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A B S T R A C T

Background: The integration of artificial intelligence in healthcare has transformed clinical practice and research 
methodologies. However, concerns regarding algorithmic accountability, interpretability, and safety have 
necessitated human oversight in AI systems. Human in the loop artificial intelligence represents a collaborative 
paradigm where human expertise and machine intelligence converge to enhance decision making while main
taining ethical standards and clinical safety.
Aim: This review synthesizes current evidence on human in the loop AI in healthcare delivery and research, 
examining implementation frameworks, clinical outcomes, comparative advantages over fully automated and 
clinician-only approaches, and challenges.
Method: A comprehensive narrative review was conducted using PubMed, Scopus, Web of Science, and IEEE 
Xplore databases covering studies from 2018 to 2025. Data were thematically synthesized to identify patterns, 
frameworks, and outcomes. This narrative approach enables comprehensive conceptual synthesis across diverse 
HITL-AI applications and contexts.
Results: Human in the loop AI demonstrates significant applications across diagnostic imaging, clinical decision 
support, patient monitoring, drug discovery, and research data analysis. Evidence indicates improved diagnostic 
accuracy, reduced medical errors, enhanced patient safety, and increased clinician trust compared to both 
automated AI and traditional approaches. Implementation requires EHR interoperability, clear liability frame
works, adaptive training protocols, and quantum-safe cryptographic security. Challenges include workflow 
integration, regulatory gaps for adaptive systems, and sustainability concerns.
Conclusion: This review advances the field by synthesizing cross-domain implementation patterns, mapping 
collaboration models to risk-stratified contexts, identifying regulatory gaps for adaptive systems, and proposing 
future directions including post-quantum cryptographic integration, AI-driven adaptive architectures, and multi- 
center scalability frameworks for optimizing human–machine collaboration in healthcare.

1. Introduction

Artificial intelligence has emerged as a transformative force in 
modern healthcare, reshaping diagnostic processes, treatment planning, 

drug discovery, and healthcare research methodologies. The integration 
of machine learning algorithms, deep learning models, and natural 
language processing systems has enabled healthcare professionals to 
analyze vast datasets, identify complex patterns, and generate predictive 
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insights that were previously unattainable through conventional 
analytical approaches [1]. From computer assisted diagnostic systems in 
radiology to predictive models in intensive care units [2,3], AI tech
nologies have demonstrated remarkable capabilities in augmenting 
clinical decision making and improving patient outcomes [4]. However, 
the autonomous deployment of AI systems in healthcare settings has 
raised critical concerns regarding algorithmic transparency, account
ability, bias mitigation, patient safety, and ethical considerations [5,6]. 
These challenges have catalyzed the development and adoption of 
human in the loop artificial intelligence frameworks, which integrate 
human expertise and oversight into AI driven processes to ensure safe, 
ethical, and effective healthcare delivery [5,7].

Human in the loop AI represents a collaborative paradigm wherein 
human intelligence and machine learning algorithms work synergisti
cally to accomplish tasks that could effectively perform independently 
[8]. Unlike fully automated AI systems that operate without human 
intervention, human in the loop frameworks incorporate human judg
ment at critical decision-making points, allowing clinicians, researchers, 
and other healthcare professionals to validate, refine, or override algo
rithmic recommendations based on contextual understanding, clinical 
experience, and patient specific factors [9,10]. This approach ac
knowledges that while AI systems excel at processing large datasets and 
identifying statistical patterns, human expertise remains essential for 
interpreting complex clinical scenarios, understanding nuanced patient 
needs, navigating ethical dilemmas, and ensuring that algorithmic out
puts align with established medical standards and individual patient 
values. The comparative performance of HITL-AI relative to alternative 
approaches has emerged as a critical consideration for healthcare or
ganizations. Evidence across multiple domains demonstrates that stra
tegic integration of human expertise into AI decision-making processes 
yields superior outcomes compared to either fully automated AI or 
clinician-only workflows [11–13]. This synergistic advantage stems 
from combining AI's pattern recognition capabilities with human 
contextual understanding, ethical reasoning, and clinical judgment, 
creating a balanced ecosystem where automation efficiency comple
ments human wisdom [9,10,14].

The application of human-in-the-loop AI in healthcare spans multiple 
domains including diagnostic imaging, where radiologists collaborate 
with AI algorithms to detect abnormalities in medical images [15–18]; 
clinical decision support systems, where AI generated recommendations 
are reviewed and validated by clinicians before implementation 
[19–21]; drug discovery and development, where researchers utilize AI 
models to identify potential therapeutic compounds while maintaining 
oversight of the discovery process [22–24]; patient monitoring systems, 
where automated alerts are triaged and validated by healthcare pro
fessionals [25–27]; and healthcare research, where AI assists in litera
ture review, data analysis, and hypothesis generation under researcher 
supervision [1,28]. Each of these applications demonstrates the poten
tial of human–machine collaboration to enhance healthcare quality, 
efficiency, and safety while maintaining the irreplaceable value of 
human judgment and expertise in clinical and research contexts.

Despite the growing adoption of human in the loop AI in healthcare, 
significant gaps persist in the literature regarding standardized imple
mentation frameworks, optimal human AI interaction models, evalua
tion methodologies, and long-term clinical outcomes [29]. Critical 
operational considerations remain insufficiently addressed, including: 
(1) EHR integration pathways and interoperability standards for seam
less HITL-AI deployment, (2) liability allocation frameworks when cli
nicians override AI recommendations, (3) regulatory compliance 
requirements for adaptive AI systems that evolve through human feed
back, (4) scalability considerations for multi-center and cross-country 
implementations, and (5) emerging security requirements including 
quantum-safe cryptographic protection of healthcare data transmitted 
between AI systems and human operators [30–32]. Existing studies 
often focus on narrow applications or technical performance metrics 
without comprehensively examining the broader implications of human 

machine collaboration on clinical workflows, healthcare professional 
experiences, patient outcomes, and healthcare system sustainability. 
Furthermore, there is limited synthesis of evidence across different 
healthcare domains and settings, making it challenging for healthcare 
organizations, policymakers, and researchers to understand the full 
spectrum of opportunities [33], challenges, and best practices associated 
with human in the loop AI implementation [34]. This knowledge gap 
impedes the systematic and effective integration of human in the loop AI 
technologies into routine clinical practice and healthcare research. As 
summarized in Fig. 1, human-in-the-loop AI in healthcare can be 
conceptualized as a socio-technical framework in which AI systems and 
human expertise iteratively interact across multiple clinical and 
research domains to support safe, effective, and ethically aligned deci
sion making.

This narrative review addresses these gaps by synthesizing current 
evidence on the application of human in the loop AI in healthcare de
livery and healthcare research, with particular emphasis on operation
alization strategies, comparative performance analysis, and future 
directions for next-generation HITL-AI systems. The rationale for this 
review stems from the urgent need to provide healthcare stakeholders 
with comprehensive, evidence-based guidance on implementing human 
in the loop AI systems that maximize benefits while mitigating risks. The 
novelty of this work lies in its: (1) holistic examination of HITL-AI across 
multiple healthcare domains to identify transferable implementation 
patterns, (2) explicit mapping of collaboration models to risk-stratified 
clinical contexts, (3) synthesis of operationalization strategies 
including EHR integration, regulatory compliance, and liability frame
works, (4) identification of critical regulatory gaps for adaptive HITL 
systems, (5) integration of emerging security considerations including 
quantum-safe cryptographic approaches for healthcare data protection, 
and (6) proposal of future directions encompassing post-quantum inte
gration, AI-driven adaptive architectures, and multi-center scalability 
strategies. Unlike previous reviews examining isolated technical aspects 
or single-domain applications, this work synthesizes cross-domain evi
dence to generate actionable insights for clinical deployment across 
diverse healthcare settings.

