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Abstract
Background Explainable artificial intelligence (XAI) is intended to help clinicians critically assess AI-supported decisions, but it is unclear whether current
evaluations establish that explanations support effective human oversight. We mapped how clinician-facing XAI for clinical decision support is evaluated and
whether studies assess capacities relevant to oversight.

Methods We searched PubMed, IEEE Xplore, and the ACM Digital Library for studies published from January 2015 through February 2026. Eligible studies
empirically evaluated XAI in clinician-facing clinical decision support with healthcare professionals or trainees. Evaluation measures were mapped to 13
human-centered constructs and classified as objective behavioral, validated subjective, proxy or non-validated, or exploratory qualitative evidence. We
additionally assessed coverage of five safety-relevant oversight capacities: objective model-behavior comprehension, appropriate reliance, failure detection,
bias detection, and human–AI task performance.

Results Here we show that evaluations concentrated on user perceptions. Across 49 studies and 253 study-by-construct mappings, trust was assessed in 42
studies, human–AI task performance in 21 and appropriate reliance in 16, but failure detection in only 3, bias detection in 1 and objective model-behavior
comprehension in none; 24 studies assessed none of the five capacities. Of all mappings, 138 (55%) rested on proxy or non-validated measures and 10 (4%)
on validated instruments. Two studies evaluated a deployed system.

Conclusions Clinical XAI evaluation establishes how explanations are perceived far more often than whether clinicians can detect and override incorrect AI
output. Demonstrating oversight requires correctness-manipulated behavioral testing, validated instruments for attitudinal constructs and evaluation that
continues after deployment.

Study protocol: the protocol of this scoping review was registered on OSF on 18 December 2025 and is available at [Link].

Plain language summary
Doctors are increasingly offered AI tools that suggest a diagnosis or treatment. Because these tools can be difficult to inspect, they often add an
"explanation" of how a suggestion was reached. We reviewed 49 studies that tested such explanations with doctors, nurses and other health professionals.
Most studies asked how trustworthy, understandable, or useful clinicians found the explanations. Far fewer tested what clinicians actually did when the AI
gave wrong advice, and none tested whether clinicians could correctly predict what the AI would do. Current evidence therefore tells us more about how
explanations feel to clinicians than about whether they help clinicians catch AI mistakes. We suggest that future studies test five things directly: whether
clinicians can predict model behavior, whether they accept correct advice and reject wrong advice, whether they identify individual failures, whether they
recognize systematic bias, and whether clinician and AI together make better decisions.

INTRODUCTION
Artificial intelligence (AI), particularly machine learning (ML), is increasingly embedded in clinical decision support systems (CDSS), which provide clinicians
with patient-specific assessments or recommendations for clinical decision-making [1, 2]. Yet the opacity of many ML models limits clinicians’ ability to
critically assess individual predictions. In high-stakes settings, this may promote both underreliance on useful recommendations and overreliance on
erroneous, biased, or clinically inappropriate outputs [3, 4, 5]. Safe use therefore depends not only on model performance but also on clinicians’ ability to
exercise calibrated oversight: accepting AI advice when it is correct and rejecting it when it is wrong.

Explainable artificial intelligence (XAI) aims to support this oversight by providing information about how model outputs are generated. Methods such as
Local Interpretable Model-Agnostic Explanations (LIME) and Shapley Additive Explanations (SHAP) have advanced technical explainability [6, 7]. The
regulatory relevance of such oversight is reflected in the EU AI Act, which requires high-risk AI systems to support output interpretation and effective human
oversight [8].

XAI is expected to improve clinician–AI team performance by supporting more informed decision-making [9]. However, explanations are often difficult for
clinicians to interpret or apply to clinical tasks, limiting their practical value [10, 11]. Technical properties such as faithfulness or completeness therefore do
not automatically establish that an explanation supports safe clinical use [11].

Human-centered XAI shifts the focus from technical properties to effects on users and clinical practice, whether they improve understanding, trust, reliance,
recognition of model limits, or task performance [12]. Whether this shift is realized in practice depends on which constructs are measured and how they are
operationalized. Perceiving an explanation as understandable or trustworthy and being able to override an incorrect recommendation are distinct constructs.
Self-reporting cannot substitute for behavioral measurement of the latter, yet it is the latter that human oversight requires [13, 14]. A clinician may report that
an explanation is understandable yet still fail to reject incorrect AI advice. Without knowing which constructs current evaluations assess and what kind of
evidence their measures yield, neither developers selecting explanation methods nor regulators assessing human-oversight requirements can determine
what the existing evidence base supports. Existing frameworks and checklists define relevant constructs and evaluation metrics [15–17], while prior reviews
summarize explanation methods, clinician perceptions, and factors influencing AI-assisted clinical decision-making [18, 19]. But the constructs and
operationalizations actually used in user studies have not been mapped systematically.

This scoping review therefore mapped the methodological characteristics, clinical domains, XAI methods, evaluation constructs, operationalizations, and
evidence types used in human-centered evaluations of clinician-facing CDSS. It addressed three questions: (1) What are the methodological characteristics
of user studies evaluating XAI for clinician-facing CDSS? (2) Which human-centered evaluation constructs are assessed, and how are they operationalized?
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(3) To what extent do current evaluations assess safety-relevant oversight capacities, including appropriate reliance, failure detection, objective model-
behavior comprehension, bias or subgroup-failure recognition, and human–AI task performance?

METHODS

Study Design
The review was conducted in accordance with the JBI methodology for scoping reviews [20] and is reported in accordance with the Preferred Reporting
Items for Systematic Reviews and Meta-Analyses extension for Scoping Reviews (PRISMA-ScR) guidelines [21]. The completed PRISMA-ScR checklist is
provided in Supplementary Methods (Table A1.1). The protocol was registered on OSF on 18 December 2025 and is available here: [Link].

Eligibility criteria
Eligibility criteria were defined using the Population–Concept–Context (PCC) framework and are summarized in Table 1. We included peer-reviewed primary
empirical studies published from January 2015 to 22 February 2026 that involved healthcare professionals or trainees as current or prospective users of
clinician-facing CDSS and empirically evaluated XAI explanations, including outcomes such as transparency, understandability, trust, satisfaction, reliance,
usefulness, or human–AI task performance. We excluded studies without human-participant evaluation, studies focused exclusively on technical XAI
properties, non-clinician-facing systems, non-primary studies, and grey literature, including preprints, conference abstracts without full proceedings papers,
and technical reports. Grey literature was excluded to maintain a consistent publication and reporting threshold. The 2015 starting date was selected to
capture contemporary XAI research, including the emergence of LIME and SHAP [6, 22].

Table 1
Eligibility and Exclusion Criteria.

Eligibility Criteria Exclusion Criteria:

• Primary empirical study involving healthcare professionals or trainees as current or
prospective users of clinician facing CDSS

• Evaluation of XAI explanations in CDSS, examining attributes such as transparency,
effectiveness, user trust, user satisfaction, or utility, the latter referring to the perceived
or objective contribution to the decision-making process

• Focus on technical aspects of XAI without relevance to
CDSS or user evaluation

• Not a primary study (e.g., reviews)

• Address XAI technologies designed for patients rather than
healthcare professionals

• Grey literature (e.g., preprints)

• Presentation of prediction probabilities, confidence scores,
or uncertainty estimates alone, without an explanatory
component beyond the model output

Information Sources
The databases searched for this review were IEEE Xplore, ACM Digital Library, and PubMed. The initial searches were performed on 20 December 2025 and
updated on 22 February 2026. Additional references were also identified through forward-backward citation search, and manual searches of key journals.

Search Strategy
The search strategy was structured according to the PCC framework (Population, Concept, Context) [23] and adapted to the syntax of each database:

Population (P): Studies involving health care professionals and trainees.

