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Abstract

Healthcare systems face increasing pressure from an aging population, rising rates of chronic disease and
comorbidity, workforce shortages, clinician burnout, escalating care costs and fragmented digital
infrastructure. Artificial intelligence (Al) has emerged as a transformative enabler to support descriptive,
diagnostic, predictive, and prognostic big data analytics for personalized treatment planning, risk
stratification, and longitudinal patient monitoring. However, the current Al paradigm is fragmented across
clinical domains and is constrained by limited interoperability, insufficient external validation, algorithm
opacity, and demographic bias. Governance and regulatory frameworks lag behind technological
advancement, impeding Al adoption and eroding stakeholder trust. This narrative review uses a five-pillar
framework for Al-enabled precision healthcare composed of (1) multimodal Al that integrates heterogeneous
data sources; (2) explainable Al to improve interpretability, clinical accountability, and regulatory
transparency; (3) affective computing and human-centered Al to create a therapeutic alliance with patients;
(4) privacy-preserving infrastructures including federated learning (FL), differential privacy, and blockchain-
enabled auditability to secure interinstitutional collaboration; and (5) adaptive governance systems for
equitable, ethical, and sustainable deployment. Peer-reviewed scientific advances published between 2018
and 2026 are examined. The authors in this review argue that responsible and trustworthy Al-enabled
precision healthcare should transition from isolated predictive models to complex socio-technical systems.
Through the integration of these socio-technical systems into clinical workflows using adaptive ethical
governance and privacy-preserving collaborative infrastructures, clinical reasoning and patient-centered
care can be improved.

Keywords: Multimodal artificial intelligence (MAI), explainable Al (XAl), federated learning (FL),
precision healthcare, human-centered Al, affective computing, adaptive governance

Introduction social determinants of health.

Many hospitals operate under resource
constraints, with outdated legacy infrastructure
and persistent clinician shortages. These

In the twenty-first century, the prevalence of
chronic illnesses and complex comorbidities has
increased significantly, impacting how healthcare ) , i
systems operate. In the United States alone, the challenges contribute to sub-optlm_al patient care,
population aged 65 years and older is projected workforce burnout, and escalating healthcare

to increase by 40% between 2022 to 2050, thus costs, yvhich are projected to reach $47 trillion
revealing the paramount need to provide worldwide by 2030 (Hacker, 2024; Jones &

continuous monitoring and individualized care Dolsten, 2024; Sipos et al., 2024). Moreover,
management (Jones & Dolsten, 2024). Cancer, emergency department (ED) overcrowding is a
cardiovascular diseases, neurodegenerative widespread phenomenon that dampens the
disorders, mental health conditions, and diabetes ability to provide quality of care in a timely manner

continue to be major chronic diseases (Sartini et al, 2022). The increased
significantly contributing to morbidity and documentation requirements, fragmented health

mortality worldwide, straining healthcare information systems, and growing volumes of
infrastructure  (Hacker, 2024).  Treatment patlent_—generated data} .have intensified the
strategies are shifting from generalized and operational burden of clinical workflows.

population-based toward patient-specific
approaches. Precision healthcare incorporates
multidimensional, biological, behavioral,
environmental, and clinical information to capture
the heterogeneity and complex interactions
among genetic, physiological, psychological, and

In this context, Artificial Intelligence (Al) has
emerged as a transformative enabler of precision
healthcare, supporting descriptive, diagnostic,
predictive, and prognostic big data analytics to
improve patient outcomes, care experience, and
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healthcare cost reduction (Bajwa et al., 2021).
Innovation across several domains has
transformed translational research and has made
healthcare more sustainable, efficient, and
accessible for patients. 3D printing has enabled
the creation of customized prosthetics, implants,
and anatomical models to improve individualized
therapy (Thacharodi et al., 2024). Telemedicine
and remote patient monitoring systems such as
wearable technology and the Internet of Medical
Things (IoT) have made healthcare more
accessible, especially in underserved areas, and
facilitate real-time patient monitoring for
preventive, personalized, and timely care.
However, clinicians need support to interpret the
vast and complex amount of model outputs
generated (Thacharodi et al., 2024). Emerging
technologies such as digital twins ranging from
cellular to whole body system models,
longitudinal risk forecasting, and adaptive
monitoring systems provide opportunities for
reactive medicine to transform into proactive,
predictive,  personalized, optimized, and
continuously learning healthcare ecosystems
(Khoshfekr Rudsari et al., 2025). Effective and
efficient disease management will require a
significant investment in scalable and innovative
technological infrastructure, precision healthcare
approaches that integrate longitudinal data
streams, pharmaceutical interventions, and
prevention strategies (Hacker, 2024).

Machine learning (ML) and deep learning
(DL) are key drivers of Al-driven clinical
transformation, demonstrating high performance
in addressing systemic healthcare inefficiencies.
Their applications span diverse clinical domains:
radiology, pathology, ophthalmology, oncology,
sepsis prediction, cardiovascular monitoring,
emergency triage, and clinical decision support
(Bajwa et al.,, 2021). A significant amount of
research has focused on unimodal and single-
disease prediction rather than integrating data
from multiple modalities across time, which would
allow holistic and dynamic patient management.
Affective computing and emotionally-aware
conversational systems have been used to model
emotional context, empathy, and communication
style to support global mental health needs,
virtual care, and increase patient engagement,
but many models have yet to create a therapeutic
alliance with the patient (Schlicher et al., 2025).

Despite advances in the field and high predictive
perfor mance, t he
algorithm opacity remains a major challenge in
understanding how algorithmic predictions are
generated and whether such predictions are
plausible biologically and clinically relevant
(Mahajan & Helbing, 2026). Explainable artificial
intelligence (XAIl) techniques aim to improve
interpretability and clinician trust; however, the
explanations are often post hoc approximations
that should progress into clinical integration for
true mechanistic understanding and useful
clinical decision support (K. Zhang et al., 2026).

Bias can arise at different stages in the Al
lifecycle: in data features and labels, model
development and evaluation, deployment, and
publication. Biases include small sample size,
data missingness, underrepresentativeness,
inconsistent annotation practices, variability in
data acquisition practices, measurement error,
class imbalance, and cognitive and algorithmic
bias. When left unaddressed, bias can result in
substandard clinical decisions that perpetuate
health disparities and limit generalizability (Cross
et al., 2024). The current Al paradigm should be
reoriented from short-term optimization toward
systemic resilience, with stakeholder
participatory design used to foster a symbiotic
relationship between clinicians, patients, and Al-
driven models.

Al adoption has been uneven across
countries and business sectors, reaching
approximately 14% by 2024 (since the launch of
generative Al in late 2022) in large firms of the
EU27 economies and countries from the
Organization of Economic Co-operation and
Development (OECD countries) (Kergroach &
Héritier, 2024). The USA is the frontrunner in Al
adoption, closely followed by China, due to strong
core Al enablers including digital infrastructure,
global supercomputing power, private
investments, R&D, and upskilled workforce
(Haag, 2025). Advanced foreign economies (e.g.,
EU, UK, Japan, and Canada) experience Al
implementation challenges due to regulatory
fragmentation and infrastructural constraints
despite evolving governance. Regulatory and
governance models lag behind technological
advances. The European Union (EU) Al Act of
2024 has set the standard in responsible Al
governance along with the FDA Good Machine
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Learning Practice (GMLP), the European Health
Data Space (EHDS), the Product Liability
Directive (PLD), international projects (e.g.,
AlCare@EU, SHAIPED, EU4Health), and global
partners (e.g., WHO Europe, OECD, G7, G20)
(Aboy et al., 2024; European Commission, 2025).
Enforceability of policies, interoperability,
transparency, fairness, accountability, and
international harmonization remain challenging.
Traditional centralized systems are prone to data
breaches and single points of failure, whereas
Blockchain  Federated Learning (BCFL)
frameworks provide an alternative for
decentralized trust, incentive-driven participation,
and privacy-enhancing infrastructures showing
great potential in supporting precision healthcare,
global health data collaboration, and large-scale
Al deployment (Wang et al., 2026).

Methods and Materials

This narrative review provided quantitative
tabular evidence mapping for a comprehensive
analysis of the Al-enabled developments in
precision healthcare, aggregating conceptual,
technical, clinical, ethical and governance-related
literature to identify recurring patterns, trade-offs,
and gaps in research literature. The review was
organized using a socio-technical approach
around three research questions that examine
multimodal and explainable Al, human-centered
Al systems, privacy-preserving infrastructures,
and adaptive governance to enable international
interoperability and regulatory compliance.
Literature search was conducted across multiple
interdisciplinary databases including ProQuest
Central, PubMed, IEEE Xplore, and EBSCO.
Literature searches used a combination of

This review is guided by three research keywor ds including Amul ti mod
guestions: healthcareo, Afexpl ainabl e
computingocenfituman Al o0, nfed

RQ1: How do multimodal and explainable Al |l earningopredemrivi aagy Al 0, gl

systems improve predictive performance,
interpretability, and clinical utility in precision
healthcare?

