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Abstract

Background: Theintegration of artificial intelligence (Al) in health care has significant potential, yet its acceptance by health
care professionals (HCPs) is essentia for successful implementation. Understanding HCPS' perspectives on the explainability
and integrability of medical Al iscrucial, asthesefactorsinfluencetheir willingnessto adopt and effectively use such technologies.

Objective: This study aims to improve the acceptance and use of medical Al. From a user perspective, it explores HCPs
understanding of the explainability and integrability of medical Al.

Methods: We performed a mixed systematic review by conducting a comprehensive search in the PubMed, Web of Science,
Scopus, |EEE Xplore, and ACM Digital Library and arXiv databases for studies published between 2014 and 2024. Studies
concerning an explanation or the integrability of medical Al wereincluded. Study quality was assessed using the Joanna Briggs
Ingtitute critical appraisal checklist and Mixed Methods Appraisal Tool, with only medium- or high-quality studies included.
Qualitative data were analyzed via thematic analysis, while quantitative findings were synthesized narratively.

Results: Out of 11,888 records initialy retrieved, 22 (0.19%) studies met the inclusion criteria. All selected studies were
published from 2020 onward, reflecting the recency and relevance of the topic. The majority (18/22, 82%) originated from
high-income countries, and most (17/22, 77%) adopted qualitative methodol ogies, with the remainder (5/22, 23%) using quantitative
or mixed method approaches. From theincluded studies, aconceptual framework was devel oped that delineates HCPS' perceptions
of explainability and integrability. Regarding explainability, HCPs predominantly emphasized postprocessing explanations,
particularly aspects of local explainability such as feature relevance and case-specific outputs. Visua tools that enhance the
explainability of Al decisions (eg, heat maps and feature attribution) were frequently mentioned as important enablers of trust
and acceptance. For integrability, key concernsincluded workflow adaptation, system compatibility with electronic health records,
and overall ease of use. These aspects were consistently identified as primary conditions for real-world adoption.

Conclusions: To foster wider adoption of Al in clinical settings, future system designs must center on the needs of HCPs.
Enhancing post hoc explainability and ensuring seamless integration into existing workflows are critical to building trust and
promoting sustained use. The proposed conceptual framework can serve as a practical guide for developers, researchers, and
policy makersin aligning Al solutions with frontline user expectations.

Trial Registration: PROSPERO CRD420250652253; https.//www.crd.york.ac.uk/PROSPERO/view/CRD420250652253
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Introduction

Background

The rapid development of artificial intelligence (Al) has
demonstrated profound impacts across various industries,
particularly in the health care sector. The application of Al has
shown significant potential and iswidely used in areas such as
disease diagnosis, patient monitoring, robotic surgery, and
clinical decision-making [1]. However, with the increasing
prevalence of Al technology, issues concerning doctors
acceptance, trust, and willingness to use Al have garnered
widespread attention. A study revealed that only 10% to 30%
of doctors use Al in real-world scenarios [2]. The poor
acceptance and low use of Al systems by users are influenced
by variousfactors, including the technical characteristics of Al
itself, individual factors (eg, users' Al literacy), organizational
factors (eg, advocacy by management), and policy-related issues
(eg, responsibility attribution inthe use of Al). These challenges
hinder the widespread adoption of Al technology [3-7].

Among the technical characteristics of Al, explainability and
integrability are considered 2 key factors influencing doctors
acceptance and use of Al [8,9]. While other elements, such as
security and socia influence, also play important roles in
clinicians trust in Al [10,11], their practical impact on daily
clinical adoption differs. Security concerns are essential for Al
implementation, but are most often managed at the technical or
regulatory level [10]. Socia influence, encompassing peer and
organizational advocacy, tends to influence adoption at the
institutional level [12]. In contrast, multiple systematic reviews
and clinician surveys have identified explainability and
integrability as the most immediate and actionable factors
influencing real-world Al adoption in health care [8-10,13-16].
Accordingly, focusing on explainability and integrability
provides practical, user-centered insightsfor promoting effective
integration of Al into clinica practice. In this study,
explainability refers to the extent to which an Al system
provides human-understandable and faithful representations of
its decision-making process [13,14], while integrability refers
to the extent to which Al systems can be embedded into clinical
workflows with minima disruption, ensuring usability,
interoperability, and alignment with routine practices[10,15,16].
Importantly, integrability isabroader concept that encompasses
interoperability. While interoperability ensures the technical
capacity for systems to exchange and interpret data using
standardized formats, integrability goesfurther to consider how
Al systemsalign with clinical roles, decision-making contexts,
workflow timing, and user experience [17,18]. A system may
be technically interoperable but still lack integrability if it fails
to deliver value in practice or imposes additiona burdens on
clinicians.

Explainability is crucia in the medical field, where
decision-making is highly complex and involves significant
risks. Clinicians need to ensure the accuracy and safety of Al
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outputs before they can trust and rely on Al. A lack of
explainability in Al clinical decision support systems (Al-CDSS)
may lead to distrust among decision makers and reduce their
willingness to use these technologies [19]. In addition,
integrability ensures that Al-CDSS can seamlessly integrate
into existing clinical workflows. When Al-CDSS are effectively
embedded into doctors' daily routines, clinicians can more
efficiently access and use patient data, receive recommendations
that better meet practical needs, and reduce the time spent on
redundant data entry, alowing them to focus on clinica
decision-making [20]. Conversely, a lack of integrability in
Al-CDSS may negatively impact clinician work by increasing
operational complexity, workload, and time costs. Such systems,
which fail to align with practical requirements, can reduce
doctors’ willingness to adopt them [21-23].

However, on the one hand, most existing studies primarily
neglect the end users, namely, physicians’ understanding of and
need for explainable Al [24-27]. Studies have mainly
concentrated on the perspectives of developers and researchers
and have developed methods to present technical descriptions
of model processesin Al [27], although such approaches seem
meaningless if they are not aligned with physicians
understanding of and requirement for explainability in real-world
application in medical settings [26]. On the other hand, a few
studies have explored how system compatibility, user-friendly
design, and workflow adaptability [24-26] may contribute to
the seamless integration of Al into the clinical workflow.
However, what Al integrability entails and what its underlying
components are from the physicians' perspective remains
unclear.

Objectives

Therefore, this study aims to systematically review existing
literature on explainability and integrability of Al systemsin
health care from the perspective of health care professionals
(HCPs). Specifically, it seeks to identify how these 2
factors—explainability and integrability—influence clinicians’
acceptance and use of Al-based decision support systems. On
the basis of the findings, the study proposes a conceptual
framework that synthesizes key user-centered concerns, with
the goa of informing the design of more acceptable and
adoptable clinical Al toals.

Methods

Literature Search

We conducted this systematic review of systematic reviews
according to a protocol registered in PROSPERO
(CRD420250652253), and the databases we searched included
PubMed, Web of Science, Scopus, |EEE Xplore, ACM Digital
Library, and arXiv. We did not explicitly search proceedings
from major machine learning and Al conferences such as
Association for Computational Linguistics, Neural Information
Processing Systems, International Conference on Learning
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Representations, or International Conference on Machine
Learning, as many papers from these venues are concurrently
available on arXiv. We used keywords such as “Explainable
Al “explainability,” “XAl,” “Al integrability,” “usability,”
and “human-centered Al” (the detailed search strategy is
provided in Multimedia Appendix 1) and covered publications
from January 2014 to July 2024. In addition, references cited
in the retrieved articles and reviews were manually screened.

