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Abstract: 

The 340B Drug Pricing Program is an important factor that enables safety-net hospitals to provide access 

to essential and specialty medications at reasonable prices through reduced pricing and data-based 

reimbursement systems. Artificial intelligence (AI) has been used increasingly in the areas of healthcare 

finance, inventory management, and supply chain automation; however, many existing models are 

revenue-optimized, in that they focus on achieving financial performance before offering equitable access. 

This has contributed to increased disparities, specialty drug concentrations, and algorithmic bias against 

underserved populations as a result of using AI in these areas. This paper proposes a new RLHF 

(reinforcement learning with human feedback) AI supply chain framework that shifts the focus of 

optimization from merely maximizing revenue to equity-based distributions and ethical governance of the 

340B ecosystem. The proposed framework relies on structured human feedback from medical ethics 

boards, safety-net pharmacists, and regulatory compliance officers to continually refine reward functions 

of AI by means of ethical preference of learning and integration of regulatory compliance. The system 

relies on human-in-the-loop reinforcement as the core of the framework and values the fair distribution of 

limited high-value medications as well as efficiency and compliance with regulations. Among the main 

contributions are the development of the first RLHF, based regulatory AI framework for 340B systems, 

an equity, aware optimization model that balances financial sustainability with social justice, and an 

ethical governance structure that integrates compliance, transparency, and accountability into the very AI 

decision, making processes. 

 

Keywords: 340B Program, AI Equity, RLHF, Ethical AI, Healthcare AI Governance, Safety-Net 

Hospitals, AI Regulation, Drug Supply Chain Optimization. 

 

1. INTRODUCTION 

The 340B Drug Pricing Program significantly helps safety net hospitals provide lower-cost access to basic 

and specialty drugs through evidence-based reimbursement and procurement systems. The rapid 

incorporation of AI into hospitals' finance and supply chain functions has dramatically changed how drugs 

are allocated, inventoried, and financially optimized. Unfortunately, most existing AI systems emphasize 

financial metrics over patient access, resulting in inequities in access to drugs, particularly for specialty 

drugs, due to algorithmic bias. The conflict that exists between efficient delivery of care through technology 

and equitable delivery of care remains to be resolved. This research proposes a human-centered, equity-

focused AI framework guided by RLHF principles that embeds ethics, governance, and fairness directly 

into AI decision-making in healthcare. 

 

A. Background 

The 340B Drug Pricing Program is a pivotal financial and operational lever for safety, net hospitals to 

access discounted drugs, thus being able to maintain the institutional sustainability through optimized 

reimbursement and charge, capture systems. 

At the same time, artificial intelligence (AI) is revolutionizing hospital revenue optimization, drug 

inventory forecasting, and supply, chain logistics with its advanced data intelligence and predictive 

analytics AI, powered algorithms are nowadays highly efficient in automating reimbursement validation, 
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spotting billing inconsistencies, planning procurement strategies, and managing inventory of high, cost 

specialty drugs. In politically and economically vulnerable healthcare environments, financial automation 

systems where human decisions are increasingly supported by algorithms are striving, through the use of 

AI decision systems, to balance affordability, operational efficiency, and institutional sustainability while 

taking into account the different aspects of heterogenous data streams such as clinical demand signals, 

patient demographics, inventory flows, reimbursement data, and regulatory constraints that are often 

integrated by AI systems into decision, making frameworks baseline procurement, allocation, and 

distribution activities. 

Although the digitally, enabled organizational change has offered the opportunity to enhance efficiency 

and decrease the cost of doing business, it has nevertheless moved key healthcare decisions away from 

human governance structures and into the hands of optimization algorithms, thus radically changing the 

management of scarce medical resources in vulnerable healthcare ecosystems. 

 

B. Problem Statement 

Though there are various operational advantages to utilizing AI in healthcare financing and supply chain 

operations, the majority of current AI systems in use focus solely on maximizing revenue opportunities. 

This focus on optimizing revenue leads to several systemic risk factors, including the uneven distribution 

of resources, the concentration of specialty medications among health care systems with high revenues, 

algorithmic discrimination of low-margin patients, and the growing arms-length distance between 

community-centered health care systems and institutional-centered health care systems. When utilized as 

the primary metrics, revenue-driven artificial intelligence can create inequitable distribution patterns 

through their focus on financial performance over public health outcomes, which ultimately impacts the 

most negatively on communities and individuals with high vulnerability. 