RQ2: How can affective computing and
human-centered Al improve patient-centered
care, clinician interaction, trust, communication,
and healthcare workflow integration?

RQ3: How do federated learning (FL) and
adaptive governance frameworks support
privacy-preserving collaboration, accountability,
equity, interoperability, and  sustainable
implementation across international healthcare
systems?

The authors propose to understand Al-
enabled precision healthcare as a complex socio-
technical system that integrates a Five-Pillar
Framework that goes beyond isolated technical
capability and includes (1) multimodal Al, (2)
explainable Al, (3) affective computing, (4)
privacy-preserving infrastructures, and (5)
adaptive governance systems and institutional
stewardship. Additionally, the authors evaluate
the five-pillar interactions, trade-offs, and
translational  implications for  responsible,
equitable, patient-centered and continuously
learning real-world clinical intelligence
ecosystems.

national Al  regulatory  frameworks or

governanceoare Ahklal t hegul ati o

fadaptive
supporto.

governanceo,

Studies were eligible for inclusion if they
addressed at least one of the five pillars
discussed in this review, were relevant to
healthcare, included enough methodological
detail for comparative analysis, were peer-
reviewed sources published in English primarily
between 2018 and 2026 to capture the most
recent advances in our topic. A few unimodal
studies were added when they represented
domain benchmarks in precision healthcare
relevant to Al robustness and clinical integration.
Seminal theoretical and regulatory sources were
added when contextualizing foundational
concepts in the areas of technology, ethics,
regulatory frameworks, and governance. Studies
were excluded if they were unrelated to
healthcare applications or lacked relevance to
addressing our research questions, duplicated
findings across studies without substantial added
value, lacked methodological transparency, or
were not reliable sources of information with
adequate verification.

The analytical framework in this review was
guided by a five-pillar socio-technical model to
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organize multidimensional components in Al-
enabled precision healthcare, including:
Multimodal Al, Explainable Al and Interpretability,
Affective and Human-Centered Al, Federated
Learning and Privacy-Preserving Infrastructure,
and Governance, Ethics, and Leadership. The
comprehensive  tabular analysis included
information in the clinical domain and application,
sample characteristics and preprocessing
considerations, modality composition, fusion
strategy, Al algorithm, performance metrics,
explainability methods, validation strategies,
implementation barriers and mitigation strategies,
clinical utility and readiness, generalization risk,
privacy-preserving methods, governance
considerations, and sources of bias. Cross-pillar
analysis specifically mapped system-level trade-
offs, including accuracy versus interpretability,
personalization  versus privacy, technical
innovation versus regulatory readiness, and
automation versus clinical accountability, yielding
an integrated understanding of the conditions
required for responsible, equitable deployment.
Given the heterogeneity of the study modalities,

datasets, methodologies, and outcome measures
reported, a narrative review was considered
appropriate.

Results
Multimodal Al (MAI) in Precision Healthcare

Current healthcare practices are shifting from
a fNeireditssal | 0
quality-of-life, patient-centric approach, which
constitutes the basis of Next-Generation
Precision Medicine (ngPM) and MAI deployment
(Mohammed et al., 2025). This section aims to
evaluate how multimodal Al enhances model
performance and clinical utility in precision
healthcare (RQ1). Figure 1 provides an
organizing framework for the review by illustrating
the core purpose of Al, and how clinical
applications, enabling capabilities (technical,
organizational, and socio-cognitive requirements
necessary for responsible implementation), and
governance requirements interact in a human-
centered precision healthcare ecosystem.

prescripti
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Figure 1

Al-Driven Applications and Implementation Framework in Precision Healthcare
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erosion prevention is proposed to mitigate overreliance on automated systems and workforce flourishing to
emphasize the impact of Al on clinician job satisfaction and burnout. All segments across different ring layers are
interconnected and continuously interact and co-evolve in a dynamic, bidirectional manner.
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Figure 2

Al in Precision Healthcare: Lifecycle Pipeline, from Problem Definition to Clinical Outcomes, with Key
Decision Checkpoints and Cross-Cutting Governance.
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Note. This figure presents a streamlined decision-aware lifecycle pipeline for the development and deployment
of artificial intelligence (Al) in precision healthcare, organized into six sequential stages. Each stage incorporates
targeted decision nodes (diamonds) that highlight key decision checkpoints , with potential benefits (left) and
risks associated with each choice (right). A cross-cutting governance layer spans the entire pipeline,
underscoring the core considerations that must be addressed continuously. A feedback loop reinforces the
iterative nature of clinical Al systems, enabling optimization and refinement of the model.

Data Integration and Fusion Challenges

Three fusion strategies build the architectural
design of multimodal systems. Type | or early
fusion is based on preprocessing concatenation
of features and is sensitive to modality
heterogeneity, temporal alignment, overfitting,
and the curse of dimensionality. Type Il or
joint/intermediate fusion is based on co-learning
of modalities within neural network layers using
transformer model architectures and cross-
attention mechanisms and requires well-aligned
resources, high-quality datasets, and high-
computational resources. Type Il or late fusion is
based on independent wunimodal output
ensembling through voting or weighted
averaging, and is robust to missing or corrupted

data, yet lacks cross-modal interaction (Guo et
al., 2019; Khan et al., 2026; R. Zhang et al.,
2026). Multimodal fusion networks, even with
synthetic low-quality images, perform better than
unimodal high-quality images at certain noise
levels, whereby internal fusion within the network
(Type I-1l) tends to outperform late-stage voting
for tasks like tumor segmentation (even when
using random forest) (Guo et al., 2019). However,
there are several systemic challenges in static
and coarse-grained fusion, including the temporal
misalignment of longitudinal data, insufficient
semantic leveraging, and the curse of
dimensionality that may lead to Al-based
attribution of scanner-specific artifacts as true
pathophysiological signals (Acosta et al., 2022).
Applying adaptive gating fusion and multi-head
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attention captures fine-grained relationships,
mitigates bias, improves interoperability, and
generalizability (Khan et al., 2026).

Modeling Approaches in MAI

The selection of the model architecture
(based on fidelity, resolution, structure) should be
aligned with specific clinical decision tasks.
Convolutional Neural Networks (CNNs) remain
widely used to detect spatial features (e.g.,
textures, edges, and contours). CNNs are highly
effective for anatomical segmentation and
delineation, microstructural analysis, image
reconstruction, and improved computational
radiology (MRI, CT, PET, and X-rays) (Guo et al.,
2019; Li et al.,, 2023; Yoojin et al., 2025).
Benchmark datasets for tumor segmentation
(e.g., BRATS, KiTS, LiTS), and medical imaging
(e.g., MURA, MedPix, NIH Chest X-rays) can be
used to meet the CNN training requirement for
extensive, high-quality annotated data (Pinto-
Coelho, 2023). CNNs have contributed to early
detection of disease and health factor analysis
(Parvin et al., 2025).

Recurrent Neural Networks (RNNs) and Long
Short-Term Memory (LSTM) can be leveraged for
the analysis of sequential and temporal
physiological data, longitudinal electronic health
records (EHRs), and social media data which
enabled healthcare support during the COVID-19
outbreak and pharmacovigilance adverse event
reporting (Awais et al., 2021; Cocos et al., 2017,
Li et al., 2023). Autoencoders are unsupervised
learning models used for anomaly detection and
noise reduction in imaging and have been applied
in longitudinal studies to evaluate the progression
of age-related Macular Degeneration (Dupont et

al., 2020).

Generative Adversarial Networks (GANS)
contribute to data augmentation and noise
mitigation, allowing image-to-image translation
and image quality enhancement (Li et al., 2023;
Pinto-Coelho, 2023). GANs have been used to
accurately predict the length of stay of patients at
emergency departments, improve dermatological
skin segmentation beyond the performance of the
SMARTSKINS benchmark, and predict drug
repurposing for breast cancer (Andrade et al.,
2021; Cui et al., 2021; Kadri et al.,, 2022).
However, GANs have several challenges,
including quality control of synthetic images,
training instability, and the potential introduction
of artifacts (Li et al., 2023). Hybrid models
leverage complementary strengths, integrating
spatial and temporal analysis or reconstruction of
heterogeneous data to support the analytical
complexity of MAI (Banerjee et al, 2019;
Khoshdel et al., 2020; Li et al., 2023).

Transformer-based architectures use
attention mechanisms to elucidate dynamic
spatial and temporal interactions, but their
effectiveness is dependent on the training dataset
quality and memory costs (X. Li et al., 2025). To
illustrate the diversity in Al applications across
clinical domains, Table 1 (expanded in
Supplementary Table 1) summarizes
representative  studies highlighting modality
composition, fusion strategies, Al algorithms,
validation approaches, performance metrics,
deployment limitations, and translational
readiness, reporting high predictive performance
but facing several challenges for clinical
translation.
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Interoperability and Data Standardization
Challenges

A major challenge to interoperability is
fragmented data ecosystems, where hospitals use
outdated legacy infrastructure and siloed protected
data using formats not conducive for research,
inconsistent naming conventions, and semantic
mismatch (Jasodanand et al., 2025; Simon et al.,
2025). This challenge can be addressed using Al-
first frameworks and providing technical alignment
using standards set by HL7 Fast Healthcare
Interoperability Resources (FHIR), Observational
Medical Outcomes Partnership (OMOP), and the
Digital Imaging and Communications in Medicine
(DICOM) Supplement 145 (Sakaguchi et al., 2025).
The harmonization of OMOP Common Data Model
(CDM)-on-HL7 FHIR, enhances interoperability of
clinical datasets while maintaining semantic
consistency (Jayathissa et al., 2025; Papachristou
et al, 2024). Additionally, the International
Organization for Standardization (ISO), through its
Technical Committee 215 (ISO/TC 215) on Health
Informatics, has assisted in providing consensus in
public and private sectors in 160 countries (Orlova
etal., 2017).

