Additional File 1: Supplementary Methods
 
A1.1 PRISMA-ScR Checklist
Table A1.1 PRISMA-ScR Checklist.
	SECTION
	ITEM
	PRISMA-ScR CHECKLIST ITEM
	REPORTED ON PAGE #

	TITLE

	Title
	1
	Identify the report as a scoping review.
	p. 1

	ABSTRACT

	Structured summary
	2
	Provide a structured summary that includes (as applicable): background, objectives, eligibility criteria, sources of evidence, charting methods, results, and conclusions that relate to the review questions and objectives.
	p. 2

	INTRODUCTION

	Rationale
	3
	Describe the rationale for the review in the context of what is already known. Explain why the review questions/objectives lend themselves to a scoping review approach.
	p. 3, 4

	Objectives
	4
	Provide an explicit statement of the questions and objectives being addressed with reference to their key elements (e.g., population or participants, concepts, and context) or other relevant key elements used to conceptualize the review questions and/or objectives.
	p. 4

	METHODS

	Protocol and registration
	5
	Indicate whether a review protocol exists; state if and where it can be accessed (e.g., a Web address); and if available, provide registration information, including the registration number.
	p. 1

	Eligibility criteria
	6
	Specify characteristics of the sources of evidence used as eligibility criteria (e.g., years considered, language, and publication status), and provide a rationale.
	p. 4

	Information sources*
	7
	Describe all information sources in the search (e.g., databases with dates of coverage and contact with authors to identify additional sources), as well as the date the most recent search was executed.
	p. 5

	Search
	8
	Present the full electronic search strategy for at least 1 database, including any limits used, such that it could be repeated.
	Supplements p. 3

	Selection of sources of evidence†
	9
	State the process for selecting sources of evidence (i.e., screening and eligibility) included in the scoping review.
	p. 5

	Data charting process‡
	10
	Describe the methods of charting data from the included sources of evidence (e.g., calibrated forms or forms that have been tested by the team before their use, and whether data charting was done independently or in duplicate) and any processes for obtaining and confirming data from investigators.
	p. 5

	Data items
	11
	List and define all variables for which data were sought and any assumptions and simplifications made.
	p. 5, 6

	Critical appraisal of individual sources of evidence§
	12
	If done, provide a rationale for conducting a critical appraisal of included sources of evidence; describe the methods used and how this information was used in any data synthesis (if appropriate).
	N/A

	Synthesis of results
	13
	Describe the methods of handling and summarizing the data that were charted.
	p. 6, 7

	RESULTS

	Selection of sources of evidence
	14
	Give numbers of sources of evidence screened, assessed for eligibility, and included in the review, with reasons for exclusions at each stage, ideally using a flow diagram.
	p. 9

	Characteristics of sources of evidence
	15
	For each source of evidence, present characteristics for which data were charted and provide the citations.
	30-35 (Table 2)

	Critical appraisal within sources of evidence
	16
	If done, present data on critical appraisal of included sources of evidence (see item 12).
	N/A

	Results of individual sources of evidence
	17
	For each included source of evidence, present the relevant data that were charted that relate to the review questions and objectives.
	Supplements p.12 Table A1.6

	Synthesis of results
	18
	Summarize and/or present the charting results as they relate to the review questions and objectives.
	9-15

	DISCUSSION

	Summary of evidence
	19
	Summarize the main results (including an overview of concepts, themes, and types of evidence available), link to the review questions and objectives, and consider the relevance to key groups.
	15-20

	Limitations
	20
	Discuss the limitations of the scoping review process.
	20, 21

	Conclusions
	21
	Provide a general interpretation of the results with respect to the review questions and objectives, as well as potential implications and/or next steps.
	21

	FUNDING

	Funding
	22
	Describe sources of funding for the included sources of evidence, as well as sources of funding for the scoping review. Describe the role of the funders of the scoping review. Funding of the included studies was not extracted.
	23


JBI = Joanna Briggs Institute; PRISMA-ScR = Preferred Reporting Items for Systematic reviews and Meta-Analyses extension for Scoping Reviews.
* Where sources of evidence (see second footnote) are compiled from, such as bibliographic databases, social media platforms, and Web sites.
† A more inclusive/heterogeneous term used to account for the different types of evidence or data sources (e.g., quantitative and/or qualitative research, expert opinion, and policy documents) that may be eligible in a scoping review as opposed to only studies. This is not to be confused with information sources (see first footnote).
‡ The frameworks by Arksey and O’Malley (6) and Levac and colleagues (7) and the JBI guidance (4, 5) refer to the process of data extraction in a scoping review as data charting.
§ The process of systematically examining research evidence to assess its validity, results, and relevance before using it to inform a decision. This term is used for items 12 and 19 instead of "risk of bias" (which is more applicable to systematic reviews of interventions) to include and acknowledge the various sources of evidence that may be used in a scoping review (e.g., quantitative and/or qualitative research, expert opinion, and policy document).
 
A1.2 Search strings
The initial database searches were conducted on 20 December 2025 and were updated on 22 February 2026. The search strategies below reflect the final search used for study inclusion.
PubMed:
(("Clinical Decision Support System" OR "Clinical Decision Support Systems" OR "CDSS" 
OR "decision support systems" OR "clinical decision support" 
OR ("support" AND "diagnosing"))
AND
("XAI" OR "explainable" OR "explanation" OR "explanations" OR "explainability" 
OR "interpretable" OR "interpretability")
AND
("AI" OR "Artificial Intelligence" OR "machine-learning" OR "machine learning")
AND
("vignette" OR "vignettes" OR "user study" OR "survey study" OR "interview" 
OR "advice-taking" OR "judgment and decision-making" OR "behavioral research" 
OR "experimental survey" OR "mixed methods study" OR "clinical decision-making" 
OR "trust" OR "interpretability" OR "usability testing" 
OR "human-computer interaction" OR "cognitive load" OR "decision aid"))
NOT review[Publication Type]
AND (2015:2026[pdat])
 
IEEE Xplore:
(("Clinical Decision Support System" OR "Clinical Decision Support Systems" OR CDSS OR "decision support systems" OR "clinical decision support" OR (support AND diagnosing))AND("XAI" OR explainable OR explanation OR explanations OR explainability OR interpretable OR interpretability)AND("AI" OR "Artificial Intelligence" OR "machine learning" OR machine-learning)AND(vignette OR vignettes OR "user study" OR "survey study" OR interview OR advice-taking OR "judgment and decision-making" OR "behavioral research" OR "experimental survey" OR "mixed methods study" OR "clinical decision-making" OR trust OR interpretability OR "usability testing" OR "human-computer interaction" OR "cognitive load" OR "decision aid")) 
Filter Applied: 2015-2026
 
 
ACM Digital Library:
[[All: "Clinical Decision Support System"] OR [All: "Clinical Decision Support Systems"] OR [All: "CDSS"]  OR [All: "decision support systems"] OR [All: "clinical decision support"]  OR ([All: "support"] AND [All: "diagnosing"])] AND [[All: "XAI"] OR [All: "explainable"] OR [All: "explanation"] OR [All: "explanations"] OR [All: "explainability"] OR [All: "interpretable"] OR [All: "interpretability"]] AND [[All: "AI"] OR [All: "Artificial Intelligence"] OR [All: "machine learning"] OR [All: "machine-learning"]] AND [[All: "vignette"] OR [All: "vignettes"] OR [All: "user study"] OR [All: "survey study"]  OR [All: "interview"] OR [All: "advice-taking"] OR [All: "judgment and decision-making"]  OR [All: "behavioral research"] OR [All: "experimental survey"] OR [All: "mixed methods study"]  OR [All: "clinical decision-making"] OR [All: "trust"] OR [All: "interpretability"]  OR [All: "usability testing"] OR [All: "human-computer interaction"]  OR [All: "cognitive load"] OR [All: "decision aid"]] 
Filter Applied: 2015-2026
Review publication types were excluded at the search level in PubMed only; in IEEE Xplore and the ACM Digital Library, non-primary studies were excluded during title/abstract and full-text screening.
 