Concept (C): XAI and CDSS, using keywords such as “CDSS,” “Clinical Decision Support,” “Decision Support Systems,” “Artificial Intelligence,” “Machine
Learning,” “Explainable AI,” “Explanations,” “Explainability,” and “Interpretability.”

Context (C): User evaluation and behavioral research settings, including “User Studies,” “Vignettes,” “Survey Studies,” “Interviews,” “Trust,” “Usability
Testing,” “Human–Computer Interaction,” “Cognitive Load,” and related approaches to studying human interaction with AI-based systems.

Search strings combined terms from these categories using Boolean operators (“AND,” “OR”) and were customized for each database. The search strings are
available in Supplementary Methods A1.2.

Selection of sources of evidence
After duplicate removal, two reviewers independently screened titles and abstracts. Records considered potentially eligible by either reviewer underwent
independent full-text assessment against the predefined criteria. Disagreements were resolved through discussion and consensus. Screening was managed
in CADIMA [24].

Data Charting Process
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Two reviewers independently charted data from the included studies using a predefined extraction framework. Discrepancies were resolved through
discussion and consensus.

Data items
Extracted variables covered:

Bibliographic information, including authors and publication year;

Basic study characteristics, including study type, objectives, clinical domain, sample size, participant group, participant characteristics and their
analytical use, and study context;

AI- and XAI-related characteristics, including AI task/target type, clinician-facing output type, XAI method, explanation type, explanation scope, modality,
explanation representation, and additional presentation features;

Methodological and evaluation characteristics, including study design, evaluation approach, comparison conditions, including unaided-human and AI-
without-explanation comparators, AI correctness and its manipulation, metrics used, data collection procedures, and whether the study was conducted
in an experimental or real-world clinical setting; and

The human-centered constructs assessed, their operationalizations, and the resulting operationalization categories.

Analytic framework and operationalization coding
We adapted the taxonomy from Mohseni et al. [15] to systematically characterize and map how XAI has been evaluated in clinician-facing CDSS. The
framework separated the target construct from its operationalization. Each study-by-construct mapping was coded along two axes (Fig. 1): the construct
axis, comprising explanation usefulness and satisfaction, understandability and mental models, trust and reliance, and human–AI task performance; and the
operationalization-category axis, comprising objective behavioral, validated subjective, proxy or non-validated, and exploratory qualitative evidence. The
framework derivation and cross-comparison of alternative frameworks are provided in Supplementary Methods A1.3–A1.4. Construct definitions,
operationalization criteria, and coding examples are provided in Table A1.5.

The four construct dimensions were specified into 13 separately codable constructs for clinician-facing CDSS. Two substantive adaptations were made.
First, reliance was divided into general reliance (TR2), defined as following, accepting, rejecting, or revising decisions toward AI advice, and appropriate
reliance (TR3), defined as reliance conditioned on AI correctness and distinguishing overreliance from underreliance [13, 14, 25]. Second, model bias
detection (UM4), defined as recognition of flawed, biased, or subgroup-specific model behavior, was added [26, 27]. Computational measures were excluded
because they assess intrinsic properties of explanation algorithms rather than human-centered outcomes. The four operationalization categories, which we
defined independently of the Mohseni et al. [15] taxonomy, were as follows

Objective behavioral: criterion-referenced or experimentally anchored behavioral measurements, such as reliance behavior under known AI correctness,
task accuracy, decision revision, response latency, failure detection, behavior under predefined model bias, or comprehension-test performance.

Validated subjective: psychometrically established instruments, such as validated trust, usability, satisfaction, or workload scales.

Proxy or non-validated: ad hoc Likert ratings, non-validated subjective measures, agreement rates without known AI correctness, decision changes
without a criterion standard, or indirect behavioral and process proxies requiring a larger inferential step from the observed response to the target
construct.

Exploratory qualitative: open-ended interviews, think-aloud protocols, observations, focus groups, co-design sessions, and free-text feedback.

“Objective behavioral” refers to criterion-referenced or experimentally anchored performance rather than direct observability of a latent psychological state;
behavioral responses without a relevant external criterion or experimental anchor were treated as proxies. The categories describe the relationship between
a construct and its operationalization and were not treated as a ranked hierarchy or study-quality assessment. The classification drew on distinctions
between behavioral and self-report measures of reliance [14], evidence that subjective and proxy measures can diverge from behavioral outcomes [28, 29],
and considerations of construct and ecological validity. It was used to characterize evaluation practices, not to assess risk of bias.

Studies were classified as quantitative, qualitative, or mixed-methods based on their dominant analytic strategy [30, 31]. Mixed-methods classification
required the collection, systematic analysis, and explicit integration of qualitative and quantitative data [32]; incidental elements of either type were
insufficient. Borderline cases were resolved by consensus. Inter-rater reliability was high for construct assignment (Cohen’s κ = 0.89) and operationalization-
category classification (κ = 0.90), with 91.8% raw agreement at the study-by-construct level. Remaining discrepancies were resolved through consensus.

Five evaluation targets were designated safety-relevant for clinician-facing high-risk AI systems: objective model-behavior comprehension (UM1 at the
behavioral level) [33, 34], model failure detection (UM3) [35], model bias detection (UM4) [26, 27], appropriate reliance (TR3) [14, 36], and human–AI task
performance (HP1) [37]. This selection was informed by the human-oversight capacities described in Article 14 of the EU AI Act[8], but represents an analytic
framework for this review rather than a legally prescribed or exhaustive set of oversight requirements..

These capacities include understanding system capabilities and limitations; detecting anomalies, dysfunction, and unexpected performance; recognizing
limited transferability to specific patients or subgroups; remaining aware of automation bias; and disregarding or overriding outputs while maintaining or
improving task performance [8]. Comparable expectations appear in FDA, Health Canada, and MHRA guidance on good machine-learning practice and post-
market monitoring [38–41].
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Critical appraisal of individual sources of evidence
Consistent with the mapping objective, no formal critical appraisal or risk-of-bias assessment was conducted. Operationalization categories described how
constructs were measured and were not used as study-level quality ratings.

Synthesis of Results
Study characteristics were summarized descriptively using frequencies and percentages for categorical variables and medians, interquartile ranges, and
ranges for continuous variables. Human-centered evaluation was analyzed at the study-by-construct level, allowing each study to contribute multiple
mappings. Construct frequencies and operationalization-category distributions were examined overall and stratified by quantitative, qualitative, and mixed-
methods design. The five safety-relevant oversight capacities were additionally summarized at the study level according to how many each study assessed.
No meta-analysis was performed because of substantial heterogeneity in study designs, populations, explanation methods, and outcome definitions.

Use of generative AI
Generative AI was used during manuscript preparation for language editing. The authors remain responsible for the accuracy and integrity of the final
manuscript.

