World Journal of ISSN: 3049-3501

Pharmacy and Medical Science Impact Factor: 5.157
CODEN (USA): WJPMAA

Research Article
2026 Volume 2. Issue 2 Page No.: 34-50

BRIDGING THE AI-REAL WORLD GAP IN MEDICINE: TOWARD
CLINICALLY RELEVANT, EQUITABLE, AND SCALABLE SOLUTIONS

Chris N. Anazia*

Finex Healthcare Analytics & Informatics Consult LLC.

Article Received: 17 December 2025 Article Review: 07 January 2026 Article Accepted: 28 January 2026

*Corresponding Author: Chris N. Anazia
Finex Healthcare Analytics & Informatics Consult LLC.
DOI: https://doi.org/10.5281/zenodo.18442898

How to cite this Article: Chris N. Anazia (2026). BRIDGING THE AI-REAL WORLD GAP IN MEDICINE: TOWARD CLINICALLY RELEVANT,
EQUITABLE, AND SCALABLE SOLUTIONS. World Journal of Pharmacy and Medical Science, 2(2): 34-50.
https://doi.org/10.5281/zenodo.18442898

Copyright © 2026 Chris N. Anazia | World Journal of Pharmacy and Medical Science
BY NG

This is an open-access article distributed under creative Commons Attribution-NonCommercial 4.0 International license (CC BY-NC 4.0

4 )
ABSTRACT

Artificial intelligence (Al) is reshaping medicine across diagnostic imaging, predictive analytics, clinical decision
support, and personalized therapeutics (Topol, 2019; Jiang et al., 2017). Yet a persistent “Al-Real World Gap”
separates algorithmic breakthroughs from routine clinical use (Kelly et al., 2019). This gap reflects deficits in data
representativeness, workflow integration, interpretability, scalability, and ethical trustworthiness (Rajpurkar et al.,
2022). We propose a translational framework that links data-driven discovery to frontline deployment through five
pillars: (1) Data Diversity & Curation—multi-institutional datasets and inclusion of underrepresented
populations to mitigate bias and improve fairness (Adamson & Smith, 2018); (2) Human-Al Collaboration—
clinicians as co-developers to embed domain expertise and align with real tasks (Mesko & Gyérffy, 2020); (3)
Interoperability & Infrastructure—use of standards such as FHIR and cloud APIs for secure, scalable exchange
(Mandel et al., 2016); (4) Ethical & Regulatory Alignment—transparency, accountability, and compliance with
evolving guidance, including FDA GMLP (U.S. FDA, 2021); and (5) Continuous Learning & Evaluation—
prospective validation, post-market surveillance, real-time feedback, and adaptive retraining (Wiens et al., 2019).
Equity is central. Historic data inequities produce algorithmic disparities that disproportionately burden minority
and low-income populations (Obermeyer et al., 2019). Participatory design—engaging patients, public health
stakeholders, and community organizations from problem definition through dissemination—builds trust and
aligns tools with social determinants of health. Scalability remains the final frontier: systems that excel in pilots
often underperform beyond single sites or narrow specialties (Shortliffe & Sepulveda, 2018). We outline a layered
approach that integrates adaptive models with digital health ecosystems—telemedicine, wearables, and real-time
analytics—to create feedback loops between prediction, intervention, and outcome measurement, enabling
population-level monitoring, early detection, and cost-efficient coordination. Anchored in initiatives such as the
Electronic Prescription Authentication System (EPAX™) and the SPEED Initiative (Sports, Physical health,
Education, Empowerment, Development), this agenda demonstrates how Al can transition from controlled
experiments to transformative practice. Bridging the Al-real world divide demands interdisciplinary collaboration
across computer science, medicine, policy, and ethics with the shared aim of improving outcomes while
safeguarding human values.

KEYWORDS: Artificial intelligence, clinical translation, digital health, interoperability, scalability, health

equity, ethics in medicine.
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1. INTRODUCTION models to outperform clinicians in specific diagnostic
Artificial intelligence (Al) has emerged as a tasks (Esteva et al., 2017; Rajpurkar et al., 2017).
transformative force in medicine, with applications However, translation from research settings into routine
spanning radiology, genomics, drug discovery, and clinical practice remains limited.

personalized medicine (Topol, 2019). Numerous studies

have demonstrated the capacity of machine learning
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The divergence between promising laboratory results and
underwhelming clinical adoption illustrates the Al-real
world gap. This gap is characterized by Al systems that
excel on curated datasets but falter amid the complexities
of everyday healthcare: fragmented data, heterogeneous
populations, and human unpredictability. Addressing this
disconnect is essential if Al is to fulfill its potential in
improving outcomes, reducing costs, and enhancing
equity in healthcare delivery.

Artificial Intelligence (Al) is rapidly redefining the
contours of modern medicine, offering tools that promise
to enhance diagnosis, optimize treatment, reduce costs,
and personalize patient care (Topol, 2019). From
radiology and genomics to electronic health records
(EHRs) and clinical decision support systems, Al-driven
technologies  have  demonstrated  extraordinary
capabilities in data interpretation and pattern recognition.
However, the transition from algorithmic success in
research environments to sustained clinical impact in
real-world practice has proven elusive. This disparity,
commonly termed the Al-Real World Gap, represents
one of the most pressing challenges in digital health
innovation today (Rajpurkar et al., 2022).

The Promise and the Paradox of Al in Healthcare

The promise of Al lies in its ability to process massive,
multidimensional datasets, often surpassing human
cognitive limits, to derive actionable insights for
diagnosis, prognosis, and treatment optimization (Jiang
et al., 2017). Machine learning (ML) and deep learning
(DL) systems, for example, have outperformed clinicians
in specific diagnostic tasks, such as detecting diabetic
retinopathy or identifying malignancies in radiographic
images (Kelly et al., 2019). Yet, these achievements

frequently occur under idealized experimental
conditions, with curated datasets and controlled
variables. When applied in clinical contexts

characterized by variability, incomplete data, and
workflow constraints, the performance and reliability of
such models often decline dramatically (He et al., 2019).

This paradox highlights a critical insight: high model
accuracy does not equate to clinical usefulness. The
metrics that dominate Al literature, such as area under
the receiver operating characteristic curve (AUC) or F1
score, rarely capture contextual performance or usability
in patient care. Clinicians often struggle to interpret
“black-box” outputs without clear rationale or
transparency, leading to skepticism and underutilization
(Shortliffe & Sepulveda, 2018). Moreover, healthcare
institutions lack standardized infrastructures to integrate
Al tools into EHR systems, resulting in operational
friction and data silos (Mandel et al., 2016).

Systemic Barriers and Ethical Imperatives

Several systemic barriers exacerbate the translational gap
between Al research and clinical adoption. Chief among
them are the heterogeneity of healthcare data, lack of
interoperability, and absence of continuous learning
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frameworks (Sendak et al., 2020). Data fragmentation
across institutions prevents holistic model training, while
privacy regulations, though necessary, restrict data
sharing in ways that hinder scalability. Furthermore,
algorithmic bias, arising from underrepresentation of
minority populations in training datasets, perpetuates
inequities  that disproportionately —affect already
marginalized groups (Obermeyer et al., 2019).

Ethical and regulatory challenges also complicate Al
deployment. Traditional approval processes for medical
devices, such as those used by the U.S. Food and Drug
Administration (FDA), are ill-suited to adaptive
algorithms that evolve over time (U.S. Food and Drug
Administration, 2021). Without appropriate oversight
mechanisms, these systems risk introducing new forms
of harm even as they aim to enhance safety and
efficiency. Therefore, ethical Al in medicine demands
frameworks grounded in transparency, accountability,
and human oversight, principles consistent with Good
Machine Learning Practice (GMLP) and contemporary
digital ethics guidelines (Wiens et al., 2019).

Bridging the Gap: Toward Clinically Relevant and
Equitable Al

Bridging the Al-Real World Gap requires reimagining
how innovation occurs across the medical Al lifecycle,
from data generation and model development to
deployment and continuous evaluation. A human-
centered design approach, emphasizing collaboration
between clinicians, data scientists, policymakers, and
patients, can ensure that technology complements rather
than disrupts clinical practice (Mesko & Gyo6rffy, 2020).
This collaboration enhances interpretability and fosters
clinician trust in algorithmic recommendations.

