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Although AI-enabled clinical decision support systems (CDSS) are becoming more 
prevalent in U.S. healthcare, inequities and opaque models pose a threat to patient safety and 
clinician trust. This scoping review mapped evidence on explainable and bias-aware clinical 
AI systems to inform their equitable deployment. Following the PRISMA-ScR guidelines 
and a PCC framework, we searched MEDLINE/PubMed and Embase for English peer-
reviewed studies published between 2015 and 2025. The full texts of  eligible studies were 
charted across eight domains, including data modality, CDSS use case, model approach, 
documentation bias, explanation technique, implications for trust and outcomes and 
mitigation and governance actions. Of  the 464 records identified, 18 studies met the inclusion 
criteria. The evidence spanned imaging (predominantly chest radiography), EHR-based risk 
prediction and emergency department operational and safety models. The evidence was 
largely retrospective in nature. Explainability was most defensible when used as a safety 
audit to support reviewable rationales and detect shortcut learning, typically via feature 
attribution, perturbation tests, or visualisation. Bias reflected demographic signal leakage, 
temporal or label leakage, proxy targets, subgroup error disparities, and site confounding 
factors, which can inflate apparent performance. The most common mitigation strategies 
combined reweighting or fairness-aware selection, data augmentation, and setting-specific 
recalibration, but post-deployment monitoring was inconsistently reported. A trustworthy 
CDSS requires explicit equity objectives, multi-site evaluation, standardised documentation, 
and continuous surveillance for drift and emergent disparities.
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INTRODUCTION
Clinical decision support is entering a new phase as U.S. 
healthcare systems retain and generate large volumes of  
digital data from monitoring devices, imaging, operational 
workflows and electronic health records. These ‘big data’ 
environments have enabled machine learning approaches 
that can match the performance of  experts in certain 
classification and prediction tasks, while providing 
scalable support for care coordination, prognosis, and 
diagnosis (Beam & Kohane, 2018). Advances in the 
acquisition of  digitised data and computing power have 
widened the range of  clinical tasks that AI can support 
(Yu et al., 2018). However, data only matter when they are 
translated into actionable inferences, so model evaluation 
and choice are as important as data volume (Obermeyer 
& Emanuel, 2016). In the AI era, decision support 
systems are designed for interactive use by clinicians, 
making human–system interaction foundational to 
effectiveness and safety (Shortliffe & Sepúlveda, 2018). 
This vision aligns with ‘high-performance medicine’, in 
which AI augments health systems and clinicians rather 
than replacing clinical judgement (Topol, 2019).
Despite accelerating innovation, achieving a lasting clinical 
impact remains uncommon because successful translation 
requires more than just high headline accuracy. Successful 
systems must be able to integrate into sociotechnical 
pathways, be evaluated using measures that reflect clinical 
utility and downstream outcomes and generalise across 

sites (Kelly et al., 2019). Experience with CDSS shows 
that the balance of  harms and benefits also depends 
on implementation choices and the behavioural effects 
of  alerts within real workflows (Sutton et al., 2020). The 
feasibility of  autonomous diagnostic testing for diabetic 
retinopathy in primary care has been demonstrated 
(Abràmoff  et al., 2018). Similarly, a real-world integration 
effort for sepsis decision support highlights the need 
for infrastructure, end-user training and stakeholder 
alignment in order to make model outputs usable at the 
bedside (Sendak et al., 2020).
In this context, the legitimacy of  AI-enabled CDSS 
depends on explainability and awareness of  bias. A 
lack of  explainability gives rise to legal, clinical and 
ethical concerns, as clinicians are required to interpret 
uncertainty, judge plausibility and retain accountability 
for patient-facing decisions (Amann et al., 2020). 
Furthermore, explainability is task-dependent; clinicians 
require actionable and contextual explanations that 
align with the stakes of  the decision (Tonekaboni et al., 
2019). Similarly, bias awareness is important because 
deployment and design choices can perpetuate inequity, 
even when overall performance appears strong (Yu et 
al., 2018). Looking ahead, responsible progress requires 
technical development be aligned with professional and 
governance norms and that workflows be integrated 
(Briganti & Le Moine, 2020).
Against this backdrop, a focused synthesis is needed to 
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clarify the meanings of  ‘explainable’ and ‘bias-aware’ 
in applied clinical decision support systems (CDSS) 
research, and how these concepts are operationalized 
in deployed or deployment-ready systems. As the field 
encompasses a variety of  workflows and modalities, 
clinicians and implementers require a clear overview of  
the types of  explanations being employed, the sources 
of  bias being measured, and the methods used to 
evaluate mitigation in practice (Shortliffe & Sepúlveda, 
2018). Evidence-based research can also help to set 
realistic expectations regarding where additional clinical 
evaluation or monitoring is required prior to scaling up 
and what machine learning can deliver (Beam & Kohane, 
2018). This scoping review therefore surveys applied 
studies to describe current approaches, highlight gaps 
in evaluation and reporting, and identify priorities for 
more accountable adoption in US healthcare systems 
nationwide.