RESULTS

Study Selection
We identified 2,338 database records (PubMed n = 435, IEEE Xplore n = 578, ACM Digital Library n = 1,325). After removing 19 duplicates, 2,319 records were
screened by title and abstract, of which 2,214 were excluded. The remaining 105 records underwent full-text assessment; 64 were excluded, leaving 41
studies identified through the database search. An additional eight eligible studies were identified through forward and backward citation searching, yielding
a final corpus of 49 studies (Fig. 2). The 49 included studies are summarized in Table 2; publication frequencies by year are provided in Supplementary
Results Table A2.1.
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Table 2
Characteristics of the 49 included studies, ordered alphabetically by first author. All but two studies were conducted in controlled, simulated, or researcher-me

rather than during routine clinical deployment. Study Design: Quant. = Quantitative; Qual. = Qualitative; MM = Mixed Methods.
Authors Year Sample Size Clinical

Domain
Study
Design

XAI Method Scope Explanation
Modality

Explanation Type Study
Objec

Ackerhans et al.
[47]

2025 292 Medical
Students,
Physicians,
Nursing
Professionals

Hospital care Quant. Not specified
(generic
explainability
manipulation)

Local Textual Feature-based Invest
expla
workfl
integr
accou
influe
profe
identi
based
sepsi

Al-Bakri et al. [52] 2025 5 Physicians Neurology MM SHAP and Grad-
CAM

Local Visual,
Textual,
Numerical

Feature-, Saliency-
based

Exper
evalu
multim
frame
interp
clinic
and tr
Alzhe
disea

Anjara et al [73] 2023 10 Oncologists Oncology Qual. ExamplE
(example-based)

Local Visual,
Textual

Example-based Using
clinic
expla
explo
oncol
perce
refine
cance
predic

Antoniadi et al.
[53]

2022 8 Healthcare
Professionals

Neurology Quant. SHAP Local
&
Global

Visual,
Textual,
interactive

Feature-based Evalu
local 
globa
impor
predic
patien
life, a
impro
usabi

Barda et al. [76] 2020 21 Critical Care
Providers

Pediatric
Intensive Care

Qual. SHAP Local Visual,
Interactive

Feature-based Focus
and in
expla
impro
under
a PIC
mode

Bergomi et al. [71] 2025 10 Clinicians Emergency
Medicine,
Infectious
Diseases

MM SHAP, Araucana
XAI, Bayesian
Network

Local
&
Global

Visual,
Textual,
Numerical

Feature-, Rule-based,
Model-inherent

Evalu
metho
focus
under
and a
in clin
decis

Bienefeld et al.
[42]

2023 106 Clinicians Intensive Care MM SHAP Local
&
Global

Visual Feature-based Form
identi
mode
betwe
devel
clinic
SHAP
expla

Bussone et al. [43] 2015 8 Clinicians Primary Care MM Not specified Local Visual,
Textual

Feature-based Invest
expla
influe
relian
CDSS

Cabitza et al. [54] 2023 44 Cardiology
Residents and
Specialists

Cardiology
(ECG
interpretation)

Quant. Local textual
explanations
accompanying
the AI
classification
(not tied to a
specific
algorithm)

Local Textual Feature based Quest
based
exper
readin
asses
perce
comp
and u
expla
techn
domin
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Authors Year Sample Size Clinical
Domain

Study
Design

XAI Method Scope Explanation
Modality

Explanation Type Study
Objec
decis
respo
and X
under
incorr
class

Chanda et al. [44] 2024 116
Dermatologists

Dermatology Quant. Grad-CAM Local Visual,
Textual

Saliency-based Asses
doma
salien
enhan
confid
melan
diagn

Chen et al. [62] 2026 4 Pathologists Pathology,
Oncology

MM Interpretable
rule-set model,
interactive
visualization

Local
&
Global

Visual,
Textual,
interactive

Rule-,
Example/Distribution-
based

Devel
evalu
intera
expla
syste
subty
with c
reaso

Corti et al. [77] 2024 16 Clinicians Pulmonology Qual. hand-crafted
explanation
exemplars /
conceptual XAI
prototype

Local Visual,
textual

Contextual-,
Workflow-based

Using
exem
explo
evolv
expla
for Id
Pulmo
Fibros

Das et al. [59] 2023 78 (16 + 62)
Pulmonologists

Pulmonology Quant. SHAP Local Visual Feature-based Invest
collab
impro
diagn
accur
confid
pulmo

De Oliveira et al.
[49]

2025 78 mental
health
professionals
(Psychologists,
Psychiatrists)

Mental Health Quant. LIME Local Visual,
Textual,
Numerical

Feature-, Example-
based

Rando
online
exam
LIME 
and m
affect
trust 
syste
detec
ideati

Du et al. [69] 2022 25 Healthcare
Practitioners
(19
Obstetricians, 2
Midwives, 4
Dietitians)

Obstetrics
(gestational
diabetes)

Quant. Feature-
contribution and
example-based
explanations

Local Visual,
Textual,
Numerical

Feature-, Example-
based

Rando
within
study
featu
contr
exam
expla
gesta
diabe
meas
taking
of Ad
correc
incorr
predic
and e
expla
prefe

Famiglini et al.
[56]

2024 16 Clinicians Radiology Quant. Grad-CAM Local Visual Saliency-based Asses
CAM’
thora
fractu
in X-ra
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Authors Year Sample Size Clinical
Domain

Study
Design

XAI Method Scope Explanation
Modality

Explanation Type Study
Objec

Gaube et al. [74] 2023 223 Physicians Radiology Quant. Visual
Annotations

Local Visual Saliency-based Meas
effect
maps
diagn
accur
confid
simul
decis
for no
exper

Glick et al. [57] 2022 41 Dental
Students

Dentistry Quant. Segmentation-
based visuals

Local Visual Saliency-based Evalu
assist
denta
radiog
analy

Gombolay et al.
[61]

2024 81 neurology
participants
(medical
students,
residents, and
neurologists)

Neurology Quant. Mixed types Local Visual,
Textual

Feature-, Rule-,
Example-based

Comp
differ
appro
decis
count
to exa
expla
of clin
versu
partic

Gomez et al. [60] 2024 121 telehealth
providers: 48
physicians, 13
nurse
practitioners,
60 physician
assistants

Infectious
Disease,
Telehealth

Quant. SHAP-like
feature
attribution,
examples,
performance
metrics (mock-
up prototypes)

Local 
+ 
global

Visual,
Textual,
Numerical

Feature-, Example-
based, Model
performance

Evalu
differ
expla
forma
diagn
accur
under
and c
decis
telehe
throat

Gomez et al. [63] 2025 87
Optometrists

Ophthalmology Quant. SHAP feature
importance + 
intrinsically
interpretable
scorecard model

Local Visual,
Numerical,
Textual

Feature-based (post-
hoc) + Score-based
(intrinsic)

Exam
expla
affect
perfo
bias u
know
imbal
betwe
clinic

Guo et al. [78] 2024 2 Cardiologists Cardiology Qual. Counterfactuals Local Visual Counterfactual Propo
MiMIC
cardio
gener
based
count
expla

Gutiérrez et al.
[79]

2022 12 Healthcare
Professionals

Nursing
Homes

MM Random Forest
feature
contributions + 
explicit rule-
based
explanations

Local Visual + 
Textual + 
Interactive

Feature-based + Rule-
based

Devel
deplo
intera
know
syste
priorit
textua
expla

Harari et al. [84] 2024 24 Emergency
Medicine
Clinicians

Emergency
Medicine

MM Segmented
visuals

Local Visual,
Textual

Feature-based Explo
enhan
(segm
imagi
influe
and p

Hur et al. [72] 2025 63 Surgeons,
Physicians with
experience in
prescribing
blood products

Perioperative
Care (blood
transfusion)

Quant. SHAP, clinical
narrative
explanation

Local Visual,
Textual,
Numerical

Feature-based,
Narrative explanation

Comp
SHAP
with c
friend
expla
no ex
accep
usabi
transf
decis
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Authors Year Sample Size Clinical
Domain

Study
Design

XAI Method Scope Explanation
Modality

Explanation Type Study
Objec

Ihongbe et al. [75] 2024 26
Radiologists,
Other

Radiology MM Grad-CAM, LIME Local Visual Saliency-based + 
Perturbation-based
feature attribution

Evalu
XAI m
chest
diagn
19, pn

Jabbour et al. [58] 2023 457 Clinicians Radiology Quant. Grad-CAM Local Visual Saliency-based Asses
wheth
salien
expla
reduc
errors