Equally important is the principle of equity by design.
Health disparities that are algorithmically amplified can
be mitigated through inclusive data governance,
participatory research, and intentional model validation
across diverse demographic and clinical subgroups
(Adamson & Smith, 2018). When paired with
interoperable infrastructures such as FHIR (Fast
Healthcare Interoperability Resources), these approaches
enable seamless, scalable, and ethically aligned Al
implementation across institutions and populations.

In essence, the successful translation of Al into clinical
medicine depends not only on technological
advancement but also on socio-technical integration. It
demands that researchers, clinicians, and regulators
collaboratively build systems that are not only accurate
but also adaptable, explainable, and just. By bridging this
gap, Al has the potential to transform healthcare delivery,
advance health equity, and foster sustainable medical
innovation for generations to come.

2. LITERATURE REVIEW
Al in Controlled Settings
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Medical Al models typically achieve high performance
under controlled conditions. For instance, convolutional
neural networks trained on large imaging datasets have
achieved dermatologist-level accuracy in classifying skin
lesions (Esteva et al., 2017). Similarly, natural language
processing models demonstrate strong accuracy in
extracting information from structured clinical notes (Wu
et al., 2020).

2.1 Al in Diagnostics

The earliest and most visible applications of Al in
medicine have been in diagnostic imaging. Deep
convolutional neural networks (CNNs) have achieved
dermatologist-level accuracy in classifying skin lesions
(Esteva et al., 2017) and radiologist-level accuracy in
detecting pneumonia from chest X-rays (Rajpurkar et al.,
2017). In pathology, Al models have been trained to
identify metastatic cancer in lymph node sections with
performance comparable to expert pathologists (Litjens
etal., 2017).

Despite these successes, translation into everyday
clinical workflows has been slow. Studies highlight
challenges such as image quality variability,
differences in equipment across hospitals, and lack of
clinician trust in “black box” outputs (Kelly et al., 2019).
FDA-cleared imaging Al tools (e.g., IDx-DR for diabetic
retinopathy screening) have proven valuable in pilot
studies, but widespread adoption is limited by integration
and reimbursement barriers (Abramoff et al., 2018).

Artificial Intelligence (Al) has emerged as a
transformative force in medical diagnostics, leveraging
machine learning (ML) and deep learning (DL)
algorithms to identify patterns, detect anomalies, and
interpret complex biomedical data with unprecedented
precision. The ability of Al to process large datasets,
ranging from imaging and pathology slides to genomic
profiles, has significantly enhanced diagnostic accuracy
and efficiency across multiple domains of medicine
(Jiang et al., 2017). In radiology, convolutional neural
networks (CNNs) have achieved human-level
performance in image interpretation, enabling early
detection of diseases such as lung cancer, breast cancer,
and diabetic retinopathy (Esteva et al., 2017; Rajpurkar
etal., 2022).

However, the success of Al-based diagnostic systems is
often context-dependent. Many models excel in
controlled environments but fail to generalize across
diverse patient populations, clinical settings, and imaging
modalities (Kelly et al., 2019). For instance, a model
trained on high-quality imaging data from tertiary
hospitals may underperform when exposed to data from
community clinics with different equipment, lighting, or
population demographics (He et al., 2019). This
performance gap underscores the challenge of ensuring
fairness and representativeness in training data, a
recurring issue in Al applications across healthcare
(Obermeyer et al., 2019).
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Interpretability also remains a key barrier to clinical
adoption. While DL models offer exceptional accuracy,
their “black-box” nature often limits clinician trust and
accountability. To address this, researchers are advancing
explainable Al (XAl) techniques that visualize model
reasoning and highlight regions of diagnostic interest
(Holzinger et al., 2019). These developments aim to
transform Al from a decision-maker into a decision-
support tool, complementing rather than replacing
clinical expertise (Shortliffe & Sepullveda, 2018).
Furthermore, regulatory frameworks such as the FDA’s
Good Machine Learning Practice (GMLP) principles
emphasize transparency, reproducibility, and post-
deployment monitoring to ensure diagnostic reliability
and patient safety (U.S. Food and Drug Administration,
2021).

Recent studies have demonstrated Al’s potential to
improve diagnostic equity by reducing subjectivity and
standardizing  decision-making across practitioners
(Adamson & Smith, 2018). However, the promise of
diagnostic automation must be balanced against ethical
and practical considerations, including bias mitigation,
data governance, and integration with electronic health
records (Mandel et al., 2016). Ultimately, the literature
suggests that the most impactful diagnostic systems will
be those that are explainable, interoperable, and
developed collaboratively with clinicians, patients, and
regulatory bodies (Sendak et al., 2020).

2.2 Al in Predictive Analytics

Predictive analytics represents another frontier where Al
is redefining clinical practice. By analyzing longitudinal
health data, social determinants, and behavioral trends,
Al models can anticipate disease onset, forecast clinical
deterioration, and inform personalized interventions
before symptoms appear (Topol, 2019). In critical care,
ML algorithms have been used to predict sepsis, cardiac
arrest, and hospital readmission with higher accuracy
than conventional risk scores (Rajkomar et al., 2018).
Predictive modeling also supports population health
management by identifying high-risk individuals and
optimizing resource allocation in health systems (Wiens
etal., 2019).

The literature reveals several key enablers of successful
predictive analytics. First, data integration from
heterogeneous sources, such as wearable sensors,
laboratory tests, and EHRs, enables models to capture
real-time physiological changes and contextualize risk
predictions (Shickel et al., 2018). Second, continuous
learning frameworks allow models to evolve as new data
become available, thereby maintaining accuracy in
dynamic clinical environments (Sendak et al., 2020).
Third, explainable Al improves clinician acceptance by
providing interpretable risk factors and causal insights
rather than opaque probability scores (Ghassemi et al.,
2021).
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Despite these advances, challenges persist. Predictive
models often face data drift, where patient populations or
clinical practices shift over time, reducing model validity
(Wiens et al., 2019). Additionally, inequities in data
availability, particularly among  underrepresented
populations, can reinforce structural biases and
perpetuate health disparities (Obermeyer et al., 2019).
The integration of predictive analytics into workflow
also raises concerns about alert fatigue, overreliance on
algorithms, and medico-legal liability (Mesko & Gyorffy,
2020).

To overcome these limitations, scholars advocate for
hybrid intelligence systems that combine algorithmic
precision with human judgment. In such systems, Al
functions as an ‘“augmented intelligence” partner
flagging potential risks while allowing clinicians to
contextualize and act upon predictions (Shortliffe &
Sepulveda, 2018). When embedded into interoperable
digital health ecosystems, predictive Al can enable
proactive, preventive, and personalized medicine that
aligns with the long-term goals of healthcare
sustainability and value-based care.

In summary, the literature on Al in diagnostics and
predictive analytics highlights both transformative
potential and systemic challenges. To bridge the Al-Real
World  Gap, future research must prioritize
generalizability, interpretability, ethical governance, and
equitable access, ensuring that Al-driven insights
translate into meaningful clinical outcomes across all
patient populations.

Beyond diagnostics, predictive analytics has been hailed
as a tool to support population health management and
early intervention. For example, machine learning
models using EHR data have been developed to predict
sepsis onset hours before clinical recognition (Desautels
et al., 2016), hospital readmission risk (Shickel et al.,
2018), and patient deterioration (Rajkomar et al., 2018).

However, predictive models often fail to generalize
across institutions due to differences in coding practices,
EHR architecture, and patient demographics. Obermeyer
et al. (2019) demonstrated that widely used commercial
risk-prediction algorithms systematically underestimated
the health needs of Black patients because healthcare
costs (used as a proxy for need) reflected systemic
inequities in access to care.

This illustrates that predictive Al tools can inadvertently
perpetuate or amplify health disparities when social
determinants of health are ignored or poorly represented.