Scope of  Review
This scoping review maps peer-reviewed evidence from 
2015 to 2025 on explainable, bias-aware AI used for 
clinical decision support within the US healthcare system 
or US-relevant datasets. The review covers imaging (e.g. 
ultrasound, chest radiographs, and MRI scans), electronic 
health records (EHRs) and claims data, as well as 
emergency department operations. The focus is on how 
models are interpreted (saliency/attribution, SHAP-style 
feature contributions, visualisation and causal probing) 
and how bias is detected and managed. Documented 
bias pathways include temporal leakage, proxy learning 
of  protected attributes, site confounding and subgroup 
error disparities by race/ethnicity, sex and socioeconomic 
position. Mitigation strategies and governance practices 
are synthesised to protect patients, calibrate clinician 
trust, and guide the accountable deployment of  AI across 
diverse populations, workflows and hospitals.

Aim and Specific Objectives of  Review
The aim is to map and critically appraise the 
implementation and evaluation of  explainability and 
bias-aware methods in AI-enabled CDSS, and to derive 
practical implications for the equitable and transparent 
deployment of  these methods.

Specific Objectives
i. Characterize the evidence base by summarising CDSS 
use-cases, clinical settings, and data modalities (imaging, 

EHR/ED operations), and the AI approaches used.
ii. Synthesize explainability practice by cataloguing XAI 
techniques reported and the purposes they serve (e.g., 
auditing shortcuts, supporting clinician interpretation, 
surfacing feature reliance).
iii. Interrogate equity and governance by classifying 
documented bias sources/impacts and summarising 
mitigation or governance strategies tested (e.g., 
reweighing, augmentation, fairness-aware/interpretable 
model selection) and their reported implications for trust 
and outcomes.

MATERIALS AND METHODS
Design and Reporting Standards
This study employed a scoping review design based on 
the Population–Concept–Context (PCC) framework 
to map the scope, features, and practical governance 
implications of  bias-aware and explainable AI models 
utilized for clinical decision-making support within 
U.S. healthcare systems. Reporting was guided by the 
PRISMA extension for scoping reviews (PRISMA-ScR), 
which includes selection decisions in a flow diagram and 
transparent documentation of  screening. No protocol 
registration was undertaken. In line with the purpose of  
scoping reviews (mapping evidence rather than estimating 
pooled effects), no formal risk-of-bias appraisal was 
performed. Methodological safeguards included a multi-
step screening process; explicit, PCC-based eligibility 
criteria; and standardized data charting aligned to the 
study’s predefined extraction domains.

Eligibility Criteria
The eligibility criteria were defined a priori using 
PCC to ensure the inclusion of  empirical, real-world 
clinical AI/CDSS studies that explicitly addressed 
interpretability (XAI) and documented bias (or equity-
related performance differences) that are relevant to the 
deployment of  these systems in U.S. healthcare. Studies 
were required to report a component on explainability 
(e.g. saliency/visual explanations, SHAP/LIME-type 
feature attribution, counterfactuals, model simplification 
or other approaches to interpretability that are clinician-
facing) and document sources of  bias and/or impacts 
on subgroups (e.g. disparities in error by sex, age, race/
ethnicity, insurance status or deprivation) with or without 
mitigation. Table 1 provides a breakdown of  the inclusion 
and exclusion criteria.