Jacobs et al. [65] 2021 220 Clinicians Psychiatry Quant. Interactive,
contrastive
explanations

Local Visual,
Textual

Feature-, Heuristic-
based

Analy
recom
and e
affect
antide
treatm
decis

Kovalchuk et al.
[80]

2022 16 Physicians Diabetes MM SHAP Local Visual,
Textual

Rule-, Feature-based,
Domain reasoning

Evalu
physi
accep
retros
T2DM
tool v
and in

Kumarakulasinghe
et al. [89]

2020 10 Physicians Intensive Care Quant. LIME Local Textual Feature-based Comp
physi
reaso
LIME-
expla
sepsi
predic

Kyrimi et al. [86] 2020 16 Clinicians Emergency
Medicine

Quant. Incremental
explanation

Local
&
Global

Visual &
Textual

Rule-based, Causal
reasoning

Propo
increm
(globa
expla
hybrid
netwo
clinic
suppo

Laxar et al. [45] 2023 32 Clinicians Critical Care Quant. Feature
importance

Local Visual Feature-based Deter
wheth
expla
CDSS
decis
and tr

Mandava et al.
[83]

2025 n.a. Clinical Risk
Prediction

Quant. SHAP; Partial
Dependence
Plots (PDP)

Local
&
Global

Visual Feature-based
attribution + Global
feature-effect plot

Devel
techn
evalu
risk m
SHAP
expla
suppl
insuffi
repor
rating
under
usabi
trust.

Martínez-
Villaseñor et al.
[87]

2022 9 Clinicians Ophthalmology Quant. XAHN: exact
tree-based
transformation
of an Artificial
Hydrocarbon
Network with
global and local
feature-influence
calculations

Local
&
Global

Visual + 
Numerical 
+ Textual + 
Interactive

Feature-based + Rule-
based / model-
specific exact
transformation

Devel
expla
diagn
integr
data a
globa
rule-b
expla

Morey and Rayo
[66]

2024 30 Nurses Emergency
Medicine

Quant. Visual
annotations of
predictive
algorithm
misalignment

Local Visual Feature-based Evalu
effect
misal
displa
decis
in em
scena
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Authors Year Sample Size Clinical
Domain

Study
Design

XAI Method Scope Explanation
Modality

Explanation Type Study
Objec

Nagendran et al.
[64]

2023 86 Physicians Intensive Care Quant. Feature
Importance

Local Visual,
Textual

Feature-based Comp
peer
recom
in a s
presc
meas
local 
impor
shape
docto
decis

Nagendran et al.
[85]

2024 19 ICU
Physicians

Intensive Care
Medicine

Quant. Q-value
comparison,
mortality
prediction,
feature
importance, and
training
examples

Local Visual,
Textual,
numerical

Contrastive/action-
comparison + 
Outcome-based + 
Feature-based + 
Example-based

Invest
physi
intera
and u
recom
in a c
decis
scena
sepsi
CDSS
tracki
analy
attent
decis
acros
expla

Naiseh et al. [55] 2021 16 Doctors,
Pharmacists
who use CDSS
frequently

Prescriptions Qual. Not tied to a
specific
algorithm →
interface-level
explanation
manipulation

Local
&
Global

Textual Feature-, Example-,
Counterfactual-,
Confidence-based

Invest
clinic
with e
AI
recom
in CD
on us
leadin
calibr
when
AI exp

Naiseh et al. [68] 2023 41 Medical
Practitioners
(26 Doctors, 15
Pharmacists)

Oncology
(chemotherapy
prescription
screening)

MM Interface-level
explanation
classes (local,
global, example-
based,
counterfactual)

Local
&
Global

Textual,
Tabular

Feature-, Example-
based,
Counterfactual,
Global description

Within
study
four e
class
expla
condi
calibr
agree
switc
behav
huma
perfo
under
incorr
recom
follow
struct
interv

Nicolson et al. [50] 2025 10
Sonographers,
Obstetric
Registrar

Obstetrics,
Sonography

Quant. Prototype-based
model
(ProtoPNet)

Local Visual Example-based Invest
expla
a prot
XAI m
clinic
relian
diagn
perfo
when
gesta
from 
ultras
image

Panigutti et al. [4] 2022 28 Clinicians Cardiology MM Dr. XAI Local Visual,
Textual

Feature-based Asses
impac
taking
intent
trust 

Panigutti et al.
[82]

2023 41 Clinicians Cardiology MM Dr. XAI Local Visual,
Textual

Feature-based Refini
expla
interf
enhan
usabi
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Authors Year Sample Size Clinical
Domain

Study
Design

XAI Method Scope Explanation
Modality

Explanation Type Study
Objec
clinic
syste

Rezaeian et al.
[48]

2025 28 Oncologists,
Radiologists,
Other

Oncology,
Radiology

Quant. Not specified
(saliency-based
visualization /
segmentation-
based
explanation)

Local Visual,
Textual,
Numerical

Saliency-, Example-
based

Asses
impac
levels
expla
clinic
repor
diagn
accur
cance
the ef
clinic
demo
chara

Sabol et al. [46] 2020 14 Pathologists Pathology,
Oncology

Quant. Cumulative
Fuzzy Class
Membership
Criterion
(CFCMC)

Local Visual,
Textual

Example-, Possibility-
based

Evalu
expla
class
colore
histop
using
retros
and p
user t

Schwartz et al.
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Methodological characteristics of the included studies

Study objectives
Across the 49 included studies, five recurring non-mutually exclusive research objectives could be distinguished. The most frequent objective concerned the
impact of XAI on clinicians' trust and perception of CDSS (N = 15), investigating whether and how the presence, format, or complexity of explanations
influences clinicians' subjective evaluation, including perceived reliability, confidence, or acceptance [4, 42–55].

Two objectives were equally frequent. Clinical decision-making and task performance was examined in N = 14 studies, assessing whether XAI affects
diagnostic accuracy, treatment decisions, or overall task outcomes when clinicians interact with AI-based CDSS [43, 48, 50, 51, 54, 56–64].

Reliance behavior and decision calibration was likewise examined in N = 14 studies, measuring not only whether clinicians followed AI advice but whether
they did so appropriately, distinguishing overreliance on incorrect advice from underreliance on correct recommendations [43, 44, 50, 51, 54, 55, 58, 63–69].

The next most frequent objective concerned comparison of explanation formats or methods (N = 13), evaluating which types of explanations clinicians found
most useful, understandable, or actionable [48, 49, 55, 56, 61, 68–75]. The fifth objective concerned system development, co-design, or clinician needs (N = 
11), prioritizing identification of explanation requirements and design preferences over summative outcome evaluation [4, 42, 55, 73, 76–82].

Study designs, sample sizes, and participants
Twenty-nine studies used quantitative methods, six qualitative, and 14 mixed-methods designs. One study [83] did not report participant numbers and was
excluded from all participant-level summaries (effective n = 48). Across the remaining studies, participant numbers ranged from 2 to 457 (median = 24, IQR = 
13.5–66.8; Table 2). Quantitative studies included 8–457 participants (median = 36.5), qualitative studies 2–21 (median = 16), and mixed-methods studies
3–106 (median = 20).

Participants were predominantly licensed clinicians and healthcare professionals. Two studies primarily involved trainees: Glick et al [57] included 41 dental
students exclusively, whereas Ackerhans et al. [47] included predominantly medical students (278 of 292 participants) alongside physicians and nursing
professionals. Other participant groups included nurses [66], pharmacists [55, 68], telehealth providers [60], optometrists [63], pathologists [46, 62],
psychologists or psychiatrists [49] and obstetricians, midwives, and dietitians [69]. Participant characteristics were frequently reported but less consistently
incorporated analytically. Clinical seniority, experience, or training level was analytically incorporated in 20 studies [42, 44, 45, 48–51, 54, 56, 57, 59–61, 64,
65, 67, 69, 71, 72, 74]. Professional role or specialty was incorporated into analyses in 11 studies [42, 49, 58, 60, 65, 67, 69, 71, 72, 74, 76].

