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Introduction: The rapid advancement of Artificial Intelligence (Al)-driven
recommendation systems in healthcare presents significant economic
implications, particularly in the context of neurological disorders. These
systems offer opportunities to enhance diagnostic accuracy, optimize resource
allocation, and improve patient outcomes. However, conventional economic
models fail to address the dynamic complexities of Al integration in healthcare,
including market inefficiencies and stakeholder behaviors.

Methods: To bridge this gap, we propose a Dynamic Equilibrium Model for
Health Economics (DEHE), incorporating reinforcement learning and stochastic
optimization. This model captures uncertainty in healthcare decision-making
and includes dynamic pricing, behavioral incentives, and adaptive insurance
premium mechanisms.

Results: Our experimental results demonstrate that DEHE improves economic
efficiency by optimizing Al-driven recommendations while balancing healthcare
cost and accessibility. Through multi-agent simulations, the model shows
strong real-world applicability and stability. It effectively addresses asymmetric
information, moral hazard, and market dynamics.

Discussion: This study offers a novel economic framework for integrating Al-
driven systems in neurological healthcare. We recommend the adoption of
adaptive policy mechanisms and stakeholder-specific incentives to enhance
cost-effectiveness and equitable access. These insights contribute to the
development of more sustainable and inclusive Al-based healthcare policies.

KEYWORDS

Al-driven recommendation systems, healthcare economics, neurological disorders,
Dynamic Equilibrium Model, machine learning, cost-effectiveness, policy optimization

Introduction

The increasing burden of neurological disorders, such as Alzheimer’s disease,
Parkinson’s disease, and epilepsy, poses significant economic challenges due to the high
costs of diagnosis, treatment, and long-term care (1). Traditional healthcare models often
struggle with inefliciencies, including delayed diagnoses, suboptimal treatment plans, and
high hospitalization rates, which further exacerbate financial strain on both healthcare
systems and patients (2). Artificial Intelligence (AI)-driven recommendation systems
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offer a transformative solution by optimizing clinical decision-
making, personalizing treatment strategies, and improving early
disease detection (3). Not only can these systems enhance
patient outcomes through tailored interventions, but they can
also significantly reduce healthcare expenditures by minimizing
unnecessary tests and hospital admissions (4). Al-powered
models facilitate resource allocation, enabling healthcare providers
to prioritize high-risk patients and allocate medical resources
efficiently. Given the rising prevalence of neurological conditions
and the escalating costs associated with their management, Al-
driven recommendation systems present a crucial opportunity to
balance cost-effectiveness with improved healthcare delivery (5).
Therefore, understanding their economic implications is essential
for stakeholders, including policymakers, healthcare providers,
and insurers, to ensure their integration aligns with financial
sustainability and equitable access to care (6).

To address the limitations of conventional diagnostic and
treatment approaches, early Al-driven recommended systems were
rooted in symbolic Al and expert systems, which relied heavily
on rule-based decision-making and knowledge representation (7).
These systems used structured medical ontologies and manually
curated knowledge bases to assist physicians in diagnosing and
managing neurological disorders. For example, rule-based decision
trees and logic-based inference engines helped in clinical decision
support by mapping patient symptoms to predefined disease
patterns (8). However, these approaches suffered from scalability
issues, as they required extensive human expertise to construct and
update medical knowledge bases. Moreover, they struggled with
handling ambiguous or incomplete data, limiting their applicability
in real-world clinical settings (9). Despite their interpretability
and ability to provide transparent recommendations, their rigid
nature hindered adaptability to new clinical insights and patient
variability. The economic impact of these systems was modest,
as they primarily aimed to improve diagnostic accuracy rather
than significantly reduce costs or optimize resource allocation
(10). Consequently, while symbolic AT laid the groundwork for
Al-driven healthcare, it proved insufficient in addressing the
complexity and dynamic nature of neurological disorders.

To overcome the limitations of symbolic Al, data-driven
machine learning models emerged as a more flexible and
scalable alternative for AI-driven recommendation systems in
healthcare (11). These models leveraged large-scale patient datasets,
electronic health records (EHRs), and imaging data to develop
predictive models for disease progression and treatment outcomes.
Supervised learning techniques, such as support vector machines
(SVMs) and random forests, were widely used for diagnosing
conditions like Alzheimer’s and Parkinson’s based on imaging
biomarkers and clinical assessments (12). Clustering algorithms
and Bayesian networks facilitated risk stratification, allowing
healthcare providers to identify high-risk patients and tailor
interventions accordingly. The economic benefits of these machine
learning-based recommendation systems were more pronounced
than those of symbolic AI, as they enabled early disease
detection, reducing hospitalization rates and lowering long-term
treatment costs (13). However, these models still faced challenges
in generalizability due to dataset biases, requiring continuous
retraining and validation across diverse patient populations. The
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lack of interpretability in many machine learning models raised
concerns about their adoption in clinical practice, particularly
in high-stakes medical decision-making where transparency is
crucial. Although these models improved cost efficiency to some
extent, their full economic potential was yet to be realized due to
constraints in real-world deployment and integration with existing
healthcare infrastructure (14).

Building upon the advancements in machine learning,
deep learning and pre-trained models have revolutionized
Al-driven recommendation systems in healthcare, particularly
in the management of neurological disorders. Deep learning
architectures, such as convolutional neural networks (CNNs) and
recurrent neural networks (RNNs), have demonstrated remarkable
success in analyzing complex medical imaging data, identifying
early-stage disease markers, and predicting patient trajectories
with high accuracy (15). Pre-trained transformer models, such as
BERT (Bidirectional Encoder Representations from Transformers)-
based medical NLP models, have enhanced clinical decision
support by extracting valuable insights from unstructured EHRs,
physician notes, and medical literature. These advanced AI
models have significantly improved diagnostic precision and
personalized treatment recommendations, reducing misdiagnosis
rates and optimizing therapeutic interventions (16). Economically,
deep learning-powered recommendation systems offer substantial
cost savings by minimizing unnecessary procedures, streamlining
workflow automation, and enhancing operational efficiency in
healthcare facilities. By integrating multi-modal patient data,
these models enable precision medicine approaches that maximize
treatment efficacy while minimizing adverse effects, ultimately
reducing long-term healthcare expenditures (17). Despite these
advantages, deep learning models require extensive computational
resources and vast amounts of high-quality labeled data, making
their widespread adoption challenging for resource-constrained
healthcare settings. Moreover, regulatory and ethical concerns
regarding patient data privacy and Al accountability must be
addressed to ensure sustainable implementation in clinical practice
(18).

Based on the limitations of earlier AI approaches-such
as the rigidity of symbolic Al the generalizability issues of
machine learning models, and the computational demands of
deep learning-our proposed method aims to strike a balance
between cost-effectiveness, interpretability, and clinical utility.
We introduce a hybrid Al-driven recommendation system
that combines knowledge-based reasoning with deep learning-
powered predictive analytics to provide accurate, interpretable,
and economically viable recommendations for neurological
disorder management. By leveraging domain-specific medical
knowledge alongside patient-specific data-driven insights, our
model ensures robust decision support while maintaining
transparency and trustworthiness in clinical practice. Our
approach incorporates federated learning to enhance data
privacy and model generalizability without compromising
sensitive patient information. From an economic standpoint,
our system is designed to optimize resource allocation, minimize
unnecessary interventions, and improve healthcare affordability
through cost-effective Al integration. By addressing the economic
challenges associated with neurological disorder management,
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our method paves the way for sustainable AI adoption
in healthcare.
We summarize our contributions as follows:

e Our method integrates symbolic Al with deep learning to

provide interpretable yet highly accurate recommendations,
Al-driven
maintaining adaptability to new clinical insights.

ensuring trust in decision-making  while

e The system leverages federated learning to enhance privacy
and generalizability across diverse healthcare settings,
enabling scalable and cost-effective deployment across
hospitals and research institutions.

e Experimental results demonstrate that our model significantly
reduces misdiagnosis rates, lowers healthcare costs, and
improves patient outcomes by optimizing treatment pathways

and reducing unnecessary interventions.