Table 1: Eligibility Criteria according to the PCC Framework
Item Inclusion Criteria Exclusion Criteria
Population Humans receiving care in clinical settings or 

represented in clinical datasets relevant to 
U.S. healthcare delivery (e.g., EHR cohorts; 
radiology/clinical registries)

Animal/in vitro studies; purely synthetic 
populations without clinical linkage
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Concept (
Inervention)

AI/ML-based CDSS models for diagnosis, 
prognosis, risk stratification, operations, triage, 
or treatment planning that include explicit XAI 
and documented bias (bias sources and/or 
subgroup impacts), with or without mitigation

AI models without any explainability component; 
XAI-only methodological papers without clinical 
CDSS application; fairness-only papers without 
interpretability; tools not intended for decision 
support

Context U.S. healthcare systems, U.S.-derived clinical 
datasets, or U.S. multi-site/registry contexts 
(including models evaluated for U.S. clinical 
deployment)

Non-U.S.-only contexts with no relevance to U.S. 
systems or datasets

S t u d y 
Designs

Peer-reviewed empirical studies (e.g., cohort/
retrospective analyses, cross-sectional 
evaluations, model development + validation 
with clinical data, implementation/effectiveness 
evaluations)

Narrative reviews, editorials, letters, protocols 
without results, conference abstracts without full 
text

Outcomes Any of: predictive performance + calibration; 
explanation utility/inspection outputs; subgroup 
errors/fairness metrics; bias mechanisms (e.g., 
proxy learning, leakage, site confounding); 
mitigation effects; implications for clinician 
trust/workflow/patient outcomes

Studies reporting only technical metrics without 
clinical relevance; non-clinical benchmark-only 
evaluations

Publication 
Type

Peer-reviewed journal articles Preprints, theses, reports, guidelines, books/
chapters, grey literature

Language English Non-English
Timeframe 2010-2025 Studies published outside this timeframe

Information Sources
Searches were restricted to peer-reviewed literature 
indexed in two bibliographic databases that were selected 
for their comprehensive coverage of  health services 
research, clinical medicine and biomedical informatics: 
MEDLINE/PubMed and Embase (Ovid). No grey 
literature sources were searched. All retrieved records 
were exported to a reference manager for de-duplication, 
followed by screening of  titles and abstracts, and then 
full texts, using the eligibility criteria. Disagreements were 
resolved through consensus.

Search Strategy
Database-specific strategies were employed that combined 
controlled free-text terms and vocabulary reflecting the 
following PCC elements: healthcare settings and clinical 
decision support; interpretability/ explainability; AI/ML 
models; and bias/fairness/equity. Priority was given to 

sensitivity in order to capture heterogeneous modalities 
(EHR/tabular, multimodal, imaging, and text) and varied 
explanation approaches (model simplification, saliency, 
counterfactuals and feature attribution). Filters were 
applied to limit the results to English-language studies 
relevant to humans and conducted between 2015 and 
2025. Table 2 summarises the search strings used.

Data Extraction and Synthesis
Data charting used a standardized extraction template 
aligned to eight domains: modality and settings; approach 
and model; governance testing and mitigation; outcomes 
and implications for trust; included studies; clinical CDSS 
use cases; data; XAI reporting and bias documentation. 
The charting form was refined and piloted to ensure 
the consistent capture of  explainability methods (e.g. 
interpretability audits, visualization/saliency probing and 
SHAP-based feature attribution) and bias mechanisms 

Table 2: Search String
Database Search string
MEDLINE/PubMed ((“Clinical Decision Support Systems”[Mesh] OR “decision support”[tiab] OR CDSS[tiab] 

OR “clinical decision support”[tiab]) AND (“Artificial Intelligence”[Mesh] OR “Machine 
Learning”[Mesh] OR “Deep Learning”[Mesh] OR artificial intelligence[tiab] OR machine 
learning[tiab] OR deep learning[tiab]) AND (explainab*[tiab] OR interpretab*[tiab] OR 
“explainable AI”[tiab] OR XAI[tiab] OR SHAP[tiab] OR LIME[tiab] OR saliency[tiab] 
OR “saliency map*”[tiab] OR “counterfactual”[tiab] OR “model simplification”[tiab]) 
AND (bias[tiab] OR fairness[tiab] OR “algorithmic bias”[tiab] OR disparity[tiab] 
OR inequity[tiab] OR “healthcare disparities”[Mesh])) AND (english[lang]) AND 
(“2015/01/01”[dp] : “2025/12/31”[dp])
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Embase (Ovid) (‘clinical decision support system’/exp OR ‘clinical decision support’:ti,ab,kw OR 
CDSS:ti,ab,kw OR ‘decision support’:ti,ab,kw) AND (‘artificial intelligence’/exp 
OR ‘machine learning’/exp OR ‘deep learning’/exp OR ‘neural network’/exp OR 
artificial intelligence:ti,ab,kw OR machine learning:ti,ab,kw OR deep learning:ti,ab,kw) 
AND (explainab*:ti,ab,kw OR interpretab*:ti,ab,kw OR ‘explainable ai’:ti,ab,kw 
OR XAI:ti,ab,kw OR SHAP:ti,ab,kw OR LIME:ti,ab,kw OR saliency:ti,ab,kw OR 
‘counterfactual’:ti,ab,kw) AND (bias:ti,ab,kw OR fairness:ti,ab,kw OR ‘algorithmic 
bias’:ti,ab,kw OR disparity:ti,ab,kw OR inequity:ti,ab,kw) AND [english]/lim AND 
[2015-2025]/py AND [article]/lim