A1.3 Framework derivation
The final framework comprised four construct dimensions and 13 individually codable constructs. Operational definitions, coding criteria, and representative examples for the four operationalization categories are provided in Table A1.5; study-level coding assignments are reported in Table A1.6.
To characterize measurement modality and degree of standardization, we used a four-category operationalization scheme that separates the form of evidence from the construct being assessed (Table A1.5). The categories were defined to distinguish the type of empirical evidence provided by an evaluation measure independently of the substantive construct.
First, different constructs require different forms of evidence. Attitudinal constructs such as trust, satisfaction, or workload are most appropriately assessed using validated psychometric instruments, whereas behavioral and cognitive constructs such as reliance, task performance, failure detection, bias recognition, or objective comprehension require direct behavioral operationalizations. Behavioral measures and validated subjective instruments therefore represent complementary, rather than interchangeable, forms of evidence. This distinction is consistent with established principles of construct validity and measurement theory [8,9].
Second, not all operationalizations provide the same degree of direct evidence for the target construct. Proxy measures, such as ad hoc Likert ratings, agreement rates without manipulation of AI correctness, or indirect behavioral indicators, require additional inferential steps between the observed measure and the construct of interest. Previous work has shown that proxy tasks and subjective ratings may diverge substantially from observed behavior in human–AI interaction [10]. Exploratory qualitative methods, including interviews, think-aloud protocols, and focus groups, provide valuable insights into user reasoning and hypothesis generation but are not intended for standardized quantitative comparison.
Based on these considerations, four operationalization categories were defined: objective behavioral evidence, validated subjective evidence, proxy or non-validated evidence, and exploratory qualitative evidence. Validated subjective evidence required a named psychometrically established instrument or a formally evaluated adaptation used to operationalize the target construct. Isolated or construct-specific items drawn from a broader instrument without corresponding construct-level validation were classified as proxy or non-validated evidence. These categories describe measurement strategy rather than study quality and were used solely to characterize evaluation practices across the included studies.
 
A1.4 Cross-comparison of XAI evaluation frameworks
Mohseni et al. [1] was selected as the base framework because it provides broad coverage of human-centered XAI evaluation constructs and links them to concrete evaluation methods. Alternative frameworks were considered to identify overlapping constructs, additional distinctions, and differences in scope; their coverage is summarized in Table A1.4. Hoffman et al. [2] emphasize validated measures for selected constructs, Nauta et al. [3] focus primarily on computational explanation properties, CLIX-M is a reporting checklist [4], and Gambetti et al. [5] propose a broader stakeholder-centered process framework.  Scharowski et al. [6] distinguish attitudinal trust from behavioral reliance, while Schemmer et al. [7] introduce a framework for evaluating appropriate reliance conditioned on AI correctness. Mohseni et al. [1] therefore provided the most suitable basis for metric-level coding, supplemented by construct-specific concepts from these complementary frameworks. Curiosity, a priori explanation goodness, computational fidelity, and model-tuning outcomes were excluded because they function primarily as antecedents, design criteria, or technical evaluation targets outside the scope of this review.
Table A1.4. Cross-comparison of XAI evaluation frameworks for human-centered metrics.
	Metric
	Mohseni 2021
	Hoffman 2023
	Nauta 2023
	CLIX-M 2025
	Gambetti 2025
	Scharowski 2025
	Schemmer 2023
	Ours

	Explanation usefulness & satisfaction (EU)

	EU1 User satisfaction
	●
	●
	○
	○
	◐
	○
	○
	●

	EU2 Explanation usefulness
	●
	●
	○
	●
	◐
	○
	○
	●

	EU3 Cognitive load
	◐
	○
	○
	◐
	●
	○
	○
	●

	EU4 Explanation format preferences
	◐
	○
	○
	○
	◐
	○
	○
	●

	Understandability & mental models (UM)

	UM1 Understandability
	●
	●
	○
	○
	●
	○
	○
	●

	UM2 Completeness
	◐
	○
	●
	●
	○
	○
	○
	●

	UM3 Model failure detection
	●
	○
	○
	○
	○
	○
	○
	●

	UM4 Model bias detection
	○
	○
	○
	○
	○
	○
	○
	●

	User trust & reliance (TR)

	TR1 Trust (attitudinal)
	◐
	◐
	○
	◐
	◐
	●
	○
	●

	TR2 Reliance (behavioral)
	◐
	◐
	○
	○
	◐
	●
	◐
	●

	TR3 Appropriate reliance
	○
	○
	○
	○
	◐
	◐
	●
	●

	Human–AI task performance (HP)

	HP1 Task performance
	●
	●
	○
	○
	●
	○
	○
	●

	HP2 Task completion time
	◐
	○
	○
	○
	○
	○
	○
	●

	Not in our framework

	Curiosity / need for expl.
	○
	●
	○
	○
	○
	○
	○
	○

	Explanation goodness (a priori)
	○
	●
	○
	●
	○
	○
	○
	○

	Computational fidelity (Co-12)
	●
	○
	●
	●
	○
	○
	○
	○

	Additional distinction introduced here

	Evidence quality taxonomy
	○
	○
	○
	○
	○
	○
	○
	●


Note. Table A1.4 compares coverage of evaluation metrics across seven existing frameworks and our proposed framework. ● = explicit standalone metric; ◐ = implicit or combined with other metrics; ○ = not covered. 
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A1.5 Evaluation framework with constructs, metrics, and evidence levels
Table A1.5 Construct definitions, operationalization criteria, and coding examples.
	Dimensions
	Metric
	Objective Behavioral
	Validated Subjective
	Proxy or Non-Validated 
	Exploratory Qualitative 
	Definition 

	Explanation Usefulness & Satisfaction (EU)
 
 
	EU1 – User Satisfaction
	 
 
X
 
 
	Validated satisfaction / usability instruments (e.g., SUS; established explanation-satisfaction measures)
	Non-validated Likert ratings of satisfaction or usefulness
 
 
	Unstructured qualitative statements about satisfaction (e.g., “helped me”, “liked it”)
	Overall evaluative appraisal of explanation or interface, reflecting users’ affective judgment of quality or experience

	 
	EU2 – Explanation Usefulness
	Behavioral measures (e.g., interaction logs, frequency/duration of explanation use)
	Validated construct-specific instruments assessing explanation usefulness or actionability (none observed in the included corpus)
	Non-validated Likert ratings of usefulness or actionability
 
 
 
	Unstructured qualitative statements about perceived usefulness or actionability
 
	Perceived functional contribution of an explanation to understanding, decision-making, or task execution, including its actionability in clinical contexts

	 
	EU3 – Cognitive Load
	Physiological measures (e.g., pupillometry, EEG)
 
 
 
 
	Validated instruments (e.g., NASA-TLX)
 
 
 