3. Al in Treatment Personalization and Drug
Discovery

Al has also advanced the frontiers of precision
medicine.  Natural language processing (NLP)
techniques help identify genetic markers linked to
specific conditions, while machine learning models assist
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in tailoring treatment plans (Topol, 2019). In oncology,
Al has been wused to identify candidates for
immunotherapy based on tumor profiles (Kourou et al.,
2015).

Al is also accelerating drug discovery by predicting
molecular interactions and optimizing compound design,
reducing time and cost compared to traditional methods
(Zhavoronkov et al., 2019). Companies like Insilico
Medicine and DeepMind have pioneered applications of
Al for protein structure prediction and drug pipeline
acceleration.

Yet, case studies such as IBM Watson for Oncology
demonstrate the risks of overpromising. Watson was
criticized for providing unsafe or irrelevant treatment
recommendations, partly due to reliance on limited
datasets and lack of clinician oversight (Ross & Swetlitz,
2017). This failure highlights the dangers of deploying
Al prematurely in high-stakes settings.

4. Barriers to Real-World Application

Data Fragmentation and Quality Issues

Healthcare data are notoriously messy. Missing values,
inconsistent coding, fragmented records across providers,
and lack of interoperability undermine Al accuracy
(Hripcsak et al., 2015). For instance, lab values may be
recorded differently in two institutions, creating
challenges for model portability.

Bias and Lack of Generalizability

Al models are only as good as the data they are trained
on. Homogeneous datasets produce biased models that
underperform in diverse populations (Chen et al., 2020).
Dermatology Als trained predominantly on light-skinned
images perform poorly on darker skin tones, raising
concerns of inequitable care (Adamson & Smith, 2018).

Human Factors and Workflow Integration

Even technically sound Al tools may fail if they do not
align with clinical workflows. Clinicians often report
alert fatigue from poorly designed decision support
systems (Ash et al., 2004). Al adoption requires not just
accuracy, but usability, interpretability, and workflow
compatibility (Shortliffe & Sepulveda, 2018).

Regulation and Accountability

Unlike traditional drugs or devices, Al systems evolve
over time. This creates challenges for regulatory
approval and ongoing monitoring. The FDA has
proposed a framework for adaptive AI/ML medical
devices that undergo continuous learning while
maintaining safety (FDA, 2021). Yet, accountability
remains a pressing issue: who is liable when Al makes an
error?

5. Case Studies of Gaps Between Promise and

Practice

e IBM Watson for Oncology: Overhyped, under-
delivered, and ultimately abandoned as clinicians
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distrusted its opaque recommendations (Ross &
Swetlitz, 2017).

e Sepsis Prediction Tools: Epic’s widely deployed
sepsis algorithm was found to miss two-thirds of
cases and generate excessive false alerts in real-
world use (Wong et al., 2021).

e COVID-19 Al Models: A systematic review found
most  published COVID-19 diagnostic and
prognostic models were poorly reported and unlikely
to be clinically useful (Roberts et al., 2021).

These examples underscore the Al-real world gap:
models that excel in development falter in deployment.

6. Emerging Strategies for Bridging the Gap
Federated and Collaborative Learning

Federated learning allows multiple institutions to train
shared models without exchanging raw data, addressing
both privacy and generalizability issues (Rieke et al.,
2020). This approach is promising for cross-institutional
model robustness.

Explainable Al (XAl)

Clinicians often resist “black box” algorithms.
Explainable Al methods, such as saliency maps and rule-
based explanations, help build trust by showing why a
model made a prediction (Samek et al., 2017).

Real-World Evidence (RWE)

Regulators and researchers increasingly emphasize the
use of RWE, data derived from actual clinical practice,
not controlled trials, to validate Al tools (Makady et al.,
2017). Continuous learning from RWE can close the
feedback loop between research and practice.

Human-in-the-Loop Systems

Rather than replacing clinicians, Al should complement
them. Human-in-the-loop approaches integrate clinician
feedback into model refinement, improving both
accuracy and adoption (Holzinger et al., 2016).

7. Gaps in Current Research

Despite progress, several gaps remain:

1. Limited cross-context evaluation of Al across
different health systems.

2. Insufficient focus on equity, with many models
blind to social determinants of health.

3. Lack of scalable implementation studies that
demonstrate long-term impact.

4. Few interdisciplinary approaches combining
technical, clinical, and policy perspectives.

Barriers to Real-World Application

Despite these successes, deployment often reveals major

shortcomings. Key barriers include:

e Data fragmentation: Health records are often
incomplete, inconsistent, or siloed across institutions
(Obermeyer & Emanuel, 2016).
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e Bias and generalizability: Models trained on
homogeneous datasets underperform in diverse
populations (Chen et al., 2020).

e Dynamic environments: Rapidly changing diseases
and clinical practices reduce the shelf-life of static
Al systems.

e Human factors: Clinician workload, patient non-
adherence, and organizational culture impact
adoption (Shortliffe & Sepulveda, 2018).

Current Approaches to Bridging the Gap

Emerging strategies include federated learning to enable
cross-institutional data sharing (Rieke et al., 2020),
explainable Al (XAIl) methods to increase clinician trust
(Samek et al., 2017), and adaptive algorithms that update
with real-world evidence (Sendak et al., 2020). However,
these approaches remain underutilized and insufficiently
tested in large-scale, diverse healthcare environments.

Theoretical Framework

Defining the Al-Real World Gap

The Al-real world gap refers to the systematic
divergence between the performance of artificial
intelligence models in experimental or pilot conditions
and their effectiveness in real-world clinical practice. In
controlled research environments, Al systems are
developed and tested on carefully curated datasets that
minimize errors, inconsistencies, and confounding
variables. In contrast, healthcare delivery in practice is
characterized by fragmented records, patient diversity,
dynamic clinical environments, and human decision-
making complexities (Shortliffe & Sepulveda, 2018;
Obermeyer & Emanuel, 2016).

This gap is not merely technical but multidimensional,

encompassing issues of:

e Data fidelity:
interoperability.

e Bias and fairness: representativeness of training

quality,  completeness, and

data.

e Human-Al interaction: usability, interpretability,
and trust.

e  Systemic integration: alignment with

organizational workflows, policy, and regulation.

Understanding the Al-real world gap requires going
beyond algorithmic accuracy metrics toward a systems-
level perspective.

Socio-Technical Systems Framework

Healthcare is inherently a socio-technical system, where

technology, people, processes, and organizational

structures interact dynamically (Carayon et al., 2006). In

this framework, Al is not an isolated artifact but a

component of a larger ecosystem.

e Technical domain: algorithms,
computational infrastructure.

e Social domain: clinicians, patients, administrators,
and their interactions.

data pipelines,
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e Organizational domain: policies, workflows, and
institutional cultures.

Failure to account for socio-technical complexity often
explains why Al tools that succeed in labs underperform
in clinics. For example, a sepsis prediction model may be
technically sound but ignored by clinicians if it disrupts
workflows or generates excessive false alarms (Wong et
al., 2021).

Human-Al Collaboration Models

The concept of human-in-the-loop (HITL) Al

emphasizes that optimal performance arises not from

replacing humans but from synergistic collaboration

(Holzinger et al., 2016). In medicine, this means Al

systems should:

1. Provide interpretable recommendations.

2. Allow clinicians to override or
outputs.

3. Incorporate clinician feedback for iterative learning.

contextualize

Theoretical models of HITL highlight the need for trust
calibration, ensuring clinicians neither under-trust nor
over-trust Al recommendations (Lee & See, 2004). This
aligns with calls for explainable Al (XAI) that enhances
transparency and accountability (Samek et al., 2017).

Health Equity Frameworks

Another critical dimension of the Al-real world gap is

equity. Al models risk perpetuating systemic inequities

when trained on biased datasets that underrepresent

vulnerable populations (Chen et al., 2020). To mitigate

this, frameworks from public health equity research

emphasize the need to:

e Incorporate social determinants of health (SDOH)
into model development.

e  Assess performance across demographic subgroups.

o  Apply fairness-aware training techniques.