Performance Gains vs. Translational Gaps

Multimodal systems with low-quality images
show consistently superior performance and noise
resilience over high-quality unimodal benchmark
systems, suggesting that a redundancy across
modalities can compensate for data degradation.
However, performance gains are not universal (Guo
et al., 2019; X. Li et al., 2025; Marouf et al., 2025).
Scaling MAI requires large computing power,
storage capacity, and updated high-resource
infrastructures  with  cloud-based Information
Management Systems (IMS) to process concurrent
modalities or edge computing to reduce latency in
critical care tasks, thus creating global inequities,
excluding low-resource  organizations  from
accessing ngPM (Papachristou et al., 2024; Zhai et
al., 2022). Additionally, global scalability requires
aligning early both with regulatory experts and
standardization  frameworks (FHIR, EHDS,
TRIPOD+AIl, PROBAST+AI) and following FAIR
(Findable, Accessible, Interoperable, Reusable)
principles and ROBIN criteria (Kazerooni et al.,
2025).

Spurious cross-modal correlations non-existent
biologically, modality dominance, and cross-modal
bias amplification lead to both inequitable health

recommendations and dataset shift that fails to
generalize to diverse global populations (Acosta et
al., 2022; X. Li et al., 2025; Makarov et al., 2025).
Non-Independent and Identically Distributed (non-
IID) multimodal clinical data is affected by
differences in institutional protocols, equipment
manufacturers, and local demographics. There is a
translational divide between high-accuracy models
trained on clean research datasets and clinical
validation on external cohorts due to institutional
bias or device variability during workflow integration
(Parvin et al., 2025; L. Zhang et al., 2026). Models
with robust performance in multicenter external
validation and demonstrated safe implementation in
prospective clinical trials is limited because many
models rely on internal resampling that limits
generalizability and are susceptible to overfitting
(Sakaguchi et al., 2025).

Bias, Missingness, and Failure Modes

In multimodal deployment, bias is amplified
unless addressed through fairness regularization.
Bias comes from patient demographics, modality,
curated versus real-world data, algorithmic and
cross-species (R. Abbas et al., 2025). Clinical data
is often imbalanced, underrepresented, and
incomplete, where EHRs are extremely sparse, and
missingness may lead to exclusion before training,
potentially introducing selection bias (Acosta et al.,
2022). Missingness and corrupted datasets may
result in blind spots and inequitable outcomes. The
statistical power of genome-wide association
studies can be improved by multiple imputation
pervasive preprocessing facilitated by using large
reference datasets with deep genotypic coverage.
However, imputation can introduce medical noise if
not paired with clinical logic (Acosta et al., 2022).
Innovative Al techniques deal with missing data
natively, through random feature masking modeling,
attention-based weighting mechanisms, and
uncertainty-aware inference practices (Jasodanand
et al., 2025). Models should consider designs with
modality-specific dropout or generative components
capable of synthesizing plausible data for missing
values to avoid a decrease in model performance
(Khan et al., 2026).

From Technical Capability to Clinical Utility

Achieving successful clinical utility requires a
socio-technical system  balancing technical
innovation, ethical governance, and patient-
centered approach, with human-in-the-loop designs
using Al as a Clinical Decision Support (CDS) tool
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and regulatory compliance aligned with EU Al Act,
FUTURE-AI, and FDA guidelines that require both
external validation and post-market monitoring
(Dias Cabago & Rodrigues, 2026; Lekadir et al.,
2025; Makarov et al., 2025; Parvin et al., 2025). The
computational burden of processing high-resolution
multimodal data and the extended duration for Al-
based device regulatory validation create significant
bottlenecks (Huang et al., 2025). Most models
integrating blockchain remain at a proof-of-concept
stage validated in controlled laboratory
environments, that is, Technology Readiness Level
3 (TRL3), and only a few progress to prototype
validation (TRL4i TRL5) in real-world deployment
(K. Li et al., 2025). While MAI enhances predictive
capability through data integration, the increased
model complexity raises concerns in terms of
interpretability and clinical accountability, thus
driving interest in explainable Al mechanisms to
make model output more transparent and enable
clinically accountable reasoning.

Explainable Al (XAl) in Precision Healthcare

XAl is essential for precision healthcare because
it translates complex model outputs into
interpretable evidence useful for clinicians (Gerdes,
2024; Raz et al., 2025). This section examines how
XAl supports model performance, clinician
confidence, and accountable decision-making in
precision healthcare (RQ1). As summarized in

Table 2, explainability operates differently across
model families and clinical applications, where
SHAP, LIME, saliency maps, and related XAl
methodologies have been useful in disease
prediction, risk stratification, and clinical decision
support. Benchmarks included AUC values around
or above 0.80 for discrimination tasks, referral
accuracy around 70% when benchmarked against
radiologists, or accuracy above 90% in constrained
imaging or laboratory classification tasks.
Additionally, findings required support from external
validation, expert comparison, or biologically
coherent explanation maps. While clinical
applicability has increased in the real world as the
use of explainable Al shifts from a conceptual
foundation to workflow integration, reproducibility
remains limited because 29% of recent studies
shared codebases and less than 10% performed
cross-dataset reproducibility testing (Q. Abbas et
al., 2025). While the use of high-dimensional
complex architectures  optimizes  predictive
accuracy, the fAblack
explain MAI inter-variable dependencies and is a
barrier for clinical adoption, where there is a
distinction between plausibility of explanations that
make sense to a clinician versus faithfulness of
explanations accurately
(Q. Abbas et al., 2025). Table 3 compares different
XAl methodologies, their strengths, limitations, and
best-fit clinical uses in precision healthcare.

boxo
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XAl Applications in Diagnosis, Imaging, and
Risk Prediction

In multimodal systems, explainability is
especially important because model output
predictions may reflect interactions among
imaging, genomics, EHRs, wearable signals, and
behavioral features. XAl bridges model
performance and clinical judgment by enabling
clinicians to assess plausibility in informing care
(Gerdes, 2024; Raz et al., 2025). In a UK Biobank
study, XGBoost predicted myocardial infarction
from health data and outperformed logistic
regression. SHAP explanations highlighted key
risk factors such as waist circumference, blood
pressure, and sex, supporting clinician
understanding of the prediction process (Moore &
Bell, 2022). XAl was also applied to predict the
progression of hepatitis, where a highly accurate
random forest model used SHAP and LIME to
demonstrate which variables increased individual
patient risk (Peng et al., 2021). XAl is especially
useful in diagnostic imaging procedures, such as
MRI, PET, and SPECT. CNN was used to
analyze Alzheimer's data, where PET scans were
integrated. The model predicted disease
patterns, and the layer-wise relevance
propagation showed the most correlated brain
areas, enabling physicians to get a clear
perspective on raised concerns regarding some
cases of Alzheimer's disease (De Santi et al.,
2023). In another study, XAl was implemented for
clinically uncertain Parkinsonian syndromes
using SPECT scans of dopamine transporters,
where an accurate model produced relevance
maps that highlighted affected brain regions and
supported diagnostic confirmation (Nazari et al.,
2021). Explainability is particularly well suited to
medical imaging where clinicians routinely
interpret visual evidence; consequently, making
Al-generated outputs such as heatmaps and
highlighted regions more comprehensible and
clinically actionable.

In precision healthcare, Al can analyze large
genomic datasets to gain insights on tumor
biology and treatment response patterns faster
than humans, yet decisions must remain
justifiable and trustworthy. In acute myeloid
leukemia research, an XAl system was used to
link genomic biomarkers with drug reactions and
assist with medically viable treatment selections
(Gimeno et al., 2022). A renal cancer research

study used Greedy Decision Forest and
TreeSHAP to identify biologically meaningful
cancer classifications and predict survival rates
(Pfeifer et al., 2022). Score-CAM in combination
with DL models has been used successfully to
identify electrophoretic band patterns derived
from immunofixation samples, achieving expert-
level performance in laboratory medicine (Hu et
al., 2023).