AI-related background was characterized in 14 studies [48–50, 55, 58, 61, 65, 68, 69, 71, 72, 74, 76, 84] and analytically incorporated in eight [48–50, 58, 61,
65, 69, 76], including predictive-modeling knowledge, AI/XAI familiarity, objective or self-reported AI knowledge, and prior CDSS use. Only De Oliveira et al.
[49] included an objective AI-knowledge test, and no study reported use of a named validated AI-literacy instrument.

Clinical domains
Critical care and intensive care medicine were most frequently represented (n = 7), followed by radiology (n = 6), oncology and pathology (n = 6), emergency
medicine (n = 4), cardiology (n = 4), and ophthalmology and neurology (n = 3 each). Other domains included dermatology, dentistry, pulmonology, psychiatry,
diabetes, primary care, nursing homes, hospital management, obstetrics, blood transfusion decision-making, mental health, telehealth, and infectious
diseases (Table 2).

Study setting
Two study setting dimensions distinguished the included studies: the degree of experimental control over AI behavior, and the proximity to clinical practice.
Forty-seven of 49 studies (96%) evaluated XAI in controlled, simulated, or researcher-mediated settings rather than during routine clinical deployment. These
included vignette-based surveys, reader studies, scenario-based simulations, case-evaluation tasks, and qualitative or co-design evaluations. Twenty of 49
studies exposed participants to both correct and incorrect AI outputs: 15 quantitative [44, 48, 50, 51, 54, 56–59, 61, 63, 65, 66, 69, 85], 4 mixed-methods [43,
62, 68, 71], and 1 qualitative study [55]. In eight of these studies, AI correctness itself was explicitly manipulated as an experimental factor, enabling a more
direct causal assessment of appropriate versus inappropriate reliance (Supplementary Results Table A2.5).

Two of 49 studies (4%) evaluated deployed CDSS in their target clinical environment: Schwartz et al. observed clinician interaction with a deterioration
prediction system in a hospital ward [81], and Gutiérrez et al. instrumented a recommendation system in nursing homes over a four-month deployment [79].
No study longitudinally assessed how explanation-related outcomes or clinician interaction with explanations changed over repeated exposure in routine
clinical use.

Seventeen studies objectively measured how accurately clinicians performed when using AI [43, 44, 48, 50, 51, 56–63, 65, 68, 74, 84]. However, only nine also
measured clinician performance without AI [44, 48, 50, 57–59, 62, 63, 65], allowing direct comparison of performance with and without AI support. The
remaining eight [43, 51, 56, 60, 61, 68, 74, 84] did not include a clinician-only condition, so they could not directly compare AI-assisted performance with
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unaided clinician performance. Separately, 23 of 49 studies provided an AI-without-explanation comparison alongside an explainable condition. In 15 studies,
the explanation was the principal manipulated difference; six used sequential or fixed exposure in which the AI output was shown before the explanation or
explanation levels were introduced in a fixed order, and two changed the underlying model as well as explainability. Among the 17 studies with objective
criterion-based human–AI task performance, 11 included an AI-without-explanation comparator; six were direct comparisons, four were sequential or fixed-
order comparisons, and one was model-confounded.

Explanation scope, methods, and modalities
Thirty-seven studies evaluated local explanations only, while 12 combined local and global components [42, 53, 55, 60, 62, 68, 71, 81, 83, 86–88], and none
evaluated global explanations alone (Table 2). Feature-based explanations dominated, with SHAP as the single most frequent technique (Fig. 3). SHAP was
used either alone [42, 51, 53, 59, 76], or layered with other approaches, such as Grad-CAM [52, 88], clinical narratives [72], scorecards [63], hybrid rule-based
and probabilistic methods [71], alternative-treatment visualizations [67], partial dependence plots [83] or a broader set of compared attribution methods [70].
Saliency methods, particularly Grad-CAM, clustered in imaging studies [44, 52, 56, 58, 70, 75, 88], alongside segmentation overlays [57], visual annotations
[74], and augmented-reality overlays [84]. Rule-based, counterfactual [68], and example based [68, 69] or prototype-based explanations were less common.
Several studies layered explanation types. Naiseh et al. [55], for instance combined feature-, example-, counterfactual-, and confidence-based explanations
with a global model description. A complete overview of the evaluated XAI methods, grouped by method family, is provided in Supplementary Results Table
A2.4.

Presentation modality was predominantly visual or visual–textual; purely textual explanations were used in 5 studies. Five studies included interactivity [53,
62, 76, 79, 87], one used augmented reality overlays [84], and ten additionally included numerical elements such as probabilities, confidence values, or risk
decompositions [48, 49, 52, 60, 63, 69, 71, 72, 85, 87].

Tabular feature-importance displays (bar plots, tornado plots, top-k lists, SHAP contribution plots) dominated structured-data tasks [45, 51, 53, 59, 69, 76];
pixel-level overlays (heatmaps, CAMs, segmentation masks, prototype patches) dominated imaging tasks [44, 50, 56–58, 70]; and structured symbolic forms
(IF–THEN rule sets, decision trees, causal/Bayesian graphs) carried the rule- and reasoning-based explanations [4, 62, 71, 86, 87].

Human-Centered Evaluation Practices of XAI
To characterize how XAI for CDSS was evaluated, each included study was mapped to the 13-construct framework. Because a study could assess several
constructs, the 49 studies yielded 253 construct mappings. Studies assessed a median of five constructs (IQR 4–6; range 2–9), with similar coverage across
quantitative (median 5), qualitative (median 6), and mixed-methods studies (median 6). Each mapping was additionally classified by operationalization
category. We report results in three steps: which constructs were evaluated, how they were operationalized and classified by study design, and how the
corpus covered the five safety-relevant oversight capacities. Full study-level construct and operationalization assignments underlying these aggregate results
are provided in Supplementary Methods Table A1.6.

Construct Coverage
Coverage was highly uneven across the 13 constructs (Fig. 4). Trust was the most frequently assessed construct (42 of 49 studies; 23 of 29 quantitative
studies), followed by explanation usefulness (34 studies) and perceived understandability (33 studies). These three co-occurred in 26 of 49 studies and
together accounted for 109 of the 253 mappings (43%). Comparison or preference between explanation formats was assessed in 27 studies, general
reliance in 29, and explanation satisfaction in 21.

Other constructs were less frequently represented. Perceived completeness of explanations was assessed in 11 studies, task-completion time (HP2) in 8,
and perceived cognitive load in 7. Overall, the distribution indicates that evaluations concentrated primarily on trust, perceived usefulness, understandability,
and general interaction with AI advice, whereas several constructs concerned with model limitations and correctness-sensitive behavior were much less
frequently examined. The subset of constructs defined as safety-relevant is summarized separately below.

Operationalization and Evidence type
Across the 253 mappings, 120 (47%) used subjective operationalizations, 88 (35%) used objective behavioral or process measures, and 45 (18%) drew on
exploratory qualitative evidence. Among the 208 mappings based on structured quantitative measures, 120 (58%) were subjective and 88 (42%) objective or
behavioral. Of the 120 subjective mappings, 10 used validated instruments and 110 relied on non-validated self-report. Of the 88 objective or behavioral
mappings, 60 directly operationalized the target construct and 28 represented indirect behavioral or process proxies. Overall, proxy or non-validated evidence
was most common (138/253, 55%), followed by objective behavioral evidence (60/253, 24%), exploratory qualitative evidence (45/253, 18%), and validated
subjective evidence (10/253, 4%). This pattern was similar across quantitative and mixed-methods studies; all mappings from qualitative studies were
classified as exploratory qualitative evidence (Fig. 5).