The primary aim of this review is to synthesize existing literature on 
human in the loop AI applications in healthcare and healthcare research, 
examining implementation frameworks, clinical outcomes, comparative 
advantages, operationalization strategies, challenges, and future di
rections. Specific objectives include: (1) identifying key applications of 
human in the loop AI across healthcare domains with emphasis on 
comparative performance relative to automated AI and clinician-only 
approaches, (2) analyzing the impact of human in the loop AI on clin
ical decision making and patient outcomes, (3) evaluating imple
mentation challenges and success factors including EHR integration, 
regulatory compliance, liability considerations, and emerging security 
requirements, (4) examining ethical and regulatory considerations with 
particular attention to gaps in oversight of adaptive AI systems, (5) 
mapping human-AI collaboration models to risk-stratified clinical con
texts, and (6) proposing recommendations for future research and 
practice in human machine collaboration within healthcare contexts, 
including post-quantum cryptographic integration, AI-driven adaptive 
HITL architectures, and multi-center scalability strategies.

Fig. 1 highlights how data from diagnostic imaging, clinical decision 
support, patient monitoring, and healthcare research feed AI models 
whose outputs are interpreted, validated, and contextualized by clini
cians, researchers, and patients, with human feedback continuously 
refining model performance and guiding ethically grounded, clinically 
sound decisions.

2. Methods

2.1. Review design and rationale

This narrative review was conducted following established 
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methodological principles for qualitative synthesis of heterogeneous 
literature [35]. A narrative review approach was deliberately selected 
over systematic review or scoping review methodologies for several 
compelling reasons. First, the heterogeneity of HITL-AI implementations 
across diverse clinical domains (diagnostic imaging, clinical decision 
support, patient monitoring, drug discovery, healthcare research), 
varying AI architectures (deep learning, machine learning, natural lan
guage processing), different human-AI interaction models (verification, 
augmentation, active learning, human-in-command), and inconsistent 
evaluation metrics precludes meaningful application of PRISMA guide
lines designed for homogeneous intervention studies. Second, the 
rapidly evolving nature of AI technology and implementation practices 
necessitates a flexible synthesis approach that can accommodate diverse 
study designs, theoretical frameworks, emerging applications, and real- 
world implementation reports rather than rigid inclusion criteria and 
standardized data extraction protocols typical of systematic reviews. 
Third, the primary objective of providing comprehensive conceptual 
understanding of HITL-AI across multiple healthcare domains, identi
fying cross-domain implementation patterns, and generating actionable 
insights for clinical practice and policy development aligns with narra
tive review's strength in synthesizing diverse evidence types to construct 
holistic understanding [35,36].

Importantly, this narrative review does not follow PRISMA guide
lines, does not employ standardized data extraction tables, does not 
provide quantitative synthesis or meta-analysis of outcomes, does not 
include performance evaluation benchmarking, and does not present a 

PRISMA flow diagram. These methodological choices reflect the re
view's objectives of conceptual synthesis and actionable insight gener
ation rather than quantitative effect size estimation. The thematic 
synthesis approach employed enables identification of implementation 
patterns, collaboration frameworks, operationalization strategies, and 
future directions that would be obscured by the reductionist re
quirements of quantitative meta-analysis.

2.2. Search strategy and study selection

A comprehensive search strategy was developed to identify relevant 
studies examining human in the loop AI applications in healthcare and 
healthcare research. The search was conducted across multiple elec
tronic databases including PubMed, Scopus, Web of Science, and IEEE 
Xplore, ensuring broad coverage of biomedical, computer science, and 
health informatics literature. Search terms were carefully selected to 
capture relevant studies and included combinations of keywords such as 
“human in the loop,” “human-in-the-loop AI,” “interactive machine 
learning,” “human machine collaboration,” “artificial intelligence,” 
“machine learning,” “deep learning,” “healthcare,” “medicine,” “clinical 
decision support,” “diagnostic systems,” “medical imaging,” “patient 
care,” and “healthcare research.” Boolean operators were used to 
combine search terms effectively, and searches were limited to studies 
published between January 2018 and June 2025 to focus on recent 
developments in this rapidly evolving field.

Inclusion criteria for this review encompassed peer reviewed journal 

Fig. 1. Conceptual framework of human-in-the-loop artificial intelligence in healthcare, illustrating the bidirectional collaboration between AI systems and human 
expertise across clinical care and research domains.
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articles, conference proceedings, and technical reports that examined 
the application, implementation, or evaluation of human in the loop AI 
systems in healthcare settings or healthcare research contexts. Studies 
were required to explicitly address human oversight, interaction, or 
collaboration with AI systems, rather than focusing solely on fully 
automated AI technologies. Both empirical studies and theoretical 
frameworks were included to provide comprehensive insights into the 
current state of knowledge. Exclusion criteria included studies focusing 
exclusively on fully automated AI without human involvement, non- 
English language publications, abstracts without full text availability, 
and opinion pieces without substantial evidence or theoretical 
grounding. Studies focusing solely on technical algorithm development 
without healthcare application were also excluded.

Titles and abstracts were screened for relevance by the review team, 
followed by full-text review of selected articles to determine final in
clusion. Data extraction focused on key themes including application 
domains, implementation frameworks, collaboration models, compara
tive performance where reported, outcomes reported, challenges iden
tified, operationalization strategies, and recommendations provided. 
For studies reporting comparative outcomes, information on perfor
mance relative to automated AI or clinician-only approaches was 
extracted where available. However, given the narrative review design 
and absence of standardized data extraction protocols, formal quanti
tative pooling or meta-analysis was not conducted.

2.3. Data synthesis approach

A thematic synthesis approach was employed to organize and 
analyze the extracted data, allowing for identification of patterns, 
commonalities, and variations across studies. Themes were developed 
inductively through iterative reading and analysis of included studies, 
with regular team discussions to refine theme definitions and ensure 
consistency in interpretation. Major themes that emerged included: (1) 
application domains and comparative performance, (2) human-AI 
collaboration models mapped to clinical risk contexts, (3) implementa
tion frameworks and operationalization strategies, (4) training and 
change management approaches, (5) ethical and regulatory challenges 
including gaps in adaptive system oversight, (6) data security consid
erations including quantum-safe cryptography, (7) unresolved tensions 
including liability allocation, and (8) future directions for adaptive HITL 
systems and scalability. This approach enabled comprehensive under
standing of the multifaceted nature of human in the loop AI in health
care while maintaining methodological rigor appropriate for narrative 
synthesis.

3. Applications of human in the loop AI in healthcare

3.1. Diagnostic imaging and radiology

Diagnostic imaging represents one of the most prominent application 
areas for human in the loop AI in healthcare. Radiological interpretation 
requires the analysis of complex visual information, pattern recognition, 
and integration of clinical context, making it an ideal domain for human 
machine collaboration [37]. AI algorithms, particularly deep learning 
models based on convolutional neural networks, have demonstrated 
impressive performance in detecting and classifying abnormalities in 
various imaging modalities including chest radiographs, computed to
mography scans, magnetic resonance imaging, and mammography 
[16,18,38]. However, the integration of these algorithms into clinical 
workflows has largely followed a human in the loop approach wherein 
AI systems serve as decision support tools that augment rather than 
replace radiologist expertise [26]. Studies have shown that human in the 
loop implementations in radiology can improve diagnostic accuracy, 
reduce interpretation time, and decrease radiologist fatigue while 
maintaining the essential role of human judgment in final diagnostic 
decisions [12,15,17].

Table 1 summarizes key applications, AI functions, human roles, and 
reported outcomes across HITL-AI domains in healthcare, demon
strating consistent performance advantages when human expertise is 
strategically integrated into AI-driven processes. Evidence indicates that 
HITL-AI configurations outperform both fully automated AI systems and 
traditional clinician-only approaches across diagnostic accuracy, error 
reduction, and workflow efficiency metrics [12,15,17,39,40].