Limitations: Illusion of Transparency and
Over-Reliance

When healthcare professionals can visualize
which symptoms or biomarkers drove a
diagnostic conclusion, they feel more confident to
question, contextualize, and communicate those
results to patients. Despite these benefits, XAl
has several challenges. Some explanations may
appear convincing while failing to represent the
model 6s underl ying
creating a fidelity gap, or the explanations might
not constitute the actual cause of the prediction,
thus creating a plausibility gap. This can create a
false sense of confidence in potentially biased or
erroneous decisions (Raz et al., 2025). Second,
many Al models are tested using data from a
single hospital or geography, so findings may not
generalize across other populations or health
systems, making external validation essential
before large-scale clinical use (Shin et al., 2023).
Third, combining genetics, images, and reports
raises privacy and technical challenges, and
decisions based on multiple data sources are
harder to explain than those from a single-input
model (Pahud de Mortanges et al., 2024). Finally,
some explainable methods may be too technical
or impractical for busy clinicians. Research into
XAl is moving toward systems that are interactive
and adaptable, providing plausible justifications
for a specific patient
condition (Noor et al.,, 2025). Beyond the
improved predictive and cognitive transparency
capabilities, Al models are expected to interact
with humans, patients and clinicians, thus
emphasizing the need for improved
communication, empathy, and user experience
driving the emergence of affective computing and
human-centered Al.

Affective Computing and Human -Centered Al

This section addresses how affective
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computing and human-centered Al improve
patient-centered care, clinician interaction, trust,
communication, and healthcare  workflow
integration (RQ2). The focus is on Al systems
designed to recognize, model, and respond to
human emotional intelligence traits (i.e.,
empathy), thus fostering trust and improving user
acceptance in healthcare.

Evaluating Empathy and Communication
Quality in Chatbots and Physicians

A study utilizing 195 real patient questions
taken from a public forum found that chatbot
responses were preferred over physician
responses 78. 6% of t
responses were perceived to be more empathetic
and were generally longer than physician
responses (Ayers et al., 2023). In another study,
six oncology physicians rated the responses of
chatbots as having higher emotional empathy,
cognitive empathy, and an overall empathy score
better than that of the physicians (Chen et al.,
2024). A cross-sectional survey of patients aged
65 years and older found that chatbots responded
more empathetically as compared to physicians
(Chen et al., 2025).

Studies published in JMIR on healthcare
chatbots concluded that chatbots with personas
help build trust and empathy. In one chatbot
study, four different personas were considered
which were Institution (focused on policies), an
Expert (provided recommendations), a Peer
(friendly and relatable), and a Dialogical Self
(reflective). Adults aged 40 years or older
preferred formal and distant personas
(institutional or expert), while those aged under
40 reported greater comfort and engagement with
peer-oriented dialogical personas. Allowing
participants to choose a persona increased both
affective bond and intention to use (Nif3en et al.,
2022).

The healthcare chatbot intervention was
evaluated using two independent variables:
complexity (defined by how technical or
nontechnical the language was) and persona. In
a study conducted on a small cohort of students,
the measured outcomes included high
effectiveness defined as an increase in

participant knowledge after using the tool
perceived usability, and trust, with health literacy
evaluated as a baseline user trait. The results
indicated that chatbots employing technical
language achieved high effectiveness, while
higher health literacy predicted greater trust. To
interact with the system, participants typed
natural language chats and search queries.
These findings suggest that user experience (UX)
design must be directly informed by the specific
application of the Al system (Biro et al., 2023).
Furthermore, users preferred text-based chatbots
over anthropomorphic Al interfaces (Thunstrém
et al, 2024). Perceived chatbot usefulness

emerged as a key predictor of continued adoption
(AltMarfil® et al., SoPsp t bot O0s

Human -Centered Drivers of Al Adoption in
Healthcare

The Unified Theory of Acceptance and Use
of Technology (UTAUT) is a framework used to
evaluate technology adoption, including Al,
based on the help it provides, ease of use, social
normality, and economic viability. A quantitative
survey revealed that users with higher El were
more willing to adopt the use of Al (Ibrahim et al.,
2024). An analysis of 517 Reddit posts revealed
that Al- centered communities focused on the
benefits of the technology, whereas mental health
communities expressed that Al was not as
conversationally proficient as humans;
meanwhile experienced users articulated both
benefits and limits (Lee et al., 2025). Virtual
reality-based empathy training may help address
these concerns and integrate Al into healthcare
systems by enhancing part i ci pant sé
responses (Lin et al., 2024). Ultimately,
integration of Al into the healthcare system
requires greater support from healthcare
professionals and higher EI amongst users. Table
4 illustrates key performance metrics from
empirical studies that demonstrate how El
combined with Al can assist mental healthcare,
including psychotherapy and behavioral health
support for recognizing emotion-based tasks and
to provide therapeutic advice. Individual studies
examined did not consistently distinguish
between the interface type and the underlying
model architecture.

WIJAR. Volume 10, Issue 2. June 2026

Page | 21

empat |



spienSojes [eoyio pue uoneiSojur ejep
[epownjnw 10§ paau ‘surayed woydwAs

mwwwo_hm wa)-8u0] ‘Aedtiur Surjpuey sasua|Ryd
J(asealour JGN) awy JA0 ()6-108
xa1dwoo Joj Aoyroads paysiunui
SOIPI)S AWOS Ul
€707 “|e pauIBISNS JOU SIOAYD (OW ¢<) WI)-FUO]
10 SNOIO], ‘ssaunydjay paarearad;uonorysnes

JUSLUIBAI) UT DIUDIYIP ON

SI2UNOOUD [BIIUI]D
§70T “[e12  AI[ UI UOIEPI[RA OU SSeIq Jajel [enuajod
) ‘Aypedwa [eqioa-uou ‘dumn-[ear aaydeo
Jou Avu {Jx2] U0 A[2[0S paseq sFuney

LTY8 =4S

[BUONIPE) “SA §°T(O[ = TS 1] *HE0 = ¥ [BHIUL 06-TDS -

04,7 SUI-YIAYD [RIOIARYAG 2046/ uonedionted Sunoa sanwudo) -
(1000 > )

%00 uononpar @-AVH (00°0 = @) %'S1 Uononpar y-NVH -
0=V

[eUOLIPRL] 'SA €6'() = J7F [9pow drueuAp :(uorssardap) §(s -
98°0 =

DY [BUONIPRI} "SA §6'() = D) [apow dlweuAp :(Kja1xue) S -

(dnosd y) Ja1pea 4 ¢ sajou paprwqns sjstderay | -

(P1°€ = W AKL *YTS = W [V) PIPUNL SUOISSIS IO 9/ -
(W) %8 "sA (IV) %6T :uononpar Aixuy -

780 = P (VL) %0T *SA (IV) %€ uononpai uotssardag -

(22t °66°¢] 117 =W LOD+TA pne|)-
(18°€°79€) TL°€ =W TA 9pne|)-
8P € CTEI SEE =N TA 9pne)-
Ter7'88°1] 10°T =y suerdisdyg-

S3[e3s (6-10S "SAS 'SVS

Fundan0d (weadord-tumu (Apms
TYUDIM + DVI/NTT) 1824-G ") SUpNYS
Juauissasse [eatdojoydAsd Ajisoatun £/ |
OIWEUAP USALIP-TY
YorQqPad)
isideroyy awm-jear Surpraoid a1

(ypreay s03q) Judunean
Jedo1aeyaq 1oj uopeyd [y

Anumuwod ur synpy

(sasuodsax
udLM Funenjead
SIABI) SUOLORIAUI
juaned pajenug

(LODH+TA
TA 'TA) S10qyeyd dpnep) 'sa
suerdisAyd jo uosteduwo))

Surpug)siopun (S5°0 =p) v Yoom
[RUOIIOWA §, ] INOGE SUIDUOD 10 (Z1°0- = P) 7 Y99M 18 20USIYIP UpwNy ‘SA [y uwdyudis o - LEO! PAUIAI[Ip-10[suno
9707 ‘uonezijeuosiad pue uondaoad peg Yoo 122d uewny ‘s ( gz oery,,  swoydwAs aarssaidap
“lerRnI] [RUONOWD PAJIU] 0] ANP { YoM o  aumaseq N~ Pasamod-pgopey)) 18Dy synpe Sunod g
Aq 109730 neayed ‘7 yoam 03 dn yoddns QUIR3P 1§10 = P T YodM—UISLq :(UOREIPY [EPIAINS) AD-ISE PasEq-JaUIdUI PAISAI[IP-TY
uewmy 03 afqereduwos Lavorga feniuy (F ¥0am) §9°0- = p (7 H09Mm) 9870~ = P [01U0D *SA TV :6-OHd -
m__wnm PajoN SaSuaey)/SuoneIwI] SILIA] NUBWLIJIN A3y uoneanddy [y Sumag/uonemdog

YijeaH [eIUSIAl Ul |V [eUOIOWT UO SIUISIN dduewiouad Aoy

v alqel

Page | 22

WIJAR. Volume 10, Issue 2. June 2026



JruA 1298 J1p 10U @98 le®

pue Ssa8 I1pni1s ssoJl2e Alena

‘suoledldde
SO 1112w pa1i0day BION

S07
TR

a0t

“[e10
OULIPUEN

douruLoprad opqereduwod
andsap ssauaAaga onnadesaty
] Aew saouenu pue drysuonejor
UBWINY QUINUAF JO Jor] AN[IqIpaso
paaraasad s, [y sonpar Aew diysioyine
uewny paa1adiad Fuuoaey saserg