Related work

Al in personalized treatment optimization

Al-driven
personalized treatment approaches in healthcare, particularly

recommendation systems are revolutionizing
in the management of neurological disorders. Traditional
treatment strategies often follow standardized protocols that
may not adequately address individual patient variability (19).
Al algorithms, leveraging machine learning (ML) and deep
learning (DL), facilitate data-driven decision-making by analyzing
extensive patient datasets, including genetic information, clinical
history, imaging data, and real-time physiological signals. These
systems enhance diagnostic accuracy, treatment efficacy, and
patient outcomes while optimizing resource allocation (20).
One critical aspect of Al-based recommendation systems is
their capacity to predict treatment responses in patients with
neurological disorders such as epilepsy, Parkinson’s disease, and
Alzheimer’s disease. For instance, ML models trained on large-scale
patient data can identify patterns that predict how individuals
respond to specific medications, thereby reducing trial-and-error
prescriptions (21). Reinforcement learning frameworks have also
been explored to dynamically adjust treatment regimens based on
patient feedback and disease progression, improving long-term
management strategies. Economic implications arise from the
cost-effectiveness of Al-driven recommendations. By reducing
misdiagnoses and ineffective treatments, healthcare expenses
related to prolonged hospital stays, adverse drug reactions, and
redundant diagnostic tests can be significantly minimized (22).
Moreover, personalized treatment recommendations enhance
patient adherence and reduce the burden on healthcare systems by
preventing disease progression. However, implementing AI-driven
recommendations necessitates substantial investment in data
infrastructure, regulatory compliance, and clinician training,
raising concerns about cost-effectiveness and scalability in different
healthcare settings (23). Despite the promise of Al in personalized
treatment, challenges persist in integrating these technologies into
existing healthcare systems. Data privacy, interoperability between
AT platforms and electronic health records (EHRs), and biases in
training datasets remain key obstacles. Addressing these issues
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is essential to ensure equitable access to Al-driven personalized
treatment recommendations across diverse patient populations
(24). The economic impact of such systems varies depending
on healthcare policies, reimbursement models, and regulatory
environments in different regions.

Cost-benefit analysis of Al deployment

The implementation of Al-driven recommendation systems in
neurological healthcare necessitates a thorough cost-benefit
analysis to evaluate their economic feasibility. While AI
technologies promise enhanced diagnostic precision and improved
patient outcomes, their adoption requires significant financial
investment in data infrastructure, computational resources,
and skilled personnel (25). Understanding the economic trade-
offs is crucial for stakeholders, including healthcare providers,
policymakers, and insurers. One of the primary economic
benefits of Al-driven recommendation systems lies in their
potential to reduce healthcare costs by minimizing diagnostic
errors, optimizing resource utilization, and reducing unnecessary
procedures. Neurological disorders, such as stroke and multiple
sclerosis, often involve complex diagnostic pathways that incur
substantial expenses (26). Al-driven decision support tools
streamline diagnostic processes by integrating multi-modal data
sources, leading to faster and more accurate disease detection.
This early intervention reduces long-term treatment costs by
preventing disease progression and associated complications
(27). Another cost consideration involves the development and
maintenance of AI models. Training robust ML and DL models
requires extensive labeled data, high-performance computing
power, and continuous updates to maintain accuracy. The
financial burden of these requirements may limit adoption,
particularly in resource-constrained healthcare environments (28).
Al-driven recommendations necessitate regulatory compliance,
including adherence to data protection laws and clinical validation
protocols, which impose further financial obligations on healthcare
institutions. The economic impact of Al-driven recommendation
systems also extends to workforce dynamics. While AI can enhance
clinician productivity by automating routine decision-making
processes, it may also alter job roles and require reskilling of
medical professionals (29). The shift toward Al-assisted healthcare
raises concerns regarding workforce displacement and necessitates
investment in training programs to ensure seamless human-Al
collaboration. The affordability of AI solutions varies across
healthcare systems, with high-income countries more readily
integrating these technologies compared to low-resource settings
(30). Quantifying the return on investment (ROI) of AI in
neurological healthcare remains an ongoing challenge. Studies
assessing the economic value of AI-driven interventions emphasize
the need for long-term evaluations that consider both direct
financial savings and indirect benefits, such as improved quality
of life for patients and reduced caregiver burden (31). Future
research should focus on developing standardized methodologies
for evaluating the economic impact of Al-driven recommendation
systems to guide informed policy decisions.
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Health equity and economic disparities

The economic implications of Al-driven recommendation
systems in healthcare must also be examined through the
lens of health equity and economic disparities. While AI
holds the potential to improve healthcare accessibility and
efficiency, disparities in the availability and affordability of
Al-driven interventions raise ethical and economic concerns
(32). Ensuring that AI technologies benefit diverse populations
without exacerbating existing inequalities remains a critical
challenge. One major issue is the digital divide, where disparities
in healthcare infrastructure and technological access hinder
equitable AI deployment. High-income countries with well-
established healthcare systems can afford to integrate Al-driven
recommendations seamlessly, while low- and middle-income
countries (LMICs) face barriers such as limited data availability,
inadequate computing resources, and insufficient funding for AI
initiatives (33). This disparity may widen the healthcare gap,
leaving underprivileged populations without access to advanced
Al-assisted treatment recommendations for neurological disorders.
Biases in AI models further contribute to health inequities.
Al-driven recommendation systems trained on datasets that
underrepresent certain demographic groups may produce skewed
predictions, leading to suboptimal treatment recommendations for
marginalized populations (34). Addressing these biases requires
investment in diverse and representative data collection efforts,
which adds to the economic burden of AI implementation.
Ensuring algorithmic transparency and interpretability is essential
for fostering trust among clinicians and patients, which may require
further regulatory oversight and associated costs (35). The financial
burden of Al-driven healthcare extends to patients, particularly in
regions where out-of-pocket healthcare expenses are significant.
If Al-driven recommendations are primarily available through
private healthcare providers, economically disadvantaged patients
may struggle to afford these services, exacerbating healthcare
inequalities (36). Policy interventions, such as subsidized AI-based
diagnostics and insurance coverage for Al-assisted treatments,
could mitigate these disparities and ensure broader access to Al-
driven neurological care. Moreover, the economic impact of Al on
healthcare reimbursement models remains uncertain. Traditional
reimbursement structures may not account for Al-driven decision
support tools, leading to gaps in financial sustainability for
healthcare providers (37). Developing appropriate reimbursement
frameworks that incentivize the adoption of AI without increasing
patient costs is essential for promoting widespread use. Future
research should explore economic policies that balance AI
innovation with equitable healthcare access, ensuring that Al-
driven recommendation systems contribute to inclusive and cost-
effective neurological care (38).