In breast cancer screening, human in the loop AI systems have been 
deployed to assist radiologists in mammography interpretation [13]. 
These systems typically provide preliminary assessments of mammo
graphic images, flagging suspicious regions or lesions that warrant 
careful review. Radiologists then examine these flagged areas along with 
the entire image to make final diagnostic determinations [13]. Research 
has demonstrated that this collaborative approach can reduce false 
negative rates while maintaining low false positive rates, ultimately 
improving cancer detection rates compared to unassisted human inter
pretation [15,38]. This exemplifies the verification model of HITL-AI 
collaboration, where AI-generated outputs undergo systematic human 
validation before clinical action, an approach optimally suited for high- 
risk diagnostic contexts where both sensitivity and specificity are critical 
[9,13]. Similar applications have been developed for lung nodule 
detection in chest computed tomography scans, where AI algorithms 
identify potential nodules and radiologists validate these findings, assess 
nodule characteristics, and integrate imaging findings with patient his
tory and clinical presentation [8]. The human in the loop approach in 
these contexts has proven valuable not only for improving diagnostic 
performance but also for building clinician trust in AI systems, as radi
ologists retain ultimate decision-making authority and can observe and 
learn from AI generated insights [9,10,13].

3.2. Clinical decision support systems

Clinical decision support systems represent another critical applica
tion domain for human in the loop AI in healthcare. These systems 
leverage AI algorithms to analyze patient data including electronic 
health records, laboratory results, vital signs, and imaging findings to 
generate diagnostic suggestions, treatment recommendations, risk pre
dictions, or care pathway guidance [19–21]. Unlike autonomous deci
sion systems, human in the loop clinical decision support systems 
present their outputs as recommendations that clinicians can accept, 
modify, or reject based on their clinical judgment and understanding of 
individual patient circumstances [41,42]. This approach acknowledges 
the complexity of clinical decision making, which involves not only data 
analysis but also consideration of patient preferences, clinical experi
ence, ethical principles, and contextual factors that may not be fully 
captured in structured data [9].

Applications of human in the loop clinical decision support span 
multiple clinical specialties and care settings [43]. In emergency de
partments, AI powered triage systems analyze patient presentations and 
vital signs to suggest triage priorities, which emergency physicians then 
validate and adjust based on clinical assessment [44,45]. This represents 
the augmentation collaboration model, where AI risk stratification en
hances rather than replaces clinical judgment, an approach well-suited 
for moderate-risk clinical contexts where efficiency and safety must be 
balanced [46]. In intensive care units, predictive models analyze 
continuous physiological monitoring data to identify patients at risk of 
clinical deterioration, generating alerts that intensivists review and act 
upon as clinically appropriate [47,48]. The human-in-command model 
employed in these critical care settings ensures physician authority over 
life-sustaining treatment decisions while leveraging AI vigilance for 
early warning detection [9,49]. In oncology, AI systems analyze tumor 
characteristics, genetic profiles, and treatment outcomes data to suggest 
personalized treatment options, which oncologists consider alongside 
tumor board discussions, patient preferences, and clinical guidelines 
[50–52]. Research evaluating these systems has generally shown 
improved clinical outcomes when human in the loop approaches are 
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employed, including reduced medical errors, improved adherence to 
evidence based guidelines, enhanced efficiency, and increased clinician 
satisfaction compared to both unaided clinical judgment and fully 
automated decision systems [19,20,43].

3.3. Patient monitoring and care coordination

Patient monitoring systems increasingly incorporate human in the 
loop AI to manage the vast amounts of physiological and behavioral data 
generated by modern monitoring technologies. In hospital settings, 
continuous monitoring generates thousands of data points per patient 
per day, creating alert fatigue when traditional threshold-based alarm 
systems produce excessive false alarms. Human in the loop AI addresses 
this challenge by using machine learning algorithms to analyze moni
toring data in context, identifying patterns that genuinely warrant 
clinical attention while suppressing false alarms [8,27,43]. Healthcare 
professionals receive intelligent alerts that have been filtered and 
prioritized by AI, allowing them to focus attention on patients who truly 
require intervention [49,53]. Studies have shown that this approach can 
reduce alarm burden by up to 80 percent while maintaining or 
improving detection of clinically significant events, ultimately 
enhancing patient safety and reducing healthcare professional burnout 
[54,55].

Remote patient monitoring represents another growing application 
of human in the loop AI, particularly for chronic disease management 
and post discharge care [27]. Patients use wearable devices or home 
monitoring equipment to collect data on vital signs, symptoms, activity 
levels, and medication adherence [25,56]. AI algorithms analyze these 
data streams to detect concerning trends or deviations from expected 
patterns, generating alerts to healthcare providers when intervention 
may be needed. Care coordinators or clinicians review these alerts, 
contact patients to assess their status, and determine appropriate in
terventions, which may range from medication adjustments to sched
uling clinic visits or recommending emergency care [8]. This active 
learning model enables continuous refinement of alert algorithms based 
on clinician feedback, progressively improving positive predictive value 
while maintaining scalability [9,10]. Research has demonstrated that 
such programs can reduce hospital readmissions, improve chronic dis
ease control, and enhance patient engagement in self-care while main
taining efficient use of healthcare professional time [27,56].

4. Applications of human in the loop AI in healthcare research

4.1. Literature review and knowledge synthesis

Healthcare research increasingly relies on human in the loop AI to 
manage the exponential growth of biomedical literature. With millions 
of research articles published annually, systematic identification and 
synthesis of relevant evidence has become extraordinarily time 
consuming using traditional manual methods. Human in the loop AI 
systems address this challenge by employing natural language process
ing and machine learning algorithms to screen literature, identify rele
vant studies, extract key data, and synthesize findings, while researchers 
maintain oversight and make final inclusion decisions [57]. These sys
tems can rapidly screen thousands of abstracts based on predefined in
clusion criteria, flagging potentially relevant studies for human review. 
Researchers then examine flagged articles to make final inclusion de
cisions, recognizing that human judgment remains essential for assess
ing study quality, relevance, and applicability to specific research 
questions [58].

Applications of human in the loop AI in systematic reviews and meta- 
analyses have demonstrated significant efficiency gains without 
compromising review quality. AI powered screening tools can reduce 
the time required for title and abstract screening while maintaining high 
sensitivity for relevant study identification. A recent study depicted a 
median screening load reduction of 47.1%, with studies reaching 
genuine recall at 95% efficiency [59]. Data extraction tasks, which 
traditionally require meticulous manual coding, can be accelerated 
through AI assisted extraction of study characteristics, outcomes, and 
effect sizes, with researchers verifying and correcting algorithmic out
puts [60]. Some advanced systems employ active learning approaches 
wherein the AI model continuously learns from researcher decisions 
during the screening process, progressively improving its performance 
and reducing the burden of human review. This active learning collab
oration model demonstrates iterative efficiency improvements, with 
human review requirements decreasing as the AI learns researcher 
preferences [57,58].

4.2. Clinical trial design and patient recruitment

Clinical trial design and patient recruitment represent challenging 
aspects of healthcare research that benefit substantially from human in 
the loop AI approaches. Designing optimal clinical trials requires 
consideration of numerous factors including patient eligibility criteria, 
sample size calculations, outcome measures, randomization strategies, 

Table 1 
Clinical applications of human in the loop AI in healthcare with comparative performance indicators.

Application 
Domain

AI Function Human Role Collaboration Model Reported Outcomes vs. Alternatives References

Diagnostic 
Imaging

Detect abnormalities, flag 
suspicious regions

Validate findings, integrate 
clinical context, final diagnosis

Verification (high-risk 
contexts)

Improved diagnostic accuracy compared to 
AI-alone or clinician-alone; reduced 
interpretation time; enhanced cancer 
detection rates; lower false negative rates

[15–18]

Clinical 
Decision 
Support

Generate treatment 
recommendations, risk 
predictions

Review recommendations, 
consider patient preferences, 
final treatment decisions

Augmentation 
(moderate-risk) / Human- 
in-command (high-risk)

Reduced medical errors vs. unaided practice; 
improved guideline adherence; enhanced 
efficiency; higher clinician satisfaction than 
automated systems

[19–21,75]

Patient 
Monitoring

Analyze monitoring data, 
identify concerning patterns, 
generate alerts

Review alerts, assess patient 
status, determine interventions

Active learning (adaptive 
refinement)

Reduced alarm fatigue (up to 80% burden 
reduction); improved event detection vs. 
threshold-based systems; decreased 
readmissions; reduced provider burnout

[25–27]

Drug 
Discovery

Screen compound libraries, 
predict drug properties

Select candidates for testing, 
interpret results, guide research 
direction

Human-in-command 
(researcher-led 
exploration)

Accelerated discovery timelines vs. 
traditional methods; improved candidate 
selection; enhanced biological plausibility of 
identified compounds

[22–24]

Note: Performance advantages represent narrative synthesis of reported outcomes across reviewed studies. HITL-AI configurations consistently demonstrate superior 
performance compared to both fully automated AI systems and traditional clinician-only workflows across diagnostic accuracy, safety, efficiency, and user satisfaction 
metrics.
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and statistical analysis plans [61]. AI systems can analyze historical trial 
data, disease prevalence patterns, and patient characteristics to suggest 
optimal trial designs, which researchers then evaluate and refine based 
on scientific objectives, feasibility considerations, ethical requirements, 
and regulatory standards [62]. Similarly, patient recruitment, which is 
often the most significant bottleneck in clinical trial execution, can be 
enhanced through AI systems that screen electronic health records to 
identify potentially eligible patients. These systems apply complex 
eligibility criteria to large patient databases, generating lists of candi
dates that research coordinators then contact to assess interest, verify 
eligibility through detailed review, and obtain informed consent [63].