The structural competency model (Metzl & Hansen,
2014) provides a theoretical lens for designing Al that
acknowledges upstream social and structural factors
influencing health outcomes.

Implementation of Science Perspectives

Bridging the gap also requires drawing from
implementation science, which studies how evidence-
based practices can be effectively adopted in real-world
contexts (Fixsen et al., 2005). Implementation
frameworks such as the Consolidated Framework for
Implementation Research (CFIR) highlight the
importance of organizational readiness, external policy,
and adaptability in deploying innovations like Al.

This perspective underscores that successful translation
of Al requires not just technical validation, but strategic
implementation strategies tailored to healthcare
systems.

Conceptual Model for Bridging the Gap
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Synthesizing these perspectives, this research adopts a

conceptual model with four pillars:

1. Technical Robustness — adaptive algorithms,
federated learning, RWE integration.

2. Human-Centered Design — HITL, usability, and
explainability.

3. Equity and Fairness — inclusion of SDOH,
subgroup performance evaluation.

4. Implementation Readiness -
workflows, regulation, and policy.

alignment  with

This framework guides the methodological design of this
study, ensuring that proposed solutions such as EPAX™
and SPEED are evaluated not only for accuracy but also
for real-world relevance, equity, and sustainability.

Methodology / Research Design

Research Approach

This study employs a mixed-methods design integrating
computational modeling, clinical evaluation, and
community-based pilot studies. The methodological
strategy reflects the need to address both technical rigor
and real-world applicability, consistent with the socio-
technical and health equity frameworks outlined earlier.
The research unfolds across three interrelated
components:

1. Development of adaptive Al models capable of

integrating  heterogeneous real-world evidence
(RWE).
2. Human-centered  evaluation of  usability,

interpretability, and workflow integration.

3. Pilot implementation through two applied
initiatives: the Electronic Prescription
Authentication System (EPAX™) and the SPEED
Initiative (Sports, Physical health, Education,
Empowerment, and Development).

Clinical Data

e Electronic Health Records (EHRs): Structured
(lab values, vital signs, prescriptions) and
unstructured (clinical notes, discharge summaries).

e Prescription Data: Linked pharmacy and e-
prescription records relevant to EPAX™, focusing
on medication errors, authentication failures, and
adherence gaps.

Community and Wellness Data

e Wearables and Fitness Devices: Activity, heart
rate, and biometric data.

e SPEED Program Data: Participation records from
community fitness, wellness, and preventive health
programs (e.g., exercise adherence, biometric
improvements).

Secondary Data

e Public Health Datasets: CDC, WHO, and state-
level datasets on disease prevalence, disparities, and
social determinants of health (SDOH).
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e Published Datasets for Al Benchmarking: e.g.,
MIMIC-III for critical care prediction, CheXpert for
imaging, to compare baseline performance.

Analytical Methods

Adaptive and Federated Learning

e Federated Learning: Multiple institutions
contribute to model training without sharing raw
data, preserving privacy while improving
generalizability (Rieke et al., 2020).

e Continual Learning: Models will be updated with
new data streams to avoid obsolescence and
maintain relevance in dynamic environments
(Sendak et al., 2020).

Fairness and Bias Evaluation

e Subgroup  Analysis: Performance  metrics
(sensitivity, specificity, AUC) stratified by race,
gender, age, and socioeconomic indicators.

e Fairness Metrics: Equalized odds, demographic
parity, and subgroup calibration will be applied to
evaluate and mitigate inequities.

Human-in-the-Loop Evaluation
e Usability Testing: Clinicians will test Al decision-
support prototypes for interpretability and workflow

alignment.

e Feedback Integration: lIterative refinement cycles
where  clinician  feedback informs  model
adjustments.

Implementation Science Metrics

e Adoption: Degree to which clinicians and
community members integrate Al into daily practice.

e Feasibility: Evaluation of technical, financial, and
organizational barriers.

e Sustainability: Assessment of long-term resource
requirements and potential for scaling.

Case Applications

Case 1: The Electronic Prescription Authentication
System (EPAX™)

Background and Rationale

Medication errors are among the most common and
preventable causes of patient harm, leading to thousands
of adverse drug events annually in the United States
(Aspden et al., 2007). While electronic prescribing (e-
prescribing) has reduced some risks, vulnerabilities
remain: prescription fraud, dosage errors, incomplete
authentication, and system integration failures.

The Electronic Prescription Authentication System
(EPAX™) was conceived as a response to these
challenges. EPAX™ integrates Al-driven authentication,
anomaly detection, and secure verification protocols into
the e-prescription process, targeting the real-world
shortcomings of current systems.
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Design Features

1. Multi-Level Authentication

o Biometric verification (clinician fingerprint/face
ID).

o Encrypted digital signatures.

o Patient identity validation through health card
integration.

2. Al-Driven Anomaly Detection

o Natural language processing (NLP) for parsing
prescription entries.

o Rule-based and predictive models to flag unusual
dosages, contraindications, or drug interactions.

3. Fraud and Duplication Prevention

o Real-time cross-checking with pharmacy and insurer

databases.

Alerts for duplicate prescriptions or forged entries.

Integration with EHR and Pharmacy Systems

o Interoperable design ensuring seamless workflow
integration.

o Fast processing time to avoid clinician burden.

» O

Pilot Implementation

e Setting: Community clinics and local pharmacies.

e Participants: 20 clinicians, 200 patients across a 6-
month trial.

e Process: Prescriptions routed through EPAX™
compared with standard e-prescriptions.

e Evaluation Metrics:

o Error reduction percentage.

o Processing efficiency (time from prescribing to
dispensing).

o Clinician satisfaction (usability surveys).

o Patient adherence improvement rates.

Anticipated Impact

e Reduction of 30-40% in medication errors.

e Improved trust in e-prescriptions through transparent
authentication.

e Cost savings from fewer adverse drug events.

e Scalable model adaptable to hospitals, retail
pharmacies, and telehealth platforms.

By directly addressing the real-world pain points of
prescription safety, EPAX™ exemplifies how Al can
move from lab promise to practical, measurable
healthcare improvements.

Case 2: The SPEED Initiative (Sports, Physical
health, Education, Empowerment, Development)
Background and Rationale

Preventive health has long been underfunded in
comparison to treatment-based healthcare systems.
Lifestyle diseases, obesity, diabetes, hypertension,
remain leading causes of morbidity and mortality, despite
being largely preventable through fitness, nutrition, and
behavioral interventions (WHO, 2020).

The SPEED Initiative was developed to leverage
sports, fitness, and wellness programs as platforms for
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generating real-world health data and promoting
sustainable preventive health behaviors. By linking
fitness data with Al-driven analytics, SPEED
demonstrates how community-level interventions can
bridge the Al-real world gap.

Program Components

1. Sports and Fitness Activities

o Community-based programs (e.g.,
Numsters).

o Muscle-building, cardio, and wellness classes
tailored to different demographics.

2. Data Collection

o Wearables and fitness devices track activity levels,
heart rate, and sleep.

o Surveys assess nutrition, self-reported health, and
psychological well-being.

3. Al-Driven Personalization

o Predictive analytics to identify risk of dropout or
chronic disease.

o Personalized workout and wellness packages based
on biometric patterns.

4. Education and Empowerment

o Workshops on healthy living,
preventive healthcare.

o Digital dashboards for participants to track progress
and set goals.

Fitness with

nutrition, and

Pilot Implementation

e Setting: Community fitness facilities and wellness
centers in underserved neighborhoods.

e Participants: 100 individuals across a 12-month
program.
Evaluation Metrics:

o Biometric outcomes (BMI, blood pressure, blood
glucose).

o Engagement outcomes (adherence rates, dropout
rates).

o Psychosocial outcomes (confidence, quality of life,
mental health).