Objective behavioral measurement designs were used mainly for task performance, task-completion time, and reliance, whereas trust, explanation
usefulness, and perceived understandability were measured predominantly with proxy or non-validated self-report. Validated measures were sparse (Fig. 5).
We next describe the four evidence types before summarizing the safety-relevant oversight capacities.

Objective behavioral measures
Objective behavioral evidence accounted for 60 of 253 mappings (24%). Human–AI task performance, usually scored as accuracy against ground-truth
labels, was the most common direct behavioral outcome and was objectively assessed in 17 studies. Reliance was captured behaviorally in seven studies
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that used Weight-of-Advice (WoA) paradigms to quantify how strongly participants revised an initial unaided decision after seeing the AI output [4, 45, 50, 69,
72, 82, 85]. As a direct measure of decision revision, WoA was coded as an objective behavioral operationalization of general reliance (TR2) in all seven. It
supported appropriate reliance (TR3) in three studies where revision was conditioned on AI correctness [50, 69, 85]; in the remaining four, WoA was
aggregated irrespective of correctness. Five further studies operationalized appropriate reliance directly without WoA, using correctness-sensitive
agreement, switching, or decision-revision measures [43, 54, 59, 61, 68].

Of the 20 studies that exposed participants to both correct and incorrect AI outputs, 16 assessed appropriate reliance: eight used direct objective behavioral
operationalizations, seven used proxy or non-validated measures, and one used exploratory qualitative evidence. The remaining four studies did not assess
appropriate reliance as a distinct construct. Sixteen of the 20 also measured human–AI task performance. Efficiency was operationalized using task-
completion time or response latency in eight studies; one study additionally incorporated eye-tracking [85]. Comparison between explanation formats was
operationalized behaviorally in 14 studies [43, 47–49, 56, 60, 61, 64, 65, 67–69, 72, 84], in which explanation conditions were experimentally manipulated and
contrasted rather than rated for preference.

Behavioral measures of model-limit recognition were rare. No study included an objective model-behavior comprehension test, such as a forward-simulation
or output-prediction task. Failure detection was represented by two proxy measures [66, 68] and qualitative assessment [80]. Bias detection was represented
by one objective behavioral assessment using a manipulated biased-versus-correct AI design and diagnostic performance scored against ground truth [58].

Validated subjective instruments
Validated subjective evidence accounted for 10 of 253 mappings (4%) across seven studies; several instruments contributed mappings to more than one
construct (Supplementary Results Table A2.2). Trust-related mappings were operationalized using the Trust in Automation Scale [84], the Trust Scale
Recommended for XAI [72], an adapted version of a validated trust scale [47], and the Human–Computer Trust Scale [68], the latter also contributing a
validated understandability mapping. Explanation satisfaction was operationalized with the Explanation Satisfaction Scale [4, 72, 82], one study jointly with the
System Usability Scale [72] and the System Causability Scale provided validated understandability and completeness mappings [49]. In Panigutti et al. [4, 82],
construct-specific usefulness, understandability, and completeness mappings derived from individual Explanation Satisfaction Scale items were classified as
proxy or non-validated rather than validated subjective evidence. In De Oliveira et al. [49], adapted Human–Computer Trust Model items were used to assess
trust but were classified as proxy or non-validated rather than validated subjective evidence. The Negative Attitudes toward Robots Scale was used by
Gombolay et al. [61], but was not counted as a validated trust operationalization because it measures negative attitudes toward robots rather than trust in the
target construct. Other established questionnaires used in the corpus measured constructs outside the review framework, including the Godspeed
Questionnaire [84]. Three further studies drew on the UTAUT model (Unified Theory of Acceptance and Use of Technology) [4, 42, 82], but used it to capture
technology acceptance and intention to use rather than as a validated instrument for a construct included in the framework.

Proxy measures and non-validated measures
Proxy or non-validated evidence accounted for 138 of 253 mappings (55%), making it the most common operationalization category. Attitudinal and
perceptual constructs were typically rated on ad-hoc 5- to 10-point Likert scales, with two studies using semantic differentials [46, 87], applied above all to
trust, satisfaction, explanation usefulness, perceived understandability, and format preference. Reliance was often measured only as raw agreement or
concordance with AI recommendations [71, 80, 89], as diagnostic revisions [60], prescription shifts, decision switches [67], or behavioral uptake without
varying AI correctness [62]. These measures were classified as proxy operationalizations under the framework.

Explorative qualitative evidence
Exploratory qualitative evidence accounted for 45 of 253 mappings (18%). Qualitative operationalizations drew on think-aloud protocols [43, 55, 67, 73], semi-
structured interviews [42, 55, 77, 80, 81], focus groups [42, 76], co-design and group-review sessions [78, 82], open-ended survey responses [53, 70, 75], and
observational notes [55]. These approaches primarily addressed satisfaction, usefulness, and perceived understandability.

A complete inventory of behavioral and objective measures is given in Supplementary Results Table A2.3, and the full list of validated instruments in
Supplementary Results Table A2.2.

Safety-relevant oversight capacities
Among the five safety-relevant oversight capacities, human–AI task performance was assessed most frequently in 21 of 49 studies, followed by appropriate
reliance under varying AI correctness in 16, failure detection in 3 [66, 68, 80], and bias detection in a single study using a manipulated biased-versus-correct
design [58]; objective model-behavior comprehension, for example forward-simulation or output-prediction tasks, was assessed in none. Of the 49 studies,
24 assessed none of these capacities, 22 assessed one or two, and 3 assessed three; none assessed four or all five capacities. Direct objective evidence
was available for 17 task-performance mappings, eight appropriate-reliance mappings, and the single bias-detection mapping, but for neither failure
detection nor objective model-behavior comprehension.

DISCUSSION

Principal Findings
We examined how human-centered XAI for clinician-facing CDSS is evaluated across 49 studies published between January 2015 and February 2026. Clinical
human-centered XAI evaluation showed more clearly how clinicians perceived explanations than whether explanations supported effective oversight.
Subjective measures dominated structured evaluations, while human–AI task performance and appropriate reliance were assessed in fewer than half of the
studies and with direct behavioral measures in fewer still, whereas failure detection, bias detection, and objective model-behavior comprehension were
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assessed in three studies, one study, and none, respectively. Subjective constructs were usually measured with ad hoc or proxy measures rather than
validated instruments. Together, these findings reveal a persistent gap between safety-relevant claims about XAI and the measures used to substantiate
them.

Methodological Landscape
Almost all studies were controlled or simulated; only two evaluated deployed CDSS [79, 81]. These designs improve experimental control but limit ecological
validity: single encounters cannot establish whether explanation effects persist under time pressure, competing priorities, repeated exposure, or automation
fatigue, the conditions under which oversight may be most vulnerable [90, 91]. Comparison conditions were a second gap. Many studies lacked either an
unaided-human baseline or a clean AI-without-explanation comparator, and some comparisons were sequential, fixed-order, or model-confounded. This
limited the ability to separate the benefit of AI support from the added benefit of the explanation.

Samples were also often small, single-site, and specialist-heavy, with limited interprofessional representation, echoing Abbas et al. [92], leaving settings such
as primary care and nursing comparatively underexamined. Because expertise can moderate AI-supported decision behavior [74], reliance on small,
specialist-heavy samples may therefore obscure clinically relevant heterogeneity in how novices, generalists, and non-specialists respond to the same
explanations. Participant characteristics were usually reported but less often analyzed, most commonly seniority or training level, followed by professional
role or specialty and AI-related background; analyses were predominantly descriptive or covariate-based rather than explicit moderator models. AI-related
background was also almost always self-reported, and AI competencies are not yet systematically established in medical training [93], so familiarity cannot
be assumed uniform within a clinician sample.