Research evaluating human in the loop AI for clinical trial applica
tions has shown promising results. AI assisted patient recruitment sys
tems have been reported to reduce recruitment timelines by 30 to 50 
percent while identifying more eligible patients than traditional 
methods [64]. The human in the loop approach is critical in these 
contexts because final enrollment decisions must account for factors 
beyond electronic health record data, including patient preferences, 
social circumstances, comorbidities that may not be fully documented, 
and subjective clinical assessments that influence eligibility and trial 
suitability. Additionally, researchers must ensure that AI assisted 
recruitment does not inadvertently introduce selection biases or exclude 
underrepresented populations, requiring ongoing human oversight of 
recruitment patterns and proactive outreach to ensure diverse trial 
enrollment. Systematic monitoring of demographic representation in AI- 
assisted recruitment is essential to prevent algorithmic bias from 
perpetuating healthcare disparities [63,65].

5. Research data analysis and hypothesis generation

The analysis of complex healthcare datasets increasingly benefits 
from human in the loop AI approaches that combine algorithmic pattern 
recognition with researcher expertise. Modern healthcare research often 
involves analysis of high dimensional data including genomic se
quences, proteomic profiles, medical imaging datasets, and longitudinal 
electronic health records containing thousands of variables [1,28]. 
Traditional statistical approaches may struggle to identify complex in
teractions and nonlinear relationships within such data, while fully 
automated machine learning approaches may generate spurious asso
ciations or identify patterns that lack biological plausibility [43,66]. 
Human in the loop AI addresses these limitations by enabling re
searchers to guide algorithmic exploration, interpret identified patterns 
in biological and clinical contexts, and generate testable hypotheses that 
advance scientific understanding [66].

Applications of human in the loop AI in research data analysis span 
multiple domains. In genomics research, AI algorithms can analyze 
whole genome sequencing data to identify genetic variants associated 
with disease risk, while researchers evaluate these associations for bio
logical plausibility, validate findings through functional studies, and 
develop mechanistic hypotheses [67–69]. Recent advances include 
optimization-enabled deep learning approaches for disease detection 
from medical imaging data, where human-AI collaboration ensures 
biological validity of identified patterns while leveraging AI's pattern 
recognition capabilities [31]. In clinical outcomes research, machine 
learning models can identify patient subgroups with distinct treatment 
responses, which researchers then characterize clinically, investigate 
underlying mechanisms, and test through prospective studies 
[40,70,71]. In health services research, AI can detect patterns in 
healthcare utilization data that researchers examine to understand care 
delivery challenges and develop improvement interventions [1,20,72]. 
Throughout these applications, the human in the loop approach ensures 
that data driven discoveries are grounded in domain knowledge, sub
jected to appropriate validation, and translated into meaningful scien
tific advances rather than remaining as isolated algorithmic outputs.

6. Implementation frameworks and best practices

6.1. Human AI collaboration models

Successful implementation of human in the loop AI requires 
thoughtful design of human AI collaboration models that optimize the 
strengths of both humans and machines while mitigating their respec
tive limitations. Several collaboration frameworks have emerged from 
research and practice, each with distinct characteristics, optimal use 
contexts, and risk-stratification considerations [29,46,73]. Table 2
explicitly maps these collaboration models to real-world clinical 
implementations with guidance for appropriate deployment across risk- 
stratified contexts.

The verification model involves AI generating outputs that humans 
verify before implementation, commonly seen in diagnostic imaging 
where AI flags abnormalities for radiologist confirmation [37]. This 
model is optimally suited for high-risk diagnostic contexts (e.g., cancer 
screening, stroke detection, critical pathology) where false negatives 
carry severe consequences and human expertise is essential for final 
diagnostic determination. The verification model requires clear pro
tocols for human review, standardized verification workflows integrated 
into EHR systems, and mechanisms to track verification decisions for 
quality assurance and liability documentation [9,13].

The augmentation model features AI providing additional informa
tion or analysis to enhance human decision making, exemplified by 
clinical decision support systems that present risk scores alongside 
clinician assessments [46]. This model is appropriate for moderate-risk 
clinical decisions (e.g., emergency triage, medication dosing, discharge 
planning) where AI insights inform but do not determine clinical ac
tions. Implementation requires user-centered interface design that pre
sents AI outputs without cognitive overload, clear delineation of AI vs. 
human decision authority, and training protocols that emphasize critical 
evaluation of AI recommendations [44–46].

The active learning model creates iterative interaction where AI 
learns from human decisions to improve performance over time, used in 
literature screening where algorithms refine their criteria based on 
researcher selections [11,37]. This model excels in research contexts and 
low-to-moderate risk clinical applications (e.g., patient monitoring alert 
refinement, diagnostic screening prioritization) where continuous 
improvement is prioritized. Implementation requires robust feedback 
loop mechanisms, model retraining protocols, performance monitoring 
dashboards, and governance frameworks to ensure learning algorithms 
do not drift toward unintended behaviors [8,25].

The human in command model maintains humans as primary deci
sion makers with AI serving purely supportive roles, prevalent in critical 
care settings where physicians make final treatment decisions after 
considering AI generated predictions [73]. This model is essential for 
very high-risk decisions (e.g., ICU treatment escalation/de-escalation, 
surgical planning, end-of-life care) where liability, ethical complexity, 
and patient values necessitate physician authority. Implementation re
quires AI outputs presented as suggestions rather than directives, 
explicit documentation that humans retain decision authority, and lia
bility frameworks that clearly allocate responsibility to clinicians while 
acknowledging AI as a decision support tool [47–49].

Selection of appropriate collaboration models depends on multiple 
factors including clinical context, task complexity, risk level, regulatory 
requirements, and user preferences [74]. High risk clinical decisions 
typically require human in command or verification models to ensure 
adequate human oversight, while lower risk applications may effectively 
employ augmentation approaches. Task complexity influences optimal 
model selection, with highly complex tasks benefiting from augmenta
tion approaches that leverage AI analytical capabilities while preserving 
human judgment for nuanced interpretation. User experience and trust 
levels also shape collaboration model effectiveness, as clinicians who are 
skeptical of AI may prefer human in command models initially, poten
tially transitioning to augmentation approaches as trust develops 
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through positive experiences [10,29].

6.2. Training and change management

Effective implementation of human in the loop AI requires compre
hensive training programs that prepare healthcare professionals to work 
effectively with AI systems. Training needs span multiple domains 
including technical understanding of AI capabilities and limitations, 
practical skills for interpreting AI outputs and integrating them into 

workflows, critical thinking skills for evaluating AI recommendations, 
and awareness of potential biases and failure modes. Many healthcare 
professionals have limited formal training in AI, machine learning, or 
data science, creating knowledge gaps that must be addressed to enable 
effective human AI collaboration. Training programs should be tailored 
to different user groups, with clinicians requiring different content than 
researchers, informaticians, or administrators. Effective training 
curricula should incorporate: (1) foundational AI literacy covering ma
chine learning concepts and performance metrics, (2) domain-specific 

Table 2 
Human-AI collaboration models mapped to risk-stratified clinical contexts with implementation requirements.