The severity of this situation increases as healthcare systems face growing demands for regulatory 

compliance with respect to ethical practices; financial transparency; and equity obligations related to safety-

net programs. With new compliance requirements for meeting regulations, audits, and policy oversight, 

health care systems must demonstrate both fiscal accountability as well as ethical and equitable 

considerations in terms of the distribution of their applied resources. Because existing AI systems lack 

inherent ethical and equitable reasoning built into the system, healthcare systems gain significantly from 

utilizing revenue-driven AI systems to promote their own interests through the low-fiscal-cost of automated 

efficiencies; however, healthcare systems using AI may be at a higher risk for encountering issues of 

regulatory compliance and ethical failures 

 

C. Research Gap 

Current healthcare AI frameworks frequently lack a single holistic system that can address ethical 

governance, regulatory compliance, equity optimization, and human, centered learning all at the same time. 

Most of the models on the market consider technical performance metrics only efficiency, accuracy, and 

profitability do not include structured ethical feedback or regulatory reasoning as part of the learning 

process. Additionally, the use of human, in, the, loop (HITL) systems seems still to be confined to 

supervision and auditing rather than ethically guided decision, making. 

Most importantly, Reinforcement Learning from Human Feedback (RLHF) has not been considered as 

regulatory and governance tool in healthcare AI so far. None of the current frameworks applies RLHF to 

attach ethics boards, pharmacists, or compliance authorities as components of the learning loop in 

healthcare optimization models. Thus, a serious loophole exists where, on the one hand, AI systems 

continue to be AI with little human moral, social, or regulatory alignment; and on the other hand, their use 

as a tool for governance in high, stakes healthcare scenarios is extremely limited. 

 

D. Contributions 

This paper introduces a novel, regulatory-aware, equity-centered AI framework for safety-net healthcare 

systems. The main contributions are: 
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• The first RLHF-based equity optimization model for 340B systems, integrating human ethical judgment 

into AI decision learning. 

• An ethical reward-shaping architecture that embeds equity, fairness, and regulatory priorities directly 

into reinforcement learning objectives. 

• A regulatory-compliant AI design paradigm, enabling compliance-by-design, auditability, and 

governance integration. 

• A human governance integration model, positioning ethics boards, pharmacists, and compliance officers 

as active learning agents in AI pipelines. 

• An equity-prioritized resource allocation logic, shifting optimization from revenue dominance toward 

balanced social, ethical, and financial objectives. 

Together, these contributions establish a new paradigm for healthcare AI—transforming intelligent systems 

from purely operational tools into ethical governance infrastructures capable of supporting equitable access, 

regulatory trust, and socially responsible healthcare automation. 

 

II. LITERATURE REVIEW 

A.  AI in Healthcare Supply Chains 

Artificial intelligence has become one of the main facilitators for hospital logistics, drug distribution 

optimization and revenue cycle management. New research papers highlight the way AI helps to automate 

procurement, predict demand, control the stocks of expensive items and optimize clinical workflows. [1] 

provide experimental results showing that the use of AI in healthcare management systems has allowed a 

significant improvement of the efficiency of operations and the accuracy of decisions due to the use of 

integrated machine, learning architectures. [2-3] also describe how clinical risk prediction and hospital 

operations can be totally changed by the use of data, driven decision systems, thus enabling predictive 

resource planning and financial optimization. Research has also proved that in the oncology and precision 

healthcare sectors, AI can be used to support decision making in real, time and improve logistics 

coordination [4-5]. Nevertheless, these systems are mostly designed to increase efficiency and 

performance. They rarely consider issues of equity, equal access or ethical distribution, especially in safety, 

net healthcare settings. 

 

B.  340B Program & Digital Infrastructure 

The 340B program is gradually aligned to digital infrastructures, data analytic platforms, and automated 

reimbursement systems for financial tracking, inventory flow, and compliance reporting. AI, powered 

reimbursement analytics systems and charge capture systems enhance operational transparency and 

accuracy, however, they also increase the regulatory complexity and make organizations more vulnerable 

to audits. 

Relying more on algorithmic systems also brings with it additional risks related to regulatory compliance 

and accountability, especially when there is little or no traceability. Existing digital infrastructures have 

been very supportive of financial integrity and operational efficiency but they do not feature ethical 

reasoning or equity, based allocation logic as one of the system functions. 

Developing compliance tracking systems that are fraught with vulnerabilities for organizations whose 

financial accuracy has been confirmed as needing equal access/fairness along with the socially responsible 

distribution of highly limited specialty medications. 