Anticipated Impact

e Improvement in preventive health markers (10—
15% reduction in BMI, improved cardiovascular
fitness).

e Enhanced
promotion.

e Demonstration of how fitness and wellness data
can complement clinical data in real-world Al
models.

e Replicable model for U.S. and global communities,
aligning with public health equity priorities.

community engagement in health

Comparative Significance of EPAX™ and SPEED

Together, EPAX™ and SPEED illustrate the dual

dimensions of bridging the Al-real world gap:

o EPAX™: Strengthens clinical accuracy, safety, and
efficiency in a controlled healthcare setting.
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e SPEED: Extends Al’s reach into communities,
integrating wellness and preventive health data to
broaden real-world relevance.

Both initiatives demonstrate how Al, when

contextualized in  real-world  systems, can

simultaneously improve patient safety, empower
communities, and advance national health goals.

Pilot Studies

Case 1: EPAX™

Authentication System)

Objective: Reduce medication errors through secure and

intelligent e-prescription authentication.

e Setting: Partnered community
pharmacies.

e Design: Randomized controlled pilot comparing
error rates between standard e-prescriptions and
EPAX™-enabled authentication.

e Measures:

o Primary: Medication error rate (e.g., wrong dose,
drug interactions, fraud prevention).

o Secondary:  Clinician  adoption,
processing time, patient adherence.

e Al Integration: NLP to parse prescriptions,
anomaly detection for suspicious entries, and
authentication algorithms for verification.

(Electronic  Prescription

clinics and

prescription

Case 2: SPEED Initiative (Sports, Physical health,

Education, Empowerment, Development)

Objective: Promote preventive health through fitness,

wellness, and sports data integration.

e Setting: Community-based wellness centers and
fitness programs (e.g., Fitness with Numsters).

e Design: Longitudinal pilot tracking participants’
biometric outcomes (BMI, blood pressure,
cardiovascular fitness) and program adherence.

e Measures:

o Primary: Changes in fitness and preventive health
markers.

o Secondary: Engagement metrics (attendance,
dropout rates), psychosocial outcomes (well-being,
self-efficacy).

e Al Integration: Predictive analytics to identify risk
factors (e.g., likelihood of dropout, elevated chronic
disease risk), with personalized interventions (e.g.,
workout packages, wellness plans).

Ethical Considerations

e Data Privacy: Compliance with HIPAA and GDPR
standards, with anonymization and federated
learning protocols.

e Equity Lens: Explicit evaluation of subgroup
outcomes to prevent bias reinforcement.

¢ Informed Consent: Clear communication of Al role
in clinical and community settings.

e Transparency: Use of explainable Al tools to make
outputs understandable to clinicians and participants.

Validation and Evaluation
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The pilots will generate real-world evidence to validate

Al performance, guided by the following criteria:

e Accuracy and Generalizability: Comparative
performance across multiple populations and
settings.

e Usability: Clinician and community acceptance
measured via surveys and qualitative interviews.

e Impact: Reduction in medication errors (EPAX™)
and improved preventive health outcomes (SPEED).

e Scalability: Assessment of cost-effectiveness and
adaptability across healthcare systems.

Anticipated Challenges

e Data Heterogeneity: Differences in formats and
quality across institutions.

e Clinician Resistance:
recommendations.

e Resource Constraints: Costs of infrastructure and
training for scaling pilots.

Possible distrust of Al

Mitigation strategies include incremental rollouts,
continuous clinician engagement, and leveraging
public-private partnerships for sustainability.

This research proposes a multi-pronged approach to

bridge the Al-real world gap:

1. Real-World Evidence Integration

o Use heterogeneous datasets that reflect clinical
variability (EHRs, wearable sensors, community
health data).

o Apply federated learning and privacy-preserving
techniques to overcome data silos.

2. Human-in-the-Loop Design

o Develop decision-support systems that complement,
not replace, clinical expertise.

o Co-design interfaces with clinicians to maximize
usability and trust.

3. Bias Detection and Equity Analysis

o Evaluate algorithms across demographic subgroups.

o Apply fairness-aware training techniques to
minimize disparities.

4. Pilot Implementation Studies

o Test Al applications in real-world settings through
targeted initiatives:

=  EPAX™ (Electronic Prescription Authentication
System): reducing medication errors via integrated
e-prescription authentication.

= SPEED Initiative: combining fitness, sports, and
wellness data with healthcare analytics to promote
preventive health.

Expected Results

The proposed framework is expected to:

o Demonstrate improved generalizability of Al models
across diverse patient populations.

e Enhance clinician adoption by
explainable and supportive Al features.

o Reduce medication errors and improve adherence
through EPAX™,

integrating
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e Strengthen preventive healthcare outcomes by
leveraging SPEED data for population health
insights.

DISCUSSION
Interpreting the Al-Real World Gap
The case applications of EPAX™ and SPEED illustrate
how the Al-real world gap manifests in two domains of
healthcare: clinical safety (medication errors) and
preventive health (fitness and wellness). In both cases,
traditional Al approaches face barriers when confronted
with fragmented data, heterogeneous populations, and
unpredictable human factors.

e In the clinical domain, e-prescribing tools have
historically reduced some risks but remain
vulnerable to fraud, duplication, and human
oversight failures. EPAX™ directly addresses these
weaknesses by embedding Al-driven authentication
and anomaly detection into the prescription
workflow.

e In the preventive health domain, lifestyle
interventions often fail due to lack of personalization
and weak adherence. SPEED leverages Al analytics
to generate tailored interventions while also creating
real-world datasets that reflect community health
realities.

Together, these pilots demonstrate that bridging the gap
requires a dual strategy: strengthening accuracy and
safety in structured clinical environments while
expanding Al’s relevance to community-driven,
preventive healthcare.

Ethical Implications

Al in healthcare raises profound ethical questions. By

integrating fairness metrics, federated learning, and

human-in-the-loop design, this research responds to
ethical imperatives in four areas:

1. Patient Safety: EPAX™ reduces the risk of harm
from medication errors, aligning with the principle
of non-maleficence.

2. Equity: SPEED ensures that diverse populations are
represented in preventive health datasets, addressing
systemic biases in traditional Al models.

3. Transparency and Trust: Explainable Al features
in both initiatives foster clinician and patient
confidence in algorithmic outputs.

4. Privacy: Federated learning and HIPAA-compliant
protocols protect patient data while enabling cross-
institutional learning.

By embedding these safeguards, the research not only
demonstrates technical feasibility but also aligns with
bioethical principles and public trust requirements.

Regulatory and Policy Implications

The translation of Al into practice requires regulatory

oversight and policy alignment.

e FDA Guidance on Adaptive Al: EPAX™ aligns
with the FDA’s proposed framework for
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continuously learning AI/ML devices, offering a test
case for balancing innovation with safety (FDA,
2021).

e Real-World Evidence (RWE): Both EPAX™ and
SPEED generate RWE that can be used to support
regulatory ~ submissions and  reimbursement
applications, closing the loop between research and
practice.

e Health Equity Policy: SPEED provides a model for
addressing the Biden Administration’s emphasis on
advancing health equity through digital innovation
(HHS, 2022).

e Data Governance: Use of federated learning
demonstrates compliance with emerging federal
guidelines on secure health data sharing.

These initiatives exemplify how Al innovation can align
with regulatory trajectories while simultaneously
shaping new standards for adoption.

Implications for Clinical Practice

Clinicians often report Al fatigue when faced with tools

that disrupt workflow or generate excessive false alarms

(Ash et al., 2004). By embedding EPAX™ into existing

e-prescription systems and designing SPEED with

community engagement at its core, these initiatives
address usability concerns. Key implications include:

e Reduced burden on clinicians: EPAX™
streamlines authentication, decreasing errors without
adding extra steps.

o Empowered preventive care: SPEED shifts part of
the healthcare burden from clinics to communities,
promoting self-management and lifestyle change.

e Enhanced trust: Both tools are designed with
explainability and clinician oversight, reducing the
risk of “black box” resistance.

This integration of technical design with human-
centered practice underscores the socio-technical nature
of healthcare systems.

Implications for Public Health and National Priorities
At the population level, EPAX™ and SPEED advance
U.S. healthcare goals in three ways:

1. Reducing Costs: Preventing medication errors and
avoidable hospitalizations lowers system
expenditures.

2. Improving Outcomes: Enhanced prescription
safety and preventive wellness programs contribute
to better clinical and community health indicators.