(e.g. subgroup error disparities, leakage risks, proxy 
learning, and leakage risks), as reflected in the results 
synthesis. The synthesis was mapping-oriented and 
descriptive rather than effect-estimating. A numerical 
summary characterized the studies according to clinical 
task category (e.g. operational safety/CDSS, EHR risk 
prediction, diagnostic imaging), explanation family, 
mitigation approach, documented bias type and model 
class. A narrative synthesis organized the findings 
into three higher-order themes: (1) explainability as a 
mechanism for clinical alignment and safety auditing, 
(2) bias pathways with implications for disparities and 
misleading performance claims, and (3) patterns of  
mitigation and governance supporting trustworthy 
deployment.

RESULT AND DISCUSSIONS
Screening and Selection.
The database search yielded 464 records. After removing 
240 duplicates, 224 unique records remained to be 
screened against the eligibility criteria based on their titles 
and abstracts. At this stage, 139 records were excluded due 
to incorrect titles/abstracts, leaving 85 articles for full-text 
assessment. A further 67 articles were excluded at this 
stage (Reason 1: narrative/systematic reviews, editorials, 
letters, protocols without results and conference abstracts 
without full text = 34; Reason 2: AI models without an 
explainability component, XAI-only methodological 
papers without a clinical CDSS application, fairness-only 
papers without interpretability or tools not intended for 
decision support = 13; Reason 3: studies reporting only 

Figure 1: Prisma flow diagram

technical metrics without clinical relevance or non-clinical 
benchmark-only evaluations = 20). Finally, 18 studies that 
met all the criteria were synthesised (see Fig. 1).
Summary of  Study Characteristics
Eighteen peer-reviewed empirical studies (2018–2025) 
spanning imaging, electronic health records (EHR) and 
operational clinical decision support systems (CDSS) in 
U.S.-relevant care settings were included. The imaging 
studies primarily analysed multi-site chest radiographs, 
frequently employing MIMIC-CXR and external validation 
on CheXpert, with one study incorporating neuroimaging 
from ADNI. The EHR/registry studies covered topics 
such as ICU mortality, perioperative pain, wait-time 

prediction and ED admission, surgical readmission and 
agitation forecasting, using health system cohorts or 
NSQIP. The models ranged from deep neural networks 
to gradient-boosted trees (CatBoost and XGBoost) and 
simpler baselines such as random forests and logistic 
regression. XAI approaches included pertubation 
tests, SHAP and visualisation/saliency probing. Bias 
assessment reported fairness metrics, demographic proxy 
signals, temporal label leakage, site effects and subgroup 
error rates. Most studies were retrospective, with only a 
few describing live workflow integration, user training or 
post-deployment monitoring plans.
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Thematic Analysis
Theme 1: Explainability as a clinical alignment and 
safety-audit mechanism
Explanability was most useful across the included studies 
when it helped people test whether a model’s reasoning 
was consistent with clinical judgement and local 
workflow. DeGrave et al. (2021) demonstrate that chest 
X-ray models may appear robust yet rely on shortcuts, 
underscoring the importance of  using explanations as a 
safety check prior to implementation. Zech et al. (2018) 
demonstrate that performance can deteriorate when 
a model is transferred between hospitals, meaning that 
explainability must be paired with testing across sites. 
Adleberg et al. (2022) add that models can pick up 
sensitive patient information from radiographs, meaning 
explanations could support audits to detect hidden proxy 
risks. Gichoya et al. (2022) reinforce this concern by 
demonstrating that models can infer race from images in 
ways that are not easily detectable by clinicians. McLeod 
et al. (2025) highlight that AI and humans may focus 
on different visual cues, meaning explanations should 
reveal mismatches rather than just ‘looking convincing’. 
In ICU prediction, interpretability has helped examine 
whether demographic patterns are shaping mortality 
risk in unfair or unclear ways (Meng et al., 2022). In 
quality and operational settings, explanations were used 
to demonstrate the factors influencing predictions in a 
format that could be reviewed and discussed by teams. 
Wang et al. (2025) used explanation outputs to inform 
the review of  emergency department delay predictions. 
Zander et al. (2025) used explanations to summarise 
why readmission risk increased after surgery, providing 
support for improvement and feedback. In general, the 
concept of  explainability proved most efficacious as a 
pragmatic instrument for verifying plausibility, identifying 
potential shortcuts, and promoting accountable clinical 
utilization.