Inclusion and Exclusion Criteria

Studies were eligible for inclusion if they addressed either the
explainability or the integrability of Al in health care (ie,
meeting at least one of the following two sets of topic-specific
criteria): (1) explainability, the study must address at least 1 of
the following aspects—how Al processes input information;
how conclusions are reached; the rationale behind these

Textbox 1. Inclusion and exclusion criteriafor the literature.

Liuetd

conclusions; how explainability fosters user trust and their use;
or the knowledge, attitudes, and perceptions of HCPsregarding
Al explainability—and (2) integrability, the study must address
at least 1 of the following aspects—how Al integrates with
hospital information systems and clinical workflows; how
integrability fosters HCPs' trust and use; or the knowledge,
attitudes, and perceptions of HCPs regarding Al integrability.

In addition, studieswere required to (3) focus on the perspective
of Al end users, specifically HCPs such as doctors, nurses, and
medical |aboratory staff and (4) be original research, including
original quantitative, qualitative, or mixed methods studies.

Editorials, reviews, conference abstracts, narrative studies, and
studiesfocusing on the perspectives of Al developers, engineers,
or technical professionals were excluded (Textbox 1).

Inclusion criteria

o  Time: published between 2014 and 2024

«  Field: related to the medical field or broadly relevant to health care

«  Population: artificial intelligence (Al) users, focusing on health care professionals (HCPs)

«  Outcome: the study must address at least 1 of the following aspects: explaining how Al processesinput information; how Al reaches conclusions;

therationale behind Al conclusions; how Al integrates with hospital information systems or clinical workflows; Al usability; how explainability
or integrability fosters user trust and use, HCPs (eg, doctors and nurses) knowledge, attitudes, or perceptions of Al explainability or integrability

Study design: original qualitative, quantitative, or mixed method research

«  Other: published in English

Exclusion criteria
«  Time: published at other periods
«  Population: Al experts, engineers, or other technical professionals

«  Field: other specific industries

o  Other: full text unavailable

o  Study design: abstracts, editorials, commentaries, reviews, and narrative studies

To maximize comprehensiveness, we initially applied a broad
search strategy, but studies were then screened against strict
inclusion and exclusion criteria based on the study objectives.
YL initially screened titles and abstracts to assess dligibility,
with all decisions systematically recorded in a structured
Microsoft Excel spreadsheet to ensure transparency. Owing to
resource congtraints, this stage was conducted by a single
reviewer following strictly defined inclusion and exclusion
criteria to minimize potential bias. For full-text screening, 2
reviewers (YS and CL) evaluated each study using a
standardized Excel form designed to promote consistency in
assessment. Any disagreements or uncertaintieswere discussed
with athird author (JZ) until a consensus was reached, further
strengthening the reliability of the screening process. Data
extraction was conducted by a single reviewer but performed
twice to ensure accuracy and completeness. Extracted items
included study characteristics, Al system details, target health
care settings, participant types, and key findings related to
explainability and integrability. Any uncertainties during
extraction were resolved by referring back to the full text.

https://www.jmir.org/2025/1/€73374

To capture users’ perceptions of explainability and integrability
across both health care and general domains, weinitially adopted
a broad search strategy without restricting to medical-specific
terms. However, as 21 (95%) of the 22 included studies were
from the health care domain, the final analysis focused on
medical contexts.

Quality Assessment

All included studies underwent quality assessment based on
their respective study designs. Quantitative and qualitative
studieswere eval uated using the Joanna Briggs I nstitute critical
appraisal checklists, while mixed methods studies were assessed
using the Mixed Methods Appraisal Tool (version 2018). For
the JBI checklists, studies scoring =80% (ie, meeting at least 8
of 10 items) were considered high quality, 60% to 79% as
medium quality, and <60% as low quality. For the Mixed
Methods Appraisal Tool, studies that met >4 of 5 criteriawere
rated high quality, while those meeting 3 were considered
medium quality. Only studies rated as medium or high quality
(22/26, 85%) were included in the final synthesis.
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Data Extraction and Evidence Synthesis

The data extraction process included the following items for
each eligible article—(1) basic information: authors, year, study
region, content, and participants; (2) methodology: study design,
study population, data collection methods, and data analysis
methods; (3) results: HCPs' understanding and needsregarding
Al explainability or integrability.

This study analyzed quantitative and qualitative results
separately and integrated them through narrative synthesis,
using a descriptive method to present the findings [28]. For
qualitative data, we followed the guidelines of Braun and Clarke
for thematic analysis. An inductive approach was applied to
code data, covering 4 stages: familiarization with the data, initial
coding, identification of themes, and review of themes. Thematic
analysis was conducted using both deductive and inductive
approaches. For the analysis of explainability, we adopted a
deductive coding structure based on a preexisting conceptual
framework, which includes 3 first-order dimensions:
preprocessing, model-level, and postprocessing explainability
[25]. Specificaly, preprocessing explainability refers to
enhancing transparency during data preparation and feature
engineering before model training. Model explainability focuses
on understanding and interpreting the inner mechanisms,
parameters, or representations of the model itself during training.
Postprocessing explainability involves applying interpretability
techniques after model predictions, which can provide both
local (instance-level) and global (model-level) explanations of
the model’s behavior. These categoriesguided our initial coding
and interpretation. Within each of these dimensions, we

Liuetd

generated subthemes inductively from the data to capture
participants’ nuanced perspectives. For integrability, no prior
framework was applied; all themeswere developed inductively
based on participants responses. Because there is a lack of
theory guiding the coding for integrability, themes regarding
Al integrability emerged based on the coding of extracted text
from retrieved studies. NVivo 10 was used for thematic analysis.
YL conducted the initial coding individually, and the coded
data were then reviewed by a second person to ensure the
validity of the themes. Any discrepancies in coding were
discussed in group meetings, where consensus was reached.

In addition, quantitative data related to the explainability and
integrability of medical Al from the user’'s perspective were
also extracted. Owing to substantial heterogeneity in study
outcomes and exposure measures, a meta-analysis was
inappropriate, and anarrative synthesiswas used to analyze the
collated studies, including methods, sample size, participants,
outcome variables, and dimensions of explainability and
integrability.

Results

Literature Screening Results

A total of 11,888 articles were retrieved through the search and
their references. Among them, 26 (0.22%) articles met the
inclusion criteriafor thisstudy. After quality evaluation, 4 (15%)
low-quality articles were excluded, and a total of 22 (85%)
articles were included in the analysis. The study selection
processis shown in Figure 1.