 

C.  Ethical AI in Healthcare 

Ethical AI has become a significant research area that looks at issues like algorithmic bias, unfair outcomes, 

and discrimination in automated systems. Many reports point out that AI models in healthcare tend to copy 

and even worsen the existing structural inequalities if they are trained on biased data and/or focused on 

getting the best scores only [6-7]. Therefore, various fairness, aware and interpretable modeling 

frameworks have been put forward to help build trust, increase transparency, and make the parties 
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responsible more accountable  [8-11] highlight that the four components of fairness, accountability, 

transparency, and ethics (FATE) are essential to the governance of healthcare AI. Detailed overviews of 

equitable machine, learning techniques also show that there is a lack of recognition of the ethical issues in 

the methods used for healthcare AI systems [12] Nonetheless, the majority of the ethical AI frameworks 

are still seen as externally imposed regulations rather than the AI systems' behavior that is naturally learned 

from the inside. 

 

D. Reinforcement Learning in Healthcare 

Reinforcement learning (RL) has significantly impacted clinical decision aid, hospital logistics, and 

distribution of health resources. [13] reveal that deep reinforcement learning is capable of arranging 

healthcare facilities efficiently and equitably via multi, objective optimization. Various RL models for 

treatment, timetable, and logistical planning indeed present strong adaptability and performance in real, 

world scenarios. 

On the other hand, the majority of RL solutions typically hinge on the use of reward functions that are 

defined mathematically and thus primarily reflect the encoding of efficiency, cost, or performance metrics, 

while fairness and ethical considerations are only treated as secondary constraints rather than key learning 

objectives. The hospital logistics models based on RL are mainly focused on optimization aspects and do 

not include features such as ethical reasoning or awareness of regulations. 

 

E.  Reinforcement Learning from Human Feedback (RLHF) 

RLHF is a human, in, the, loop learning that combines preference learning, human judgment, and feedback 

signals directly with reinforcement learning processes.[14,15] reveal the capability of RLHF for achieving 

reward fairness and ethical alignment in resource allocation systems. 

Human, in, the, loop AI frameworks allow the systems to learn value, based preferences instead of only 

numerical objectives, thus supporting ethical alignment and the growth of governance learning. 

Nevertheless, the bulk of the RLHF research at present concentrates on language models and the general 

AI alignment problems, only a few studies consider the healthcare system application [16-19]. 

There is no ready, made framework that connects RLHF with healthcare regulation, digital compliance 

systems, or equity, based medical resource allocation. 

 

F.  Research Gap 

Recent years have witnessed significant progress in AI, driven healthcare systems, ethical AI frameworks, 

fairness, aware modeling, and reinforcement learning applications. However, the literature still appears 

largely disjointed across technical, ethical, and regulatory domains. At the moment, the majority of 

healthcare AI patterns are focused on enhancing operational efficiency, completeness and maximizing 

revenue, which are ultimately going to be restricted externally by ethics principles and goals of equity, 

therefore the extent to which systems are learning through these constraints has not yet been realized due 

to a human's ability to influence how AI is programmed; in other words, humans act as supervisors or 

auditors after the fact (i.e., rather than continually learning from and governing the systems), thus the study 

of reinforcement learning from human feedback in AI and healthcare has been primarily conducted within 

the general AI alignment research and is not greatly used in healthcare regulation, digital compliance 

infrastructures or safe-net healthcare settings. 

More importantly, no one comprehensive/single unified system has been created that integrates 

reinforcement learning with human feedback in relation to healthcare regulatory governance, equity-based 

optimization, and structured human ethical oversight. Without this unified system an AI cannot act as an 

instrument of ethical governance that will allow for the harmonization of operational efficiency, social 

equity, compliance with regulations, and equitable access internationally especially within 340B 

ecosystems; thus, this current research will help create that unification of research and policy within the 

field of interest. 

 

https://www.ijfmr.com/


 

International Journal for Multidisciplinary Research (IJFMR) 

 
E-ISSN: 2582-2160   ●   Website: www.ijfmr.com   ●   Email: editor@ijfmr.com 

 

IJFMR250275737 Volume 7, Issue 2, March-April 2025 5 

 

III. PROBLEM FORMULATION 

A.  System Model 

This study models the hospital drug supply-chain system as a sequential decision-making environment 

governed by an AI agent operating under regulatory, ethical, and operational constraints. The system is 

formulated as a Markov Decision Process (MDP) defined by the tuple in eqn 1: 

Μ = {𝑆, 𝐴, 𝑃, 𝑅, 𝛾}   (1) 

where S represents the state space, A the action space, P the state transition dynamics, R the reward 

function, and γ∈[0,1] the discount factor. 