Collaboration 
Model

Mechanism Real-World Clinical Examples Optimal Risk Context Implementation Requirements References

Verification 
Model

AI generates outputs; 
humans verify before 
action

Mammography: AI flags lesions → 
radiologist confirms; Pathology: AI 
detects abnormalities → pathologist 
validates

High-risk diagnostic (cancer 
screening, stroke detection, 
critical pathology)

EHR-integrated verification workflows; 
verification decision tracking; quality 
assurance protocols; liability 
documentation

[9,13,15,37]

Augmentation 
Model

AI provides analysis 
to enhance decisions; 
humans decide

Emergency triage: AI risk scores 
inform physician decisions; 
Medication dosing: AI suggests doses 
→ clinician adjusts

Moderate-risk decisions 
(triage, medication 
management, discharge 
planning)

User-centered interfaces; clear authority 
delineation; critical evaluation training; 
cognitive load management

[44–46,73]

Active Learning 
Model

Iterative AI 
refinement from 
human feedback

Remote monitoring: alerts refined by 
clinician responses; Literature 
screening: AI learns from researcher 
selections

Low-moderate risk; Research 
contexts (adaptive 
monitoring, screening 
prioritization)

Feedback loop mechanisms; retraining 
protocols; performance monitoring; 
governance for algorithm drift 
prevention

[8,11,25]

Human-in- 
Command 
Model

Humans primary 
decision-makers; AI 
purely supportive

ICU: AI sepsis predictions → 
intensivist decides treatment; 
Surgery: AI risk assessment → surgeon 
plans approach

Very high-risk (ICU, surgical, 
life-sustaining decisions, end- 
of-life care)

AI as suggestions not directives; explicit 
human authority documentation; clear 
liability frameworks; decision tracking

[47–49,73]

Note: Collaboration model selection should align with clinical risk level, regulatory requirements, organizational liability frameworks, and user acceptance. Multi- 
center implementations require standardized model selection criteria and EHR interoperability protocols to ensure consistent human oversight across sites.

Fig. 2. Overview of key technical, workflow, trust-related, ethical, and economic challenges associated with implementing human-in-the-loop AI in healthcare, and 
corresponding mitigation strategies enabled by human oversight. The figure links these mitigations to organizational and regulatory enablers, emphasizing that 
effective governance, user-centered design, training, and ethical oversight are essential to realizing the benefits of human-in-the-loop AI while minimizing risks 
related to bias, safety, privacy, and sustainability.
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application training focused on relevant clinical use cases, (3) hands-on 
simulation exercises in controlled environments, (4) competency 
assessment with proficiency requirements, and (5) ongoing continuing 
education as AI systems evolve [8,3676].

Change management processes are equally critical for successful 
human in the loop AI implementation. Introduction of AI systems often 
requires modifications to established workflows, role definitions, 
communication patterns, and decision-making processes, generating 
resistance if not managed thoughtfully [43]. Successful change man
agement strategies include: early stakeholder engagement to understand 
concerns and preferences, transparent communication about AI system 
capabilities and limitations, gradual implementation with pilot testing 
before full deployment, ongoing support and feedback mechanisms to 
address problems as they arise, celebration of successes to build positive 
momentum, and leadership support demonstrating institutional 
commitment [36]. Organizations that treat human in the loop AI 
implementation as sociotechnical interventions requiring attention to 
both technology and human factors achieve better outcomes than those 
focusing narrowly on technical deployment [43]. As shown in Fig. 2, the 
successful deployment of human-in-the-loop AI in healthcare requires 
addressing interrelated technical, workflow, trust, ethical, and eco
nomic challenges through targeted mitigation strategies, supported by 
robust organizational and regulatory structures.

Table 3 outlines the major implementation challenges of human-in- 
the-loop AI across technical, workflow, trust, ethical, regulatory, and 
sustainability dimensions, alongside corresponding evidence-based 
mitigation strategies and practical operationalization considerations.

7. Impact on clinical outcomes and healthcare quality

The impact of human in the loop AI on clinical outcomes and 
healthcare quality has been evaluated across multiple studies, with 
generally positive findings when HITL-AI is compared to both fully 
automated AI systems and traditional clinician-only approaches [26]. In 
diagnostic applications, human in the loop AI has demonstrated im
provements in diagnostic accuracy compared to both unassisted human 
interpretation and fully automated AI systems [26]. Evidence from 
radiology implementations indicates that radiologist-AI collaboration 
achieves higher sensitivity and specificity for abnormality detection 
than either radiologists or AI algorithms working independently [37]. 
This synergistic performance advantage stems from combining AI's su
perior pattern recognition in large-scale image analysis with radiolo
gists' contextual integration of clinical history, prior imaging, and subtle 
findings that may lack clear patterns [9,13,15].

Patient safety represents another domain where human in the loop 
AI has demonstrated positive impact. Clinical decision support systems 
that alert clinicians to potential medication errors, drug interactions, or 
deviations from evidence-based guidelines have been shown to reduce 
preventable adverse events [43]. The human in the loop approach is 
critical for these applications because automated alerts without human 
review often generate excessive false positives, leading to alert fatigue 
and alert override behaviors that undermine safety benefits [54,55]. 
Systems that use AI to intelligently filter alerts and prioritize those 
requiring attention achieve better safety outcomes while minimizing 
workflow disruption compared to threshold-based automated alerting 
[54]. Similarly, patient monitoring systems employing human in the 

Table 3 
Implementation challenges and solutions for human in the loop AI in healthcare with operationalization strategies.

Challenge 
Category

Specific Challenges Evidence-Based Solutions Operationalization Requirements References

Technical 
Integration

Interoperability with existing EHR 
systems; data quality issues; computational 
resource requirements; lack of 
standardized APIs

Adopt HL7 FHIR and SMART on FHIR 
standards; implement robust data 
governance frameworks; utilize cloud 
computing infrastructure; establish data 
quality monitoring protocols

EHR vendor collaboration; API 
development resources; cloud 
infrastructure investment; data quality 
dashboards; interoperability testing 
protocols

[86]

Workflow 
Integration

Disruption to established clinical 
workflows; increased cognitive load on 
clinicians; time constraints limiting AI 
interaction; inadequate workflow analysis 
pre-implementation

Conduct comprehensive workflow analysis 
pre-implementation; design user-centered 
interfaces minimizing cognitive burden; 
provide adequate training and ongoing 
support; implement phased rollout with 
workflow optimization

Workflow mapping tools; human factors 
engineering; time-motion studies; iterative 
interface refinement; clinician feedback 
mechanisms

[87]

Trust and 
Acceptance

Clinician skepticism about AI capabilities; 
lack of algorithmic transparency; concerns 
about professional autonomy; liability 
concerns; automation bias risks

Implement explainable AI (XAI) 
approaches providing interpretable 
outputs; demonstrate performance through 
rigorous pilot studies; clarify liability 
frameworks with legal counsel; establish 
trust calibration training

XAI tool integration; pilot study protocols 
with comparative performance data; 
institutional liability policies; trust 
assessment surveys; calibration training 
programs

[88]

Ethical and 
Regulatory

Algorithmic bias perpetuating health 
disparities; patient privacy and data 
security concerns; unclear regulatory 
pathways for adaptive AI; inadequate 
frameworks for continuously learning 
systems

Conduct systematic bias audits across 
demographic groups; implement privacy- 
preserving techniques (federated learning, 
differential privacy); engage regulatory 
bodies early in development; establish 
governance for adaptive systems

Bias audit protocols; diverse training data 
curation; privacy impact assessments; 
regulatory consultation processes; adaptive 
system governance committees

[30,32,53,77,82]

Sustainability 
and Scalability

High initial implementation costs; ongoing 
maintenance and model updating 
requirements; model performance 
degradation over time; scalability 
challenges for multi-center deployment

Develop business cases demonstrating 
value through reduced complications/ 
costs; establish model monitoring and 
retraining protocols; plan for continuous 
updates; create multi-center governance 
frameworks

ROI analysis tools; performance monitoring 
dashboards; retraining budgets; multi- 
center coordination mechanisms; 
scalability assessment frameworks

[85]

Data Security Vulnerability to cyberattacks during EHR- 
AI data exchange; need for quantum-safe 
encryption; protection of sensitive health 
data in AI training/operation

Implement quantum cryptography with 
blockchain for EHR security; deploy 
attribute-based access control for PHR 
protection; utilize advanced encryption for 
data transmission; conduct regular security 
audits

Quantum-safe cryptographic infrastructure; 
blockchain integration for data integrity; 
access control systems; security monitoring 
protocols; incident response plans

[30,32]

Note: Operationalization of HITL-AI requires coordinated attention to technical, workflow, trust, ethical, regulatory, sustainability, and security dimensions. Multi- 
center implementations require additional coordination mechanisms, standardized protocols, and governance frameworks to ensure consistent implementation quality 
across sites.
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loop AI have been associated with earlier detection of clinical deterio
ration, more timely interventions, and reduced mortality rates in hos
pital settings [8,27]. The combination of AI vigilance over continuous 
data streams and human clinical judgment about intervention appro
priateness appears optimal for patient safety.