Figurel. PRISMA (Preferred Reporting Itemsfor Systematic Reviews and Meta-Analyses) flow diagram.
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Characteristics of the Included Studies

All the included studies were published in 2020 or later. Most
of the studies were conducted in developed countries (18/22,
82%), including 9 (41%) from the United States, and only 2

https://www.jmir.org/2025/1/€73374
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(9%) studies originated from developing countries (China and
Brazil). Regarding study type, most studies (17/22, 77%) were
qualitative in design, and 5 (23%) studies adopted quantitative
or mixed method approaches. The basic characteristics of all
the included studies are presented in Table 1.
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Table 1. Characteristics of the included studies.
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Study Region Study design  Content Participants Main findings
Grazieni et~ Worldwide — Qualitative  Explainabili- Hedthcarepro- «  Eyplainability in Al? refers to the ability to understand and inter-
al [13], 2023 ty fessionals, in- pret how models make decisions. It istypically categorized into
dustry practi- 3types: intrinsic explainability, where models are inherently inter-
tioners, and ace- pretable or designed to be transparent; global explainability, which
demic re- focuses on understanding the overall behavior of amodel through
searchers methods such as feature importance and visualization; and local
explainability, which amsto explain individual predictionsusing
techniques such as local approximations, counterfactual explana-
tions, or adversarial examples.
Marco-Ruiz Europeand Qualitative Integrability Al technology .  Intervieweeshighlighted that varying protocolsacross health care
eta [29], America developersin organizations can affect Al system effectiveness, emphasizing the
2024 hospitals, clini- need for local validation to assess performance and workflow
ciansusing Al, impact. They al so stressed theimportance of tools such as process
and clinical mining and visualizationsto analyze patient pathways and optimize
managersin- complex workflows using real-world data.
volved in adopt-
ing Al, among
others
Liaw et a Multicountry Mixed Integrability Cliniciansman- «  Intervieweesexpressed concernsthat Al toolsmight affect patient
[23], 2023 method aging diabetes outcomes and clinical workflows, leading to overdiagnosis, in-
creased costs, and exacerbating health disparities and alert fatigue.
Thetool’sutility islimited for doctors familiar with their patients.
Inaccurate data can cause false alarms or missed diagnoses, with
alack of evidence supporting itsaccuracy. A user-centered design
is recommended to improve the system.
Panagoulias  Greece Quantitative Explainabili- Medical person- «  Cliniciansrated diagnostic information, certainty, and related
eta [30], ty nel (including reasoning as very important, particularly when their diagnoses
2023 medical stu- conflicted with Al recommendations
dentsand medii-
cal practition-
ers)
Wang et al China Qudlitative  Integrability Cliniciansinru- «  Heavy workload: rural doctors handle many patients daily with
[22], 2021 ral clinics frequent interruptions, leaving littletimefor detailed communica-
tion or documentation, hindering Al-CDSS use.

«  Resourcelimitations: lack of necessary equipment and medications
in clinics makes many Al-CDSS recommendations impractical,
reducing their utility.

«  Design mismatch: Al-CDSS are designed for time-consuming,
standardized processesthat do not fit the fast-paced rural practice,
and poor integration with other systems leads to data and recom-
mendation issues.

Zhengeta  America Qualitative  Explainabili- Pediatricasth-  «  ser needs and challengesin using ML systemsfell into 3 main
(31], 2024 tyandinte-  maclinicians areas: how well the system fitsinto daily workflows (eg, avoiding
grability alert fatigue), the need for clear explanations behind system deci-
sions, and difficulties adapting the tool to real-world settings.
Wolf and America Qualitative  Explainabili- Usersanddevel- «  Nonexpert users preferred simple, intuitive explanations of Al
Ringland ty opersinvolved decisions, using clear language, visua tools, and real-life examples.
[32], 2020 inthe design They focused on fairness, transparency, and the impact on daily
anduseof XA|9 life, r_leedi ng straightforward charts and simplified explanations
systems to build trust.
Moraiseta Brazil Qualitative  Explainabili- Oncologists « Visudization helps: experts found visual elements useful for
[33], 2023 ty identifying major and minor influencing features.

They also expressed a need for more detail: participants wanted
more traceability to see how results are generated, enhancing
confidence in decisions.
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Study Region Study design  Content Participants Main findings
Helmaneta America Qualitative  Explainabili- Doctors, nurse  «  Doctors primarily focused on several key aspects when using Al
[34], 2023 tyandinte-  practitioners, tools: analytic transparency, graphical explainability, the impact
grability and physician on clinical practice, the value of integrating dynamic patient data
assistants trends, decision weighting (how much to trust and balance Al
outputsin real decisions), and display location—including usabil -
ity and how the interface is viewed by patients and families.
Ghanvetkar ~ Singapore  Quantitative  Explainabili-  Clinicians *  Theintegration of XGB®with SHAP', aswell as the combination
F‘;f] R;égl v of LR with SHAP, showed high useful ness because of their strong
' conceptua explanations, with the XGB and SHAP combination
performing best in prediction but lowest in fidelity. Usefulness
scores also improved during neural network training, indicating
better alignment between explanation importance and predictive
power over time.
Kinney eta  Portugal Qualitative  Explainabili- Doctors,educa- «  Transparency in sources. users need to know where Al obtainsits
[35], 2024 tyandinte- tors, and stu- information to trust it, similar to how students cite sources.
grability dents « Impact on doctor-patient relationships. doctors fear Al could re-
duce persona interaction, mirroring issues with EHRsh.

« Increased burnout: additional Al-driven tasks may increase

physician stress and lead to uncritical reliance on Al suggestions.
Burgesseta America Qualitative  Integrability Endocrinology «  Thestudy proposesthese design principles: (1) ensure agorithms
[36], 2023 clinicians are practical for clinical settingsto avoid unredistic insights; (2)
allow cliniciansto consider patient-specific factors and maintain
control over model outputs; (3) avoid adding “research” tasksto
patient visits; and (4) focus on aiding complex decisionsin the
workflow, not repeating known information.
Yoo et a South Korea Qualitative  Integrability Medica and « Anticipated benefits: most participants believe medical Al can
[37], 2023 nursing staff in reduce decision-making time and handle repetitive tasks, easing
emergency de- workloads and improving efficiency.
partmentsand «  Mainconcerns: worriesinclude workflow disruptions, added tasks,
intensive care reduced clinical autonomy, overreliance on algorithms, skill de-
units of tertiary cline, alert fatigue, and the inability to integrate information be-
care hospitals yond electronic records.
Schoonder-  Netherlands Quantitative Explainabili- Pediatrician « Diagnosis explanations are essential: clinicians agree that under-
woerd et a ty clinicians standing how CDSS' arrives at a diagnosisisimportant for trust
(38], 2021 and decision-making.

o Need for personalized explanations: while most information ele-
ments are seen as valuable, preferences vary, suggesting that ex-
planations should be tailored to individual needs.

. Baancedetail and overreliance: key explanation elementsinclude
evidence used, supporting or contradicting data, certainty level,
missing information, alternative diagnoses, and past perfor-
mance—but too much detail may lead to blind trust in the system.

Hong et a America Qualitative  Explainabili- Practitionersin «  Understanding model behavior: during validation, builders need

[39], 2020 ty various indus- to know why amodel produces a specific output for a given case,
tries, such as especially when it performs unexpectedly. Methods such asLIME!
hedlth care, and SHAP help provide these insights.
softwarecompa: ,  Fegtureimportance analysis: buildersassessmodel logic by exam-
nies, and social ining feature importance, focusing not only on key features but
media also on less important ones to gain a complete understanding of

decision-making.