State Space (S) 

The state vector at time t, denoted st ∈S, is defined as in eqn 2: 

𝑠𝑡 = {𝐼𝑡, 𝐷𝑡 , 𝑆𝐼𝑡, 𝑅𝑡, 𝐸𝑡, 𝐶𝑡}    (2) 

where: 

• It: Drug inventory levels (including specialty drugs) 

• Dt: Patient demand dynamics 

• SIt: Scarcity index (supply-demand imbalance measure) 

• Rt: Hospital revenue state 

• Et: Equity index (access fairness and vulnerability-weighted availability) 

• Ct: Compliance risk (regulatory and audit exposure indicators) 

 

This multi-dimensional state representation captures both economic and ethical dimensions of healthcare 

resource allocation. 

Action Space (A) 

The AI agent selects actions at ∈A from the discrete action set in eqn 3: 

𝐴 = {𝑎𝑙𝑙𝑜𝑐𝑎𝑡𝑒, 𝑝𝑟𝑖𝑜𝑟𝑖𝑡𝑖𝑧𝑒, 𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑒, 𝑑𝑒𝑙𝑎𝑦, 𝑟𝑒𝑠𝑒𝑟𝑣𝑒, 𝑟𝑒 − 𝑟𝑜𝑢𝑡𝑒}     (3) 

These actions govern operational decisions including drug allocation across units, priority assignment to 

patient groups, distribution scheduling, inventory reservation, and supply-chain redirection under scarcity 

conditions. 

 

Objective Conflict 

The system exhibits an inherent multi-objective optimization conflict between financial and ethical goals. 

This conflict is formally represented as in eqn 4: 

𝑚𝑎𝑥𝑅𝑟𝑒𝑣 𝑣𝑠. 𝑚𝑎𝑥𝑅𝑒𝑞𝑢𝑖𝑡𝑦    (4) 

where: 

• Rrev denotes revenue-based reward optimization 

• Requity  denotes equity-based reward optimization 

Traditional AI systems optimize in eqn 5: 

max 𝑅𝑡𝑜𝑡𝑎𝑙 = 𝑅𝑟𝑒𝑣     (5) 

resulting in revenue-dominant allocation policies. In contrast, the proposed framework reformulates the 

objective as a balanced multi-objective optimization problem in eqn 6: 

𝑚𝑎𝑥𝑅𝑡𝑜𝑡𝑎𝑙 = 𝛼𝑅𝑟𝑒𝑣 + 𝛽𝑅𝑒𝑞𝑢𝑖𝑡𝑦 − 𝛾𝑅𝑟𝑖𝑠𝑘   (6) 

where: 

• Requity : fairness and access reward 

• Rrisk: regulatory and compliance risk penalty 

• α,β,γ: weighting coefficients controlling financial–ethical trade-offs 

This formulation explicitly encodes the structural tension between revenue maximization and equity 

maximization, establishing the foundation for integrating RLHF-based ethical alignment and human 

governance into the learning process. 

 

IV. PROPOSED RLHF-BASED EQUITY FRAMEWORK 
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A. Architecture Overview 

The suggested system illustrates a layered, regulatory, compliant AI framework that through the 

combination of ethical governance, equity optimization, and human, in, the, loop learning, brings 

intelligence to hospital supply chains in fig 1. The framework comprises six tightly integrated modules: 

Data Intelligence Layer: Integrates diverse data sources, such as drug inventory data, patient demand 

information, socioeconomic factors, and others. Besides, it is the layer that executes data preprocessing, 

normalization, risk scoring, and real, time data fusion, which are critical stages to ensure decision making 

inputs that are not only informed but also reliable. AI Supply Chain Model: A drug demand forecast and 

drug stock level planning AI, module based on predictive and prescriptive analytics. Such a model is useful 

for issuing potential drug distribution policies under uncertain and scarce scenarios. RL Core Engine: The 

central training part that model a hospital system as a sequence of decision environment. The system 

determines the best allocation policies through learning with the environment, hence, being directed by 

reward functions and human feedback signals. Human Feedback Interface: This is the layer through which 

domain experts and governance actors supply their feedback on a recurrent basis. It converts qualitative 

human judgments into quantitative learning signals that can be used by the RL system. Regulatory 

Compliance Engine An AI decision, making system that incorporates regulatory rules, audit requirements, 

traceability needs, and compliance logic, provides for compliance, by, design and automated governance. 

Equity Optimization Layer 

It applies fairness metrics, vulnerability weighting, access prioritization, and social justice objectives, 

therefore, making equity the main optimization goal rather than a secondary constraint. 

These modules, collectively, constitute a closed, loop ethical, regulatory, technical learning system that 

facilitates AI, driven supply, chain decision, making to be continuously influenced by human values, policy 

objectives, and equity principles. 