Theme 2: Bias pathways that drive disparities and 
misleading “success” in real-world CDSS
Bias has been shown to arise at multiple points in the 
clinical AI pipeline, with direct implications for patient 
harm and disparities. Underdiagnosis bias is particularly 
consequential because it shifts the burden of  error towards 
underserved groups, delaying care. Seyyed-Kalantari 
et al. (2021) demonstrate higher false-negative rates in 
intersectional and underserved subgroups for chest 
radiograph tasks, highlighting that bias can manifest as 
missed diagnoses as well as score differences. System and 
site artifacts also create bias-like failures by making models 
brittle across hospitals. Zech et al. (2018) demonstrate 
that pneumonia models generalize inconsistently across 
institutions, which is consistent with confounding factors 
being site-specific patterns rather than a robust disease 
signal. Another type of  bias is workflow-invalid ‘leakage’, 
which inflates apparent performance while undermining 
clinical usefulness. Ramadan et al. (2025) demonstrate that 
predicting the same admission using ICD codes can result 

in temporal label leakage, producing seemingly strong 
results that cannot support real-time decision-making. 
When it comes to bias, standard metrics can hide the ways 
in which it interacts with local context at scale. Wang et al. 
(2024) demonstrate that disparities in readmission errors 
tied to income and race vary across hospitals, implying 
that fairness is not a fixed property of  a model, but rather 
of  a model in a specific setting. Bias is also evident in 
operational decision support, where disparities impact 
access and throughput. Davoudi et al. (2023) report 
differences in fairness across race, deprivation, age and 
insurance in postoperative pain prediction, indicating 
that inequity can be embedded even in routine risk 
tools. Finally, the absence of  explicit fairness reporting 
is itself  a governance gap in high-volume CDSS, which 
is a problem that must be addressed. Wong et al. (2025) 
exemplify this risk by presenting a multi-site ED model 
in which operational value is emphasized while equity 
evaluation is not given sufficient consideration.

Theme 3: Mitigation and governance approaches 
that make equity and transparency deployable
The mitigation strategies identified in the evidence base 
can be categorized as follows: (i) fairness-aware model 
design; (ii) data/representation interventions; and (iii) 
setting-specific recalibration and monitoring. Fairness-
aware design involves treating equity as a selectable 
constraint rather than a post-hoc score, as exemplified 
by certain frameworks. Liu et al. (2024) operationalize 
this concept through fairness-aware, interpretable 
model selection that targets intersectional bias whilst 
maintaining utility. This approach is more aligned with 
the way in which health systems make deployment trade-
offs in practice. Data-centric mitigation is most clearly 
demonstrated in imaging, where shortcut learning can 
be reduced by altering how models learn representations. 
Wang et al. (2024) demonstrate that augmentation can 
reduce demographic detectability and disparity in errors. 
This indicates that bias mitigation can be achieved at an 
earlier stage rather than only by adjusting thresholds. 
When disparities are driven by subgroup sample 
imbalance, mitigation can be framed as improving the 
performance of  the worst-performing subgroup without 
eroding the performance of  the dominant subgroup. 
A quasi-Pareto approach was used by Yao et al. (2024) 
to reduce subgroup AUC gaps in thyroid ultrasound 
prediction, with the performance-equity negotiation that 
must be overseen by governance being made explicit. 
In operational risk modelling, mitigation must account 
for local context and maintenance over time. Wang et al. 
(2024) emphasize the importance of  recalibration and 
retraining alongside routine bias audits, implying that 
governance must be continuous rather than a “one-time 
validation”. Some studies demonstrate how monitoring 
can be incorporated into CDSS design alongside 
interpretability and fairness checks. Li et al. (2025) merge 
SHAP-supported interpretability with fairness evaluation 
in SLE flare prediction, demonstrating a review-ready 
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Table 3: Data Extraction Table (8 themes/columns) – Included Studies (n=18)
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strategy for ongoing disease administration.  
Discussion
Summary of  Key Findings
Explanability was most useful across studies when 
treated as a safety audit. Methods such as SHAP or visual 
probes helped to establish whether predictions supported 
rationales that could be reviewed and relied on clinically 
plausible drivers. Documented bias clustered into four 
recurring mechanisms: subgroup error disparities, which 
often affected underserved groups; demographic proxy 
signals embedded in the data; site or system confounding, 
which undermined generalization; and workflow-invalid 
label leakage, which inflated apparent performance. 
Evidence for mitigation favoured practical, system-
adaptable strategies, such as data augmentation to reduce 
shortcut learning, recalibration/retaining to address 
local context and reweighting or fairness-aware model 
selection to improve subgroup performance. However, 
many studies lacked consistent reporting of  human–
AI interaction, equity trade-offs, and monitoring. This 
indicates that trustworthy CDSSs require standardized 
documentation, continuous post-deployment surveillance 
and explicit fairness objectives.