 
	Non-validated Likert ratings of cognitive load; indirect effort proxies when explicitly framed as cognitive load indicator (e.g., time-on-task)
	Unstructured qualitative statements about complexity or effort
 
 
 
	Mental effort required to process and interpret explanation, indicating whether explanation imposes cognitive burden on user
 
 

	 
	EU4 – Preferences and effects of different explanation formats
	Experimental comparison of explanation types or conditions; outcome-level effects are captured by the corresponding EU1–EU3, UM, TR, or HP mappings
	X
	Non-validated Likert ratings of preference for explanation types
 
	Unstructured qualitative preferences without systematic comparison
 
	Assessment of user preferences or performance differences across alternative explanation formats or modalities
 

	Understandability & Mental Models (UM)
	UM1 – Understandability / Comprehension
	Objective comprehension tests (e.g., quiz tasks on model logic, forward simulation, or output prediction)
	Validated subjective understandability instrument or validated component (e.g., Human–Computer Trust Scale perceived-understandability component; SCS)
	Non-validated Likert ratings of perceived understandability
 
	Unstructured qualitative statements about perceived clarity
 
	Degree to which users can cognitively make sense of explanation or underlying model behavior, either objectively or subjectively
 

	 
	UM2 – Completeness
	 
 
 
 
X
 
	Validated instrument assessing explanation completeness / causability (e.g., System Causability Scale)
	Non-validated Likert ratings of perceived completeness
 
 
 
 
 
	Unstructured qualitative feedback about missing or insufficient element
 
 
 
 
	Extent to which explanation provides sufficient and relevant information to form an adequate understanding of the model output
 
 
 

	 
	UM3 – Model Failure Detection
	Experimental error-detection tasks with systematically varied or known model errors
	X
 
	Indirect proxies (e.g., confidence calibration near failure cases)
 
	Unstructured qualitative statements about potential errors (e.g., interview reports)
	Ability of users to identify when model produces incorrect or unreliable outputs, based on systematically varied or known failure cases

	 
	UM4 – Model Bias Detection
	Experimental bias-detection tasks with systematically varied or known biased outputs
	X
 
	Indirect proxies (e.g., fairness perception ratings)
 
	Unstructured qualitative statements about bias awareness (e.g., open-ended responses)
	Ability of users to recognize systematic biases or unfair patterns in model outputs, based on systematically varied or known biased cases

	User Trust & Reliance (TR)
	TR1 – Trust
	X
 
	Validated trust scales (e.g., Jian et al. Trust in Automation)
 
	Non-validated Likert ratings of trust
 
 
	Unstructured qualitative statements about trust (e.g., interview themes)
 
	Attitudinal belief in the reliability, credibility, or dependability of the AI system, independent of actual advice uptake.

	 
	TR2 – Reliance
	Behavioral measures with causal isolation (e.g., WoA with manipulated AI reliability, pre–post decision change in randomized advisor paradigms)
	 
 
 
 
X
	Agreement/compliance rates with AI (e.g., no manipulation of AI correctness)
 
 
 
 
	Unstructured qualitative statements about reliance behavior
 
 
 
 
	Extent to which users incorporate or follow AI recommendations in their decisions
 
 
 
 

	 
	TR3 – Appropriate Reliance
	Within-subject designs that vary AI correctness (e.g., correct vs. incorrect AI advice), enabling separate measurement of overreliance and underreliance at individual level
	 
 
 
 
 
 
X
 
	Between-subject comparisons or indirect behavioral proxies (e.g., agreement rates with known-incorrect advice)
 
 
 
	Unstructured qualitative indications of over- or underreliance
 
 
 
 
 
	Calibration quality of reliance conditioned on AI advice correctness, distinguishing overreliance (following incorrect advice) from underreliance (ignoring correct advice)
 
 
 

	Human–AI Task Performance (HP)
	HP1 – Task Performance
	Objective performance metrics (e.g., accuracy, sensitivity, specificity, error rates)
 
 
 
	 
 
 
 
 
X
 
	Proxy performance measures approximating task performance without fully capturing its complexity (e.g., performance on simplified or decomposed tasks, surrogate endpoints)
	Unstructured qualitative self-assessment of performance
 
 
 
 
	Objective quality of task outcomes, such as accuracy or error rates, resulting from human–AI interaction
 
 
 
 

	 
	HP2 – Task Completion Time
	Measured time-on-task (e.g., logged timestamps)
	 
X
 
	Indirect efficiency proxies (e.g., number of interactions)
	Unstructured qualitative statements about time perception
	Time required to complete a task, reflecting efficiency of human–AI interaction


 
Note. X denotes construct–operationalization combinations treated as not applicable within the coding framework. Where a representative example is provided despite no observed mapping, the text describes the coding rule rather than corpus frequency.
A1.6 Metric mapping
Table A1.6 Metric Mapping for all included studies. Evidence categories: OB = objective behavioral; VS = validated subjective; PN = proxy or non-validated; EQ = exploratory qualitative.
	Authors
	Data Collection Method (with regards to user study)
	Evaluation Method
	Metric mapping / operationalization

	Anjara et al.
	Think-Aloud Protocol supplemented with binary-response questions and ecological validity questions
	Qualitative thematic analysis of explainability and usability
	TR1-EQ (qualitative expressions of trust/credibility from think-aloud),
 EU1-EQ (qualitative satisfaction judgments),
 EU2-EQ (qualitative perceived usefulness),
 UM1-EQ (qualitative perceptions of understandability/clarity/confusion),
 UM2-EQ (qualitative feedback on completeness/missing information),
 EU3-EQ (qualitative expression of overwhelmingness)

	Antoniadi et al.
	Survey with electronic questionnaire with 12 multiple choice or Likert scale questions and open-ended questions.
	Questionnaire with Likert-scale and open-ended questions
	TR1-PN (trust ratings via Likert, no validated scale),
 EU1-PN (self-reported usability/satisfaction via Likert),
 EU2-PN (self-reported usefulness for decision-making and justification),
 UM1-PN (perceived understandability via Likert),
 UM2-EQ (qualitative feedback on missing information/completeness)

	Barda et al.
	Focus groups: guided group discussion, guided group review & critique, and preference questionnaire
	Qualitative descriptive coding and thematic analysis of focus group data
	EU1-EQ (qualitative perceptions of utility/satisfaction from focus groups),
 EU2-EQ (qualitative perceived usefulness of explanations from focus groups),
 EU4-EQ (qualitative preferences for explanation design types from focus groups & questionnaire),
 UM1-EQ (qualitative perceptions of understanding and interpretability from focus groups),
 UM2-EQ (qualitative feedback on missing information and needs from focus groups),
 TR1-EQ (qualitative credibility/trustworthiness perceptions from focus groups)

	Bussone et al.
	Think-aloud protocol, behavioral decision measures, pre/post trust ratings, and post-task interviews using clinical vignettes
	Mixed-methods experimental evaluation of explanation formats and reliance behavior
	TR1-PN (Likert trust ratings pre/post, no validated trust scale, confidence reportings from think aloud/interviews),
 TR2-OB (behavioral reliance via agreement with system recommendations),
 TR3-OB (calibrated design with correct vs incorrect advice enabling over-/underreliance measurement),
 EU2-EQ (qualitative feedback on explanation usefulness from think-aloud/interviews),
 EU4-OB (comprehensive vs. selective explanations)
 UM1-EQ (qualitative understanding from think-aloud/interviews),
 HP1-OB (objective task performance via correct vs incorrect decisions)