More broadly, heterogeneity and incomplete reporting of contextual factors such as interface design, case difficulty, workload, and perceived system
authority often limited interpretation of explanation-specific effects. Explanation methods were also concentrated. Feature-attribution approaches,
particularly SHAP, LIME, and saliency methods such as Grad-CAM, predominated, whereas counterfactual and example-based approaches were less frequent
and adaptive explanations were absent. This matters because the most frequently evaluated attribution and saliency methods are also among those whose
technical validity has been contested [94–98] (see Critical perspective on the XAI premise below), while evidence on whether richer interactive formats better
support clinical reasoning remains limited.

Why perceptual measures cannot establish safety
Trust remains an important human-factors outcome because insufficient trust can contribute to underreliance on correct AI advice. However, trust ratings
alone cannot establish whether a system is used safely, because trust reflects an attitude toward the system whereas reliance is the behavioral act of
accepting, revising, or overriding its advice [13, 14]. The same level of reported trust may therefore accompany appropriate reliance on correct advice or
overreliance on incorrect advice. Moreover, reported trust does not reliably predict observed reliance [28, 29]. One recent study found no relationship between
trust and reliance [99], consistent with broader evidence that self-reported and observed behavior diverge [100]. Trust-based comparisons may therefore
favor explanations that feel convincing over those that would support safer decision-making.

Appropriate reliance was assessed less often than trust (16/49 vs. 42/49 studies), and only eight studies used direct behavioral measures sensitive to AI
correctness. Reliance becomes safety-relevant only when AI correctness is known or manipulated: higher agreement can reflect either appropriate uptake of
correct advice or overreliance on wrong advice [101]. Measures such as Relative AI Reliance and Relative Self-Reliance distinguish acceptance of correct
from rejection of incorrect advice [101]. Even among studies that exposed participants to both correct and incorrect AI outputs, appropriate reliance was
assessed inconsistently, and only about half used direct objective measures.

Understandability showed an even sharper mismatch. Although frequently evaluated, no study used a purpose-built model-behavior comprehension task;
assessments instead relied on subjective ratings or qualitative evidence. Failure detection was similarly rarely assessed with direct behavioral measures,
while bias detection was examined in only one study using a correctness-manipulated behavioral design [58]. This matters because explanations may
increase perceived understanding without improving actual comprehension or error detection [102]. Criterion-referenced tasks such as forward simulation or
output prediction can show whether users anticipate model behavior, while experimentally introduced failures or biases can test whether they detect, reject,
or resist problematic outputs. However, such tasks cannot directly establish whether users understand why the model behaves as it does. Jabbour et al. [58],
for example, objectively measured behavior under manipulated model bias without establishing explicit bias recognition; likewise, forward simulation
measures anticipation of model behavior rather than causal or clinical understanding [33, 34]. From a safety perspective, however, explicit understanding
may be less important than whether users reliably translate available information into appropriate decisions. Behavioral success should therefore be treated
as evidence of effective oversight, not necessarily of explicit model understanding. The same applies beyond explanations. Model-level information is not
uniformly understood by those who receive it [103], and it is not inert: disclosing characteristics of the training data can change how physicians respond to
model output [104]. Whether such information is understood, and what it does to behavior, are separate empirical questions.

Buçinca et al. [28] showed that proxy-task performance did not predict actual decision-task performance and that subjective trust and preference ratings
likewise failed to predict objective performance. The problem is not that subjective measures are inherently inappropriate: they are appropriate for constructs
such as trust or satisfaction, but safety-relevant oversight capacities require behavioral evidence. Qualitative evidence can identify mechanisms and failure
modes but cannot by itself establish behavioral performance; conversely, legitimately subjective constructs should ideally be assessed with validated
instruments.

The ability of explanations to reduce overreliance may depend on whether verifying the AI output is less effortful than independently solving the task [105], a
condition that may often be unfavorable in clinical settings. Perceived cognitive load was rated in seven studies, but never with a validated workload
instrument such as NASA-TLX [106], and completion time was treated as efficiency rather than as verification effort.
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Critical perspective on the XAI premise
Evaluating XAI requires clarity about the functions that explanations are intended to serve. The reviewed studies reported beneficial, absent, and adverse
behavioral effects that varied across tasks and clinicians [50, 60, 74]. Thus, explanations cannot be assumed to improve understanding, calibrated trust,
oversight, reliance, or safety. Their presence may instead provide reassurance or signal competence and fairness without enabling verification [107],
particularly when checking an explanation is as demanding as independently solving the clinical task [36, 105].

The value of post-hoc explanations is also contested. Some argue that rigorous clinical validation addresses opacity more effectively than explanations that
only approximate model reasoning [94], whereas others consider such approximations useful when properly evaluated [108]. Attribution methods may
highlight features unrelated to the prediction, and Shapley-based methods can rank irrelevant features above those actually driving it [95–97]. Saliency
methods likewise may fail sanity checks or align poorly with ground-truth abnormalities [98, 109]. Conversely, even a faithful explanation may highlight
clinically irrelevant features; in some cases, such features can reflect shortcut learning or other non-clinical statistical dependencies [110, 111], but they may
also serve suppressor, normalization, or robustness-enhancing roles [112]. Attribution alone therefore does not establish the statistical function of a
highlighted feature or whether its use constitutes a model failure. Faithfulness itself is not captured by a single accepted formal criterion [113], and empirical
evaluations can be influenced by properties of the input data: recent work showed that attribution methods may emphasize visually salient features
irrespective of their task informativeness [114]. XAI may therefore generate hypotheses about model failures, but attribution alone cannot establish that a
failure has occurred [94, 95, 97, 109].

Moreover, users may correctly learn which features a model responds to while drawing incorrect clinical or causal inferences from these patterns, potentially
reinforcing rather than correcting pre-existing beliefs [1]. Concept-based methods such as Testing with Concept Activation Vectors (TCAV) likewise do not by
themselves establish relevance, causality, or actionability [115].

These technical and human-centered problems mirror each other. Human-centered evaluation may reward explanations that clinicians find understandable,
while technical evaluation may reward explanations that appear faithful despite lacking clinical meaning. Neither standard alone establishes safer decisions
when CDSS advice is wrong or misleading. Behavioral evaluation cannot repair an unfaithful explanation, but it can determine whether clinicians can
nevertheless exercise effective oversight.

Implications for evaluation practice
Evaluation measures should be selected to match the construct an explanation is intended to affect. Despite broader claims about understanding, reliance,
and oversight, evaluations largely focus on perceived usefulness, trust, and understandability. Future evaluations should align XAI claims with the constructs
and measures used and limit conclusions accordingly.

Existing tools address complementary aspects of evaluation. CLIX-M provides metrics for properties of clinical explanations [17], whereas DECIDE-AI
addresses human factors and safety in early clinical evaluation [116]. Our proposal is narrower: the five capacities examined here form a candidate set of
proximal oversight capacities, derived by linking externally defined human-oversight functions [8] to constructs and measurement paradigms from prior
human–AI research [13, 26, 33, 35–37]. Illustrative behavioral operationalizations and interpretation boundaries for each capacity are summarized in Table 3.
They are neither a validated checklist nor a universally sufficient safety standard. Their relative importance and operationalization will depend on system risk,
evaluation purpose, and development stage. Reporting which capacities were assessed—and justifying relevant omissions—could improve alignment
between claims, empirical evaluation, and regulatory expectations.