Method

Overview
Health Economics is a multidisciplinary field that applies

economic theories and principles to healthcare systems, medical
institutions, and health-related behaviors. This section provides a
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structured approach to understanding the economic mechanisms
that influence healthcare policies, costs, and outcomes.

We introduce the fundamental economic concepts that
underpin health economics, including utility maximization,
opportunity costs, and market inefficiencies in healthcare. These
principles serve as the theoretical foundation for subsequent
discussions. In Section , we formalize the economic modeling
of healthcare markets, incorporating elements such as supply
and demand dynamics, insurance mechanisms, and government
interventions. The mathematical formulation of these models
provides a rigorous framework to analyze different policy
implications. In Section , we present our novel economic model
that extends traditional frameworks by integrating uncertainty,
behavioral economics, and dynamic interactions among
stakeholders. This approach allows for a more comprehensive
understanding of healthcare decision-making under risk and
incomplete information. In Section , we propose a new strategic
approach to optimizing health outcomes while balancing economic
efficiency. This strategy employs advanced computational methods,
such as reinforcement learning and stochastic optimization, to
address the complexities inherent in health economics. We
establish a systematic methodology for analyzing and improving
healthcare systems using economic principles, thereby contributing
to both theoretical advancements and practical implementations in

policy-making.

Preliminaries

Health economics seeks to understand how scarce resources
are allocated within healthcare systems to maximize efficiency
and well-being. This section establishes the mathematical and
theoretical foundation for analyzing healthcare markets, pricing
mechanisms, and policy interventions.

Let the healthcare market be represented by a set of consumers
C and providers P. Each consumer i € C derives utility from
consuming healthcare services g; at price p;, given by:

Ui = U(gi, Yi — pigi)s (1)

where Y; is individual income, and U(-) is a concave function
reflecting diminishing marginal utility.
Healthcare demand is influenced by price elasticity, denoted as:

o p

, (2)
opi  qi

& =

which captures how sensitive healthcare consumption is to changes
in price.
On the supply side, healthcare providers maximize profit:

I = pjq; — C(g))s (3)

where C(qj) represents the cost function of provider j. Assuming
convexity, marginal cost is given by:

dC(q;)
dq]‘

MC; = (4)
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Market equilibrium occurs where supply equals demand,

Y a) =) qp) (5)

ieC jeP

However, healthcare markets often exhibit inefficiencies due
to asymmetric information. Let 6; denote the health status of
consumer i, observable to the consumer but not to the insurer. The
expected cost to the insurer in an insurance market is:

E[Cl6] = /0 Clai )7 (6)do, ()

leading to potential adverse selection, modeled as:
P(qi) = Po + AE[C|0i], (7)

where Py is a base premium and A reflects risk adjustments.

Moral hazard further complicates the market. If g} is the
optimal healthcare consumption in the absence of insurance, then
under insurance coverage o € [0,1], the insured demand q;-
satisfies:

Ui(g) = aUj(q7), (®)

indicating overconsumption due to reduced out-of-pocket costs.
To correct these inefliciencies, governments often intervene

through taxation, subsidies, and regulation. Let T(q) denote a

subsidy function such that the consumer’s effective price is:

pi=pi— T(q)). 9)

A central planner may seek to maximize social welfare:

W=3 U=} Clg)+r) Ha)

ieC jeP ieC

(10)

where H(g;) represents health benefits. These formulations provide
the basis for the new economic model and strategic interventions
proposed in subsequent sections.

Dynamic Equilibrium Model for health
economics (DEHE)

To address the complexities of healthcare markets, we propose a
Dynamic Equilibrium Model for Health Economics (DEHE), which
integrates consumer behavior, provider incentives, and government
interventions under a unified mathematical framework. Unlike
traditional static models, DEHE captures dynamic interactions and
policy adjustments over time (as shown in Figure 1).

Intertemporal consumer optimization

Each consumer i € C optimizes lifetime utility by making
healthcare consumption decisions dynamically over a finite time
horizon. The consumer’s utility function depends on healthcare
consumption ¢;(¢) and disposable income, which is the difference
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between total income Y; and healthcare expenditures p;(t)q;(t). The
objective function is formulated as:

T
max f UG, Y — D0, (11)
0

qi(t)

where p > 0 is the discount rate, indicating time preference.
Consumers weigh current and future healthcare consumption,
leading to an intertemporal trade-off that captures dynamic
adjustments in medical demand.

To determine optimal consumption, the necessary first-order
condition for maximization requires:

g — (e ) =0 (12)
where %; is the Lagrange multiplier associated with the budget
constraint. This equation implies that the marginal benefit from
additional healthcare consumption must balance with the effective
price, accounting for price changes over time.

Moreover, consumer demand evolves dynamically as
preferences, income, and price expectations adjust. The Euler

equation governing optimal consumption follows:

d (0U U dpi
—|— )=p— —Ai—.
dt 0q; 0q; dt

This equation captures intertemporal substitution effects, where

(13)

changes in marginal utility and price expectations influence the
trajectory of healthcare demand.

Assuming a quadratic utility function for tractability,
U(gi, Yi) = aqi — gq? + cY;, the optimal consumption path is
determined by solving:

dpi
a—rilpi+ %)

b (14)

;1) =

This expression shows how optimal demand depends on

preference parameters (a,b) and dynamic price adjustments.

The intertemporal optimization framework highlights how

consumers respond to policy changes, income variations, and price
fluctuations over time (as shown in Figure 2).

Dynamic insurance premiums

Health insurance premiums must adapt dynamically to
evolving risk exposure and adverse selection to ensure market
stability and financial sustainability. A core component of this
adaptation is the insurer’s expected payout, which depends on
the distribution of health risks among insured individuals. The
expected cost of claims given an intervention level I;(t) is computed
as:

icin] = [ e e, (15)
where C(g;, 0) denotes the cost function associated with individual
i’s health state 6, and f(0) represents the probability density
function of health risks in the population. To maintain financial
equilibrium while preventing sudden premium fluctuations, we
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Illustration of the Dynamic Equilibrium Model for health economics (DEHE), integrating consumer behavior, insurance premium adjustments, and
government policy optimization. The model dynamically balances intertemporal consumer optimization, risk-based premium adjustments, and
market interventions to ensure economic sustainability and healthcare efficiency. Key components include premium adjustment and risk assessment,
consumer decision-making, and policy-driven subsidies and tax regulations to maintain equilibrium in the healthcare system.

introduce a dynamic premium adjustment rule that ensures
premiums remain aligned with expected costs:

dp;

7 =Y (E[CIL] = Py,

(16)

where y is the premium adjustment speed parameter, ensuring
that pricing responds adaptively to changing risk profiles without
excessive volatility. Premium adjustments incorporate behavioral
incentives to encourage preventive care and adherence to medical
guidelines. A risk-adjusted premium model is formulated as:

Pi(t) = Po + AE[C|0;] — pI(qi>t), (17)
where Py is the base premium, A is the risk adjustment coefficient,
and pI(g;,t) represents premium discounts or penalties based on
adherence to incentivized health behaviors. To ensure financial

stability across the insurer’s portfolio, the total expected revenue
must balance the total expected payouts:

Y POt = Y EICIL®I).

ieC ieC

(18)

This equilibrium condition ensures that premiums dynamically
reflect both individual risk levels and collective healthcare costs,
promoting both sustainability and fairness in the insurance market.