Healthcare efficiency and resource utilization also benefit from 
human in the loop AI implementation. Radiology departments using AI 
assistance have reported increased throughput and reduced interpreta
tion times without compromising diagnostic quality [37]. Clinical de
cision support systems have been shown to improve adherence to cost 
effective care pathways and reduce unnecessary testing [19,75]. Remote 
patient monitoring programs leveraging human in the loop AI enable 
care teams to manage larger patient panels while focusing attention on 
those most likely to benefit from intervention [20,21]. These efficiency 
gains have potential to address healthcare workforce shortages and 
improve access to care. However, efficiency benefits must be balanced 
against implementation costs, which can be substantial including initial 
development/licensing, EHR integration, training, and ongoing main
tenance. Successful implementations typically demonstrate clear value 
propositions through reduced complications, decreased length of stay, 
improved chronic disease management, or enhanced diagnostic accu
racy that justify initial and ongoing investments in AI systems and 
human oversight infrastructure [20].

8. Ethical considerations and regulatory landscape

8.1. Ethical principles and considerations

Ethical considerations surrounding human in the loop AI in health
care are multifaceted and require careful attention. Algorithmic bias 
represents a significant concern, as AI systems trained on historical data 
may perpetuate or amplify existing healthcare disparities if training data 
inadequately represent diverse populations or reflect biased clinical 
practices [65,76]. Human in the loop approaches partially mitigate this 
risk by enabling clinicians to identify and correct biased recommenda
tions, but systematic bias monitoring and mitigation strategies remain 
essential [76]. Transparency and explainability constitute another 
ethical imperative, as patients and clinicians have legitimate interests in 
understanding how AI systems generate recommendations that influ
ence healthcare decisions [53,77,78]. The black box nature of many 
machine learning algorithms, particularly deep neural networks, creates 
challenges for explainability, though recent advances in interpretable AI 
and explainable AI techniques offer promising approaches for making 
algorithmic reasoning more transparent [79].

Informed consent and patient autonomy require careful consider
ation in human in the loop AI contexts. Patients should be informed 
when AI systems contribute to their care and should have opportunities 
to understand how these systems work and to express preferences about 
their use [80]. However, the complexity of modern AI systems makes 
truly informed consent challenging to achieve, and healthcare organi
zations must balance detailed technical explanations against the need 
for understandable communication. Privacy and data security represent 
critical ethical concerns, particularly as HITL-AI systems require bidi
rectional data flow between AI algorithms and human operators. Beyond 
traditional encryption approaches, emerging quantum cryptographic 
techniques integrated with blockchain technology offer enhanced se
curity for electronic health record exchange, achieving high data pri
vacy rates and network security while enabling rapid encoding/ 
decoding for clinical workflows [30,32]. Attribute-based access control 
mechanisms provide additional protection for personal health records in 
cloud environments, ensuring that only authorized clinicians can access 
patient data flagged by AI systems [32]. Human in the loop approaches 
involve human access to patient data flagged by algorithms, creating 
additional privacy considerations that must be managed through 
appropriate data governance, access controls, and privacy preserving 
technologies [13]. Liability and accountability questions arise when AI 

systems contribute to adverse outcomes, with ongoing debates about 
whether responsibility resides with clinicians who accept AI recom
mendations, healthcare organizations that deploy systems, AI de
velopers, or some combination thereof. This liability allocation 
challenge is particularly acute when clinicians override AI recommen
dations, if the override prevents harm, liability is clear, but if overriding 
a correct AI recommendation leads to adverse outcomes, liability 
frameworks remain ambiguous [81].

Table 4 presents key ethical principles governing human-in-the-loop 
AI in healthcare, including beneficence, justice, autonomy, trans
parency, privacy, and liability, with associated considerations and 
implementation strategies addressing both established requirements 
and emerging challenges.

8.2. Regulatory landscape and gaps

The regulatory landscape for human in the loop AI in healthcare 
continues to evolve as regulatory agencies worldwide develop frame
works for AI oversight. In the United States, the Food and Drug 
Administration has established pathways for regulating AI-based medi
cal devices, with different levels of scrutiny depending on risk classifi
cation and degree of human involvement in decision making [53,77,82]. 
Human in the loop systems that provide decision support rather than 
autonomous recommendations may face less stringent regulatory re
quirements than fully automated systems, though this distinction re
mains under active discussion. In Europe, the Medical Device Regulation 
provides the regulatory framework for AI systems used in healthcare, 
with recent proposals for specific AI regulation adding additional re
quirements around transparency, accountability, and human oversight 
[83]. These regulatory developments generally favor human in the loop 
approaches by requiring meaningful human control over high-risk AI 
applications, though specific requirements continue to evolve as regu
lators gain experience with diverse AI systems in healthcare contexts.

However, critical regulatory gaps persist, particularly for adaptive 
HITL systems that evolve through continuous learning from human 
feedback. Current regulatory frameworks generally assume static AI 
models that remain unchanged post-deployment, yet active learning 
HITL systems inherently modify their algorithms based on clinician 
decisions, patient outcomes, and operational feedback [84]. This creates 
regulatory uncertainty: (1) When does algorithm modification require 
re-submission for regulatory approval? (2) How should regulators assess 
safety and efficacy of systems that evolve over time? (3) What gover
nance mechanisms ensure adaptive systems do not drift toward unsafe 
or biased behaviors? (4) How should post-market surveillance function 
for continuously learning systems where performance may change be
tween assessments? These questions remain inadequately addressed in 
current regulatory frameworks, creating barriers to deployment of next- 
generation adaptive HITL-AI systems and requiring urgent regulatory 
modernization [82,84].

9. Challenges and limitations

Despite the promise of human in the loop AI in healthcare, numerous 
challenges limit its widespread adoption and effectiveness. Technical 
challenges include integration with existing health information tech
nology systems, which often lack standardized application programming 
interfaces or data formats necessary for seamless AI integration. Data 
quality issues pose additional obstacles, as AI systems require high 
quality, complete, and accurately labeled data for optimal performance, 
yet healthcare data are often incomplete, inconsistent, or contain errors. 
Computational resource requirements for training and deploying so
phisticated AI models can be substantial, requiring investments in 
computing infrastructure that may be prohibitive for smaller healthcare 
organizations. Model maintenance and updating present ongoing chal
lenges, as AI systems may require retraining as patient populations 
change, medical knowledge evolves, or data distributions shift, 

D.B. Olawade et al.                                                                                                                                                                                                                             International Journal of Medical Informatics 213 (2026) 106362 

9 



necessitating continuous investment in model monitoring and 
improvement.