Table 3
Candidate operationalizations for five safety-relevant human-oversight capacities. Examples are illustrative rather than prescriptive and should be adapted to

the system, task, risk, and stage of evaluation.
Oversight capacity Illustrative behavioral operationalization Interpretation boundary

Model-behavior
comprehension
(UM1)

Forward simulation or output prediction on new cases; score
the predicted AI output against the model’s actual output.

Shows whether users can anticipate model behavior; does
not establish causal or clinically valid understanding.

Appropriate reliance
(TR3)

Vary correct and incorrect AI advice and separately quantify
acceptance of correct advice and rejection of incorrect advice
(e.g., correctness-conditioned WoA, RAIR/RSR).

Requires known AI correctness; aggregate agreement or
uptake alone cannot distinguish appropriate reliance from
overreliance.

Failure detection
(UM3)

Present predefined erroneous or unreliable AI outputs and
assess explicit detection or correctness-sensitive rejection;
score detection performance where possible.

Explicit flagging provides the strongest evidence that the
failure itself was recognized; correctness-sensitive rejection
also provides objective behavioral evidence of successful
oversight.

Bias / subgroup-
failure detection
(UM4)

Introduce a predefined systematic subgroup-specific error
pattern and assess whether users identify or behaviorally
resist affected outputs; Jabbour et al. [58] illustrates the latter.

Behavioral resistance is objective evidence of the response to
biased AI; explicit identification provides stronger evidence
that the bias itself was recognized.

Human–AI task
performance (HP1)

Score clinical task performance against a criterion; ideally
compare unaided human, AI-only, and AI + XAI conditions.

Shows task outcome, not the mechanism; appropriate
comparators are needed to isolate the contributions of AI and
explanation.

How these capacities should be operationalized depends on the stage of evaluation. Before deployment, correctness-manipulated experiments can assess
appropriate reliance and failure detection, subgroup-specific errors can test bias detection, and forward-simulation tasks can assess model-behavior
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comprehension. Correctness-sensitive probes should remain non-actionable, for example in simulation or retrospective review. After deployment, longitudinal
evaluation should examine reliance, workflow integration, and human–AI task performance under routine conditions, supported by process data such as
decision- and interaction logs and response times. No study in the corpus used such a multimethod longitudinal design. Decision-theoretic measures could
further evaluate reliance against payoff-based baselines and rational benchmarks rather than simple accept–reject counts [117].

Explanations are also not the only transparency mechanism available to clinicians. Model-level documentation [118] and communicated predictive
uncertainty [119, 120] address capabilities, limitations, and confidence that instance-level attribution does not. Future work should evaluate these
mechanisms in combination and against the same oversight capacities.

Limitations
This review has several limitations. The search covered three databases (IEEE Xplore, ACM Digital Library, and PubMed) from January 2015 until February
2026 and excluded grey literature; relevant preprints or conference abstracts without full text may have been missed, so the true frequency of behavioral or
validated measures could be somewhat higher than reported here if newer, unpublished evaluation approaches exist outside this search window. As a
scoping review, its aim is to map the evidence rather than perform a risk-of-bias assessment or an effect-size synthesis, so this review cannot say whether
methodologically stronger studies showed a different balance of measures than weaker ones; the reported pattern is descriptive of the corpus as a whole,
not adjusted for study quality. The framework for the construct mapping also involved interpretive choices: although the Mohseni et al. [15] taxonomy was
selected for its breadth and uptake, other frameworks could weight or group constructs differently, so the exact proportions reported here, particularly the
boundary between objective behavioral and proxy operationalizations, are to some extent framework-dependent. The boundary of the safety-relevant set is
likewise interpretive: a narrower definition excluding model-behavior comprehension, on the grounds that it is a precondition for oversight rather than an
oversight outcome, would also be defensible, and would not change the observed pattern. A further boundary concerns what "safety-relevant" can mean here.
The constructs we identify are proximal: they concern clinician behavior toward AI output, not patient outcomes. No study in this corpus measured harm, and
the inferential chain from miscalibrated reliance to clinical injury remains untested empirically. Our claim is therefore that current evaluation does not
establish the preconditions for safe oversight, not that it demonstrates harm. A further limitation concerns construct overlap. Some capacities are
conceptually adjacent, particularly failure detection (UM3) and appropriate reliance under incorrect advice (TR3), both of which involve clinicians’ responses
to erroneous predictions. Assignment of individual measures therefore required interpretive judgment and may have affected counts at the margins.

CONCLUSION
Across 49 studies, human-centered evaluation of XAI for clinical decision support concentrated on attitudinal and perceptual outcomes, particularly trust,
perceived usefulness, and understandability. Among structured quantitative measures, subjective operationalizations modestly predominated, while several
safety-relevant oversight capacities were rarely or never assessed with direct behavioral measures. The literature therefore shows more clearly how clinicians
perceive explanations than whether explanations improve decisions when AI output is wrong. Closing this gap requires behavioral measurement under
manipulated AI correctness, validated instruments where constructs are legitimately attitudinal, and evaluation that continues after deployment. Without this
shift, evaluations may continue to demonstrate favorable user perceptions while providing limited evidence about whether explanations support effective
human oversight under clinically consequential model errors.
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Figure 1

Human-centered XAI evaluation framework adapted from Mohseni et al.[15]. The construct axis comprises four dimensions—explanation usefulness and
satisfaction, understandability and mental models, trust and reliance, and human–AI task performance—and their subdimensions. Orange marks constructs
containing a safety-relevant oversight capacity; for UM1, this refers specifically to criterion-scored objective model-behavior comprehension rather than to all
understandability mappings. The operationalization-category axis comprises objective behavioral, validated subjective, proxy/non-validated, and exploratory
qualitative evidence.
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Figure 2

Study selection process.
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Figure 3

Explanation characteristics of the 49 included studies. Bars show the number of studies; grey tracks indicate the full corpus (n = 49). (a) Explanation approach;
multi-label, as a single study could combine several approaches (sum = 78). "Model-inherent" denotes intrinsically interpretable models rather than post-hoc
explanation methods; "Other" comprises contextual or workflow-based, narrative, confidence-based, contrastive or outcome-based, heuristic, and possibility-
based explanations (one study each). (b) Explanation scope; mutually exclusive. (c) Presentation modality; mutually exclusive. (d) Additional presentation
features; multi-label and independent of modality: numerical elements comprise probabilities, confidence values, or risk decompositions; interactivity denotes
user-manipulable displays; augmented reality denotes overlay-based presentation. Named XAI techniques and their frequencies are reported in Supplementary
Results Table A2.4.
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Figure 4

Construct coverage by study design. Cells show the number of studies assessing each construct within quantitative, mixed-methods ("Mixed"), and qualitative
designs; shading indicates the percentage of studies within each design column. Counts are multi-label because individual studies could assess several
constructs. Orange dots mark the five safety-relevant oversight capacities defined in the Methods; for UM1, the marker refers specifically to criterion-scored
objective model-behavior comprehension.
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Figure 5

Operationalization categories by construct, stratified by study design. Each bar shows the number of study-by-construct mappings for one construct,
decomposed by operationalization category: objective behavioral, validated subjective, proxy or non-validated, and exploratory qualitative. (a) Quantitative studies
(n = 29; 144 mappings), (b) mixed-methods studies (n = 14; 76 mappings), and (c) qualitative studies (n = 6; 33 mappings), where all mappings were classified as
exploratory qualitative evidence. Counts are multi-label because individual studies could assess several constructs. Orange dots indicate the five safety-relevant
oversight capacities defined in the Methods; for UM1, the marker refers specifically to criterion-scored objective model-behavior comprehension rather than to all
UM1 mappings.
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