Frontiersin Public Health

Government policy optimization

A central authority aims to maximize social welfare by
optimally setting subsidies S(t) and taxes T(t). The objective
function incorporates consumer utility, production costs, and
potential externalities, weighted by a factor A. The optimization
problem is formulated as:

T
o T(t)/ e Pt Z Ui(qi»S, T) — Z C(gj) + 2 ZH(qi) dt,
. 0

max
ieC jeP ieC
(19)
where C represents consumers, P denotes producers, Ui(g;, S, T)
is the utility function of consumer i, C(g;) is the cost function
for producer j, and H(g;) captures externalities associated with
consumption. The discount factor p > 0 ensures present values
weigh more than future values.
The policy instruments S(¢) and T(t) evolve dynamically based
on deviations from the socially optimal welfare level W*, ensuring
an adaptive regulatory approach:

as ar
dt dat
where W =30 Ui = 3 iep C(gj) + A 2 _icc H(qi) represents the
actual welfare, and 8,8 > 0 are parameters controlling the speed of

B(W—Ww¥), s(W—w"), (20)

policy adjustments.

06 frontiersin.org


https://doi.org/10.3389/fpubh.2025.1588270
https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org

Zhang et al.

10.3389/fpubh.2025.1588270

a) b)
X X

¢) d)

| W R B
Linear

v

Linear Linear

Linear

€|

12 N

Linear

|

|

12N

Transpose nxd

Transpose

Linear .
Linear

@ Softmax

FIGURE 2

adjustment. (d) Government subsidy & tax policy optimization.

Linear Linear

|

[ | = 12 N 12 N

@ Element-wise summation @ Dot product @ Broadcasted element-wise multiplication

Intertemporal Consumer Optimization

The figure illustrates the Intertemporal Consumer Optimization framework, where consumers dynamically adjust healthcare consumption decisions
over time to maximize lifetime utility. The model incorporates utility maximization, price adjustment mechanisms, risk and insurance premium
adjustments, and government subsidy and tax policy optimization. Each mechanism applies a sequence of transformations, including linear
projections, softmax attention, dot product operations, and adaptive parameter adjustments to model intertemporal decision-making. The
mathematical formulation defines consumer utility maximization under budget constraints, leading to an optimal consumption path driven by price
expectations and policy interventions. This optimization process enables policymakers to design adaptive healthcare pricing, insurance adjustments,
and incentive structures for improved economic efficiency. (a) Utility maximization. (b) Price adjustment mechanism. (c) Risk and insurance premium
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The market equilibrium conditions impose constraints on
individual consumption and production choices. The aggregate
demand Qp and supply Qs must satisfy:

QD(S) T) = QS(S) T)) (21)

ensuring that markets clear at any given time. Optimal

production and consumption decisions follow first-order
conditions derived from profit maximization and utility
maximization:
aU; aC
L=p-T, —=p-S5, (22)
9qi 94

where p represents the market price, balancing the incentives of
consumers and producers. Through these dynamic adjustments
and equilibrium conditions, the government aims to steer the
economy toward a socially optimal state while accounting for
market responses.

To further ensure the robustness and generalizability of our
Al-driven recommendation system, we incorporate diverse and
representative datasets during the model training phase. This
approach enables the system to adapt to variations across different
patient populations and healthcare settings. We implement a
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continuous retraining strategy supported by federated learning,
allowing the model to update and refine its parameters using new
clinical data while preserving data privacy. Periodic validation is
conducted using external datasets to assess performance stability
and minimize overfitting, ensuring that the system remains reliable
and effective under evolving real-world conditions.

To further advance the economic understanding of Al
integration in healthcare, it is essential to develop more
comprehensive models that capture the nuanced and evolving
interactions between AI systems and healthcare markets.
Traditional static models often fall short in representing the
real-time feedback loops, behavioral shifts, and policy responses
triggered by Al-driven interventions. In this study, we extend
existing economic frameworks by incorporating dynamic
elements such as intertemporal decision-making, risk-adjusted
insurance mechanisms, and government policy adaptations
through reinforcement learning. Our model accounts for the
complexity of stakeholder behavior, including provider incentives
and patient responsiveness, under uncertainty and asymmetric
information. This approach enables a more accurate simulation
of how AI systems influence healthcare costs, access, and
outcomes over time, thereby offering a foundation for policy
recommendations that are both economically sustainable and
technologically adaptive.
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FIGURE 3

Adaptive Policy Framework for Healthcare Optimization (APFHO) integrates dynamic mechanisms to improve healthcare efficiency, minimize market
distortions, and ensure policy adaptability. The framework consists of three interconnected components, dynamic pricing optimization (DPO), which
adjusts healthcare prices in response to real-time demand-supply imbalances while incorporating stability constraints; incentive-based policy
adjustments (IBPA), which allocate financial and behavioral incentives dynamically to optimize healthcare resource utilization and improve patient
adherence; and reinforcement learning for policy optimization (RLPO), which leverages reinforcement learning techniques to refine government
interventions such as taxation, subsidies, and insurance regulations. These components work collectively to create a responsive and efficient

healthcare policy system.

Adaptive Policy Framework for Healthcare
Optimization (APFHO)

Building upon the Dynamic Equilibrium Model for Health
Economics (DEHE), we propose an Adaptive Policy Framework
for Healthcare Optimization (APFHO). This framework integrates
dynamic mechanisms to enhance healthcare efficiency, minimize
market distortions, and ensure policy adaptability (as shown in
Figure 3).

Dynamic pricing optimization

To address inefficiencies in healthcare pricing, we introduce
a dynamic pricing model that continuously adjusts prices based
on real-time demand-supply imbalances while incorporating
regulatory constraints to ensure stability. In healthcare markets,
prices cannot fluctuate arbitrarily due to regulatory oversight
and consumer affordability concerns. Therefore, we propose a
time-dependent price adjustment mechanism where price changes
respond to excess demand or surplus supply. The price evolution
equation follows:

Wi _ (Do) — s
e K (Dz(t) Sz(t)) >

(23)
where ¥ > 0 represents the price sensitivity parameter, and
D;j(t), Si(t) denote the demand and supply of healthcare services
at time t. When demand exceeds supply, prices rise to restore
equilibrium, whereas excess supply leads to price reductions.
However, to prevent excessive price fluctuations that could
destabilize the market, a bounded price change condition is
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imposed:

|Pi(t) _pi(t - At)l = (SpmaX) (24)

where 8pmax is the maximum permissible price change per unit
time. This constraint ensures gradual price adjustments, preventing
sharp increases that may burden consumers or drastic drops that
may discourage providers.

Incorporating consumer price elasticity into the model, we
define the demand response function:

Dj(t) = Dye~ P9, (25)

where € > 0 represents the price elasticity of demand. Higher
elasticity implies stronger consumer reactions to price changes,
influencing the speed and magnitude of equilibrium adjustments.
To further regulate price dynamics and ensure convergence,
we introduce a dampening term that penalizes excessive price
fluctuations:

i _

dr (26)

i (Di(t) = $i(1)) — n (pi(1) — p}),
where 1 > 0 is the stabilization coefficient, and p} is the long-run
equilibrium price. This formulation ensures that prices not only
react to market imbalances but also gradually converge to stable
long-term values, fostering a sustainable and efficient healthcare
pricing system.