	Kumarakulasinghe et al.
	Case-based evaluation tasks, physician surveys with Likert scales, explanation comparison tasks, and qualitative feedback
	Experimental evaluation of LIME explanations using agreement tasks, trust/reliance questionnaires, satisfaction ratings, and qualitative analysis
	TR1-PN (adapted trust/reliance Likert questionnaire based on Jian et al. but used as an adapted item selection without construct-level validation reported in the study (See A1.3))
 TR2-PN (agreement/compliance proxy via physician acceptance of model predictions)
 EU1-PN (Likert satisfaction ratings regarding LIME explanations)
 EU2-EQ (qualitative feedback on clinical usefulness and relevance)
 EU4-PN (preference comparison between graphical and textual explanation formats)
 UM1-PN (structured evaluation of explanation interpretability and satisfaction)

	Bienefeld et al.
	Online survey with validated UTAUT questionnaires, focus group, semi-structured interviews, and think-aloud evaluation of XAI prototype
	Mixed-method evaluation using validated acceptance scales, qualitative thematic/grounded theory analysis, and think-aloud assessment of XAI interpretability
	TR1-EQ (qualitative statements about trust and credibility from interviews and focus groups),
 EU1-PN (satisfaction/acceptance from survey),
 EU2-EQ (qualitative explanation usefulness from focus group and Interviews),
 
UM1-EQ (qualitative mental model understanding from interviews)

	Chanda et al.
	Reader study
	Confidence, trust, diagnostic accuracy, agreement with XAI, explanation alignment measures (e.g., Sørensen-Dice coefficient)
	HP1-OB (objective diagnostic accuracy)
 TR1-PN (self-reported trust ratings, non-validated Likert scale)
 TR2-PN (agreement/compliance with AI recommendations across phases without causal isolation)
 TR3-PN (agreement with incorrect AI predictions as proxy for overreliance)

	Corti et al.
	Semi-structured qualitative interviews using patient journey maps and exemplar explanation prompts
	Qualitative thematic analysis of clinicians’ explainability needs, preferences, trustworthiness perceptions, and interaction requirements for XAI systems across clinical workflows
	EU1-EQ (qualitative perceptions of usefulness/satisfaction),
 EU2-EQ (qualitative usefulness of explanations),
 EU3-EQ (qualitative cognitive load of explanations),
 EU4-EQ (discussion of explanation types & preferences, no experimental comparison),
 UM1-EQ (perceived understandability, qualitative),
 TR1-EQ (trustworthiness discussed qualitatively, no instrument)

	Das et al.
	Repeated-measures reader study using case-based diagnostic interpretation tasks with pre/post-XAI decision assessment, Likert-scale ratings, and behavioral decision-change analysis
	Quantitative comparative evaluation of diagnostic performance, confidence, agreement, reliance behavior, and automation bias under control vs. XAI-assisted conditions
	HP1-OB (objective diagnostic accuracy and differential diagnosis performance),
 TR1-PN (self-reported confidence/agreement ratings via non-validated Likert scales),
 TR2-OB (behavioral reliance via diagnostic decision updates after AI suggestions),
 TR3-OB (calibrated inappropriate reliance assessment using intentionally incorrect AI suggestions and decision-change behavior)

	Famiglini et al.
	Quasi-experimental user study with AI-assisted diagnostic image interpretation tasks, comparative XAI conditions, and self-report questionnaires
	Comparative quantitative evaluation of diagnostic accuracy, confidence, perceived utility/usefulness, explanation complexity, and explanation design variants (CAM layer and coloring schemes)
	HP1-OB (objective diagnostic accuracy),
 TR1-PN (self-reported confidence),
 EU1-PN (perceived utility/satisfaction of XAI support),
 EU2-PN (perceived usefulness of explanations/CAMs),
 
EU4-OB (experimental comparison of explanation design features: higher vs. lower level CAMs and semantic vs. traditional coloring schemes)

	Gaube et al.
	Experimental study with task performance and self report measures
	Comparative quantitative evaluation of diagnostic accuracy, confidence, advice quality, advice reliance/agreement, usefulness, and effects of explainability and advice source manipulations
	HP1-OB (objective diagnostic accuracy),
 TR1-PN (trustworthiness ratings and confidence ratings via Likert scales),
 TR2-PN (agreement with and reliance on diagnostic advice),
 EU1-PN (overall advice quality, willingness for future consultation/satisfaction),
 EU2-PN (perceived usefulness of advice and explanations),

	Glick et al.
	Survey-based diagnostic identification task with randomized AI-assisted vs non-assisted conditions; pre/post confidence ratings; task completion time measurement
	Experimental evaluation of diagnostic accuracy, efficiency, confidence, perceived usefulness, and AI reliance
	HP2-OB (measured task completion time),
 EU1-PN (perceived usefulness of AI support via non-validated Likert item),
 TR1-PN (self-reported confidence ratings via non-validated Likert items),
 TR2-PN (agreement/compliance with AI-supported classifications as proxy for reliance),
 TR3-PN (agreement with incorrect AI-supported classifications as indirect proxy of overreliance),
 HP1-OB (objective diagnostic accuracy against the reference standard)

	Gombolay et al.
	Randomized blinded experimental study with case-based multiple-choice diagnostic tasks across eight explanation conditions, behavioral compliance measurement, and self-report questionnaires in medical and general population samples
	Experimental quantitative evaluation of diagnostic accuracy, trust, reliance/compliance behavior, calibrated appropriate vs. inappropriate reliance, explanation understandability, and effects of different explanation formats
	TR1-PN (NARS is a validated scale, but measures negative attitudes toward robots rather than trust in the target system; therefore coded as proxy),
 TR2-OB (behavioral compliance per item),
 TR3-OB (calibrated correct vs incorrect advice),
 EU4-OB (experimental comparison of explanation types),
 UM1-PN (self-reported understandability),
 HP1-OB (diagnostic accuracy)

	Guo et al.
	Qualitative expert evaluation via 3 virtual meetings
	Plausibility of counterfactuals, interpretability of explanations, trustworthiness of framework and explanations, general user satisfaction, perceived limitations
	TR1-EQ (qualitative reflections on trustworthiness and credibility of explanations/framework),
 EU1-EQ (qualitative satisfaction and perceived value),
 EU2-EQ (qualitative usefulness for reasoning about model behavior),
 EU4-EQ (qualitative preferences regarding explanation forms and segment combinations without systematic experimental comparison),
 UM1-EQ (qualitative interpretability and understandability),
 UM2-EQ (qualitative discussion of missing information, plausibility limits, and explanation insufficiencies)

	Gutiérrez et al.
	Mixed-method field deployment study with semi-structured interviews, questionnaires (ResQue-based), interaction logs, and observational usage analysis over four months
	Evaluation of transparency, trust, usability, controllability, explanation usefulness, feedback behavior, perceived workload reduction, and interaction with explanation/annotation features in a nursing home recommender system
	TR1-PN (Likert trust in recommendations/application and qualitative confidence statements),
 EU1-PN (Likert user satisfaction and positive user experience ratings),
 EU2-PN (Likert/system-perceived usefulness of explanations, recommendations, transparency, actionable insights),
 EU3-PN (perceived effort, workload reduction, ease-of-use, interaction burden),
 UM1-PN (perceived understanding, transparency, overview comprehension, explanation interpretability),
 UM2-PN (qualitative reports of confusion regarding priority granularity and insufficient clarity of explanation structure)