Guetad America Qualitative  Integrability Medical profes-

[16], 2023 sionalsin
pathology
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Study Region Study design  Content Participants

Main findings

Wenderottet Germany Qualitative  Integrability Radiologists
al [40], 2024

Vermaeta  Switzerland Qualitative  Explainabili- Cliniciansin-

[41], 2023 tyandinte- volvedincan-
grability cer care (large

health care orga-
nizations)

Tonekaboni  Canada Qualitative  Explainabili- Cliniciansinin-

eta [42], ty tensive care

2019 units and emer-
gency depart-
ments

Brennen America Qualitative  Explainabili- End usersand

[43], 2020 ty policy makers

Fogliatoeta America Quantitative Integrability Radiologists
[44], 2022

Sawei et  America Qualitative  Integrability Emergency
[45], 2021 physicians

Enhanced accuracy and efficiency: the xPath system improved
diagnostic accuracy and efficiency, reducing workload and
boosting confidence.

Traceable evidencefor transparency: it provides alayered evidence
chain (eg, heat maps and confidence scores), making Al diagnoses
transparent and verifiable.

User-friendly design: the system aligns with pathologists’ work-
flow, supporting easy verification and adjustment of Al recommen-
dations, thus enhancing usability and adoption.

Thekey barriersto Al adoption are (1) workflow delays, (2) extra

steps, and (3) inconsistent Al -CADK performance. The key facili-
tators are (1) good self-organization and (2) software usability.

Integration challenges: integrating Al into clinical practiceisdif-
ficult because of issues with data integration, ontologies, and
generating actionable insights.

Trust and generalization: clinicians distrust “ black-box” models,
and Al performance varies across different populations, limiting
widespread use.

Transparency: doctors need to know the model’s context and
limitations, such as missing patient information, to trust it even if
accuracy is not perfect.

Feature explanation: clearly explaining the features used in deci-
sions helps build trust and guides appropriate use in different pa-
tient groups.

Visualization: well-designed visualizations enhance understanding
and support clinical reasoning.

Model debugging and understanding: XAl tools should help users
understand model behavior (eg, using LIME or SHAP), but they
often require advanced knowledge of ML.

Bias detection: tools should identify and explain systemic biasin
models and provide context to assess fairness and reliability.
Building trust: clearly presenting the data and logic behind deci-
sions helps users understand and trust Al systems.

One-stage workflow boosts Al reliance: participants more closely
followed Al suggestions, especially on noncritical points.

Al outperforms but risks overtrust: Al performed better, but im-
provements were largely because of reliance on Al, even when
incorrect.

Workflow impacts experience: 1-stage users felt increased confi-
dence and speed; 2-stage users found it more complex and burden-
some.

The study identified 25 components for integrating a human fac-

tors-based CDSS into emergency departments, organized into 4
dimensions: time (when the CDSSisused), flow (how it integrates
into workflows), patient journey scope (which care stagesiit cov-
ers), and level (integration at individual, team, and organizational
levels).

Al artificial intelligence.

BAI-CDSS: artificial intelligence clinical decision support systems.
®ML: machine learning.

dx Al explainable artificial intelligence.

©X GB: extreme gradient boosting.

fSHAP: Shapley additive explanations.

9LR: logistic regression.

PEHR: electronic health record.

iCDSS: clinical decision support systems.
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ILIME: local interpretable model-agnostic explanations.
Kal-CAD: artificial intelligence—based computer-aided detection.
lcDSS: clinical decision support system.

Qualitative Research

Dimensions of Al Explainability From the User’s
Per spective

Overview

A total of 16 articlesfocusing on the explainability of Al inthe
medical field wereincluded[11,13,16,23,30-36,38,39,41,42,46].
According to the results of thematic analysis, HCPs are most

Liuetd

concerned with postprocessing explainability, with 14 articles
highlighting the necessity and importance of explanations
provided in the postprocessing stage for HCPs
[11,13,16,23,30-34,38,39,41,42,46]. The second most discussed
aspect is the doctors' concern regarding model explainability
[23,31,42,46]. HCPs showed the |east interest in preprocessing
explainability [23,35,36]. Thethemes and subthemesregarding
Al explainability from the user perspective are shown in Figure
2.

Figure 2. Conceptua framework of artificial intelligence (Al) explainability from the perspective of health care professionals.
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Postprocessing Explainability

Overview

Postprocessing explainability refersto the explanations provided
after the Al system has made adecision or prediction. Thisstage
focuses on clarifying the model’s output, helping HCPs
understand how specific features or data points contributed to
a particular decision. HCPs demonstrate the strongest interest
in postprocessing explainability of Al, which could be divided
into 2 dimensions: local explainability and global explainability.
Local explainability refers to explanations for individual
decisions or specific instances, helping HCPs understand how
the model reaches a particular conclusion in a given situation.
By contrast, globa explainability refers to the HCPS
understanding of how the model functions and its underlying
decision logic. Comparatively, HCPs focus more on local
explainability [11,13,16,23,31,33,34,38,39,41,42].

https://www.jmir.org/2025/1/€73374
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Local Explainability

On the basis of the current synthesis, local explainability isthe
most important aspect of explainability for HCPs, as highlighted
by 12 studies, including (1) explanation of features and their
importance for specific outputs, (2) certainty of output results,
and (3) explanation based on similar cases.

First, the features of Al arethe most critical component of local
explainability, with 11 studies [11,16,23,31-34,38,39,41,42]
highlighting that HCPs are concerned with which featureswere
included and their importance in contributing to a specific
Al-generated output. On the one hand, identifying which
features were used in decision-making is fundamental for
clinicians to build trust. By clearly showing the features used
by the model, HCPs can verify their relevance, which enhances
confidence in the model’s decisions. On the other hand, HCPs
are also concerned with the extent to which a feature would
impact an Al decision, and HCPs would construct trust if their
perception of the importance of features was consistent with
the results showing which features had the greatest impact on
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Al decisions [8,20], and visualization methods play a critical
role in enabling HCPs to quickly grasp and understand how
these features influence the predictions [31-33,39,42]. By
providing clear visual cues such as color-coded severity
indicators (eg, red, yellow, and green for high-, medium-, and
low-risk categories, respectively) aongside numerical data,
these visualizations allow HCPsto assessrisk levels at aglance
[31]. In addition, the ease of interpreting visual elements helps
in distinguishing major and minor influencing factors [33],
which enhances the accuracy and speed of decision-making in
clinical settings. Moreover, personalized visualization designs
are considered an effective way to enhance explainability [32].
Visualization schemes customized to meet HCPs' specific needs
can further improve their understanding of the model’'s
decision-making process. See illustrative descriptions from
Zheng et a [31] and Hong et al [39]:

Visual indications of severity, such as red, yellow,
and green to define high, medium, and low-risk
categories paired with a numerical indication were
required. [Zheng et al, 2024]

Visual €elements are easy to interpret and
identification of minor influencing features...most
domain experts acknowl edged that the visual elements
are easy to interpret and were able to perform the
identification of major/minor influencing features.
[Hong et al, 2020]

Second, the certainty of output results also plays an important
role in local explainability. Displaying the confidence or
certainty of the model’s predictions provides HCPs with
additional reference information, enabling them to better
understand the model’s outputs and thereby increasing their
trust in the model [38,42]. For example, providing Cls can help
HCPs more effectively assess the reliability of the predictions
[39]. Seeillustrative descriptions from Schoonderwoerd et al
[38] and Hong et al [39]:

More specifically, clinicians stated that supporting-
and counterevidence, and the certainty of the system
will likely remain important in explanations, while
information that is used to make the diagnosis, and
thediagnosisin similar casesislikely to become less
important over time. [ Schoonderwoerd et al, 2021]

Presenting certainty score on model performance or
predictions is perceived by clinicians as a sort of
explanation that complements the output result. [Hong
et al, 2020]

Third, Al local explainability means the model’s ability to
explain its decisions by offering examples of previousinstances
that are similar to the current case [42]. This alows clinicians
to interpret and understand how the model arrived at adecision
based on prior cases with comparable features. It essentially
helps in making the model’s predictions more transparent and
interpretable through anal ogiesto similar real-world examples.
See illustrative description from Tonekaboni et al [42]:

For example, in cases where an ML model is helping
cliniciansfind a diagnosisfor a patient, it isvaluable
to know the samples the model has previously seen.
Clinicians view this as finding similar patients and

https://www.jmir.org/2025/1/€73374

Liuetd

believe that this kind of explanation can be only
helpful in specific applications. [Tonekaboni et al,
2019]

In addition, the timing of explanations is a key consideration.
Providing HCPs with excessive information may lead to
information overload, potentially hindering their understanding
of the system. For example, some participants noted that they
do not want to verify every Al-generated result each time they
use aclinical decision support tool. Instead, they only wish to
delveinto the underlying logic when the results are unexpected
[36]. This indicates that HCPs prefer the ability to choose to
access more information as needed, rather than being
overwhelmed by excessive or redundant details during the
explanation process.

A mixed method study confirmed the aforementioned results
[38]. Schoonderwoerd et al [38] explored physician requirements
for clinical support system explainability and surveyed 6
pediatricians, in which clinicians rated the following aspects as
very important in any scenarioinvolving Al-CDSS use, namely,
features and their importance, results certainty, features
increasing results certainty, and the ability of Al to generalize
results to similar situations (median importance ratings were
rated as highly important by doctors whether the diagnosis of
the doctor and the computerized decision support systems is
consistent).

Global Explainability

Six studies highlighted the importance of global explainability
for HCPs[13,30,39,41,42,46], including (1) decision logic and
rules, (2) explanationsin an easily understandable way, and (3)
knowing when the model makes errors.

First, explaining the decision logic and rules is a core part of
understanding the overall functioning mechanism of Al models.
This involves helping HCPs understand the entire
decision-making process of the model, from input features to
final outputs, including feature combinations, trade-offs, and
the determination of decision boundaries (the dividing criteria
set by medical Al). Such explanations are key to enhancing
model transparency and enabling HCPsto grasp the overarching
decision logic of the system[13,39]. Seeillustrative description
fromHong et al [39]:

The majority of our participants desired better tools
to help them understand the mechanism by which a
model makes predictions; in particular regarding
root cause analysis (P1), identification of decision
boundaries (P3), and identification of a global
structure to describe how a model works (P13). [Hong
et al, 2020

Second, explaining the model in away that is easy for HCPsto
understand is also an important approach to enhancing overall
explainability [39,42]. When the model’s explanations align
with the HCPS' cognitive models and logic, they serve as
evidence to support decisions, which can greatly enhance the
HCPs' understanding and acceptance of Al model outputs. See
illustrative description from Hong et al [39]:

Explanations for model predictions can be used as
evidence (P16, P18, P20) to corroborate a decision,
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when ML model and user’s mental model agree.
[Hong et al, 2020]

Third, understanding when the model might make mistakesis
another key aspect of global explainability. HCPs need to not
only understand the normal decision-making logic of the model
but also recognize the conditions under which the model may
fail or generateincorrect decisions[13,39,42]. Only when HCPs
are fully aware of the model’s limitations can they use Al
cautiously in practical applications, thereby improving decision
accuracy and safety. For example, HCPs should be informed
of potential risks, such as when the model fails to account for
specific historical dataor lacks certain critical information [42].

Model Explainability

From the user’s perspective, the explainability of the model
itself can be discussed regarding model reliability and the
structural explainability of the model.

Model Reliability

Model reliability refersto the ability of an Al tool to consistently
produce accurate and dependabl e resultsover time. It istypicaly
assessed using performance metrics, such as accuracy,
specificity, and sensitivity, which evaluate how well the model
performs in predicting outcomes [23,31,42]. These metrics
significantly influence clinicians' initial adoption of the tools
[42].

Transparency of Model Structure

Structural explainability, on the other hand, relates to how
transparent and interpretable a model is in demonstrating the
relationship between input features and the final output [42].
Al modelsbased on algorithms, such asdecision treesor logistic
regression, can clearly demonstrate how input featuresinfluence
the final output, helping clinicians understand the model’s
parameters and reasoning mechanisms [46]. In contrast,
“black-box” models, such as deep learning, while demonstrating
superior performance in certain scenarios, have a complexity
that makesit challenging for HCPs to understand their internal
workings. See illustrative descriptions from Tonekaboni et a
[42] and Fischer et al [46]:
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Familiar metrics such as reliability, specificity, and
sensitivity were important to the initial uptake of an
Al tool, a critical factor for continued usage was
whether the tool was repeatedly successful in
prognosticating their patient’s condition in their
personal experience. [ Tonekaboniet al, 2019]

If you know what that model isbased on, it isnot some
mysterious black box where something comes out,
but we as doctors know what those models are based
onand what parametersareincluded. Then | canlive
with it not seeing the parametersfor each prediction.
[Fischer et al, 2023]

Preprocessing Explainability

Preprocessing explainability refers to the transparency of Al
systemswhen processing input data, including data sources and
data preprocessing methods. Clinicians often need to understand
what types of data Al systems are based on for predictions or
diagnoses to evaluate the model’s applicability and reliability.
This includes (1) transparency of data sources and (2)
transparency of data processing.

Firgt, thetransparency of datasourcesisthefoundation of HCPs
trust. A total of 3 studies indicated that HCPs pay attention to
the data sources of Al systems [23,35,36]. In the design of
medical decision support systems, HCPs often want to know
the origin of the data when they first encounter Al tools.

Second, the lack of transparency in data processing may
undermine HCPS' trust in Al systems. When HCPs cannot
clearly understand how input data are processed, they may
become skeptical of the system. For example, some HCPs
mentioned that if they are unaware of who processes the input
data, how they are processed, or how they are stored, this
uncertainty can lead to reduced trust in the Al system [36].

Dimensions of Al Integrability From the User
Per spective
According to the thematic analysis, Al integrability can be

understood from the following 3 dimensions. workflow
adaptation, system compatibility, and usability (Figure 3).
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Figure 3. Conceptual framework of artificial intelligence (Al) integrability from the perspective of health care professionals. EHR: electronic health

record.
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Workflow Adaptation

Workflow adaptation isacritical dimension of Al integrability,
referring to the ability of Al systems to fit seamlessly into
existing workflowswithout disrupting them, avoiding additional
workload, and providing recommendations that meet practical
needs [16,22,23,29,31,34-37,40,44,45]. This includes (1)
providing support at appropriate decision points, (2) moderate
frequency of prompts and derts, and (3) providing
recommendations aligned with practical needs.