Incentive-based policy adjustments
Optimizing healthcare consumption requires an adaptive
incentive mechanism that dynamically allocates financial and
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behavioral incentives based on real-time consumer responsiveness.
By strategically adjusting incentives, policymakers can enhance
preventive care participation, improve treatment adherence, and
optimize resource allocation. The incentive function is defined as:

I(gi, t) = B1T(qi) + B2R(qi) + B3 M(qi), (27)

where T(q;) represents tax rebates or subsidies provided to
encourage specific healthcare behaviors, R(g;) denotes risk-adjusted
insurance benefits that modify premiums or coverage based
on preventive healthcare engagement, and M(q;) accounts for
personalized medical adherence incentives such as discounts
on medications or financial rewards for completing treatment
programs. The coefficients B1, 82, 83 are dynamically optimized
to maximize healthcare efficiency while maintaining budget
feasibility.

The optimal incentive allocation follows from an individual
utility maximization problem:

mﬂaX Z Ui(gi, Yi — piqi + 1(qi» 1)), (28)

ieC

where Uj(q;, -) represents the utility function of consumer i, Y; is
disposable income, and p;q; denotes healthcare expenditures. The
total incentive distribution is subject to a budget constraint:

> I(git) < Bmax. (29)

ieC

To ensure the effectiveness of these incentives, their allocation
is adjusted using an elasticity-based optimization model. The
response elasticity of healthcare consumption to incentives is
defined as:

0q; I(gi, 1)

[=——"

0I(g;, 1) qi

(30)

A higher elasticity suggests greater responsiveness to incentives,
allowing for targeted allocation where interventions yield the
highest impact. To further optimize the incentive distribution,
we introduce a **marginal cost-effectiveness constraint**, which
ensures that incentives are allocated efficiently by prioritizing
areas where they generate the highest health benefits per unit of
expenditure:

aU;

781((11‘, 5 > A, (31)

where A represents a minimum effectiveness threshold. This
condition ensures that incentives are only distributed to individuals
or groups where the marginal increase in utility surpasses the
predefined threshold, preventing inefficient allocation of limited
resources.

In addition to cost-effectiveness, stability in incentive
adjustments is crucial to avoid abrupt changes in consumer
behavior that could lead to unintended consequences such as
healthcare overutilization or policy resistance. To regulate the
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pace of incentive modifications, we introduce a **smoothness
constraint**:

|I(q:‘:t+ 1) _I(Qb t)} < Amax (32)

where Apmax is a predefined limit preventing sudden large-
scale changes in incentive values. This constraint ensures that
adjustments to tax rebates, insurance benefits, and medical
adherence rewards remain gradual and predictable, facilitating
better long-term behavioral adaptation.

By integrating these optimization components, this framework
enables real-time adaptive policymaking, ensuring that incentives
effectively drive behavioral change while maintaining cost
efficiency. The combination of elasticity-based allocation,
marginal cost-effectiveness constraints, and smoothness in policy
adjustments ensures that financial and behavioral incentives
maximize healthcare outcomes without excessive expenditure. This
approach allows policymakers to continuously refine healthcare
incentives based on observed responses, thereby creating a self-
improving system that evolves to meet public health objectives

dynamically.

Reinforcement learning for policy optimization

Government interventions, including taxation, subsidies,
and insurance regulations, can be dynamically optimized
using a reinforcement learning framework. In this approach,
the policy function 7(S,T) maps state variables (S,T) to
intervention actions, aiming to maximize long-term social
welfare. The expected cumulative welfare function serves as the
objective function:

T
Jer) =E [Z y‘wt} , (33)
=0
where W; is the social welfare function at time ¢, and y € (0,1)
is the discount factor, ensuring that future rewards contribute
less to the present decision-making process. The optimization
procedure follows a policy gradient approach, where updates
to the policy parameters 6 are performed iteratively through
gradient ascent:

Orr1 = 0 + Vo] (my), (34)

where n > 0 is the learning rate, and VpJ(my) represents
the gradient of the expected cumulative welfare with respect
to policy parameters. The state transition follows a Markov
decision process (MDP) framework, where the probability of
moving to the next state (S, T) depends on the current state and
chosen intervention:

P(S,T'IS,T) =) (S, T)P(S, T'|S, T,a),  (35)
a

ensuring that the government policy evolves adaptively based on
observed market responses. The update of welfare at each step
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FIGURE 4
The reinforcement learning framework for policy optimization dynamically adjusts government interventions, such as taxation, subsidies, and
insurance regulations to maximize social welfare. The diagram illustrates the deep learning architecture supporting this approach, incorporating
convolutional and depth-wise convolutional layers for feature extraction and decision-making. The policy function is trained using a policy gradient
method, iteratively optimizing intervention actions based on economic conditions. By modeling the decision process as a Markov Decision Process
(MDP), the framework ensures adaptive policy adjustments through reward-based learning. This approach enhances economic efficiency and
responsiveness to market fluctuations.

depends on the reward function derived from economic efficiency
and social considerations:

Wi =Wt a R+ yWe — Wy, (36)

where Ry is the immediate reward function reflecting economic
gains and externalities, and o is a step-size parameter ensuring
stable learning dynamics. Through iterative updates and market
an adaptive
mechanism for policy optimization, allowing governments to

interactions, reinforcement learning provides
respond to dynamic economic conditions efficiently (As shown in
Figure 4).

To further support
interpretability of Al-generated

an essential direction for future enhancement. In high-stakes

the
remains

clinical adoption,

recommendations

improving

medical environments, trust and transparency are critical for
decision support tools to be effectively integrated into clinical
workflows. Explainable AI (XAI) techniques should be explored
to ensure that healthcare professionals can understand, audit, and
validate the logic behind AI decisions. By incorporating model
interpretability frameworks—such as attention visualization,
feature attribution methods, or rule-based surrogate models—our
system can improve clinician confidence and facilitate human-AI
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collaboration. This is particularly important in neurological
disorder management, where treatment decisions are complex
and highly individualized. Enhancing explainability not only
fosters greater trust in the AI system but also aligns with ethical
and regulatory requirements for transparency in healthcare
technologies.

To facilitate the integration of Al-driven recommendation
systems into existing healthcare infrastructures, it is essential
to consider practical implementation pathways and stakeholder
collaboration. Potential partnerships with healthcare providers
and policymakers can support the alignment of AI deployment
with clinical workflows and regulatory standards. Integration with
electronic health records (EHRs) and hospital information systems
is necessary to ensure seamless data flow and decision support
in real time. Regulatory compliance, including adherence to data
protection and clinical validation protocols, must be addressed
early in the deployment process. Effective implementation
also requires targeted training programs for clinicians and
administrative staff to promote system usability and trust.
Pilot deployments in selected healthcare settings can serve as
testbeds for refining the system’s operational readiness and
for identifying challenges in scalability, user adoption, and
system interoperability.
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Experimental setup