	Harari et al.
	Randomized experimental study complemented by  qualitative feedback via semi-structured interviews
	Familiarity with xAI & AR, trust (TiA), perception of systems social competence (Godspeed questionnaire), task performance: accuracy and time on task
	TR1-VS (validated Jian et al. trust questionnaire),
 HP1-OB (objective decision accuracy),
 HP2-OB (objective time-on-task),
 EU2-EQ (qualitative statements regarding usefulness/helpfulness of detailed explanations and AR support),
 EU4-OB (experimental comparison of three explanation modalities: SA vs. SAA vs. SAD with behavioral and trust outcomes)

	Jabbour et al.
	Randomized clinical vignette web-based survey study
	Diagnostic accuracy, bias mitigation through AI explanations
	TR2-PN (behavioral reliance via diagnostic decisions under AI),
 TR3-PN (inappropriate reliance inferred from diagnostic decisions under biased versus correct AI; no direct correctness-conditioned accept/reject or calibrated reliance metric),
 HP1-OB (diagnostic accuracy), UM4-OB (bias detection under a manipulated biased-versus-correct AI design)

	Jacobs et al.
	Web-based within-subject factorial experiment using randomized patient vignettes and manipulated ML recommendation conditions
	Treatment selection accuracy, decision confidence, perceived utility/helpfulness, behavioral reliance on correct vs incorrect AI recommendations, effect of explanation type on reliance and performance
	TR1-PN (decision confidence via Likert),
 TR2-PN (behavioral treatment decisions),
 TR3-PN (appropriate/inappropriate reliance inferred from treatment selections under correct versus incorrect AI recommendations; no direct correctness-conditioned reliance metric), HP1-OB (treatment accuracy),
 EU2-PN (perceived usefulness via Likert),
 EU4-OB (comparison of different explanation formats)

	Kovalchuk et al.
	Case-based physician questionnaire, online acceptance questionnaire using Likert-scale items, and semi-structured expert interviews
	Mixed-method evaluation of trust, intended reliance, acceptance, understandability, perceived usefulness, and effects of explanation presentation/reference scales through case assessment, acceptance survey, and thematic interview analysis
	TR1-PN (self-reported trust via non-validated/adapted acceptance questionnaire items),
 TR2-PN (intended reliance via behavioral-intention and willingness-to-use items rather than observed reliance behavior),
 EU2-PN (perceived usefulness via case-level and system-level Likert ratings),
 EU4-PN (quantitative comparison of model-only, model-plus-standard-scale, and model-plus-scale-plus-SHAP conditions using non-validated self-report ratings),
 UM1-PN (perceived understandability and clarity of model outputs and explanations via Likert ratings),
 UM3-EQ (qualitative evidence from interviews that explanations supported critical assessment and recognition of implausible or incorrect model conclusions).

	Kyrimi et al.
	Clinical case study with questionnaires
	Similarity between clinicians reasoning and explanation, trust, potential benefit of explanation, clarity of explanation
	TR1-PN ( trust evaluation via 7 point scale),
 UM1-PN (understandability via 7 point scale),
 EU2-PN (perceived usefulness via 7 point scale),

	Laxar et al.
	Qualitative & quantitative questionnaires and scenario-based decision tasks
	Weight-on-Advice (WoA) analysis of advice uptake, self-reported trust ratings, and decision time analysis
	TR2-OB (behavioral reliance via WoA/advice uptake),
 TR1-PN (self-reported trust via 10-point rating scale),
 HP2-OB (objective decision time measurement)

	Martínez-Villaseñor et al.
	Clinician survey with quantitative verbal rating scales and open-ended qualitative feedback
	Evaluation of explanation understandability, satisfaction, detail/completeness, actionability, usefulness, perceived accuracy/reliability, and trustworthiness
	EU1-PN (satisfaction with explanations via verbal rating scale),
 EU2-PN (perceived usefulness/actionability via verbal rating scale), UM1-PN (self-reported understanding via verbal rating scale), UM2-PN (perceived completeness/detail of explanations),
 TR1-PN (self-reported trustworthiness/reliability via verbal rating scale)

	Morey and Rayo
	Scenario-based patient assessment task with urgency ratings and post-case survey responses
	Differentiation between urgent and non-urgent patient cases, concern level, response urgency, influence of misleading algorithm predictions, detection of algorithm misalignment/conflicting predictions
	HP1-PN (proxy task performance via differentiation of ERT vs non-ERT cases using concern and response urgency ratings), TR2-PN (behavioral reliance proxy via algorithm-influenced urgency and response decisions), TR3-PN (inappropriate reliance inferred from misleading algorithm predictions affecting urgency judgments), UM3-PN (detection of algorithm misalignment/failure through conflicting predictions and situated explainability displays)

	Nagendran et al. 2023
	Experimental human–AI interaction vignette study with within-subject multifactorial design and post-experiment questionnaires
	Behavioral analysis of prescription shifts/adherence to AI recommendations, comparison of AI vs XAI conditions, self-reported usefulness and AI acceptance ratings
	TR2-PN (behavioral reliance via prescription shift and distance to AI recommendation)
 EU2-PN (self-reported usefulness of explanations)
 EU4-OB (experimental comparison of AI vs XAI conditions with behavioral outcomes)
 HP2-OB (measured task completion time)

	Panigutti et al. 2022
	Online experiment with estimation tasks and post-task survey and qualitative question
	Weight of Advice analysis of advice-taking behavior, trust and behavioral intention assessment via questionnaires, perceived explanation quality evaluation, and qualitative thematic analysis of participants’ experience with AI-only versus AI-with-explanation interfaces
	TR1-PN (self-reported trust via Likert ratings of reliability/predictability/efficiency),
 TR2-OB (Weight of Advice as behavioral reliance measure via pre–post estimate change),
 EU2-PN (perceived explanation usefulness assessed with Explanation Satisfaction Scale items; not treated as a validated construct-specific usefulness subscale; qualitative feedback also reported),
 UM1-PN (perceived understandability assessed with Explanation Satisfaction Scale items; not treated as a validated construct-specific understandability subscale),
 UM2-PN (perceived completeness/sufficiency assessed with Explanation Satisfaction Scale items; not treated as a validated construct-specific completeness subscale)
EU1-VS (overall explanation satisfaction assessed with the validated Explanation Satisfaction Scale)

	Panigutti et al. 2023
	Online within-subject experiment with estimation tasks, post-condition questionnaires, qualitative open-ended feedback, and iterative co-design sessions with healthcare professionals
	Weight of Advice analysis of advice-taking behavior, trust and behavioral intention assessment via questionnaires, perceived explanation quality evaluation, and qualitative co-design analysis of explanation interface deficiencies, user preferences, and redesign requirements for human-centered XAI interfaces
	TR1-PN (self-reported trust via Likert ratings of reliability/predictability/efficiency),
 TR2-OB (Weight of Advice as behavioral reliance measure via pre–post estimate change),
 EU2-PN (perceived explanation usefulness assessed with Explanation Satisfaction Scale items; not treated as a validated construct-specific usefulness subscale),
 UM1-PN (perceived understandability assessed with Explanation Satisfaction Scale items; not treated as a validated construct-specific understandability subscale),
 UM2-PN (perceived completeness/sufficiency assessed with Explanation Satisfaction Scale items; not treated as a validated construct-specific completeness subscale)
EU1-VS (overall explanation satisfaction assessed with the validated Explanation Satisfaction Scale)