First, the time points of Al assistance must not disrupt or
interrupt doctors' routines, increase workload, and extend time
requirements for a workflow with well-integrated Al. It is
essentia to identify which complex decision points require Al
assistance, rather than providing information or datathat doctors
already know [36]. This is especialy problematic in
high—patient-volume settings, where doctors are aready under
significant pressure. Workflow disruptions caused by Al systems
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can negatively impact various aspects of the diagnostic and
treatment process [16,22,29,34-37,40,44.,45]. See illustrative
description from Wenderott et al [40]:

When using AI-CAD, Seven radiologists were
concer hed about potential time constraints associated
with the software. [Wenderott et a, 2024]

Second, attention must be paid to the frequency of Al alertsand
notifications. Frequent a erts and information prompts from Al
systems may lead to alert fatigue among doctors, making them
desensitized to genuinely critical aerts. This can also result in
information  overload, further  impairing  doctors
decision-making abilities[23,31,36]. Seeillustrative description
from Zheng et a [31]:

I n-basket message was mentioned by many clinicians
as a common type of active alarm. However, it is
necessary to balance effective information delivery
and alert fatigue as clinicians, especially physicians,
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receive variousalarmsand notificationsfrommultiple
channelsin their daily work. [Zheng et al, 2024]

Third, 3 studies highlighted that it is crucial for Al outputs to
align with the context of HCPs[22,23,29]. Al recommendations
must match the operational capacity of HCPs and health care
facilities, especially in resource-limited community clinics. For
instance, if an Al system suggests conducting laboratory tests
that cannot be performed or prescribing medications that are
unavailable, it may reduce clinicians trust in the system and
negatively impact its practical effectiveness [25]. Therefore,
thorough local validation is essential when introducing Al
systems to ensure they function appropriately within specific
health care environments[29]. Seeillustrative description from
Wang et a [22]:

In addition, since our research sites are first-tier
community clinics, they are only capable of
performing a limited number of laboratory
examinations (e.g., none of the research sites have
CT scan equipment). They also have very limited
medication resources in stock. However, Al-CDSS
would suggest a variety of laboratory tests, and
treatment and medicine options, which clinicians
often cannot prescribe. In this case, theses
recommendations are often ignored by the clinician
users. [Wang et a, 2021]

System Compatibility

System compatibility isacritical dimension of Al integrability,
particularly in the health carefield, where it primarily refersto
integration with electronic health records (EHRS). A total of 5
studies highlighted that many clinicians are willing to integrate
Al systemswith patient EHRs to provide more comprehensive
and relevant information during clinical decision-making
[23,31,35,37,40]. Integrating Al risk modelsinto EHR systems
can offer clinicians more val uabl e references, improving patient
management while reducing repetitive tasks and minimizing
information omissions in clinical workflows. See illustrative
description from Kinney et al [35]:

Physicians cited the diverse factors that impact a
treatment plan that is not able to be captured in an
electronic system as a reason it may not be helpful.
[Kinney et a, 2024]

Usability

Usahility refers to the ease with which users can interact with

and effectively use a system to achieve their goals [47]. In the

https://www.jmir.org/2025/1/€73374

Liuetd

context of Al systems, usability is a key aspect, with 5 studies
highlighting it as a critical factor that directly impacts the
acceptance and effectiveness of the system in clinical settings
[22,23,30,40,42].

Simplicity of User Interface

A user-friendly interface needs to be intuitive and easy to
operate while providing timely and useful information without
disrupting clinical workflows. The display and organization of
interface functions are major dimensions of interface usability
[22,40,42]. For example, one study found that overly frequent
and space-consuming pop-up designsin clinica decision support
systems hindered doctors' accessto other important information,
leading to a poor user experience [22].

Ease of Operation

In addition, whether the system is easy for doctors to master
directly affects its use. Clinicians tend to reject Al systems if
they require significant timeto learn [23,30]. A mixed method
study conducted in diabetes management surveyed HCPS
attitudes toward Al [23]. The results showed that 68% of
participants considered usability (simple and easy operation)
an important factor influencing their use. Another quantitative
study, based on the technol ogy acceptance model and diffusion
of innovations theory, analyzed the key factors affecting the
adoption of Al technologies among doctors and medical
students, with 17.9% indicating the lack of user-friendly
software and support systems as a barrier [30]. Seeillustrative
description from Wang et al [22]:

A primary issue of Al-CDSS usability was that the
system always pop up to occupy one-third of the
screen, whenever the clinician opened a patient’s
medical record in EHR. If the monitor’s screen size
is small, the floating window of Al-CDSS may block
the access to some EHR features (e.g., data fields).
This frustrated many participants. To workaround
thisissue, clinicians had to minimize it while it was
not in use. [Wang et a, 2021]

Quantitative Research

This study included 3 quantitative and 2 mixed method studies,
focusing on HCPS' willingness to use Al, the key influencing
factors, explainability needs, and integrability. Only 1
guantitative study addressed Al integrability. Owing to the
limited number of quantitative studies, they primarily serve to
complement and validate the qualitative analysis in this study.
See Table 2 for details.
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Table 2. Characteristics of the publications of quantitative data.
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Study Research methods Samplesize

Participants

Concerned dimensions of
explainability or integrabil-
ity

QOutcome variables

Semistructured inter- 22
views and surveys

Liaw et al [23], 2023

Schoonderwoerd et al [38],
2021

Domain analysis, inter- 6
views, surveys, and sce-
nario experiment

Panagoulias et a [30], 2023  Survey 39

Clinicians managing
diabetes

Pediatrician clinicians

Medical personnel
(including medical
students and medical

Factors influencing the
adoption of thetool,
perception of thetool’s
usefulness, and ease of
use

Transparency, usability,
and impact on clinic work-
flows need to be tailored
to the demands and re-
sources of clinicsand
communities.

The information that is
used to make a diagnosis,
the information that sup-
ports the diagnosis, how
certain the clinician is of
thediagnosis, and therele-
vance of the information
for their diagnosis

Diagnosis, information
they have used in their
decision-making, and
the importance ranking
of different types of ex-
planations in various
contexts

Suggested level of ex-
plainability, knowledge

of Al waysto better

The overall system func-
tions, user-friendly soft-
ware, and impact on work-

practitioners) integrate Al, and Al flow
concerns
Ghanvatkar and Rajan [11], Theoretical construction __b Clinicians Usefulnessof Al expla=  Local explanations and
2024 and case anaysis nationsfor clinicians  global explanations
Fogliato et al [44], 2022 Scenario experiment 19 Radiologists Anchoring effects; hu- Do not waste time and no

man-Al teeamdiagnostic  additional workload.
performance and agree-

ment; time spent and

confidence in decision-

making; perceived use-

fulness of the Al

Al artificial intelligence.
PNot available.

Two studies explored factors affecting physicians' willingness
to adopt Al, with afocus on explainability and ease of use. One
mixed method study found that 77% of HCPs managing diabetes
were willing to use Al, citing ease of use (68%) as a key factor
[23]. Another study revealed that 25.6% of participants
identified alack of understanding of underlying technology as
a barrier [30], which confirms the focus of HCPs on usability
and explainability described in the previous section of the
research.