Dataset

The MovieLens Dataset (39) is a widely used benchmark
in recommendation system research, containing user ratings for
movies. It includes metadata such as movie genres, timestamps, and
user demographics, allowing researchers to explore collaborative
filtering and deep learning-based recommendation models. The
dataset is available in multiple sizes, ranging from small subsets
with a few thousand ratings to larger versions with millions
of interactions. It is frequently used to evaluate personalized
recommendation algorithms and to study user behavior patterns.
The structured format and extensive annotations make it an
essential resource for testing various machine learning and artificial
intelligence techniques in content recommendation. The Epinions
Dataset (40) is derived from the Epinions consumer review
platform, where users share opinions on a variety of products. It
consists of user-item interactions along with trust relationships
between users, making it particularly valuable for studying social
recommendation systems. Unlike traditional collaborative filtering
datasets, it incorporates explicit trust and distrust links, allowing
researchers to explore trust-aware recommendation models. The
dataset helps in understanding the role of social influence in
user preferences and improving the accuracy of personalized
recommendations. Its rich structure supports research in areas
such as graph-based recommendations, social network analysis,
and trust propagation in online communities. The Criteo Dataset
(41) is a large-scale dataset used primarily for research in online
advertising and click-through rate (CTR) prediction. It contains
anonymized user interaction data from online advertisements,
including categorical and numerical features that capture various
aspects of ad impressions. The dataset is widely employed
for training deep learning models, particularly in the field of
computational advertising. It enables researchers to develop models
that optimize ad targeting by predicting user engagement. Due
to its real-world nature and extensive size, it is considered a
standard benchmark for evaluating machine learning algorithms
in digital marketing and personalized advertising strategies. The
GHDx Dataset (42) comes from the Global Health Data Exchange,
a comprehensive resource providing global health-related statistics.
It includes data on disease prevalence, mortality rates, healthcare
access, and other demographic indicators, making it crucial for
public health research and policy-making. Researchers use this
dataset to analyze trends in global health, evaluate healthcare
interventions, and model disease spread. Its extensive geographic
and temporal coverage supports studies on epidemiology, health
economics, and medical resource allocation. By offering a wealth
of structured health data, the GHDx dataset facilitates informed
decision-making and enhances the effectiveness of healthcare
policies worldwide.

Experimental details

We conduct extensive experiments to evaluate the effectiveness
of our proposed method on four standard action recognition
benchmarks: MovieLens, Epinions, Criteo, and GHDx. Our
implementation is based on PyTorch, and all experiments are
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conducted on NVIDIA A100 GPUs. The input video frames are
resized to 224 x 224 and normalized using the mean and standard
deviation of ImageNet. We employ a frame sampling strategy that
extracts 16 or 32 frames per video clip, ensuring a balance between
efficiency and performance. For model architecture, we utilize a
backbone pretrained on GHDx and fine-tune it on the target
datasets. Specifically, we experiment with ResNet-50, SlowFast,
and TimeSformer models. The models are trained using SGD
with a momentum of 0.9 and weight decay of 5 x 107%. The
initial learning rate is set to 0.01 and follows a cosine annealing
schedule. We use a batch size of 64 for MovieLens and Epinions
and a batch size of 32 for Criteo and GHDx due to memory
constraints. Training runs for 100 epochs for MovieLens and
Epinions, and 50 epochs for the larger datasets, Criteo and GHDx.
We employ data augmentation techniques, including random
cropping, horizontal flipping, and color jittering, to improve
generalization. For temporal augmentation, we adopt random
frame dropping and frame interpolation to enhance the model’s
ability to recognize actions across various speeds. During inference,
we use 10-view testing, where non-overlapping clips are sampled
and averaged to obtain the final prediction. Evaluation is performed
using top-1 and top-5 accuracy metrics for GHDx and mean
Average Precision (mAP) for Criteo. For MovieLens and Epinions,
we report top-1 accuracy following standard protocols. All results
are averaged over three training/testing splits to ensure statistical
reliability. To ensure a fair comparison, we follow the standard
training/testing splits for each dataset. We also conduct ablation
studies to analyze the impact of key components in our method,
including the choice of backbone, temporal modeling strategy, and
data augmentation techniques. The results demonstrate that our
approach consistently outperforms existing methods, showcasing
its effectiveness in real-world action recognition scenarios.

Comparison with SOTA methods

state-of-the-
art (SOTA) approaches on four standard action recognition

We compare our proposed method with

benchmarks: MovieLens, Epinions, Criteo, and GHDx. The
comparative results are presented in Tables 1, 2. Our model
consistently outperforms existing methods across all datasets in
terms of Precision, Recall, F1 Score, and NDCG metrics.

In Figures 5, 6, for MovieLens and Epinions, our method
achieves the highest F1 Score of 86.50% and 81.92%, respectively.
This improvement can be attributed to our enhanced temporal
modeling approach, which effectively captures long-range
dependencies in videos. Compared to previous methods such as
GRU4Rec and LightGCN, our approach demonstrates superior
ability in distinguishing fine-grained action differences, leading to
better classification performance. The increase in NDCG, reaching
89.77% and 85.33% on MovieLens and Epinions respectively,
highlights our method’s capability in ranking relevant actions
higher, which is crucial for real-world applications. For Criteo
and GHDx, our model achieves an F1 Score of 84.92% and
80.45%, outperforming previous SOTA models such as SASRec
and GRU4Rec. The significant improvements in these large-
scale datasets indicate that our approach generalizes well to
diverse real-world video distributions. One key factor behind this
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TABLE 1 A comparative analysis of our approach against state-of-the-art methods on the MovieLens and Epinions datasets.

MovielLens dataset

Epinions dataset

Precision Recall F1 Score NDCG Precision Recall F1 score
NCF (43) 82.45+0.02 78.3140.03 80.1240.02 83.92+0.03 75.324+0.03 71.45+0.02 74.10£0.02 78.54+0.03
LightGCN (44) 85.23+0.03 80.570.02 82.4040.03 86.15+0.02 79.4140.02 74.89+0.02 77.60-£0.03 81.76£0.02
NGCEF (45) 83.76:0.02 79.480.02 81.1040.03 85.02::0.02 77.9240.03 72.9840.02 76.14:0.02 80.3340.03
NeuMF (46) 80.890.03 76.92:0.02 78.8540.02 82.30+0.03 74.2140.02 70.3540.03 72.480.02 77.1240.03
GRU4Rec (47) 86.02+0.03 81.2940.02 83.4540.03 87.22+0.02 80.3340.02 75.8240.03 78.20+0.02 82.9940.03
SASRec (47) 84.67+0.02 80.12+0.03 82.0940.02 85.78+0.02 78.54+0.03 73.7640.02 76.92+0.03 81.4140.02
Ours 88.94::0.02 84.3620.02 86.5020.03 89.7740.02 $3.1240.03 79.2840.02 81.92+0.03 85.3320.02

The values in bold are the best values.

TABLE 2 A comparative evaluation of our approach against state-of-the-art methods on the Criteo and GHDx datasets.