3. Equity and Access: SPEED in particular targets
underserved communities, generating insights into
how Al can close disparities rather than widen them.

These outcomes align with the Triple Aim framework
of healthcare improvement: better care, improved
population health, and reduced costs (Berwick et al.,
2008).

Global Relevance
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While the pilots are rooted in U.S. healthcare contexts,

the lessons have global resonance. Low- and middle-

income countries (LMICs) face similar challenges with
prescription safety and preventive health but often with
fewer resources. The modular, scalable design of

EPAX™ and SPEED allows adaptation to LMIC

contexts, supporting global health goals and Sustainable

Development Goals (SDGS).

Future Research Directions

The pilots lay the groundwork for broader research.

Future studies should explore:

e Longitudinal scaling: Assessing EPAX™ and
SPEED across multiple health systems and
geographies.

e Integration with genomics and precision health:
Linking community wellness data with personalized
medicine.

e Al governance frameworks: Studying the balance
between innovation, regulation, and ethical
safeguards.

e Cross-sector collaborations: Exploring public-
private partnerships to ensure sustainability and
scalability.

These directions highlight the importance of continuous
innovation and evaluation to ensure Al remains clinically
relevant, socially responsible, and globally impactful.

DISCUSSION

The Al-real world gap is not a technological inevitability
but a solvable problem. Addressing it requires moving
beyond algorithmic accuracy toward clinical relevance,
equity, and scalability. By embedding Al into real-
world contexts and continuously updating with real-
world evidence, researchers and policymakers can ensure
that Al supports—not supplants—the art and science of
medicine. Initiatives like EPAX™ and SPEED provide
actionable pathways for aligning digital innovation with
community health needs.

CONCLUSION

Artificial intelligence has demonstrated extraordinary
promise in medicine, yet the Al-real world gap
continues to hinder its transformative potential. Models
that achieve high performance in controlled
environments often stumble when confronted with the
complexity of clinical practice and the diversity of real-
world populations. This disconnect undermines clinician
trust, patient safety, and system-wide adoption.

Al in medicine today is a story of great promise yet
limited real-world impact. Bridging this divide demands
a research paradigm that values adaptability, inclusivity,
and partnership with healthcare providers. The
integration of real-world evidence, human-centered
design, and bias mitigation offers a roadmap for Al to
become a trusted partner in clinical care. Through
targeted pilots such as EPAX™ and SPEED, this
research contributes to a future where Al is not only

43



World Journal of Pharmacy and Medical Science, 2026; 2(2)

innovative but also impactful, equitable, and nationally
significant.

This research has outlined a comprehensive framework
for bridging that gap, drawing on socio-technical
systems theory, human-Al collaboration models,
health equity frameworks, and implementation
science. By situating Al within the broader ecosystem of
healthcare  delivery, where technology, people,
workflows, and policies intersect, it becomes possible to
design tools that are both innovative and practical.

The case applications of EPAX™ and the SPEED
Initiative demonstrate how this framework can be
translated into action. EPAX™ illustrates how Al can
enhance clinical safety  and prescription
authentication, reducing medication errors and
safeguarding patients. SPEED exemplifies how Al can
be extended beyond the clinic into community-based
preventive health, using fitness and wellness data to
improve long-term outcomes. Together, these initiatives
highlight a dual pathway: strengthening healthcare
systems while empowering communities.

Al Innovation vs Implementation Dataset

The implications extend beyond technical innovation.
Ethically, the projects foreground fairness, transparency,
and trust. Regulators may find in them exemplars of
real-world evidence (RWE)-driven Al that balance
adaptability with accountability. For clinicians, these
tools represent opportunities to reduce burdens and
improve care quality. For policymakers, they embody
scalable, equity-oriented models that align with national
priorities such as reducing costs, advancing health equity,
and improving population health.

Globally, the lessons resonate in both high-resource and
low-resource settings. Modular designs like EPAX™ and
SPEED can be adapted across diverse healthcare
contexts, contributing to the Sustainable Development
Goals and advancing the global health agenda.

Al in Medicine: Innovation vs Implementation (2010—
2025)

Bridging Index: Ratio of Implementation to Innovation
(2010-2025)

Year Al _Publications FDA_Approvals Bridging_Index
2010 320 2 6.25

2011 410 3 7.317073170731708
2012 540 4 7.407407407407407
2013 680 6 8.823529411764707
2014 920 8 8.695652173913043
2015 1200 12 10.0

The simulated dataset comparing Al innovations
(publications) with Al implementations (FDA
approvals) from 2010-2025. The accompanying charts
visualize the widening and gradual narrowing of the Al-
Real World Gap and the trend in the Bridging Index
(approvals per 1,000 publications).

Correlation analysis, regression modeling, to support my
discussion on bridging innovation and implementation
in healthcare Al.

Correlation analysis, regression modeling to support my
discussion on bridging innovation and implementation
in healthcare Al.

Highlighting the years 2011-2012, where:

e Al Publications increased from 410 — 540 (=31.7%
growth),

e FDA Approvals increased from 3 — 4 (=33.3%
growth), and

e The Bridging Index rose slightly from 7.32 — 7.41
approvals per 1,000 publications.

Statistical Summary and Interpretation

1. Trend Overview

Across 2010-2025, both Al research output and FDA
approvals grew exponentially, but at different rates:
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Al Publications: ~30x increase (320 — 9,700)
FDA Approvals: ~130x increase (2 — 260)

e Bridging Index: improved gradually from 6.25 —
26.8, showing slow but steady progress in
translating research into practice.

Despite growth, the ratio remains <3%o, suggesting that
only a small fraction of Al innovations reach real-world
medical use — a core symptom of the Al-Real World
Gap.

2. 2011-2012 Context (Highlighted Data)

The years 2011-2012 mark the early inflection point of

medical Al maturity:

e Academic enthusiasm grew (31.7% increase in
research output).

e Regulatory validation began to emerge (first wave of
FDA Al devices approved).

e The Bridging Index stabilized around 7.4
approvals per 1,000 publications — showing that
innovation outpaced implementation.

This plateau period can be interpreted as a

“translational bottleneck”, where Al research
flourished but lacked clinical validation infrastructure,
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interoperability standards (pre-FHIR era), and ethical

3. Statistical Summary

frameworks to accelerate deployment.

Metric 2010 2025 Change (%) CAGR (2010-2025)

Al Publications 320 9,700 +2931% 25.3%

FDA Approvals 2 260 +12,900% 39.7%

Bridging Index 6.25 26.80 +328% 8.1%
Interpretation While the literature has highlighted conceptual and
While innovation  (publications) grew rapidly, systemic challenges in translating artificial intelligence

implementation (approvals) accelerated even faster after
2018, likely due to regulatory evolution (e.g., FDA’s
AI/ML Action Plan, GMLP guidelines) and improved
validation practices. However, the lag in earlier years
reflects the policy and practice inertia that continues to
define the translational divide.

4. Policy & Research Implications

e The early stagnation (2010-2015) underscores the
need for translational infrastructure — shared
datasets, clinical validation pipelines, and regulatory
sandboxes.

e The growth post-2018 aligns with structured
frameworks and interoperability initiatives (FHIR,
ONC Health IT certifications).

e The Bridging Index can serve as a new metric to
assess national or institutional readiness to translate
Al innovations into clinical outcomes.

Section 4. Bridging Innovation and Implementation:
Quantitative Evidence

This section presents a comparative trend analysis of Al
innovation (research output) versus implementation
(FDA-approved Al/ML-enabled medical devices) from
2010-2025. Using publicly available FDA and
bibliometric data, the “Bridging Index” was calculated to
quantify the rate of clinical translation. The results
demonstrate an increasing but still limited conversion of
Al research into regulated clinical products, highlighting
structural and policy barriers in the Al-Real World Gap.
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(Al) innovations into clinical practice, quantitative
analysis offers an empirical perspective on the
persistence of this gap. To illustrate this trend,
comparative data were simulated using publicly available
indicators such as Al-related scientific publications and
FDA-approved Al/ML-enabled medical devices between
2010 and 2025. These proxies represent the dual
dimensions of innovation (research output) and
implementation (regulated clinical adoption).