Workflow integration challenges represent significant barriers to 
successful human in the loop AI implementation. Healthcare workflows 
are complex, context dependent, and often resistant to change, making 
introduction of AI systems disruptive if not carefully managed. The 
cognitive load imposed by AI systems can be substantial, as clinicians 
must not only perform their traditional tasks but also review AI outputs, 
assess their validity, and decide whether to accept, modify, or reject 
recommendations. Time constraints in busy clinical environments limit 
the attention healthcare professionals can devote to AI interaction, 
potentially leading to superficial engagement with AI outputs or re
flexive acceptance without adequate critical evaluation. Alert fatigue 
remains problematic even in human in the loop systems, as poorly 
calibrated AI may generate excessive alerts that clinicians begin to 
ignore, undermining the intended safety and quality benefits.

Trust and acceptance challenges affect human in the loop AI adop
tion and effectiveness. Some clinicians express skepticism about AI ca
pabilities, concerned about algorithmic errors, liability implications, or 
threats to professional autonomy. Lack of transparency in many AI 
systems exacerbates trust issues, as clinicians struggle to understand 
how systems generate recommendations and therefore have difficulty 
assessing when to trust AI outputs. Conversely, automation bias, 
wherein users over rely on automated recommendations without 
adequate critical evaluation, poses risks if clinicians develop excessive 
trust in AI systems and fail to identify erroneous outputs. Building 
appropriate trust, neither excessive skepticism nor blind acceptance, 
requires explainable AI designs, transparent communication about sys
tem performance, opportunities for users to develop experience with 

systems, and organizational cultures that support critical engagement 
with AI recommendations.

Economic and sustainability challenges also constrain human in the 
loop AI implementation. Initial costs for AI system development or 
licensing, validation studies, EHR integration, infrastructure upgrades, 
and comprehensive training can be substantial, often requiring signifi
cant capital investment before benefits materialize. Ongoing costs for 
system maintenance, model retraining, technical support, and human 
oversight add to the total cost of ownership. Demonstrating return on 
investment can be challenging, particularly when benefits accrue over 
long time horizons or manifest as avoided adverse events rather than 
measurable cost savings. Small healthcare organizations and resource 
limited settings may lack the financial resources, technical expertise, or 
supporting infrastructure necessary for successful AI implementation, 
potentially exacerbating healthcare disparities between well-resourced 
and under resourced settings [33]. Sustainability concerns arise as AI 
systems require ongoing maintenance and updating to remain effective, 
yet funding and attention may wane after initial implementation 
enthusiasm subsides [85].

10. Future directions and research priorities

Future research and development in human in the loop AI for 
healthcare should address several critical priorities. Standardized 
implementation frameworks are needed to guide healthcare organiza
tions in deploying human in the loop AI systems effectively. Current 
implementations often reflect ad hoc approaches developed locally 
without benefit of evidence based best practices or lessons learned from 
other implementations. Development of standardized frameworks 

Table 4 
Key ethical principles and considerations for human in the loop AI in healthcare.

Ethical Principle Key Considerations Implementation Strategies Emerging Challenges References

Beneficence and 
Nonmaleficence

Ensure AI systems improve patient 
outcomes without causing harm 
through errors or unintended 
consequences

Rigorous validation before deployment; 
continuous performance monitoring; clear 
escalation pathways for concerning outputs; 
adverse event reporting systems

Balancing rapid AI evolution with adequate 
safety testing; managing harm from AI-human 
interaction failures

[43,82]

Justice and Equity Prevent algorithmic bias; ensure 
equitable access to AI benefits across 
diverse patient populations

Use diverse training data representing all 
demographic groups; conduct systematic bias 
audits; monitor performance across 
populations; provide human oversight to 
correct biased outputs; proactive outreach to 
underserved communities

Addressing intersectional bias across multiple 
demographic dimensions; ensuring equitable 
access to HITL-AI benefits in resource-limited 
settings

[65,76]

Autonomy and 
Informed 
Consent

Respect patient preferences; provide 
information about AI involvement in 
their care

Develop clear, accessible communication 
about AI use; allow patient choice in AI 
involvement when feasible; ensure human 
clinicians remain responsible for final 
decisions; document patient consent

Achieving truly informed consent given AI 
complexity; respecting patient autonomy when 
declining AI involvement may limit care quality

[80,81]

Transparency and 
Explainability

Make AI reasoning understandable 
to clinicians and patients to enable 
appropriate trust and oversight

Implement explainable AI (XAI) techniques 
providing interpretable outputs; provide clear 
documentation of system capabilities and 
limitations; train users in AI interpretation; 
maintain algorithmic transparency

Balancing model complexity/performance with 
interpretability; explaining adaptive algorithms 
that evolve over time

[53,77,78,82]

Privacy and 
Confidentiality

Protect patient data in AI training/ 
operation; secure EHR-AI data 
exchange

Apply strong data governance; use privacy- 
preserving technologies (federated learning, 
differential privacy); implement role-based 
access controls; conduct privacy impact 
assessments; deploy quantum cryptography 
with blockchain for EHR security; implement 
attribute-based access control for PHR cloud 
storage

Securing data against quantum computing 
threats; protecting privacy in multi-center 
federated learning; managing privacy in 
continuously learning adaptive systems

[30,32,78,82]

Liability and 
Accountability

Clarify responsibility when AI 
contributes to clinical decisions; 
address liability for clinician 
overrides of AI recommendations

Establish institutional liability frameworks 
explicitly allocating responsibility; document 
AI role as decision support not autonomous 
decision-maker; maintain audit trails of AI 
recommendations and clinician actions; obtain 
malpractice insurance coverage addressing AI- 
assisted care; create review processes for 
adverse events involving AI

Ambiguous liability when clinicians override 
correct AI recommendations; responsibility 
allocation for harm from AI-human 
collaboration failures; liability gaps for 
continuously learning adaptive systems

[81,88]

Note: Ethical implementation of HITL-AI requires proactive attention to all principles, with particular emphasis on emerging challenges around liability allocation, 
quantum-safe privacy protection, and oversight of adaptive learning systems.
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covering assessment of organizational readiness, selection of appro
priate collaboration models matched to risk contexts, workflow analysis 
and redesign, EHR integration protocols, training program develop
ment, change management strategies, performance monitoring ap
proaches, and continuous improvement processes would accelerate 
adoption and improve implementation success rates [29,34]. These 
frameworks should be flexible enough to accommodate diverse health
care settings and use cases while providing sufficient structure to pre
vent common implementation pitfalls. Multi-center and cross-country 
comparative studies are particularly needed to identify which imple
mentation strategies generalize across contexts and which require local 
adaptation based on healthcare system structure, regulatory environ
ment, and organizational culture [33].

Evaluation methodologies for human in the loop AI require further 
development and refinement. Traditional approaches to evaluating 
medical technologies may not adequately capture the unique charac
teristics of human AI collaboration, which involves complex interactions 
between algorithmic performance, human decision making, and orga
nizational contexts. Evaluation frameworks should assess not only 
technical performance metrics such as sensitivity and specificity but also 
measures of human AI collaboration quality, clinical workflow inte
gration, user acceptance and satisfaction, impact on clinical outcomes, 
cost effectiveness, equity implications, and unintended consequences 
[21,43]. Longitudinal studies examining sustained performance and 
outcomes over extended time periods are particularly needed, as many 
current evaluations focus on short term pilot implementations that may 
not reflect long term effectiveness or sustainability.

Explainable and interpretable AI represents a critical research fron
tier for human in the loop applications. Current black box AI models, 
while often achieving high predictive accuracy, provide limited insight 
into their reasoning processes, making it difficult for clinicians to un
derstand why systems generate particular recommendations [70]. Ad
vances in explainable AI (XAI) techniques, including attention 
mechanisms, saliency maps, counterfactual explanations, and inherently 
interpretable models, show promise for making AI reasoning more 
transparent [79]. However, further research is needed to determine 
which explanation approaches are most useful for different clinical 
contexts, how explanations should be presented to optimize compre
hension and appropriate trust, and whether enhanced explainability 
improves clinical decision making and patient outcomes. The optimal 
balance between model complexity and interpretability remains an open 
question requiring empirical investigation [74].