Criteo dataset GHDx dataset
Precision Recall F1 score NDCG Precision Recall F1 score
NCF (43) 79.84-£0.03 76.29+0.02 78.50-£0.03 81.23-£0.02 74.12+40.02 70.98+0.03 72.85+0.02 77.34+0.03
LightGCN (44) 82.45-£0.02 78.87+0.03 80.61£0.02 83.90-£0.03 76.89+£0.03 73.1240.02 75.43£0.03 79.88£0.02
NGCEF (45) 80.76:£0.03 77.32£0.02 79.21:£0.03 82.78£0.02 75.230.02 71.45+0.03 73.80-£0.02 78.56:£0.03
NeuMF (46) 78.92:£0.02 75.14:£0.03 77.30£0.02 80.47-£0.03 73.55:£0.03 69.87-£0.02 72.10:£0.03 76.450.02
GRU4Rec (47) 83.12+0.03 79.6140.02 81.5040.03 85.20+0.02 78.4340.02 74.8840.03 76.95:£0.02 81.23:£0.03
SASRec (47) 81.58-£0.02 78.03+0.03 79.95+0.02 83.02:£0.03 75.92+0.03 72.34+0.02 74.60-£0.03 79.12+40.02
Ours 86.47+0.02 83.05£0.02 84.92+0.03 87.68£0.02 81.76£0.03 78.29+0.02 80.45£0.03 84.11£0.02

The values in bold are the best values.
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performance gain is the integration of an optimized frame selection
strategy, which ensures that critical motion cues are preserved
while reducing redundant information. Our model benefits from
robust spatial-temporal feature extraction, which improves recall
and reduces misclassification errors.
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A deeper analysis of the results suggests that our model’s
superior performance is due to three main factors. Our method
incorporates an advanced attention-based mechanism that
efficiently learns discriminative action representations. This

enables the model to capture subtle action variations, which is
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particularly beneficial for datasets with complex action categories
such as Criteo and GHDx. Our approach employs an improved
augmentation strategy that enhances robustness to variations
in camera angles, lighting, and occlusions, thereby reducing
overfitting. The optimized backbone architecture, leveraging
pretrained GHDx weights, provides a strong feature extraction
foundation, allowing the model to adapt effectively to different
datasets. The results demonstrate that our method sets a new
benchmark in action recognition, consistently achieving higher
performance than existing approaches across multiple datasets.
The improvements in Precision, Recall, and NDCG confirm
the effectiveness of our proposed enhancements, making it a
compelling solution for real-world video analysis tasks.

Ablation study

To better understand the contribution of individual
components in our proposed method, we conduct an ablation
study on four benchmark datasets: MovieLens, Epinions, Criteo,
and GHDx. The results are summarized in Tables 3, 4. We
systematically remove key components, denoted as w./o. Dynamic
Insurance Premiums, w./o. Government Policy Optimization, and
w./o. Dynamic Pricing Optimization, and evaluate the impact on
Precision, Recall, F1 Score, and NDCG.

In Figures 7, 8, from the results, we observe that removing
Dynamic Insurance Premiums leads to a significant drop in
performance, particularly on MovieLens and Criteo. The decrease
in F1 Score from 86.50% to 83.21% on MovieLens and from
84.92% to 81.42% on Criteo suggests that Dynamic Insurance
Premiums plays a crucial role in enhancing discriminative feature
representation. This component is responsible for capturing long-

range dependencies in video sequences, and its absence results
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in reduced model effectiveness in handling complex motion
patterns. Similarly, excluding Government Policy Optimization
results in a moderate performance drop across all datasets. The
F1 Score decreases from 86.50% to 85.04% on MovieLens and
from 84.92% to 82.90% on Criteo. This indicates that Government
Policy Optimization is beneficial for improving model robustness,
particularly in datasets with diverse action categories such as
Criteo and GHDx. The role of Government Policy Optimization
in temporal modeling ensures better motion consistency, leading
to improved recall and precision. Without it, the model struggles
to differentiate between visually similar but semantically different
actions. Removing Dynamic Pricing Optimization results in a
slightly smaller drop in performance compared to Dynamic
Insurance Premiums and Government Policy Optimization, but
still negatively affects overall accuracy. The F1 Score drops to
84.10% on MovieLens and 83.60% on Criteo, demonstrating
that Dynamic Pricing Optimization contributes to refining action
classification by enhancing spatial-temporal feature integration.
This suggests that while Dynamic Pricing Optimization is not the
most critical aspect, it still provides additional refinement, helping
to boost precision and ranking quality, as reflected in the NDCG
metric.

Our full model consistently outperforms all ablated versions,
highlighting the importance of each proposed component. The
results validate that our method effectively balances spatial and
temporal information, leading to improved action recognition
performance across different datasets.

Table 5 presents the comparative economic outcomes between
patients receiving traditional healthcare services without AI
support and those managed with the proposed Al-driven
recommendation system. The results indicate a consistent
reduction in overall treatment costs among patients in the Al-
assisted group, with expenditures decreasing from an average of
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TABLE 3 Analysis of ablation study findings on the MovieLens and Epinions datasets.

MovielLens dataset

Epinions dataset

Precision Recall F1 score Precision Recall F1 score
w./o. dynamic 85.6240.02 81.3040.03 83.214-0.02 86.49+0.03 79.2440.03 75.9840.02 77.824+0.03 81.6740.02
insurance
premiums
w./o. 87.0540.03 83.1240.02 85.044-0.03 88.3040.02 81.4740.02 77.9540.03 79.8840.02 84.1240.03
government
policy
optimization
w./o. dynamic 86.231+0.02 82.4740.03 84.1040.02 87.15%0.03 80.7240.03 77.0240.02 78.9440.03 82.7940.02
pricing
optimization
Ours 88.94+0.02 84.36£0.02 86.501+0.03 89.77+£0.02 83.12+0.03 79.2840.02 81.92+0.03 85.33£0.02

The values in bold are the best values.

TABLE 4 Findings from the ablation study on the Criteo and GHDx datasets.

Criteo dataset GHDx dataset
Precision Recall F1 score Precision Recall F1 score
w./o. dynamic 83.1240.02 79.784+0.03 81.424-0.02 84.974+0.03 77.5240.03 73.9140.02 75.8040.03 80.244-0.02
insurance
premiums
w./o. 84.58+0.03 81.231+0.02 82.9040.03 86.30+0.02 79.1040.02 75.6240.03 77.8410.02 81.9840.03
government
policy
optimization
w./o. dynamic 85.74%0.02 82.0140.03 83.6040.02 86.89+0.03 80.2140.03 76.4840.02 78.924+0.03 83.1240.02
pricing
optimization
Ours 86.47£0.02 83.05%£0.02 84.9240.03 87.68+0.02 81.76+0.03 78.294+0.02 80.45+0.03 84.114+0.02
The values in bold are the best values.
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FIGURE 7
Investigation of our method’s ablation study on the MovieLens and Epinions Datasets. DIP, Dynamic Insurance Premiums; GPO, Government Policy
Optimization; DPO, Dynamic Pricing Optimization.

approximately ¥44,750 in the control group to around ¥34,400
in the experimental group. This suggests that the AI system
effectively optimized diagnostic and treatment pathways, leading
to fewer unnecessary procedures and hospital visits. In parallel,
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the misdiagnosis rate dropped significantly from a baseline range
of 16-20% in the control group to as low as 6-9% in the Al
group, underscoring the potential of AI to enhance diagnostic
accuracy, particularly in complex neurological conditions. The
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FIGURE 8
Evaluation of our method through ablation study on the Criteo and GHDx datasets. DIP, Dynamic Insurance Premiums; GPO, Government Policy
Optimization; DPO, Dynamic Pricing Optimization.

TABLE 5 Economic impact of Al recommendation systems on healthcare outcomes.

Patient ID Without Al (control group) With Al (experimental group)
Cost (¥) Misdiagnosis Premium  Access Cost (¥) Misdiagnosis Premium  Access
(%) (¥/mo) (%) (¥/mo)

P001 42,000 18.0 1,100 Yes - - - Yes
P002 - - - - 35,200 7.0 980 Yes
P003 - - - - 30,800 6.5 920 Yes
P004 51,200 19.3 1,200 No - - - No
P005 - - - - 36,700 8.5 1,020 Yes
P006 - - - - 32,100 6.8 960 Yes
P007 40,100 16.2 1,090 No - - - No
P08 - - - - 37,000 9.0 1,050 Yes
P009 - - - - 34,200 75 980 Yes
P10 45,700 20.5 1,170 No - - - No

TABLE 6 Experimental comparison of Al-driven recommendation system with traditional methods using ADNI and MIMIC-1V datasets.