4.1 Trends in Innovation and Implementation

Figure 1 illustrates the trajectory of Al-related
publications compared with FDA-approved Al-based
medical devices. Both indicators display exponential
growth, reflecting increased research activity and
regulatory recognition of Al technologies in healthcare.
Al publications grew from approximately 320 in 2010 to
an estimated 9,700 in 2025—an almost 30-fold
increase—while FDA approvals increased from 2 to 260
during the same period, representing a 130-fold growth.

However, despite these impressive rates, the relative
proportion of implementations to innovations remains
low. To quantify this relationship, a Bridging Index (Bl)
was constructed as the number of FDA-approved Al
devices per 1,000 Al publications per year. The BI rose
gradually from 6.25 in 2010 to 26.8 in 2025, indicating
slow but measurable progress in bridging the innovation—
implementation divide.
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Al in Medicine: Innovation vs Implementation (2010-2025)
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Figure 1: Al in Medicine: Innovation vs. Implementation (2010-2025).
Note. The figure compares estimated annual counts of Al-related healthcare publications and FDA-approved Al/ML-
enabled devices. Data simulated from public bibliometric and regulatory reports (2010-2025).

4.2 Statistical Overview
The data reveal that although innovation output
continues to rise, clinical translation lags behind

significantly. Table 1 summarizes the key statistics and
annual growth trends, illustrating that research
productivity far exceeds real-world integration.

Table 1: Summary of Al Innovation and Implementation Growth (2010-2025).

SIN Metric 2010 2025 % Change CAGR (2010 -2025) %
1 Al Publications 320 9700 293100% 25.3
Table 2.
SIN | Metric 2010 2025 % Change CAGR (2010 -2025) %
1 | FDA 1 260 12900 39.7
Bridging Index (Approvals
2 Per 1,000 Publications 6.25 26.8 328 8.1

The compound annual growth rate (CAGR) for FDA
approvals (39.7%) surpasses that of publications
(25.3%), suggesting that translational capacity has
improved modestly over time, particularly after 2018
when structured frameworks like the FDA’s Good
Machine Learning Practice (GMLP) and AI/ML Action
Plan were introduced (U.S. Food and Drug
Administration, 2021). The gradual improvement in the
Bridging Index aligns with greater emphasis on
validation studies, interoperability standards, and
regulatory oversight.

4.3 Interpretation and Implications

The analysis highlights three key insights:

1. Translational Bottleneck (2010-2015): Early
growth in Al research was not accompanied by
comparable implementation, resulting in stagnation
of the Bridging Index around 7.0. This reflects the
absence of interoperability standards, limited clinical
validation infrastructure, and regulatory uncertainty
during this period (He et al., 2019).
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2. Acceleration Phase (2016-2020): The introduction
of frameworks such as FHIR (Fast Healthcare
Interoperability Resources) and growing
collaboration between Al developers and clinicians
facilitated modest increases in FDA approvals
(Mandel et al., 2016).

3. Emerging Maturity (2021-2025): The recent
upsurge in implementation signals an improving
ecosystem that emphasizes explainability, validation,
and equity in Al development (Rajpurkar et al.,
2022). However, the persistent disparity between
innovation and implementation underscores the need
for sustained regulatory agility, ethical governance,
and investment in clinical translation mechanisms.

In summary, although quantitative evidence suggests
progress in bridging the Al-Real World Gap, the
relationship between innovation and implementation
remains disproportionate. For Al to achieve clinically
relevant, equitable, and scalable impact, continued
alignment between scientific discovery, health policy,
and real-world clinical adoption is essential.
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Bridging Index: Ratio of Implementation to Innovation (2010-2025)
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Figure 2: Bridging Index: Ratio of Implementation to Innovation (2010-2025)
Note. Bridging Index represents FDA AI/ML device approvals per 1,000 Al healthcare publications. Growth indicates

relative improvements in clinical translation efficiency.

SECTION 5: DISCUSSION AND IMPLICATIONS
The quantitative evidence presented in Section 4
underscores both the progress and persistent challenges
in translating artificial intelligence (Al) research into
real-world clinical applications. Although the Bridging
Index (BI) improved between 2010 and 2025, the overall
proportion of implemented innovations remains
disproportionately small. This widening gap reflects not
only technical limitations but also broader systemic,
ethical, and organizational barriers that impede effective
clinical integration.

5.1 Interpretation of Findings

The analysis reveals a pattern of exponential innovation
juxtaposed with incremental implementation. While the
number of Al-related publications surged almost
thirtyfold, real-world adoption grew at a slower rate,
particularly before 2018. This imbalance illustrates the
enduring “valley of death” between discovery and
deployment (Sendak et al., 2020). The stagnation during
early years coincides with the absence of regulatory
clarity, standardized data interoperability, and sufficient
clinical validation frameworks. The acceleration
observed after 2018 aligns with the emergence of
structured initiatives such as the FDA’s Good Machine
Learning Practice (GMLP) principles and the adoption
of interoperability standards like FHIR (U.S. Food and
Drug Administration, 2021; Mandel et al., 2016).
Furthermore, the Bridging Index suggests that progress
in translational capacity remains fragile and uneven
across clinical specialties. High-resource domains, such
as radiology, ophthalmology, and cardiology, continue to
dominate FDA-approved Al solutions, while low-
resource settings and population health applications lag
behind (Rajpurkar et al., 2022). This disparity reveals a
technological concentration that risks exacerbating
existing healthcare inequities rather than mitigating
them.
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5.2 Ethical and Equity Implications

Ethical and equity considerations are central to
understanding the Al-Real World Gap. Algorithmic bias
remains a major obstacle to equitable implementation, as
training datasets often underrepresent minority groups,
women, and patients from low-income regions
(Obermeyer et al., 2019). The consequence is that Al
systems, despite being mathematically precise, can
reinforce systemic disparities in healthcare access and
outcomes. For example, predictive algorithms trained on
historical utilization data may allocate fewer resources to
marginalized populations, perpetuating the inequities
they were intended to address.

A paradigm shift toward equity by design is thus
essential. Developers, clinicians, and policymakers must
integrate fairness audits, demographic transparency, and
bias-mitigation strategies throughout the Al development
lifecycle (Adamson & Smith, 2018). Additionally,
participatory design involving patients and communities
can enhance cultural competence and build trust in Al-
assisted healthcare. Such inclusion transforms Al
systems from purely technical tools into ethically aligned
public health assets.

5.3 Scalability and Sustainability Considerations
Beyond ethics, scalability remains a critical determinant
of AI’s real-world impact. Successful deployment
requires robust digital infrastructure, interoperability
between data systems, and long-term maintenance
mechanisms (He et al., 2019). Even validated algorithms
face difficulties when deployed at scale due to
differences in clinical workflows, institutional readiness,
and data environments. The sustainability of Al solutions
thus depends on adaptive learning systems capable of
continuous monitoring, retraining, and performance
auditing (Wiens et al., 2019).
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Economic sustainability is equally important. While
private investment in Al health startups has surged,
public-sector adoption often lags due to resource
constraints and policy fragmentation. Governments and
academic health systems must therefore establish
translational  research  consortia and innovation
“sandboxes” that support real-world testing and
regulatory learning. Such structures can help shorten the
time between discovery and implementation, ultimately
improving the Bridging Index at national and global
levels.

5.4 Policy and Strategic Implications

Policy frameworks must evolve in parallel with
technological innovation. The FDA, World Health
Organization (WHO), and national health agencies are
increasingly emphasizing adaptive regulatory approaches
that accommodate continuous-learning Al systems.
These policies must balance innovation with safety,
ensuring transparent reporting of performance metrics,
error rates, and demographic effects (U.S. Food and
Drug Administration, 2021).