Two studies focused on explainability needs. One found that
post hoc local explanations, such as those provided by logistic
regression and Shapley additive explanations (SHAP), received
higher usability scores from clinicians than model-level
explainability [11]. Another study found that clinicians rated
diagnostic information, certainty, and related reasoning asvery
important, particularly when their diagnoses conflicted with Al
recommendations [38]. These quantitative results support and
validate the qualitative findingsthat post hoc local explainability
iscrucial for HCPs.

One study examined Al integration into workflows, comparing
its placement in different stages of decision-making. It found
that Al support at the start of a diagnostic session increased
participants' confidence and perceived usefulness but also

https://www.jmir.org/2025/1/€73374

highlighted that poor integration could increase task complexity
and workload [44].

Discussion

Principal Findings

To enhance HCPs' trust and use of AI-CDSS in future
real-world clinical settings, this study adopted a mixed
systematic review approach to synthesize evidence regarding
Al explainability and integrability from the HCPS' perspective.
To the best of our knowledge, this study is the first to
systematically summarizethe concept of “Al integrability” from
the HCPS' perspective. It refers to the ability of Al systemsto
be easily and seamlessly integrated into workflows, providing
timely, appropriately scaled, and practically relevant prompts
or recommendations at the right points, without requiring
excessive effort from the HCPs. HCPS needsfor Al integrability
are primarily reflected in 3 aspects: system compatibility,
usability, and workflow adaptation.

Second, this study decodes the componentsof Al explainability
based on HCPs' lived experiences. It identifies that the core
HCPs' requirements of Al explainability can be divided into 3
stages, namely, data preprocessing, the Al model itself, and
postprocessing explainability. Unlike the results from Al
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developers and researchers, the study found that general users
(HCPs) are more focused on the explainability of the
postprocessing stage, particularly local explainability, such as
the importance of specific output features and the certainty of
results. From the HCPS' perspective, an explainable Al must
clearly present data sources, processing workflows, model
structures, decision mechanisms, and their rationales, using
tools such as visualization and user-comprehensible language
and logic to help HCPs understand and trust Al.

Comparison With Existing Research

This study isthe first to systematically review Al integrability
from a comprehensive perspective. Current discussions about
easily integrable Al only sporadically mention its compatibility
with other systems and its ability to integrate into HCPS
workflows (eg, the location of the Al and when it provides
assistance), but lack in-depth and systematic exploration [48-50].
For instance, the study by Maleki Varnosfaderani and
Forouzanfar [51] discussed the possibility of integrating Al with
medical practice but did not thoroughly examine the specific
needs faced by HCPs during the integration process. A study
from rura clinics in China reported various tensions between
Al-CDSS design and the rural clinical environment, such as
misalignment with local environments and workflows, technical
limitations, and usability barriers[22]. Another study concerning
Al-CDSS in emergency departments identified integrability
factors (eg, time, treatment processes, and mobility) through
interviews with 12 emergency department doctors, but it was
limited to a specific environment with asmall sample size[45],
resulting in poor extrapolation capability.

This study proposes, from the perspective of HCPS' needs, that
Al explainability should not only focus on technical
transparency but also emphasize HCPs' understanding and trust,
particularly in clinical settings, where Al explanations should
support HCPsin making more accurate and effective decisions.
Existing research in explainable Al primarily focuses on
algorithms, with related reviews mainly discussing taxonomies
of explainability and technological innovations [25,52]. For
example, Markus et a [53] proposed an explainability
framework that mainly focuses on providing better tools for
developers but largely explores explainability from an
algorithmic perspective. Similarly, Amann et a [14] highlighted
ethical and technical issuesin explainable medical Al, pointing
out the multidimensional nature of explainability, but their
research remains focused on algorithm optimization and
technical compliance. This study emphasizes the user
perspective, offering more practical guidance for the design and
promotion of explainable medical Al. The study found that
HCPs focus more on postprocessing local explainability,
meaning how specific predictions made by the mode can
explain changes in the patient’s condition or decision-making
basis. This aligns with Shin [54], who emphasized that local
explainability and causal relationships are key to user trust. A
systematic review from medical and technical perspectivesalso
supportsthisview [55]. Unlike data experts, who focus on model
and data-layer explainability [25], users prioritize post hoc
explainability. Some experimental research shows users (eg,
doctors) have a higher understanding and acceptance of post
hoc explanations, which are more actionable than traditional
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technical explanations [56,57]. This preference stems from 3
key clinical needs. First, post hoc local explanations help
cliniciansunderstand Al predictionsin the context of individual
patient cases, enabling more personalized and relevant
decision-making [54]. Second, given their professional and legal
responsibilities, doctors need to justify their choices based on
understandable and traceabl e reasoning. Post hoc explainability
providesthetransparency required to assesswhether Al outputs
align with clinical guidelines and ethical standards [53]. Third,
in high-pressureclinical environments, HCPs prioritize usability
over theoretical clarity. Local, case-specific explanations are
more practical and immediately applicable, which enhances
trust and facilitates integration into routine workflows [58].
Thus, this study’s conclusion better matches real clinical
scenarios, offering insights for developers to create AI-CDSS
that meet the needs of HCPs.

Challengesfor Explainability and I ntegrability

Despite these advances, significant challenges remain in
achieving explainability and integrability of AI-CDSSinclinical
practice. These challenges are as follows.

Lack of Tailored Explainability Methods for HCPs

A key challenge is the lack of explainability methods tailored
to HCPs [59,60]. HCPs focus on the explainability of the
postprocessing stage, especially local explainability. To address
this, post hoc explainability techniques such as loca
interpretable model-agnostic explanations (LIME) and SHAP
[61] explain decision-making in black-box models, helping
HCPs understand how predictions are made based on input data.
For instance, Alabi et a [62] demonstrated the use of SHAP
and LIME in prognostic modeling for nasopharyngeal
carcinoma, highlighting their potential in clinical decision
support. Simplifying output by avoiding technical jargon and
using graphical explanations [63] allows HCPs to adjust detail
levelsto avoid overload. Medical Al can also offer personalized
explanations based on roles, preferences [64], or feedback after
explanations [65].

Dynamic Nature of Al Models Affecting Explanation
Consistency

A significant challenge in explainable Al for clinical use lies
in the evolving nature of explanations as Al models are
continuously updated. These updates—whether for improving
performance, incorporating new data, or aligning with emerging
medical knowledge—can change a model’s internal logic,
rendering previously valid explanations obsol ete or misleading
[66]. In clinical settings, where trust and transparency are
paramount, outdated explanations may lead to incorrect
interpretations or reduced confidence in Al recommendations.
To address this, explainability methods must be
adaptive—capable of automatically regenerating explanations
following model updates, tracking changes over time, and
surfacing the rationale behind those changes [67]. Therefore,
maintaining the temporal validity of explanationsis as crucial
asensuring their initial explainability, especialy as Al systems
become increasingly dynamic and responsive to new clinical
evidence.
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Limited Technical Compatibility With Existing
Information Systems

Compatibility with existing information systems is a major
challenge[68]. Al-CDSS often require large amounts of patient
data to provide decision support, but if these data cannot be
electronically retrieved, clinicians must manually input them,
leading to frustration and abandonment [69]. Integrability
difficultiesarealso linked to the lack of semantic interoperability
standards [70]. To address this, standardized application
programming interface and data format protocols should be
devel oped to enable Al systemsto automatically retrieve patient
data from EHRs, reducing manual workload. In addition,
implementing standards such as the Fast Healthcare
Interoperability Resources and Unified Medical Language
System can facilitate integrability with various patient
information systems [71,72].