	Sabol et al.
	Within-subject experimental design study using comparative AI/XAI diagnostic interfaces, followed by questionnaires with a semantic differential scale and a dichotomous scale
	Objectivity: objective/subjective, useful/useless, relevant/irrelevant, serious/unserious, ethically/unethically; details: precise/imprecise, consistent/inconsistent, complicated/uncomplicated, complete/incomplete; reliability: accurate/inaccurate, faultless/faulty, straight/ misleading, certain/uncertain, reliable/unreliable; quality: systematic/unsystematic, time saving/time consuming, clear/unclear, expert/inexpert, good quality/bad quality; subjective evaluation of both interfaces via agreemnent/disagreement with statements (truthfulness, usefulness)
	EU1-PN (self-reported quality, relevance via bipolar scale),
 EU2-PN (self-reported usefulness of explanations via bipolar & dichotomous scale),
 UM1-PN (self-reported understandability via bipolar scale),
 UM2-PN (self-reported completeness via bipolar scale),
 TR1-PN (self-reported credibility via dichotomous scale),

	Schwartz et al.
	Semi-structured interviews with clinicians using an implemented predictive clinical decision support system for in-hospital deterioration
	Qualitative descriptive study using directed deductive and inductive content analysis guided by the human-computer trust framework to investigate perceived understandability, perceived technical competence, trust formation, actionability, evidence, and equitability of predictive CDSS explanations
	TR1-EQ (qualitative expressions of trust from interview data),
 UM1-EQ (qualitative perceptions of understandability),
 HP1-EQ (qualitative perceptions of system accuracy/performance)

	Singh et al.
	Clinician panel rating of attribution method explanations with likert ratings and qualitative post-study survey
	Comparative subjective evaluation of attribution/explanation methods based on clinician-rated clinical relevance and qualitative feedback regarding acceptance and perceived utility of explainable AI visualizations
	EU4-PN (comparison of multiple attribution/explanation methods using clinician relevance ratings)
 EU2-PN (clinical relevance/usefulness of explanations via Likert ratings)
 EU1-EQ (qualitative acceptance and positive attitudes toward explainable AI systems expressed in post-study feedback)

	Sivaraman et al.
	Structured decision tasks/Decision-making sessions with interface, likert questionnaire, think aloud interviews
	Behavioral analysis of clinician responses to AI recommendations using concordance and negotiation patterns, combined with subjective assessment of confidence and perceived usefulness, and qualitative analysis of explanation understanding from think-aloud data
	TR1-EQ (qualitative expressions of trust and credibility from think-aloud and interview data), TR2-PN (behavioral reliance assessed through treatment decisions and concordance with AI recommendations without known AI correctness), EU2-PN (self-reported usefulness of AI recommendations/explanations via non-validated Likert ratings), EU3-PN (perceived case difficulty and cognitive effort as non-validated proxies for cognitive load), EU4-OB (experimental comparison of Text Only, Feature Explanation, and Alternative Treatments conditions), UM1-EQ (qualitative evidence of explanation understanding, confusion, and interpretation from think-aloud data), HP1-PN (decision quality assessed against proxy reference standards in the absence of an objective ground truth).

	Zou et al.
	Expert panel evaluation with radiologist annotation tasks, localization assessment, and trust/reliability voting across multiple XAI heatmap methods using a custom interpretation dashboard
	Comparative evaluation of explanation methods based on radiologist localization agreement with annotated ground-truth regions and subjective trust/reliability voting for AI-generated heatmaps
	TR1-PN (subjective radiologist trust/reliability judgments via expert voting)
 EU4-PN (comparative evaluation of SHAP, Grad-CAM++, and ensemble heatmap methods via expert voting)

	Ackerhans et al.
	Web-based 2×2×2 between-subject scenario-based experimental survey with manipulated AI-CDSS design features and Likert-scale questionnaire measures among medical students and healthcare professionals
	Factorial experimental evaluation of the effects of AI explainability, workflow integration depth, and accountability mechanisms on trust in AI-based CDSSs and perceived professional identity threat using validated/adapted psychometric scales and ANOVA/regression analyses
	TR1-VS (self-reported trust via an adapted Hoffman et al. trust scale, psychometrically evaluated in the study using exploratory factor analysis),
 EU4-OB (factorial experimental manipulation of explainability, workflow integration depth, and accountability-related AI-CDSS design features)

	Al-Bakri et al.
	Structured expert questionnaire study with case-based evaluation of AI-generated explanations (SHAP-only, Grad-CAM-only, Feature-Augmented XAI). Clinicians reviewed multimodal diagnostic outputs, rated explanation quality via Likert-scale items (clarity, clinical relevance, decision support, confidence in AI), and provided qualitative feedback on interpretability and trust
	Comparative evaluation of explanation understandability, clinical relevance, decision-support utility, confidence/trust in AI-assisted diagnosis, and qualitative expert reflections on interpretability and usability across different explanation formats (SHAP, Grad-CAM, combined explanations).
	EU1-PN (overall satisfaction proxy via Likert ratings and qualitative feedback),
 EU2-PN (usefulness, interpretation, decision-support value of explanations via Likert ratings and qualitative feedback),
 EU4-PN (comparison of SHAP-only, Grad-CAM-only, and combined explanation formats using subjective Likert ratings on the four dimensions),
 UM1-PN (perceived clarity and understandability via Likert ratings and qualitative feedback),
 TR1-PN (self-reported trust/confidence ratings via Likert ratings and direct trust score calculation)

	Bergomi et al.
	Questionnaire-based clinician evaluation study with real-world patient cases, Likert-scale assessment of XAI explanations (Bayesian Network, SHAP, AraucanaXAI), agreement ratings with AI predictions, and think-aloud interviews including time-on-task measurements
	Comparative assessment of explanation understandability, actionability, clinician agreement/compliance with AI predictions, preferred explanation formats, and cognitive-load proxies derived from think-aloud sessions and time measurements.
	EU2-PN (actionability/usefulness for clinical decision-making via Likert ratings on statements adapted from ESS),
 EU3-PN (time-on-task during think-aloud sessions explicitly interpreted as indirect cognitive-load proxy),
 EU4-PN (subjective comparison and preference ranking across explanation methods),
 UM1-PN (perceived understandability via Likert ratings on statements adapted from ESS; no objective comprehension assessment),
 TR2-PN (agreement/compliance with AI predictions as indirect reliance proxy without causal isolation)

	Chen et al.
	Within-subjects user study with formative semi-structured interviews, structured diagnostic tasks under three AI assistance conditions (no AI, black-box AI, explainable AI), Likert-scale questionnaires, confidence ratings, and qualitative feedback from pathologists evaluating cancer subtyping decisions using cytopathology images
	Comparative evaluation of diagnostic accuracy, agreement with AI recommendations, confidence, perceived trustworthiness, understandability, reliability, willingness to use AI assistance, and integration of AI recommendations into final diagnostic decisions, alongside qualitative evaluation of explainability and human–AI collaboration
	EU1-PN (subjective satisfaction/experience ratings via non-validated Likert ratings),
 EU2-PN (perceived usefulness of AI assistance/explanations via non-validated Likert ratings),
 HP1-OB (objective diagnostic accuracy against ground-truth labels),
 TR1-PN (self-reported confidence, reliability, and acceptance via non-validated Likert ratings),
 TR2-PN (alignment between participants’ diagnoses and AI predictions as an indirect reliance proxy without correctness-sensitive reliance measurement),
 UM1-PN (perceived understandability of AI explanations via non-validated Likert ratings).