3] dwes uostiedwod youal]

"SA SULIOU aFenGue[-[SiFuz] uo ddueIjaI
"UTRJIIUN $AJR)S [RUONOWI PAXIU
“xadwoa 0 AN[IqezijeIauds (syse)

UONIUF092I-UONOTWA [ENSIA 0} P

sasuodsar panqume-jadxa
10 Ayiqeroaey pasearout seiq digstogine padxa paaraarad
‘punos pue anaeduwd aow 1o Kjjenba padpnl da1ape [y -

(L7 = d) do1ape
patoyne-uadxa ‘sa [y ysmaunsip A[qeias jou pnod syuedmonieg -
(20 =dTP0¢ TUTIID %86 H8'T =40)
Argedwa reuoneanour pue (70 =d [¢6°7 1T 1) %56 ‘6L 1
=Y0) Ayyediud [euonows 10] 3]qEIOAE) AIOW PJEI MIAPL [V -

(6'0<) BuL100S QT U0 JudtadIse a3pnliagur yaiy -
(100" > d ‘swIou Youd1] SA O7'p = 2) [ = 21098 [B10} SV -
(8" <d770 500~ 179z ueaw dod ‘s 515332
‘WOPUEBI 2A0QE APURITJTUSIS) /7 % 97 $21098 TINY $-LdDW®Y) -

da1ape [eargojoyaAsd
UANLIM STIOUOIYIUASE
padxa uewny 'sa [y

suadxa gyeay
[EUDW PASUAINT

SVHT
¥ LAY BIA SUOTOWD yse)
Sunardiayur (preg a[500n  UOKIUF0AI -UONOU]

P-LdDIRYD) [V SANEINUIN

(1eay)
Apmg

PAJON Sdud[[ey)/suonepu

SILIPIA 2UBLLIOJAJ A0Y

uoyedddy [y supag/uonemdog

Page | 23

WIJAR. Volume 10, Issue 2. June 2026



Standardized Metrics and Operationalization

Table 4 demonstrates the various evaluation
methods, such as clinical symptom scales (PHQ-
9, HAM-D), engagement metrics, and empathy
ratings. However, it lacks a standardized metric
that creates a roadblock for cross-study
examinations and synthesizing evidence (Hicks
et al., 2022). There are recent advances that
offer empirically validated frameworks that are
specifically designed for precision healthcare
(Abbasian et al., 2024). The standard proposed
for emotionally intelligent Al healthcare agents is
based on four dimensions: Emotional Support,
Health Literacy, Fairness and Personalization
(Abbasian et al., 2024). The Chatbot Compassion
Quotient (CCQ) is a method based on healthcare
frameworks that quantifies = compassion
(Muthukumar, 2025). This method helps
overcome the limitations highlighted in table 3
and offers a method that can be used in clinical
settings and can be useful in the healthcare
industry to provide emotionally intelligent
processes.

Figure 3

systems (Hicks et al., 2022). Figure 3 synthesizes
both the conceptual foundations and translational
maturity of affective computing, highlighting that
the majority of studies remain at early stages of
affect recognition, with relatively few achieving
structured clinically actionable validation and
deployment and the measurement of affect (post-
hoc vs operationalized via adaptive Affective
User Experience, AUX), specifically for autism
spectrum disorders (Foix et al., 2026). Key
translational barriers include data heterogeneity

and bias, lack of standardization, regulatory
approval, clinical trust and interpretability,
infrastructure and economic burden,

interoperability and data exchange, and black-
box model and trust gap. As Al systems become
dependent on large-scale and diverse datasets,
concerns regarding privacy, security, and
interinstitutional collaboration arise thus driving
the emergence of Federated Learning to reduce
the need for centralized data sharing in
collaborative model development

Conceptual and Translational Frameworks for Affective Computing in Precision Healthcare.

A Categorical Emotions Mental Health & Construct validity gap:
dsscrete states) DIGITAL @7 + Depression severity (PHQ-9) Compu:abona‘; stactte'; »
— o Anxiety levels (HAM-A hiaynos g Crol
. . PHE':RJEY: ING / _ . &Jicidt;/ideatio:\ (BSI-Ci/) _______________ Clalea ity SRS
ha an scared — i z :
il £ Neurological / | E:} :;;:y,ltlel mjsmetch;
T | vioral proxies are
Dimensional Models —0— ¢ Valence — > Developmental oatactiBeabors o6
(continuous axes) —o— o Aousal [P 3 Autl_sm mecry mar?gs 5 intzmal affective states.
o Dofilanc « Social cognition deficits 2
Behavioral & TN Facial expressions \ O Pain Assessment Cultural variability i".
{ ol G s (Action Units) U2 it b scorh i emotional expression:
Physiological Signals 37 b P i Signals and labels vary
(raw multimodal data) © ))) Speech prosody V4 NOIMPRIN 300168 i across cultures and
W= Heart rate vriabity (HRY) | Lf gitudi "be; { \ = contexts.
multimodal behavioral Stress & Fatigue Monitorin;
@ Electrodermal activity (EDA) and physiological data @ ™ y élgue forig State-Trait Measurement
. to infer digital 4 Phys',o ,Iog'ca! sress Tension:
EEG/ NRS actvy s o Cogritive fatigue Momentary affective
states vs. long-term
clinical trait scales.
B o Algorithm Internal External Prospective Clinical % Maturity Level of Affective Computing !
Development Validation Validation Evaluation | 8 [ In 71% of studies [
80%
aa NP 61% affect was
AL, . i o | mssrd ot o
== ¢ n"! o 8 4% 25% andmoniy"% !
© Retrospective datasets ® Cross-validation ® Multi-site datasets  Real-world trials  Workflow integration g 0% 14% Aﬂedhw::l d '
o Feature engineering, © Benchmark datasets © Domain shift & cross- o Clinician-patient  Post-market survelliance & o ‘ ?al);::(i:e AlllJ)()
s ) 4 . M : o5 5o~ Toh o
model training (IEMOCAP, MELD, etc.) subject testing interaction & model monitoring (m‘k; wf\:vy/ (8:5;‘4; | (Foxeta, 2026).
pilot) ___evahative)
KEY TRANSLATIONAL Dauhattmgmiy _ Lackof Regubtory | B Goirs | Infstrctre & | Interpecbity | Back-box made
BARRIERS s'zrdarﬁzzﬁm H approval &2 ﬂ@nimerprmtﬂky I . economic burden | . . &data exchange trust gap
RESEARCH DENSITY ]
(ACTUAL EVIDENCE) High L 0 Recognition-Utilization Gap bW

(Sensing affect # Usmg affect to adapt system behlvrov)

|

This framework aligns with universal medical and scientific reporting standards, now being used as gold standards to validate affective computing,
to ensure transparency (TRIPOD-AI), to check for bias (PROBAST-AI), and to report accuracy against a reference (STARD-AI).
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Note. A) Mapping between affective computing constructs: categorical emotions, dimensional models, and
behavioral and physiological signals; and clinically actionable endpoints across mental health, neurological and
developmental conditions, pain assessment, and stress or fatigue monitoring. A central digital phenotyping layer
represents the longitudinal integration of multimodal signals into clinically meaningful constructs highlighting key
translational challenges. B) Staged translational readiness framework, depicting the progression from algorithm
development to deployment. This framework aligns with universal medical and scientific reporting standards to
validate affective computing, to ensure transparency (TRIPOD+AI), to check for bias (PROBAST+AI), and to

report accuracy against a reference (STARD-AI).

Federated Learning (FL) and Privacy -
Preserving Collaboration

This section addresses RQ3 by critically
examining FL as a privacy-preserving
infrastructure for cross-institutional Al
collaboration. FL enables institutions to
collaboratively train Al models by exchanging
aggregated model parameters rather than raw
patient records (Pati et al., 2024; Zhang et al.,
2024), but it is an enabler, not a privacy solution.
Its protections are implementation-dependent: FL
does not inherently ensure fairness, robustness,
or absence of data leakage, nor does it constitute
a regulatory compliance mechanism. This section
evaluates its principal limitations, including
adversarial  vulnerabilities, non-lID  data
heterogeneity, client drift, bias amplification,
interoperability constraints, and governance

gaps.

Adversarial Vulnerabilities: Gradient
Leakage, Model Inversion, and Membership
Inference

A critical misconception is that sharing model
updates eliminates privacy risk. Gradient
leakage, model inversion, and membership
inference are not fringe scenarios but systemic
risks: adversarial actors can reconstruct training
data from shared gradients, potentially re-
exposing the medical images and EHR entries
the architecture was meant to protect (Kalodanis
et al.,, 2025; Pati et al., 2024). Privacy in a
federated system is not a product of
decentralization itself, but of the safeguards
layered on top of it. Two primary mitigations
approaches exist: differential privacy (DP) injects
calibrated noise into model updates, while secure
multi-party ~ computation  (MPC)  enables
collaborative computation without exposing
individual inputs. However, both approaches
impose computational overhead that create an
inherent direct trade-off between privacy

preservation and model performance. In clinical
contexts, aggressive noise injection can
disproportionately degrade performance on rare
conditions where training signals are already
weak, a paradox in which privacy preservation
actively undermines diagnostic equity (Kalodanis
et al., 2025; Pati et al., 2024).