Complexity of Al Integrability in Clinical Settings

While this review identifies key enablers of Al
integrability—namely, system compatibility, usability, and
workflow adaptation—it is important to emphasize that
integration is rarely seamless in real-world clinical settings.
These dimensions, although essential, do not guarantee smooth
adoption. For example, perceptions of usability often vary
among different clinical roles, leading to inconsistent
engagement [73]. Embedding Al tools into existing workflows
can require significant adaptation, redefinition of tasks, and role
negotiations. Even when systems are technically compatible,
they may introduce new tensions, including resistance from
clinicians or disruption to established routines [22]. Thus,
integrability should not betreated purely asatechnical process,
but as a complex chalenge shaped by cultural norms,
institutional readiness, and professional autonomy [16,40,74].

To address this, frequent involvement of HCPs during system
design, continuous feedback loops, and adaptation to local
workflows are crucial. Methods such as human-computer
interaction with expert input [75] and consumer journey
mapping [ 76] have been used to enhance Al-CDSS integration.
At the same time, it is necessary to develop a standardized
diagnostic support framework that aligns Al with specific
clinical needs [77]. Another promising direction to enhance
integrability isdynamic adaptation, where AI-CDSS adjust their
level of support based on contextual factors such as patient
volume, emergency status, or resource availability [22,78]. In
high-pressure situations (eg, during emergencies or when
clinician workload is high), the Al system could provide more
proactive or autonomous recommendations. Conversely, during
low-acuity periods, it could take a more supportive or
background role, alowing clinicians greater control. Such
adaptability can reduce disruption, improve acceptance, and
ensure that Al interventions align with real-time clinical needs
and capacities.

Ethical Concerns

In addition, the ethical implications of explainability and
integrability should not be overlooked. Explainability isethicaly
significant in supporting informed consent, accountability, and
clinicians' ability to critically evaluate Al recommendations
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[14]. When clinicians can understand how an Al system reaches
itsconclusions, they are better equipped to maintain professional
autonomy and protect patient rights. Integrability al so has ethical
implications. If an Al systemisnot well integrated into clinical
workflows, clinicians may not know when or how to use it
properly. This can create confusion about who is responsible
for decisions influenced by Al. For example, if an Al
recommendation appears at the wrong time in the workflow or
is difficult to interpret in context, a clinician might follow it
without full understanding or ignoreit when it should have been
considered. In both cases, the boundaries of responsibility
become blurred [22,79]. Theseissues highlight the necessity of
designing Al systems that align not only with technical and
operational regquirements but also with core ethical principles,
such as transparency, fairness, and trustworthiness in health
care.

Implementation Strategies Based on the Exploration,
Preparation, Implementation, and Sustainment
Framewor k

Asnoted in the previous section, Al faces persistent challenges
in explainability and system integration. These cannot be
resolved through isolated i nterventions but require astructured,
phased approach. The exploration, preparation, implementation,
and sustainment framework—comprising  exploration,
preparation, implementation, and sustainment—offersawidely
validated model for supporting health caretechnology adoption
and enhancing clinician acceptance of Al systems [80]. To
systematically address these challenges, we draw on the
exploration, preparation, implementation, and sustainment
framework, providing structured strategies for each phase of
implementation.

In the exploration phase, institutions should identify clinical
needs and collaborate with multidisciplinary teams (eg,
physicians, nurses, and IT staff) to assess Al integration
opportunities. Prioritizing explainability, especialy alignment
with clinical reasoning, is critical. Models supporting SHAP,
LIME, or other visual local explanation tools are recommended,
alongside qualitative feedback collection from end users [81].

The preparation phase focuses on resolving integration barriers
and tailoring explanations for different roles. Multilevel
explanation interfaces can accommodate varying expertiselevels
[32,57]. Close coordination with I T departmentsis essential to
embed Al toolsinto existing EHR systems, minimizing manual
input and workflow disruption [71,72]. Organizational readiness
and role-specific training are also key to successful adoption
[82].

In the implementation phase, a phased deployment strategy
helps minimize disruption and support gradua clinician
adaptation. Al-CDSStools can first target low-risk, supportive
tasks (eg, risk aerts and abnormal laboratory flagging), then
gradually expand to core decision-making such as diagnosis or
treatment support. To ensure alignment with clinical needs,
implementation should combine performance metrics (eg, alert
response times and override rates) with user feedback (eg,
sati sfaction ratings and suggestion boxes). Regular log reviews
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and focus groups can surface usability issuesand guideiterative
improvement [83].

The sustainment phase focuses on the long-term integration of
Al into clinical workflows. Continuous monitoring of system
performance and user experienceisessential to ensure sustained
adoption [84]. As models evolve, transparent update
mechanisms—such as automatically generated explanation
revisions and change logs—should be maintained to support
clinician trust and promote continued engagement with the
system.

Strengths and Limitations

This study offers a systematic exploration of Al integrability
fromthe HCPS' perspective, providing aconceptual framework
to guide medical Al design and development. Unlike previous
studies focusing on technical developers or researchers
perspectives [85,86], it emphasizes the needs of actual HCPs,
such asphysicians. It establishesan Al explainability framework
based on their prioritiesin data preprocessing, model structure,
and postprocessing. This approach facilitates the devel opment
of user-centered AlI-CDSS, promoting its acceptance and use
by HCPs.

The limitation of this systematic review is the limited number
of quantitative studies, which restricts quantitative analysisand
statistical inference. Future research should include high-quality
guantitative studiesto validate and complement the conclusions.

Although we used a comprehensive set of keywords, the
decision not to use truncation (eg, an asterisk) may have led to
the omission of some relevant studies. This choice was made
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to maintain specificity, but it may have limited the search
breadth. To address this, we supplemented the search with
citation tracking. Thislimitation isacknowledged in the review
to clarify the scope of our search strategy.

In addition, while emphasizing user perspectives, this review
provides limited analysis of varying needs among different
medical roles. This is partly because of the small number of
eligible studies and the lack of detail regarding specific clinical
tasks, settings, or user groups in many of the included papers.
These limitations made it difficult to conduct deeper,
context-sengitive analysis of HCPS' perceptions of explainability
and integrability. In this regard, we recommend that future
research draw on implementation frameworks such as the
Consolidated Framework for Implementation Research or
Promoting Action on Research Implementation in Health Service
framework to better account for the contextual and role-specific
factors that shape HCPS' experiences. These frameworks can
support more nuanced analyses of clinical settings and tasks,
guiding the devel opment of Al toolsthat are better aligned with
real-world practices.

Conclusions

In conclusion, the explainability and integrability of medical
Al arekey factorsinfluencing its acceptance and usein clinical
settings. On the basis of the user-centered conceptual framework
proposed in this study, future Al design should focus on HCPs'
needs to enhance explainability and integrability, thereby
promoting HCPS acceptance and use and improving its
effectivenessin real-world clinical applications.
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Al: artificial intelligence

Al-CDSS: artificial intelligence clinical decision support systems
EHR: electronic health record

HCP: health care professional

LIME: local interpretable model-agnostic explanations

SHAP: Shapley additive explanations
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