	Gomez et al. 2024
	Randomized three-arm between-subjects online experiment with telehealth providers performing clinical vignette-based diagnostic tasks using smartphone throat images under different AI explanation conditions, followed by Likert-scale questionnaires assessing trust and understanding of AI-assisted recommendations
	Comparative evaluation of diagnostic accuracy, agreement with AI recommendations, confirmatory testing behavior, perceived trust, and perceived understanding across different explainable AI strategies
	EU4-OB (experimental comparison of multiple explanation strategies),
 UM1-PN (perceived understanding via Likert ratings),
 TR1-PN (perceived trust via Likert ratings),
 TR2-PN (agreement and clinical follow-up decisions as indirect reliance proxy),
 HP1-OB (diagnostic accuracy: sensitivity, specificity, PPV, NPV)

	Hur et al.
	Within-subject repeated-measures vignette experiment with three counterbalanced conditions (results only, results with SHAP visualisations, results with SHAP visualisations and clinical explanations); clinicians provided initial and revised clinical estimates after AI recommendations and completed validated trust, explanation satisfaction, and usability questionnaires
	Weight of Advice (WOA), trust, explanation satisfaction, usability (Trust Scale Recommended for XAI, Explanation Satisfachtion Scale, System Usability Scale), decision change as post-hoc measure
	EU1-VS (satisfaction/usability assessed with the Explanation Satisfaction Scale and System Usability Scale),
 EU2-PN (perceived usefulness/utility assessed at item level within the Explanation Satisfaction Scale; not treated as a validated construct-specific usefulness subscale),
 EU4-OB (experimental comparison of multiple explanation formats),
 UM1-PN (perceived understanding assessed at item level within the Explanation Satisfaction Scale; no validated construct-specific understandability subscale and no objective comprehension assessment),
 UM2-PN (perceived completeness/detail assessed at item level within the Explanation Satisfaction Scale; not treated as a validated construct-specific completeness subscale),
 TR1-VS (trust assessed with the Trust Scale Recommended for XAI; retained as validated subjective evidence),
 TR2-OB (Weight of Advice paradigm measuring behavioral incorporation of AI recommendations via pre–post decision revision)

	Ihongbe et al.
	Questionnaire-based mixed-methods user study with clinicians and radiologists evaluating Grad-CAM and LIME visual XAI outputs in chest radiology case studies (pneumonia/COVID-19), using Likert-scale ratings, comparative judgments between XAI methods, and open-ended qualitative feedback. Survey questions were informed by prior expert consultation with radiology and clinical specialists.
	Human-centered comparative evaluation of Grad-CAM vs. LIME regarding perceived usefulness, understandability/comprehensibility, clinical relevance, confidence/trust, and overall preference in AI-supported chest radiology diagnosis, based on subjective ratings and qualitative usability feedback. No objective comprehension or behavioral reliance task was conducted.
	EU2-PN (perceived usefulness via study-specific Likert ratings),
 EU4-PN (subjective comparison of Grad-CAM and LIME explanation methods),
 UM1-PN (perceived understandability/comprehensibility via study-specific Likert ratings and open-ended feedback),
 TR1-PN (subjective trust/confidence ratings via study-specific Likert items)

	Rezaeian et al.
	Interrupted time-series within-subject online experiment with clinicians performing repeated breast-cancer diagnostic tasks across multiple AI explainability conditions (baseline, no explanation, confidence only, tumor localization, enhanced localization). Data collection included Likert-scale questionnaires, agreement ratings, trust ratings, diagnostic decisions, decision time logging, and demographic surveys.
	Comparative evaluation of varying AI explanation levels regarding trust, understandability, perceived accuracy, cognitive load/stress, diagnostic performance, agreement with AI recommendations, and decision time using both subjective questionnaires and behavioral interaction measures. Diagnostic decisions were compared against ground truth labels.
	EU3-PN (cognitive load: mental demand, stress via Likert ratings),
 EU4-OB (comparison across multiple explanation levels),
 UM1-PN (subjective understandability via Likert ratings),
 TR1-PN (self-reported trust via Likert ratings),
 TR2-PN (agreement rates + behavioral override decisions),
 HP1-OB (diagnostic accuracy vs ground truth),
 HP2-OB (decision duration)

	Naiseh et al. 2021
	Qualitative think-aloud user study with medical professionals performing collaborative Human–AI decision-making tasks using explainable recommendation interfaces with five explanation types (local, global, example-based, counterfactual, confidence explanations), accompanied by observational field notes and follow-up semi-structured interviews about explanation interaction and trust calibration.
	Qualitative content analysis of explanation interaction behaviors during decision-making tasks, focusing on explanation skipping, misinterpretation, overtrust, undertrust, mistrust, confirmatory search, and trust calibration failures across different explanation formats; analysis based on think-aloud verbalizations, behavioral observations, and interview reflections.
	EU2-EQ (perceived explanation usefulness via think aloud & interviews),
 EU4-EQ (comparison across five explanation types via think aloud & interviews),
 UM1-EQ (qualitative evidence of misunderstanding, misinterpretation, and flawed mental models of explanations via think aloud & interviews),
 TR1-EQ (qualitative expressions of trust via think aloud & interviews)
 TR2-EQ (qualitative reliance behavior: following or rejecting AI recommendations via think aloud & interviews),
 TR3-EQ (qualitative evidence of overtrust, undertrust, and trust calibration failures under correct vs incorrect AI recommendations via think aloud & interviews)

	De Oliveira et al.
	Web-based randomized between-groups experiment with mental health professionals using an AI-based suicide-prevention decision-support system under four conditions (with/without explanations; with/without educational intervention), including interactive sentence-classification tasks, AI knowledge testing, post-task Likert-scale questionnaires, trust ratings, explanation-quality assessment via System Causability Scale (SCS), and open-ended misclassification reports.
	Quantitative evaluation of trust in AI recommendations using adapted Human–Computer Trust Model items, comparison of educational intervention and XAI conditions via ANCOVA/GLM, analysis of explanation quality through SCS scores, and assessment of effects of reported misclassification, explanation presence, and educational intervention on trust calibration and decision behavior.
	EU4-OB (between-group experimental comparison of explanation and educational-intervention conditions)
 UM1-VS (subjective understandability/comprehensibility of explanations via SCS items)
 UM2-VS (perceived explanation quality/causability via System Causability Scale)
 TR1-PN (self-reported trust in AI via adapted Human-Computer Trust Model Likert item)

	Nagendran et al. 2024
	Observational experimental user study with physicians; case-based decision tasks; within-subject manipulation of AI recommendations (safe vs. unsafe) with explainable AI; eye-tracking data collection; behavioral responses and pre- and post-experiment questionnaires
	Demographics and attitudes toward AI, Diagnostic decision accuracy, agreement with AI recommendations (including unsafe recommendations), eye-tracking metrics (visual attention, fixation patterns), self-reported trust and perceived usefulness; analysis of reliance under safe vs. unsafe AI conditions, completion time
	TR2-OB (continuous WoA measure based on pre-post decision change),
 TR3-OB (explicit manipulation: safe vs unsafe recommendations, analysis of adherence to unsafe recommendations),
 EU2-PN (self-reported usefulness via Likert scale)
 HP1-PN (behavioral decisions without objective correctness benchmark),
 HP2-OB (completion time)