Comparison with global literature
The findings suggest that explainability should be used 
to check the alignment of  decision-making processes and 
real workflows. This emphasis is consistent with clinician-
centred work, which argues that explanations are useful 
only when they are contextual and support practical 
reasoning at the point of  care (Tonekaboni et al., 2019). 
They also coincide with the legal and ethical perspective 
that explanations must be actionable and arguable, and 
not just translate technical information (Wachter et al., 
2017). Nevertheless, our findings also underscore the 
shortcomings of  post-hoc explanations as an alternative 
to safety, indicating the concern that contemporary XAI 
approaches could be a false sense of  security in a clinical 
environment (Ghassemi et al., 2021). This contends the 
hypothesis that interpretable models can be the best to 
use in making high-stakes choices when possible (Rudin, 
2019). 
The synthetic evidence of  disparities created by proxy 
targets and structural inequity in data, and the synthesis 
of  bias mechanism in this study agrees with that. The 
most common case is the application of  cost prediction 

as a proxy of  illness, which has created a lot of  racial 
discrimination because spending is based on unequal 
access to care (Obermeyer et al., 2019). This analogy 
underscores the significance of  making distributive 
justice an explicit element of  assessment and goals since 
various equitable options emphasise disparate forms 
of  adversity (Rajkomar et al., 2018). It further supports 
the conceptualization of  algorithmic bias as a patient 
safety concern, which needs to be systematically assessed 
beyond the headline accuracy (Challen et al., 2019). 
This makes stewardship critical because there will be 
no quantification of  fairness; it will require governance 
judgment of  values and context (Panch et al., 2019). 
Also, critiques of  race correction warn that integrating 
race in clinical algorithms might continue to make biased 
assumptions in daily care practises (Vyas et al., 2020).
The findings of  the study are in agreement with the global 
consensus regarding mitigation and governance in the 
development of  a trustworthy CDSS. The development 
of  a trustworthy CDSS is a process that follows a lifecycle 
management rather than a single validation process. 
Translation roadmaps reiterate the significance of  working 
with non-disciplinary stakeholders and unintended 
post-deployment and post-monitoring drift (Wiens et 
al., 2019). Equally, risk management models demand 
organizations to repeat controls and operationalize 
transparency, fairness and accountability (Tabassi, 2023). 
The principle of  priority in human factors and viability 
of  the real world at an early-stage of  evaluation is also 
aligned with our focus on deployment realism (Vasey et 
al., 2022). Reporting standards complement this strategy 
because they require comprehensive explanations of  the 
error analysis and human-AI interaction (Liu et al., 2020). 
Documentation tools enhance accountability because 
they ensure that the subgroup performance and intended 
use become visible to the decision-makers (Mitchell et al., 
2019). This is supplemented by dataset documentation 
that reveals provenance and possible biases that may 
result in inequalities in the future (Gebru et al., 2021).