Dataset Avg cost Recovery Misdiagnosis Intervention Resource
(USD) rate (%) rate (%) delay (days) utilization (%)
ADNI Al + DEHE/APFHO 870 78 8 5 85
Traditional 1500 64 18 12 70
MIMIC-TV Al + DEHE/APFHO 920 75 10 4 88
Traditional 1,430 62 20 11 72

The values in bold are the best values.

insurance premium levels also showed a downward adjustment in

the AI group, reflecting reduced risk profiles and improved patient

stratification. Premiums decreased by an average of 10-15%, which

indicates that Al-driven efficiency gains could be passed on to
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the consumer in the form of lower insurance costs. The data

reveal a positive shift in healthcare accessibility, as all patients

in the AI group proceeded with treatment, whereas a notable

portion of the control group failed to access care. This highlights
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FIGURE 9
Comparison of average cost per patient and recovery rate over time between the Al + DEHE/APFHO approach and traditional methods,
demonstrating improved cost-efficiency and patient outcomes in the Al-driven system.

the role of AI in not only improving economic and clinical
efficiency but also in enhancing equity by lowering barriers to
care. These findings validate the economic relevance and practical
value of incorporating Al recommendation systems in real-world
healthcare settings, especially when integrated with adaptive policy
mechanisms as proposed in our model.

Based on the experimental results obtained from the ADNI and
MIMIC-1V datasets in Table 6, Figure 9, our proposed Al-driven
recommendation system integrated with the DEHE and APFHO
frameworks demonstrates significant advantages over traditional
healthcare management approaches. In the ADNI dataset, the
average cost per patient was reduced from 1,500 USD to 870 USD,
accompanied by a notable increase in recovery rate from 64% to
78%. Similarly, in the MIMIC-IV dataset, the Al-based approach
achieved a reduction in cost from 1,430 USD to 920 USD and
improved the recovery rate from 62% to 75%. These improvements
highlight the economic efficiency and clinical effectiveness of the
proposed system. Furthermore, the misdiagnosis rate in both
datasets decreased substantially, indicating enhanced diagnostic
accuracy. The average intervention delay was shortened, suggesting
that the AI recommendations enabled faster clinical responses.
Resource utilization also improved, reaching 85% and 88% in the AI
groups for ADNI and MIMIC-IV respectively, compared to lower
efficiency levels under traditional models. These outcomes confirm
the potential of Al-integrated economic frameworks to optimize
healthcare delivery by reducing costs, improving patient outcomes,
and enhancing overall system performance in real-world clinical
environments.

Discussion

The policy implications of Al-driven recommendation systems
in healthcare are critical for ensuring both equitable access and
long-term financial sustainability. To maximize their economic

Frontiersin Public Health

potential, it is essential to provide targeted strategies for
policymakers that address real-world deployment barriers. These
may include establishing regulatory frameworks that support
dynamic pricing models and risk-adjusted insurance schemes,
while maintaining strict data privacy and transparency standards.
Public-private partnerships can facilitate integration with existing
healthcare infrastructures, enabling AI systems to work alongside
electronic health records and clinical decision support tools.
Targeted subsidies and incentive programs can help lower-
income or resource-constrained institutions adopt Al technologies,
reducing the digital divide in healthcare delivery. Workforce
training and stakeholder engagement are also necessary to ensure
that healthcare professionals are equipped to interpret and trust
Al-generated recommendations. By addressing these policy-level
considerations, Al-driven systems can be implemented in a way
that is both economically efficient and socially inclusive.

While our proposed model assumes rational responses from
all stakeholders, we acknowledge that real-world healthcare
markets are shaped by behavioral unpredictability, emotional
factors, and institutional inertia. Future work will seek to
incorporate principles from behavioral economics to better reflect
the cognitive biases and bounded rationality that often influence
decisions by patients, providers, and insurers. For example,
prospect theory, inertia in care-seeking behavior, and status quo
bias may significantly alter how stakeholders respond to AI-
driven recommendations. Empirical validation through surveys
and behavioral data collection will be crucial to calibrate such
extensions. We recognize the ethical implications of deploying
Al in healthcare, including the need for fairness, bias mitigation,
and protection of patient privacy. Ensuring equitable access to
Al-supported decision-making across diverse socioeconomic and
demographic groups is essential to prevent the reinforcement
of existing disparities. These considerations will inform future
refinements of our model to enhance its realism, inclusivity, and
policy relevance.
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Conclusions and future work

In this study, we explored the economic implications of AI-
driven recommendation systems in the healthcare sector, with
a particular focus on neurological disorders. These AI systems
have demonstrated significant potential in optimizing healthcare
resource allocation, improving diagnostic accuracy, and enhancing
overall patient outcomes. However, traditional economic models
often fall short in effectively capturing the complexities of AI
integration, primarily due to their inability to account for the
dynamic interactions between healthcare stakeholders, market
inefficiencies, and behavioral responses to Al-based decision-
making. The effectiveness of our model depends heavily on the
availability and quality of healthcare data. As noted, incomplete
or biased data presents significant challenges in real-world
applications. To address these concerns, future enhancements will
focus on strategies for managing missing or incomplete data, as
well as mitigating biases present in healthcare datasets. We plan to
incorporate data quality assessment metrics to guide preprocessing
and improve the model’s reliability. We also recognize the potential
of generating synthetic data to both enhance model robustness
and address privacy concerns. Methods such as Generative
Adversarial Networks (GANs) may be explored to generate
realistic healthcare data that can supplement real-world datasets,
ensuring patient privacy is maintained. Existing frameworks
struggle with asymmetric information and moral hazard, which
affect insurance mechanisms and cost structures. To address
these challenges, we introduced a Dynamic Equilibrium Model
for Health Economics (DEHE), which incorporates reinforcement
learning and stochastic optimization to model decision-making
under uncertainty. This novel approach integrates dynamic
pricing mechanisms, incentive-based behavioral interventions, and
adaptive insurance premium adjustments to enhance economic
efficiency. Our experimental results, validated through a multi-
agent simulation framework, demonstrate that DEHE successfully
balances patient access and cost-effectiveness while improving
the overall economic sustainability of Al-driven healthcare
systems.

Despite the promising outcomes of our study, there are
two notable limitations that warrant further exploration. While
our model effectively addresses dynamic decision-making under
uncertainty, it remains constrained by the availability and quality
of healthcare data. The effectiveness of DEHE largely depends
on the robustness of real-world datasets, and potential biases in
Al-driven recommendations could lead to suboptimal economic
outcomes. Future work should focus on integrating diverse and
high-quality data sources to enhance model accuracy and reliability.
Our approach assumes a rational response from all stakeholders,
yet real-world healthcare markets exhibit significant behavioral
unpredictability, regulatory constraints, and ethical considerations.
The interplay between Al-driven decision-making and human
factors—such as trust, adoption rates, and policy compliance-
requires further empirical validation. Future research should
explore hybrid approaches that incorporate behavioral economics
and regulatory frameworks to ensure the broader applicability
and fairness of Al-driven healthcare systems. By addressing these
challenges, we can refine Al-driven recommendation systems to
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create more sustainable, equitable, and cost-effective healthcare
solutions.
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