	Gomez et al. 2025
	Within-subject user study with optometrists; case-based referral decisions under four conditions (human-only, no explanation, feature-based, scoring-based) using clinical vignettes.
	Referral decision accuracy against ground-truth clinical labels; agreement with AI recommendations, including agreement with incorrect AI recommendations as overreliance measure; AI deviation score as adjustment/anchoring measure; over-claim and under-claim error rates; subjective ratings of trust, confidence, effort, challenge/frustration, helpfulness, integration into decision-making, willingness to use, and explanation preference across no-explanation, feature-importance, and scoring-based explanation conditions.
	EU1-PN (subjective willingness-to-use and evaluative experience ratings),
 EU2-PN (subjective helpfulness/usefulness ratings),
 EU3-PN (subjective cognitive load: effort, challenge, and frustration),
 EU4-PN (comparative evaluation of no-explanation, feature-based, and scoring-based explanation formats using subjective ratings),
 UM1-PN (subjective intelligibility/understanding ratings),
 TR1-PN (self-reported trust ratings via study-specific Likert items),
 TR2-PN (behavioral reliance/agreement measures including agreement rates and AI-deviation behavior without causal isolation or a WoA paradigm),
 TR3-PN (agreement with incorrect AI recommendations as a proxy for inappropriate reliance),
 HP1-OB (objective referral accuracy against ground-truth clinical labels)

	Nicolson et al.
	Three-stage reader study with pre-/post-AI and explanation conditions; questionnaires with Likert-scale ratings; behavioral reliance measures (WoA, agreement, appropriate/over-/under-reliance); MAE against ground truth; task completion time logging; statistical comparison across stages and participants.
	Diagnostic accuracy (MAE against ground truth), reliance on AI recommendations (agreement, WoA), calibrated appropriate/over-/under-reliance analysis, self-reported trust/usefulness/understanding ratings, time-per-image measurement, comparison across AI-only vs AI+explanation conditions
	TR1-PN (Likert trust items based on self-reported trust, no validated trust scale),
 TR2-OB (WoA and agreement measures as behavioral reliance metrics),
 TR3-OB (calibrated appropriate/over-/under-reliance classification based on relative model vs clinician accuracy),
 EU2-PN (self-reported usefulness/helpfulness ratings via Likert scales),
 UM1-PN (perceived understanding/intelligibility ratings without objective comprehension testing),
 HP1-OB (objective performance measured via MAE against ground truth),
 HP2-OB (objective time-per-image measurements).

	Wysocki et al.
	Within-subject experimental user study with healthcare professionals using simulated clinical case scenarios under two conditions (CORONET score only vs CORONET score + explanation); Likert-scale questionnaires, behavioral decision logging, time-on-task recording, and open-ended feedback responses.
	Agreement/concordance analysis between clinician decisions, AI recommendations, and expert-approved actions; assessment of overreliance on incorrect AI recommendations; Likert ratings of trust, satisfaction, usefulness, reassurance, and understanding; measured task completion time; statistical comparison between explanation conditions.
	TR1-PN (self-reported trust/reassurance via Likert)
 TR2-PN (agreement/concordance with model recommendations)
 TR3-PN (agreement with incorrect AI recommendations without formal calibration metric)
 EU1-PN (satisfaction ratings via Likert)
 EU2-PN (usefulness/helpfulness ratings via Likert)
 UM1-PN (perceived understanding and ease of interpretation via Likert)
 HP1-OB (objective correctness of clinical decisions)
 HP2-OB (measured time-on-task)

	Mandava et al.
	Clinician feedback survey on SHAP and PDP explanation outputs using Likert-style ratings.
	Qualitative visual inspection of SHAP and PDP explanations; clinician ratings of understandability, trust, usefulness, and alignment with clinical reasoning.
	EU2-PN (perceived helpfulness for clinical decision-making via Likert)
 UM1-PN (perceived understandability of SHAP/PDP visualizations via Likert)
 TR1-PN (self-reported trust/confidence in model explanations via Likert)
 EU4-PN (comparative evaluation of multiple explanation techniques: SHAP vs. PDP)

	Du et al.
	Randomized within-participant online user study with case-based gestational-diabetes risk-estimation tasks. Participants provided an initial risk estimate, received the CDSS prediction together with either a feature-contribution or example-based explanation, and then provided a final estimate. Correctly and incorrectly predicted cases were included; explanation preferences were additionally elicited.
	Weight of Advice (WoA) analysis of pre–post decision revision; comparison of WoA across feature-contribution and example-based explanations; correctness-stratified WoA for correct versus incorrect CDSS predictions; explanation-format preference.
	TR2-OB (direct behavioral reliance quantified using Weight of Advice from initial to revised estimates); TR3-OB (correctness-sensitive behavioral reliance: WoA explicitly compared between correctly and incorrectly predicted cases to examine appropriate advice-taking, over-reliance, and self-reliance); EU4-OB (experimental comparison of feature-contribution versus example-based explanations, including behavioral WoA outcomes and explanation preference).

	Naiseh et al. 2023
	Within-subject Human–AI decision-making study across five conditions: no explanation, local explanation, global explanation, example-based explanation, and counterfactual explanation. Participants completed clinical decision and rating tasks involving correct and incorrect AI recommendations, followed by semi-structured interviews.
	Validated Human–Computer Trust Scale covering cognition-based trust components; behavioral indicators of agreement, switching, and Human–AI performance; comparison across explanation classes; separate analysis of behavioral responses to incorrect recommendations; qualitative interview analysis.
	TR1-VS (validated cognition-based Human–Computer Trust Scale); TR2-OB (direct behavioral reliance through agreement and switching behavior); TR3-OB (correctness-sensitive reliance through responses to correct versus incorrect AI recommendations, including over-reliance on incorrect recommendations); EU4-OB (within-subject comparison of four XAI classes and a no-explanation condition); UM1-VS (validated subjective perceived-understandability component of the Human–Computer Trust Scale; not objective comprehension); UM3-PN (failure recognition inferred from agreement/switch behavior specifically under incorrect AI recommendations; the study explicitly assesses whether explanations help participants recognize incorrect recommendations, but no purpose-built failure-detection task was used); HP1-OB (objective Human–AI task performance based on whether the collaborative decision was successful).

	Cabitza et al.
	Questionnaire-based experimental ECG-reading study. For each case, participants provided an initial diagnosis, received AI advice, made an intermediate decision, received a textual explanation, and provided a final diagnosis. Initial/final trust and perceived explanation comprehensibility, appropriateness, and utility were additionally collected. AI classifications and explanations included correct and incorrect instances.
	Pre/post trust ratings; ratings of explanation comprehensibility, appropriateness, and utility; technology dominance operationalized as actual decision change after exposure to AI/XAI; positive and negative dominance distinguished according to whether decision changes corrected or introduced an error; dominance additionally analyzed according to classification/explanation correctness.
	TR1-PN (study-specific self-reported initial and final trust ratings); TR2-OB (technology dominance as directly observed decision change following AI/XAI exposure); TR3-OB (correctness-sensitive reliance: positive dominance = incorrect→correct decision change and negative dominance = correct→incorrect change; dominance additionally analyzed according to correctness of AI classification); EU2-PN (study-specific subjective rating of explanation utility); UM1-PN (study-specific subjective rating of explanation comprehensibility; no objective comprehension test).


 
 
 