Performance Trade -offs: Non -IID Data, Client
Drift, and Bias Amplification

Non-Independently and Identically
Distributed (Non-IID) data causes client drift, and
the consequences are not evenly distributed
across participating institutions. Large hospitals
dominate gradient updates simply by virtue of
their data volume and annotation quality, while
rural and low-resource nodes contribute to
updates that carry far less weight in the
aggregation process. FedAvg, the canonical
algorithm, is vulnerable to this heterogeneity,
meaning the resulting global model reflects the
priorities of data-rich centers more than the
populations served by smaller clinics. This is not
a neutral technical outcome; FL may
unintentionally amplify institutional inequalities by
encoding systemic bias directly into model
weights, depriving the very communities that
cross-institutional collaboration was meant to
serve. FedProx mitigates it via proximal
regularization,  constraining local update
divergence. Hierarchical FL organizes nodes into
regional clusters before global aggregation,
improving communication  efficiency and
institutional accommodation (Upreti et al., 2024).
These are meaningful corrections, but they
require deliberate design choices that do not
come as defaults.

FL vs. Centralized Models: Competing
Paradigms and Settings

Centralized models pool data for training but
require transfer and create single points of failure,
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whereas FL preserves data sovereignty at the
cost of coordination complexity and model drift.
Settings include horizontal FL (shared feature
space, e.g., EHR), vertical FL (complementary
feature types, e.g., imaging plus genomics), and
cross-device FL across IoMT networks. Evidence
demonstrates AUC above 0.9 across 15 global
sites (Acosta et al, 2022), comparable
performance in embryo selection (Lee et al.,
2024) and endometrial cancer diagnostics (Yeom
et al., 2024), with gaps persisting in data-sparse
environments. .The Federated Tumor
Segmentation (FeTS) initiative demonstrated that
glioma segmentation models trained across
geographically distributed institutions using multi-
parametric MRI can match or surpass centralized
performance  benchmarks, though gains
remained sensitive to site heterogeneity, data
quality disparities, and the choice of aggregation
algorithm (Linardos et al., 2025).

Multimodal FL: Aggregation
Interpretability, and Bias

Complexity,

Extending FL to multimodal data (genomics,

imaging, EHR, biosensors) compounds
complexity: each modality requires dedicated
encoders reconciling heterogeneous

representation spaces. When one institution
contributes imaging data, another contributes
genomic profiles, and a third contributes only
structured EHR records, the federation faces
representation misalignment: the model must
reconcile feature spaces that were never
designed to correspond, without ever having
access to the raw data needed to learn that
correspondence directly. Asynchronous modality
availability makes this worse, as nodes that lack
a given modality at training time either drop out of
relevant aggregation rounds or introduce
missingness patterns that distort the global model
in ways that are difficult to detect or correct. XAl
methods designed for centralized single-modality
models do not transfer directly to federated
multimodal  settings. Modality-specific  bias
propagation follows naturally from this
architecture: modalities contributed by well-
resourced institutions disproportionately shape
shared representations, systematically
disadvantageous underrepresented populations
whose data profiles do not match the dominant
modality mix. FL-based ocular disease detection
without sharing retinal scans illustrates clinical

utility (Gulati et al., 2025), yet cross-modal
interpretability and aggregation consistency
remain open and underaddressed challenges.

Governance, Liability, Data Sovereignty, and
Regulatory Alignment

FL liability is diffused across model
coordinators, node contributors (hospitals,
clinics), and developers, creating a structural
governance gap that challenges medical liability
frameworks built around identifiable custodians
and traceable decision chains. HIPAA, GDPR,
and the EU Al Act were designed around
centralized data architectures and face significant
implementation challenges in FL environments.
The GDPROs right to
operationalize once patient data has contributed
to model parameters distributed across multiple
nodes. Similarly, auditability is hindered by limited
provenance tracking  while  cross-border
parameter exchange creates unresolved
jurisdictional ambiguity. These issues highlight
broader challenges between data sovereignty,
the ability of institutions to maintain control over
how and which data leaves local infrastructure,
and model sovereignty, which concerns
ownership, oversight, and auditability of the
shared global model weights shaped by
distributed contributions. Although blockchain
integration supports tamper-proof provenance
tracking and auditability, standardized global
governance  protocols for FL  remain
underdeveloped (Ning et al., 2024; Zhang et al.,
2024).

FL  Applicability,
Systemic Limitations

Interoperability, and

FL demonstrates optimal performance in
contexts where data cannot be legally
centralized, where institutional diversity adds
collaborative learning value, and where
participating nodes maintain sufficiently robust
infrastructure to support federated coordination.
FL is most effective in high-resource, well-

coordinated  institutional  networks  where
participating organizations have sufficient
technical infrastructure, data quality, and

governance capacity. Performance is diminished
in fragmented environments with uneven
participation nodes, variable data quality with
highly non-lID data, limited computational
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resources, oOr aggressive privacy-preserving
noise injection that reduces model utility below
clinically acceptable thresholds. Furthermore,
interoperability between FL platforms (PySyft,
FATE, TensorFlow Federated) and institutional
health IT systems remains a persistent structural
barrier, compounded by unclear accountability
mechanisms when models malfunction across
distributed networks (Xu et al., 2025).

FL should therefore be understood as a
context-dependent tool with limitations, rather
than a universally applicable solution.
Responsible deployment requires recognizing
these operational boundaries, including severe
data heterogeneity that impedes  coherent
aggregation, insufficient participation to achieve
adequate statistical power, privacy constraints
that substantially reduce utility, and governance

structures  too  fragmented to  assign
accountability. Technical safeguards are
insufficient to ensure safe and equitable

deployment of Al models, a governance structure
that addresses accountability, oversight, fairness
and long-term sustainability is critical.

Governance, Ethics, and Leadership in Al -
Enabled Healthcare

Governance shoul dnodt
compliance layer applied after Al systems are
developed; rather as an institutional capability
that shapes whether Al can be deployed safely,
equitably, and sustainably within precision
healthcare. Because Al-enabled diagnosis, risk
stratification, treatment selection, and patient
communication can directly influence clinical
outcomes, governance must be embedded
across the full lifecycle of model design,
validation, deployment, monitoring, and revision.

Multilevel Governance Frameworks (EU, USA,
Global)

Al governance in precision healthcare
operates across interconnected supranational,
national, and institutional systems, and its scope
extends well beyond regulatory compliance.

Accountability, institutional readiness, clinical
stewardship, and ethical leadership are all
implicated  particularly  because  precision

healthcare depends on sensitive patient data,

predictive analytics, and clinical decision-support

systems whose outputs bear directly on
diagnosis, treatment selection, and patient
outcomes.

The EU Al Act represents a decisive shift
toward enforceable, risk-based governance
(European Commission, 2024). Classifying
clinical decision-support and diagnostic systems
as high-risk, the Act imposes requirements for
transparency, human oversight, documentation,
and  post-market  monitoring  (European
Commission, 2024; Kalodanis et al., 2025). This
shifts governance from voluntary ethical
guidance toward legally enforceable
accountability, which is its principal strength,
although its complexity may slow innovation or
prove difficult to operationalize across diverse
healthcare settings.

The United States operates through a sector-
specific and adaptive model. Acting jointly, the
USA Food and Drug Administration (FDA), Health
Canada (HC), and the UK Medicines and
Healthcare products Regulatory Agency (MHRA)
developed Good Machine Learning Practice
(GMLP) principles addressing dataset
representativeness, lifecycle monitoring, risk
management, and real-world performance (FDA
eval., 20pe) dThisnfeXibklity Yuppdrss indovation,
yet oversight remains distributed across existing
regulatory structures rather than consolidated
under a single Al statute, which risks fragmented
accountability (Bajwa et al., 2021; Matheny et al.,
2023).

At the global level, the World Health
Organization and the OECD offer normative
frameworks centered on transparency, fairness,
accountability, and human-centered values
(OECD, 2019; World Health Organization, 2021).
Their value lies in ethical alignment, but limited
enforceability constrains real-world impact,
especially where regulatory capacity and digital
infrastructure remain weak (Kergroach & Héritier,
2024). No single model fully reconciles the
competing demands of accountability, innovation,
and equity (Matheny et al., 2023). As shown in
Table 5, the effectiveness of governance
frameworks differ substantially in scope,
enforceability, analytical strength, and
implementation limitations.