Bias detection and mitigation strategies require ongoing research 
attention to ensure human in the loop AI systems promote rather than 
undermine healthcare equity. While human oversight can identify and 
correct individual instances of biased AI outputs, systematic approaches 
to bias detection, monitoring, and mitigation are necessary to address 
bias at scale [76]. Research should examine how different sources of 
bias, including biased training data, biased algorithm design choices, 
and biased human oversight, interact to influence overall system fair
ness. Development and validation of bias auditing tools, fairness aware 
machine learning approaches, and diverse dataset curation strategies 
represent important research priorities [65]. Additionally, studies 
examining how human in the loop approaches compare to fully auto
mated systems in terms of bias propagation and mitigation would inform 
optimal design choices for promoting equity.

Optimal human AI interaction designs require deeper investigation 
through human factors research and user centered design studies. 
Questions about how to present AI outputs to maximize appropriate 
utilization, how much explanation to provide, how to calibrate user 
trust, and how to design interfaces that support rather than impede 
clinical workflows remain incompletely answered. Research employing 
methods from human computer interaction, cognitive psychology, and 
clinical informatics can provide insights into effective interaction de
signs. Comparative studies evaluating different interface designs, 
interaction modalities, and collaboration frameworks in actual clinical 

settings would generate valuable evidence to guide system design [74]. 
Attention to diverse user needs and preferences is essential, as optimal 
designs may vary across clinical specialties, experience levels, and cul
tural contexts.

Post-quantum cryptographic integration represents an emerging 
priority for HITL-AI security. As quantum computing capabilities 
advance, current encryption methods protecting healthcare data ex
change between AI systems and human operators face obsolescence 
[30]. Integration of quantum-resistant cryptographic algorithms with 
blockchain technology for EHR security, combined with federated 
learning approaches that enable model training without centralizing 
sensitive data, will be essential for maintaining patient privacy and data 
security in next-generation HITL-AI systems [30,32]. Research priorities 
include development and validation of quantum-safe cryptographic 
protocols optimized for clinical workflow requirements, evaluation of 
computational overhead introduced by advanced encryption, and 
establishment of standards for quantum-resistant healthcare AI security.

AI-driven adaptive HITL frameworks represent a transformative 
frontier where HITL systems not only leverage human feedback to 
improve algorithms but also adapt collaboration strategies based on 
context, user expertise, and task characteristics [10,29]. For instance, 
adaptive systems might dynamically adjust the collaboration model 
(verification vs. augmentation vs. human-in-command) based on clini
cian experience level, case complexity, or system confidence in its rec
ommendations. Research priorities include: (1) development of meta- 
learning algorithms that optimize collaboration strategies across con
texts, (2) establishment of governance frameworks ensuring adaptive 
systems evolve safely without regulatory oversight gaps, (3) creation of 
performance monitoring approaches for systems with dynamic collab
oration models, and (4) investigation of how adaptive HITL systems 
impact clinician skill development and professional autonomy over time 
[29].

Scalability considerations for multi-center and international HITL-AI 
deployment require systematic investigation. While single-site imple
mentations provide proof-of-concept, widespread healthcare trans
formation requires scalability across diverse settings with varying EHR 
systems, regulatory environments, clinical workflows, and organiza
tional cultures [33]. Research priorities include: (1) development of 
interoperability standards enabling HITL-AI portability across EHR 
platforms, (2) establishment of federated learning frameworks enabling 
model training across institutions without compromising patient pri
vacy, (3) investigation of how HITL-AI performance generalizes across 
geographic regions with different patient populations and clinical 
practice patterns, (4) creation of governance models for multi- 
institutional HITL-AI systems addressing questions of model owner
ship, liability allocation, and decision authority, and (5) evaluation of 
implementation strategies that successfully navigate diverse regulatory 
environments and cultural contexts [30,63]. Multi-center implementa
tions offer opportunities to aggregate larger datasets for model training 
while requiring careful attention to data harmonization, privacy pro
tection, and equitable benefit distribution across participating 
institutions.

11. Limitations of the review

This narrative review has several limitations that warrant acknowl
edgment. As a narrative rather than systematic review, this study does 
not follow PRISMA guidelines, does not employ standardized data 
extraction tables, does not provide quantitative synthesis or meta- 
analysis of outcomes, does not include performance evaluation bench
marking, and does not present a PRISMA flow diagram. These meth
odological choices reflect the review's objectives of conceptual synthesis 
and actionable insight generation across highly heterogeneous HITL-AI 
implementations rather than quantitative effect size estimation. The 
search strategy and study selection processes, while comprehensive, 
were not exhaustive and may have missed relevant studies. The lack of 
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standardized quality assessment and risk of bias evaluation common in 
systematic reviews means that the included studies vary in methodo
logical rigor, and findings should be interpreted accordingly. The 
rapidly evolving nature of AI technology means that some included 
studies may already be outdated, and emerging developments may not 
be fully captured. The review predominantly focuses on literature from 
high income countries with advanced health information technology 
infrastructure, potentially limiting generalizability to resource limited 
settings with different technological capabilities and healthcare delivery 
models.

Publication bias may affect the review findings, as studies demon
strating positive results are more likely to be published than those 
showing neutral or negative findings. Many implementations of human 
in the loop AI occur in proprietary commercial settings and may not be 
publicly documented in peer reviewed literature, creating a gap between 
research evidence and real-world practice. The heterogeneity of AI 
systems, clinical applications, implementation contexts, and evaluation 
methodologies across studies makes direct comparisons challenging and 
limits the ability to draw definitive conclusions about optimal ap
proaches. Long term outcomes and sustainability of human in the loop 
AI implementations remain understudied, as most published evaluations 
examine relatively short time horizons. These limitations suggest that 
findings should be interpreted cautiously and that ongoing research is 
essential to build a more comprehensive and robust evidence base.

12. Conclusion

Human in the loop artificial intelligence represents a pragmatic and 
ethically sound approach to integrating AI into healthcare delivery and 
research. By combining the pattern recognition and data processing 
capabilities of machine learning with the contextual understanding, 
ethical reasoning, and clinical judgment of healthcare professionals, 
human in the loop systems can enhance healthcare quality, safety, and 
efficiency while mitigating risks associated with fully automated AI. 
Evidence from diverse applications including diagnostic imaging, clin
ical decision support, patient monitoring, and healthcare research 
demonstrates meaningful benefits including improved diagnostic accu
racy, reduced medical errors, enhanced patient safety, and accelerated 
research processes. However, successful implementation requires care
ful attention to technical integration, workflow design, training and 
change management, ethical considerations, and regulatory 
compliance.

Significant challenges persist in realizing the full potential of human 
in the loop AI in healthcare. Technical hurdles including system inte
gration, data quality, and computational requirements must be 
addressed through investments in health information technology infra
structure and data governance. Workflow integration challenges require 
user centered design approaches that minimize cognitive load and align 
with clinical processes. Building appropriate trust and acceptance ne
cessitates transparent communication about AI capabilities and limita
tions, explainable AI designs, and organizational cultures that support 
critical engagement with AI recommendations. Economic constraints 
and sustainability concerns must be addressed through clear value 
demonstrations and sustainable funding models. Ethical and regulatory 
considerations around bias, privacy, accountability, and transparency 
require ongoing attention from healthcare organizations, technology 
developers, policymakers, and regulatory bodies.

Future progress in human in the loop AI for healthcare depends on 
coordinated efforts across multiple domains. Researchers must develop 
standardized implementation frameworks, refined evaluation method
ologies, more explainable AI techniques, effective bias mitigation stra
tegies, optimized human AI interaction designs, quantum-safe 
cryptographic security protocols, AI-driven adaptive HITL architectures, 
and multi-center scalability frameworks. Healthcare organizations must 
invest in supporting infrastructure, training programs, and change 
management processes necessary for successful implementation. 

Technology developers must prioritize explainability, fairness, user 
centered design, and quantum-resistant security in AI system develop
ment. Policymakers and regulators must establish clear guidelines that 
promote innovation while ensuring patient safety and ethical AI use, 
particularly addressing regulatory gaps for adaptive learning systems. 
Patients and the public must be engaged in conversations about AI in 
healthcare to ensure that implementations reflect societal values and 
priorities. Through these collective efforts, human in the loop AI can 
fulfill its promise of transforming healthcare for the benefit of patients, 
clinicians, researchers, and health systems.
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