Implications for Policy and Practice
Policy: It is proposed that explainable and bias-conscious 
AI-enabled clinical decision support systems (CDSS) 
be implemented as commissioned equity and safety 
standards throughout the US healthcare delivery. This 
would entail compulsory pre-deployment reporting 
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on calibration assessment, subgroup performance and 
documentation of  intended use, human-AI interaction 
and contraindications. These systems would have regular 
bias audits, which would extend beyond the question of  
overall accuracy into equity-relevant distributions of  errors 
and impacts of  resource allocation. The audits would also 
entail the explicit choice of  fairness objectives that are 
in line with distributive justice principles. The protection 
of  equity should be in the form of  strict governance or 
banning of  proxy targets (e.g. cost-based outcomes) where 
they entrench structural inequities. Race-variable scrutiny 
and the non-indiscriminate practice of  race correction 
also should be required. Standardization of  provision of  
explanations should be done by use of  clinician-facing 
model information artifacts (e.g. fact labels) which define 
uncertainty, failure modes and monitoring responsibilities. 
Also, documentation of  datasets and models should 
be compulsory in order to make sure that there is 
transparency in terms of  representativeness, missing 
data, and subgroup performance. There should be model 
cards and datasheets that may serve as governance tools 
that are auditable. Evaluation reporting standards must 
be established, such as trial report and protocol reporting 
requirements that would reflect workflow integration, 
error analysis and impact of  the user. Lastly, an organized 
system-level AI risk management process must be 
established with a requirement to conduct regular post-
deployment monitoring of  drift and emerging inequities. 
This framework must comprise accountability among 
vendors and health systems, escalation channels, and 
protection mechanisms to ensure enhancements in 
efficiency do not widen disparities.
Practice: Implementing an ‘audit-design-deploy-monitor’ 
model is essential. This model has minimum requirements 
for:(i) prospective workflow mapping; (ii) selecting 
explanations that are appropriate for the modality and 
user task (e.g. feature attribution summaries, saliency 
localization, or counterfactual action guidance); (iii) 
fairness testing across relevant subgroups before any live 
use. Deploying clinician-centred explanation interfaces 
that prioritize concise, actionable outputs supporting safe 
overrides and contestability over persuasive narratives 
is crucial. To ensure appropriate clinical reliance, teams 
should undergo training in interpreting limitations, 
subgroup performance differences and uncertainty 
and use structured communication tools (e.g. model 
fact labels). Conversely, it is advisable to refrain from 
deploying black-box models in high-stakes pathways 
where comparable performance can be achieved with 
interpretable alternatives, and to avoid explanations 
that can be exploited or are unstable. Deployment 
must be customized to the clinical context, including 
documentation practices, operational constraints and local 
population characteristics. Periodic threshold reviews and 
recalibration are required where equity trade-offs are 
explicit. Outcomes should be monitored using clinical 
response patterns, alert burden, subgroup error profiles, 
model performance and calibration. Drift detection and 

incident reporting should feed into iterative improvement 
cycles. Training multidisciplinary teams (including nursing 
leadership) in bias-aware triage, escalation protocols 
and explanation review is recommended to strengthen 
adoption, safety and equity.
4.4 Limitations of  Review
This scoping review only used two databases and limited 
its inclusion criteria to English, peer-reviewed articles, 
meaning that relevant studies may have been overlooked. 
No formal risk-of-bias appraisal or meta-analysis was 
conducted. Heterogeneity in CDSS tasks, XAI reporting 
and fairness metrics limited comparability. Most of  the 
evidence was retrospective, with limited post-deployment 
evaluation.

CONCLUSION
This scoping review mapped 18 empirical studies relevant 
to the U.S. on bias-aware and explainable AI for clinical 
decision support. Across modalities, explainability was 
most effective when employed as an accountability and 
a safety tool, guiding appriopriate clinical reliance and 
supporting the auditing of  model reasoning, rather than 
as a mere transparency layer. Bias was repeatedly linked to 
workflow realities and structural data, including learning 
based on demographic proxies, disparities in errors 
among subgroups, site confounding and temporal/
label leakage, which can produce misleading ‘success’. 
Although mitigation approaches showed promise, they 
were unevenly evaluated due to the limited standardisation 
of  human-AI interaction reporting, fairness objectives 
and post-deployment monitoring. Future work should 
prioritise prospective, multi-site evaluations with 
explicit equity targets, continous surveillance for drift 
and emergent disparities and robust documentation, in 
order to enable the trustworthy deployment of  AI in U.S. 
healthcare systems.
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