WIJAR. Volume 10, Issue 2. June 2026

Page | 27



£10T ‘yIYS yuopuadap [2A9]
2 [[2MSSaI) Aoedeo pue diyspiema)s pue diusiones WF1s19A0 [EUODEZIUBEIO QOUBWIOAOT S
707 Uy SO0INOSAI UdAdU)  uonejudwa|dwi Joa11( pue .Z:ﬁ_ﬁo d Mﬁo_ﬁn__m:m\/ [euoneRdQ onroads [eatut)) [EUORmBSUL
F70T "B 10 seqqy ’ , -2IEJI[EoH
.o_om “dum_o Ayoyroads [V 9qisuodsax uondope sajdround
PL0T 1PPH 2IBOT H,nH. 1T EuEu.u-:mEz 35:3,_ DA ‘MO METYOS 10190855010 " 129015
¥ [orROIRIaY pesy pajrny p H [0A MO IV dod0
. uonejuawadun i
1707 ‘uoneziuesig) [euoneu duugie SUIpUIG-U0T ‘40T paseq -sajdiourid pasnaoj aoueping 23019
EaH PHOM o Euv_zu doqq [eoryio fuong S “DATIBULION SNl | )8 TR TV OHM -
) 20T sauase Sunioyuow WYSISI0A0 v
“Ie 12 Audyey . : o L paseq-a1aAaay] [EJIUI[D PUE 2J1AP (v
. . sso1oe AJI[Iqejunosoe pliom-[eal pue 221A2p ySnomy) ornd & o ) [euonEN
h._mom, e VA pojudwder,] uonjeaouur spoddng y31y-ajeIapoy ARAEPY eatpowr oyoads - °§°11) dTND VA
120z e 10 emleg : : : SNl | )8
STOT T uonejuawadun N . ASH-Y51Y
10 STuepo[ey $70T T : Anzepd A10engar pue Surpurq Areuonneoaid SE aTROI)[EaY
. xa]dwoa fuoneaouur LY : ) PV IV NI [euoneueldng
UOISSIUIO,) oTensuos Az Anpiqeiunoase guong Aqreda) ‘ysig Paseq-ysry sapnjaut
ueadomy S ’ £101038-8501)
uoneuIy . [9A3]
$32.n0§ [BAMINLS PSud.ns [EIRA[RUY Anqeadiojuy gaeoaddy adoag NIOMIWEL] 2IUBILIIA0D)

aJeoyleaH UoISIDaid Ul SYIOMaWRIH 32UBUIBA0D [9AS|NNIN dAnRedWo)D

G 9lqel

Page | 28

WIJAR. Volume 10, Issue 2. June 2026



Technical Mechanisms as Governance Tools
(XAl, FL, Blockchain)

Effective governance must be embedded
within system design rather than imposed from
outside it. Explainable Al (XAl) is often positioned
as a mechanism for strengthening clinical
accountability by making algorithmic outputs
interpretable to clinicians (Allen, 2024). In
practice, however, most XAl methods operate
through post hoc approximation rather than
genuine model transparency, a structural tension
that technical tools alone cannot resolve. Clinical
and institutional responsibility must remain with
humans.

FL supports privacy and data minimization by
enabling model training across distributed sites
without transferring raw patient data (Rieke et al.,
2020; Sheller et al., 2020). Yet non-identically
distributed data, uneven institutional

participation, and absent agreed protocols
constrain generalizability and complicate model
aggregation (Almogadwy & Algarafi, 2025).
Blockchain improves auditability and consent
tracking but faces scalability limits and tension
with the GDPR right to erasure (Agbo et al., 2019;
Hasselgren et al., 2020). Zero-trust architecture
provides continuous authentication and context-
sensitive access control, though deployment is
infrastructure-intensive  and may  disrupt
workflows where access delays affect urgent care
(Al-Hammuri et al, 2024). What these
mechanisms share is that they redistribute
governance risk rather than eliminate it. Figure 4
presents the proposed Stratified Adaptive
Governance (SAG) model, structured across five
interdependent layers integrating regulatory,
technical, institutional, and clinical oversight
mechanisms into a unified governance
framework.
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Figure 4

Adaptive Al Governance in Precision Healthcare: The Stratified Adaptive Governance (SAG) Model in Five

Layers.
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Note. Layer 1 establishes the regulatory bedrock. Layer 2 embeds technical operationalization in system design.
Layer 3 represents institutional stewardship with human oversight and organizational governance. Layer 4 maps
the risk frontier. Layer 5 defines adaptive outcomes. A continual learning and auditing cycle connects all layers.

Clinical Oversight and Institutional

Stewardship

Clinical oversight must reside within
identifiable governance bodies, Institutional
Review Boards, hospital ethics committees,
clinical governance committees, data
stewardship boards, Al safety committees, and
regulatory agencies such as the FDA and
European national competent authorities. Their
core functions, validating use cases, monitoring
safety, auditing for bias, and preserving clinical
accountability, become increasingly critical as
aging populations place greater demands on

healthcare systems (Jones & Dolsten, 2024).
Effectiveness, however, depends on adequate
resources, technical expertise, and
organizational maturity, which is why adaptive
governance must be treated as an institutional
capability rather than a static policy artefact
(Cresswell & Sheikh, 2013; Matheny et al., 2023;
World Health Organization, 2021). Table 6
demonstrates that governance has several
functions including ensuring accountability,
privacy, transparency, security, compliance and
equity which require complementary technical,
and organizational considerations for their
implementation.
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Note. Implementation challenges refer to practical barriers to use, while limitations refer to structural or

inherent constraints of the mechanism.

Adoption, Trust, and Decision -Science
Perspectives

Regulatory and technical readiness alone do
not determine whether Al systems are adopted in
clinical settings. Whether governance
mechanisms translate into actual practice
depends on clinician perceptions of usefulness,
workflow compatibility, and trustworthiness.
Output uncertainty, variable performance, and
limited explainability can erode confidence and
reduce uptake (Cresswell & Sheikh, 2013;
Matheny et al., 2023). Governance that delivers
credible accountability, transparent validation,
and meaningful privacy safeguards builds the
appropriate trust on which adoption depends.

Emerging Challenges: Multimodal Al and
Affective Computing

Multimodal Al, which draws on imaging,
genomics, electronic health records, and
wearable sensor data simultaneously, may
improve diagnostic precision and personalization,
but it also amplifies opacity, consent complexity,
and cross-modal bias. Affective or emotional Al
raises further concerns: interpreting facial
expressions, vocal patterns, or behavioral cues in
clinical contexts is culturally variable and may
affect triage or risk stratification in ways that
existing frameworks have not fully addressed
(Bajwa et al., 2021; Matheny et al., 2023; World
Health Organization, 2021). The gap between
regulatory intent and operational reality is likely to
widen as these technologies diffuse into clinical
environments.

Global Inequities and Implementation Gaps

Global inequities compound these
governance challenges. In sub-Saharan Africa,
fragmented health information systems and
limited digital infrastructure constrain even basic
implementation. Across South Asia, digital health
expansion has repeatedly outrun regulatory
development. In Latin America, persistent
interoperability gaps and uneven institutional
capacity create divergent trajectories across
urban and rural systems. Governance
frameworks developed in high-income settings

cannot be exported without contextual adaptation
(Kergroach & Heéritier, 2024; World Health
Organization, 2021). There is also a structural
risk of data colonialism, whereby low-resource
regions may contribute training data while
exercising limited influence over model design,
governance standards, or the distribution of
resulting benefits.

Sustainable  governance in  precision
healthcare ultimately depends on the alignment
of law, ethics, technology, and leadership. The
EU model offers stronger enforceability; the USA
model offers adaptability. Neither fully resolves
opacity, bias, or uneven implementation.
Governance must therefore function as a
dynamic capability and adaptive organizational
capacity integrating regulatory alignment,
technical understanding, clinical oversight, and
ethical decision-making under conditions of
incomplete interpretability. The central question
is not whether Al can support precision
healthcare, but whether healthcare systems can
govern it responsibly, equitably, and adaptively
across diverse real-world contexts. That capacity
is built not through regulation alone but through
the sustained alignment of legal frameworks,
technical  architectures, and institutional
accountability structures.

Discussion/Implications
Cross -Pillar Synthesis

This review synthesizes an interdependent
five-pillar framework forAl-enabled precision
healthcare that supports a transition from isolated
unimodal algorithmic development toward an
integrated, holistic, trustworthy and clinically
actionable socio-technical model of care. The
evidence provided in support of RQ1 suggests
that multimodal and explainable Al can improve
diagnostic and prognostic performance over
many unimodal models (Acosta et al., 2022;
Parvin et al., 2025; R. Zhang et al., 2026), but
should be viewed as extensions, and not
replacements, of high-performing unimodal
architectures that leverage model-specific
strengths in comprehensive decision-aware
pipelines to enhance clinical relevance (Figure 2;
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Table 1; Table 2; Suppl. Table 1). Within a
systems-level paradigm, the foundational data
used in MAI systems can be grouped into three
broad categories: 1) structural and anatomical
information  extracted from imaging, 2)
physiological and longitudinal dynamic data from
sensors and time-series monitoring, and 3)
contextual and semantic data extracted from
EHR, clinical unstructured text and large
language models. Most high performing systems
incorporate at least two of these categories.
Emerging architectures incorporate all three
categories to enable deep phenotyping,
longitudinal monitoring, and  personalized
treatment planning (Table 1, Suppl. Table 1).

