study include both positive (benign conditions) as well as healthy controls? 
• Did the study avoid inappropriate exclusions?

	Index Test
	• Was the index test and interpretation of data performed in a standardized and reproducible fashion? 
• Was validation of results performed (internal or external)?

	Reference Standard
	• Is the reference standard likely to correctly classify the target condition?

	Flow and Timing
	• Was there an appropriate interval between the index test and the reference standard?
• Was diet control performed prior to the index test and reference standard? 
• Did all patients receive the same reference standard? <br> • Were all patients included in the analysis?

	Applicability Concerns

	Patient Selection
	• Are there concerns that the included patients and setting do not match the review question?

	Index Test
	• Are there concerns that the authors have not demonstrated suitable reproducibility and sensitivity of the chosen index test?

	Reference Standard
	• Are there concerns that the target condition as defined by the reference standard does not match the question?





Table S5. Detailed Assessment Results for the Included Literature Using the NIM-DBA Framework
	Study
	NIM-DBA Process

	
	1.1
	2.1
	2.2
	2.3
	3.1
	3.2
	4.1
	4.2
	4.3

	Assessment Criterion ->
	Source Credibility
	Data Values Completeness
	Semantic Consistency
	Data Format Consistency
	Data Accuracy Assurance
	Traceability of Data Values
	Data Accuracy Range
	Value Credibility
	Semantic Data Accuracy

	Mazzatenta et al. [1]
	✓
	✓
	✗
	
	
	
	
	
	

	Phillips et al. [2]
	✓
	✓
	✗
	
	
	
	
	
	

	Greiter et al. [3]
	✓
	✓
	✓
	✗
	
	
	
	
	

	Worrall et al. [4]
	✓
	✓
	✓
	✗
	
	
	
	
	

	Goerl et al. [5]
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	✓

	Kudo et al. [6]
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	✗
	

	Walton et al. [7]
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	✗
	

	Grabowska-Polanowska et al. [8]
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	✗

	Xing et al. [9]
	✓
	✓
	✓
	✗
	
	
	
	
	

	Iscan et al. [10]
	✓
	✓
	✗
	
	
	
	
	
	

	Gudiño-Ochoa et al. [11]
	✓
	✓
	✓
	✗
	
	
	
	
	

	Ghimenti et al. [12]
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	✓

	Yu et al. [13]
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	✗
	

	Fink et al. [14]
	✓
	✓
	✓
	✗
	
	
	
	
	

	Yucel et al. [15]
	✓
	✓
	✓
	✗
	
	
	
	
	

	Aleksić et al. [16]
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	✗
	

	Yoshinaga et al. [17]
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	✗
	

	Trefz et al. [18]
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	✗
	

	Novak et al. [19]
	✓
	✓
	✗
	
	
	
	
	
	

	Obermeier et al. [20]
	✓
	✓
	✗
	
	
	
	
	
	

	Yang et al. [21]
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	✗

	Khan et al. [22]
	✓
	✓
	✗
	
	
	
	
	
	

	Chien et al. [23]
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	✓

	Tanda et al. [24]
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	✗
	

	Lekha & Suchetha [25]
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	✓

	Parmar et al. [26]
	✓
	✓
	✓
	✗
	
	
	
	
	

	Malysheva et al. [27]
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	✗
	

	Saidi et al. [28]
	✓
	✓
	✗
	
	
	
	
	
	

	Smieja et al. [29]
	✓
	✓
	✓
	✗
	
	
	
	
	

	Tazi et al. [30]
	✓
	✓
	✗
	
	
	
	
	
	

	Sha et al. [31]
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	✓

	Yazdankhah et al. [32]
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	✗
	

	Mansouri et al. [33]
	✓
	✓
	✗
	
	
	
	
	
	

	Manchukutty et al. [34]
	✓
	✓
	✓
	✗
	
	
	
	
	

	Samudrala et al. [35]
	✓
	✓
	✓
	✓
	✓
	✓
	✗
	
	

	Patel [36]
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	✗
	

	Jiang et al. [37]
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	✗
	

	Li et al. [38]
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	✓
	✓

	Failures / Assessed
	0 / 38
	0 / 38
	9 / 38
	9 / 29
	0 / 20
	0 / 20
	1 / 20
	11 / 19
	2 / 8
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