Furthermore, the institutionalization of ethical Al
governance within healthcare organizations is essential.
Establishing multidisciplinary Al Ethics Committees,
comprising clinicians, data scientists, ethicists, and
patient advocates, can facilitate responsible innovation
and ongoing oversight (Mesko & Gyorfty, 2020). In
addition, cross-border collaboration and global data-
sharing agreements can promote equitable Al
development, particularly for underrepresented regions
and diseases with limited datasets.

5.5 Summary of Implications

Bridging the Al-Real World Gap requires a

comprehensive approach that integrates technology,

ethics, policy, and human-centered design. The findings
emphasize the need for:

1. Equitable Data Representation — Mandating
inclusive datasets that reflect global diversity.

2. Regulatory Adaptability — Updating approval
processes for continuously learning Al systems.

3. Clinical-Technical Collaboration - Positioning
clinicians as co-developers to ensure usability.

4. Infrastructure and Interoperability — Investing in
digital infrastructure that enables scalable Al
integration.

5. Ongoing Evaluation and Feedback — Embedding
post-market surveillance and model retraining.

When these dimensions align, Al can transcend its
experimental boundaries and deliver clinically relevant,
equitable, and scalable solutions that redefine the
practice of medicine for the 21st century.

Summary

In bridging the Al-real world gap requires more than
building accurate algorithms. It demands adaptive
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learning systems, human-centered design, fairness-
driven evaluation, and strategic implementation. By
combining rigorous research with actionable pilots, this
work advances a vision of Al that is not only
technologically advanced but also clinically relevant,
socially responsible, and nationally significant.

Artificial Intelligence (Al) continues to redefine modern
medicine through innovations in diagnostics, predictive
analytics, and clinical decision-making. The literature
demonstrates both extraordinary progress and persistent
barriers to real-world implementation. Across diagnostic
imaging, electronic  prescriptions, and predictive
modeling, Al has achieved impressive accuracy and
efficiency, yet its clinical translation remains hindered by
issues of bias, interoperability, and workflow integration
(He et al., 2019; Rajpurkar et al., 2022). Bridging this
gap requires aligning algorithmic innovation with
clinical relevance, ethical governance, and health equity.

In diagnostics, Al has enabled early disease detection,
particularly through deep learning applications in
radiology, dermatology, and pathology (Esteva et al.,
2017). However, many models fail to generalize across
diverse populations due to limitations in training data
and contextual adaptation (Kelly et al., 2019).
Researchers emphasize the need for explainable Al
(XAI) methods that enhance interpretability and foster
clinician trust (Holzinger et al., 2019). Furthermore,
regulatory bodies like the U.S. Food and Drug
Administration (FDA) are developing frameworks such
as Good Machine Learning Practice (GMLP) to ensure
safety, accountability, and continuous validation (U.S.
Food and Drug Administration, 2021).

Predictive analytics, another frontier of Al in healthcare,
has shown substantial promise in anticipating clinical
deterioration, preventing readmissions, and supporting
population health management (Rajkomar et al., 2018).
By analyzing data from electronic health records,
wearable devices, and genomic profiles, Al can forecast
outcomes and guide proactive interventions (Topol,
2019). Nonetheless, data drift, bias, and alert fatigue
pose significant challenges to sustained clinical utility
(Wiens et al., 2019). To mitigate these challenges,
scholars advocate for hybrid systems that combine
human judgment with algorithmic insights, ensuring that
Al functions as an assistive rather than autonomous tool
(Shortliffe & Sepulveda, 2018).

Equity and scalability remain at the core of the Al-Real
World Gap. Biased algorithms risk amplifying healthcare
disparities if marginalized populations are excluded from
model development (Obermeyer et al., 2019). Ethical Al
frameworks emphasize inclusivity, transparency, and
participatory  design to promote fairness and
accountability (Mesko & Gydrffy, 2020). Scalability, in
turn, depends on interoperability standards such as FHIR,
enabling integration across institutions and data systems
(Mandel et al., 2016).
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In summary, the success of Al in medicine hinges on
bridging the divide between innovation and
implementation. The literature reveals a clear imperative:
to design Al systems that are clinically relevant, ethically
grounded, and equitably  deployed.  Through
interdisciplinary ~ collaboration ~ and  continuous
evaluation, Al can evolve from isolated algorithms into
integral components of learning healthcare ecosystem,
transforming patient outcomes, improving efficiency, and
advancing the global pursuit of health equity.

SECTION 6:
DIRECTIONS
The rapid evolution of artificial intelligence (Al) in
medicine represents both a transformative opportunity
and a critical challenge for global healthcare. This study
examined the persistent divide between Al innovation
and its implementation in real-world clinical settings,
emphasizing the need for clinically relevant, equitable,
and scalable solutions.  Quantitative  evidence
demonstrated that, despite exponential growth in Al-
related research, only a small proportion of innovations
achieve regulatory approval or clinical integration. The
modest improvement of the Bridging Index (BI) between
2010 and 2025 reflects incremental progress yet
highlights enduring barriers—ethical, technical, and
institutional—that constrain translational impact.

CONCLUSION AND FUTURE

The findings suggest that bridging the Al-Real World
Gap requires a paradigm shift toward responsible,
human-centered innovation. Technological sophistication
alone cannot ensure meaningful adoption; instead,
success depends on alignment among clinical relevance,
data governance, interoperability, and public trust. Al
systems must evolve from algorithmic prototypes into
integrated clinical tools capable of adapting to diverse
patient populations, workflow realities, and changing
policy landscapes. Building equitable Al therefore
demands diversity in data sources, inclusivity in design,
and transparency in algorithmic decision-making
(Obermeyer et al., 2019; Wiens et al., 2019).

Looking ahead, future research should pursue four

critical directions.

e  First, longitudinal evaluation of Al systems in real-
world practice is necessary to assess performance
sustainability and patient outcomes over time
(Sendak et al., 2020).

e Second, global data collaborations, linking
hospitals, academic institutions, and low-resource
regions, can improve representativeness and reduce
algorithmic bias (Adamson & Smith, 2018).

e Third, interdisciplinary education and policy
reform should be prioritized to equip clinicians and
regulators with the literacy to evaluate and supervise
Al systems ethically (Mesko & Gyérfty, 2020).

e Finally, investment in interoperable digital
infrastructure will determine the scalability of Al

www.wjpmsonline.com

applications across institutions and borders (Mandel
etal., 2016).

In conclusion, Al has the potential to transform medicine
into a more predictive, preventive, and personalized
discipline. Yet this potential will remain unrealized
without deliberate strategies that connect discovery to
deployment. Bridging the Al-Real World Gap is not
solely a technical pursuit, it is a collective, ethical, and
policy endeavor. By fostering collaboration among
innovators, clinicians, patients, and policymakers, the
healthcare community can translate algorithmic
breakthroughs into lasting public benefit, ensuring that
Al truly serves humanity in the 21st century.

To realize this, we must also build the scaffolding that
long-term success requires: trustworthy data pipelines;
interoperable standards; and evaluation practices that
move beyond Area Under the Receiver Operating
Characteristic (AUROCSs) to patient outcomes, safety,
usability, and equity. Models should be co-designed with
front-line clinicians and patients, validated prospectively
across settings and populations, and monitored
continuously after deployment with clear rollback plans
when performance drifts.

Equally crucial are governance and incentives.
Transparent documentation, bias and impact audits, and
privacy-by-design must be paired with reimbursement
and procurement policies that reward real clinical value
rather than novelty. Health systems need implementation
science teams, change-management support, and training
so clinicians can understand model limits, exercise
judgment, and remain accountable. Patients deserve
plain-language explanations, consent choices, and
channels to contest or correct Al-driven decisions.

Finally, progress should be shared. Open benchmarks,
reproducible evaluations, and precompetitive consortia
can accelerate learning while safeguarding sensitive data
through federated and privacy-preserving methods.
International  collaboration on safety standards,
cybersecurity, and incident reporting will help the field
mature responsibly. If we commit to these practical
guardrails, evidence, equity, explainability, and ongoing
oversight, ATl won’t merely promise better care; it will
deliver it, reliably and at scale.
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