Despite architectural complexity, multimodal
gains can plateau when data is imbalanced,
quality is poor, integration introduces noise or
cross-modal correlations  are  spurious.
Consequentl vy, mar gi nal
necessarily translate into improved clinical utility,
patient outcomes or workflow efficiency (Hicks et
al., 2022; Shamszare & Choudhury, 2023).
Clinical usefulness requires going beyond
sophisticated model performance and addressing
calibration, external validation,  workflow
integration, interpretability, and cost-efficiency
challenges (Acosta et al., 2022; Dantone et al.,
2026).

The integration of MAI systems into the
analysis requires balancing critical technical
trade-offs, including the fusion strategy, and Al
algorithm. An early fusion strategy maximizes
feature interaction but is sensitive to missingness
and temporal misalignment. An intermediate
fusion strategy improves cross-modal
dependencies (with the use of transformers and
cross-attention mechanisms) but increases
computational burden and opacity (R. Zhang et
al., 2026), whereas a late fusion strategy treats
missingness and heterogeneity at the expense of
deep inter-modal reasoning. Different Al
algorithms across CNNs, RNNs, LSTMs, GANSs,
transformers,  autoencoders, and hybrid
architectures provide richer and more complex
analyses at the expense of significant
infrastructure requirements and energy costs,
interpretability, and scalability in real-world
clinical settings. High-quality data availability is
one of the major bottlenecks in improving model
performance, and hence many algorithms are

trained in small, region-specific (mostly high-
income regions in the USA, EU, or China),
inadequately validated, highly curated or
synthetic datasets that are not representative of
the heterogeneous real-world clinical landscape,
which in turn increases bias (unless fairness is
integrated) and limits generalizability.

The literature suggests that XAl is evolving
into a core evidentiary mechanism, critical for
clinical reasoning, pathophysiological plausibility,
and regulatory compliance, for trustworthy clinical
deployment and accountability (Q. Abbas et al.,
2025; Allen, 2024; Gerdes, 2024; K. Zhang et al.,
2026). In this regard, there is a trade-off between
high performance of complex models (such as
transformer-based  systems and  hybrid
architectures), and level of interpretability through
methods such as SHAP, LIME, Grad-CAM,
Score-CAM, saliency maps, and layer-wise

p e relevancen@apagaiongls bhsesveddiroour&able

analysis, true mechanistic explainability is limited
as most  methods provide post-hoc
approximations (Table 1; Table 2; Table 3; Suppl.
Table 1). An ensemble of complementary
explainability approaches is needed to support
three stakeholder levels: locally at the patient
level for clinical decision-making, and globally for
researchers to improve the mechanism, and for
regulators to ensure auditability, fairness,
reproducibility and compliance.

Our literature search addressing RQ2
suggests that affective computing and human-
centered Al are emerging and comparatively less
mature fields of research where conversational Al
systems have primarily been evaluated based on
their anthropomorphic interface design, emotion-
recognition  performance, and perceived
empathetic, and supportive responses. However,
there are other metrics that are not often
evaluated or achieved, including therapeutic
alliance, clinical usability, health-literacy
alignment, patient adherence,  workflow
compatibility, psychological safety, and long-term
patient outcomes (Biro et al., 2023). The
evaluation of highly sensitive physiological, vocal,
facial, and behavioral signals introduces an
ethical and governance challenge due to the re-
identification risk based on stable psychological
traits. HIPAA and GDPR were not originally
designed to regulate emotional inference and
behavioral monitoring systems, thus leaving open
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a regulatory gap regarding patient consent and
model accountability (Bouderhem, 2024).

To address RQ3, existing research suggests
that FL provides a  privacy-preserving
decentralized infrastructure enabling
interoperability across institutions but has
limitations in guaranteeing privacy and security
including gradient leakage, membership
inference, model inversion attacks, client drift,
and non-lID data heterogeneity. Adaptive FL
systems can improve local personalization but
increase the privacy leakage risk. Mitigation
strategies for these vulnerabilities include
differential privacy, secure multi-party
computation, blockchain integration, and zero-
trust architectures (K. Li et al., 2025; Ning et al.,
2024; Wang et al, 2026). Fairness-aware
architectures with adaptive governance models
are needed to mitigate institutional inequalities
and data disparities but they introduce several
challenges: computational overhead,
communication  burden, and governance
complexity. International governance models
differ significantly where EU models provide strict
enforceable oversight and accountability, USA
models emphasize sector-specific adaptive
innovation, and global ethical frameworks provide
normative guidance but lack enforceability.
Governance extends beyond regulation to cover
institutional stewardship, clinical oversight, and
socio-technical alignment. Al adoption requires
models that are useful, interpretable, workflow-
compatible, institutionally supported, compliant
and adequately governed (Cresswell & Sheikh,
2013; Venkatesh et al., 2003; Venkatesh et al.,
2012).

This narrative review has quantitative
comparability limitations as it covers a broad
scope that includes the synthesis of
heterogeneous studies with diverse
methodologies, data modalities, validation
procedures, outcome metrics, and reporting
standards spanning across multiple clinical
domains.

Implications

The practical implication is that healthcare Al
should be evaluated not only by technical
performance but also by whether clinicians
perceive it as useful, interpretable, workflow-

compatible, institutionally = supported, and
appropriately governed (Dingel et al., 2024,
Shamszare & Choudhury, 2023). For developers,
this means prioritizing external validation,
explanation usability, subgroup performance,
uncertainty reporting, and lifecycle monitoring.
For healthcare institutions, it means building
governance structures that can review safety,
bias, privacy, workflow fit, and patient impact
before and after deployment. For policymakers, it
means designing frameworks that address both
technical risk and implementation capacity
across diverse health systems (Aboy et al.,
2024).

Limitations

This narrative review has quantitative
comparability limitations as it covers a broad
scope that includes the synthesis of
heterogeneous studies with diverse
methodologies, data modalities, validation
procedures, performance metrics, and reporting
standards spanning across multiple clinical
domains. Because it is a narrative review with
structured evidence mapping rather than a
systematic review or meta-analysis, the findings
should be interpreted as integrative synthesis
rather than pooled effect estimation. Many
studies relied on retrospective datasets, single-
institution cohorts, simulated interactions, short-
term outcomes, or highly curated data, which may
overstate real-world readiness. Additional
limitations include potential publication bias
arising from publication date restrictions specified
by the journal and overrepresentation of studies
conducted in high-income settings. Moreover,
because affective computing research remains
comparatively immature, the evaluation on this
section was challenging.

Conclusion

Artificial intelligence is increasingly enabling
precision healthcare through the integration of
multimodal data, advanced predictive analytics,
and clinical decision-support systems. This
review proposes a five-pillar framework,
consisting of multimodal and explainable Al,
affective computing, privacy-preserving
collaboration, and adaptive governance, enabling
an analytical shift from isolated unimodal data
analysis to holistic, human-centered, trustworthy,
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and continuously learning actionable clinical
ecosystems.

Our findings demonstrate that predictive
accuracy alone is insufficient for meaningful
clinical translation. Model performance is highly
affected by the presence of data heterogeneity,
modality imbalance, missingness, institutional
and demographic bias, weak external validation,
computational burden, and poor workflow
integration. While explainable Al has improved
transparency, accountability, clinician trust, and
regulatory  alignment; addressing clinical
plausibility in model output remains a challenge.
Hence, ML and DL Al systems must be used as
clinical decision support tools integrated within
human-in-the-loop frameworks for improved
clinical translation. Although methodologically
immature and insufficiently validated, affective
computing and human-centered Al demonstrate
emerging promise in introducing emotionally
intelligent interfaces in conversational systems
for mental health support, chronic disease
management, and patient-centered
communication. Future work in this field should
go beyond technical performance, and prioritize
achieving therapeutic alliance, emotional safety,
accessibility, and health-literacy alignment.

Future research should prioritize
mechanism-aware models, cloud-based
multimodal health information systems, adaptive
lifecycle monitoring, fairness-aware and bias-
sensitive model learning strategies, standardized
explainability and human-centeredness metrics,
energy and resource-efficient architectures for
more generalized sustainable deployment across
resource-rich and -limited settings, and robust
post-market surveillance frameworks. Post-
market surveillance involves performing equity
audits, continuous model drift assessment,
multicenter  external  validation, lifecycle
performance assessment, privacy-preserving
systems with clear liability rules, and longitudinal
prospective clinical trial outcome monitoring.
Other frontiers for research include causal digital
twins development, genome editing,
geroscience, wearable ecosystems, and smart-
home monitoring. and. There is a need for
regulatory bodies to remain agile in providing
standardization efforts , interoperability and
reporting protocols for improved reproducibility
and comparability. Evidence-based and human-

centered Al precision healthcare systems will
become  more  effective  through the
implementation of a sophisticated socio-technical
framework ensuring a holistic  patient
assessment, clinical interpretability and
plausibility, compassionate care aligned with
human values, physician accountability, patient
trust, and ethical and equitable governance.
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