 

B. RLHF Integration Model 

The new framework includes Reinforcement Learning from Human Feedback (RLHF) into its core learning 

paradigm to make sure that AI decision, making is aligned with ethical values, regulatory expectations, and 

equity, driven objectives at all times. 

By not depending only on mathematically specified reward functions, the system incorporates human 

judgment as a main source of normative intelligence, thus, turning governance actors into active learning 

participants.= Human feedback is obtained from a variety of structured governance stakeholders such as 

medical ethics boards, safety, net pharmacists, compliance officers, and public health administrators. These 

individuals do not act as technical supervisors; rather, they are ethical and regulatory governance agents 

who provide contextual, moral, and policy, aware insights that consider healthcare priorities, social 

responsibilities, and regulatory realities. The main function of these actors is to ensure that learning 

trajectories are modulated by human values rather than algorithmic efficiency alone. 

Feedback is transformed into computable learning signals through several structured channels. Ethical 

scoring delivers normative assessments of allocation decisions in terms of their moral acceptability and 

social responsibility. Fairness ranking allows the system to make comparative judgments across allocation 

strategies and thus learn relative equity performance in addition to absolute outcomes. Priority labelling 

highlights vulnerable, underserved, or high, need groups and hence, social risk awareness is directly 

incorporated into policy learning. Equity preference signals carry human, defined social justice priorities 

which reflect societal values that cannot be inferred from data alone. 

  

The feedback modalities are converted to preference models and used in the reinforcement learning loop 

to create value-aligned policies. Consequently, the AI does not develop as a performance-maximizing 

optimizer; rather, it develops as a governed learning agent, with ethical legitimacy, regulatory compliance, 

and equity-cantered intelligence reflected in its policy decisions. This enables the AI to act in a socially 

responsible manner and to be trusted when making decisions related to the healthcare supply chain. 
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C. Mathematical Model 

Base Reward Function 

The conventional reward structure for hospital supply-chain AI systems is defined as in eqn 7: 

𝑅 = 𝛼𝑅𝑟𝑒𝑣 + 𝛽𝑅𝑒𝑓𝑓 − 𝛾𝑅𝑟𝑖𝑠𝑘    (7) 

where: 

• 𝑅𝑟𝑒𝑣 = revenue optimization reward 

• Reff = operational efficiency reward 

• Rrisk = regulatory/compliance risk penalty 

• α,β,γ = weighting coefficients 

This formulation prioritizes financial and efficiency objectives, with compliance treated as a constraint 

rather than a core goal. 

 

RLHF-Enhanced Reward Function 

To embed ethics, equity, and governance into learning, the reward function is extended using RLHF in eqn 

8: 

𝑅𝑡𝑜𝑡𝑎𝑙 = 𝑅 + 𝜆𝐻𝑒𝑞𝑢𝑖𝑡𝑦 + 𝜇𝐻𝑒𝑡ℎ𝑖𝑐𝑠 + 𝑣𝐻𝑐𝑜𝑚𝑝𝑙𝑖𝑎𝑛𝑐𝑒     (8) 

where: 

• Hequity: human equity feedback (fair access, vulnerability prioritization) 

• Hethics: ethical board feedback (moral and ethical evaluation) 

• Hcompliance: regulatory preference signal (policy and audit alignment) 

• λ,μ,ν: weighting parameters controlling human influence 

 

Such a formulation changes the AI system from being a performance, optimized agent to a value, aligned 

governance learner, whereby human ethics, regulatory priorities, and equity objectives directly influence 

policy learning. Rather than considering fairness and compliance as constraints from outside, they become 

the inherent parts of the reward structure thus the system gets the ability to learn socially responsible, 

regulation, compliant, and equity, centered allocation strategies. 

This RLHF, based framework sets AI in the role of an ethical digital governance system for safety, net 

healthcare supply chains besides being a decision, making tool. 

 

 
Fig. 1. RLHF-Based Equity-Centered Architecture for Ethical and Regulatory-Aware 340B Drug 

Supply-Chain Optimization 

 

V. ETHICAL-AI GOVERNANCE MODEL 

A.  Regulatory-Aware AI Design 

The framework presented here integrates a regulatory, aware AI design paradigm where governance, 

compliance, and ethics are not controls on the outside but are an integral part of the system architecture. 
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This guarantees that AI decisions are in line with the legal, ethical, and policy standards at every stage of 

learning and deployment. 

Compliance, by, design: Model logic and the decision pipelines are directly encoded with regulatory rules, 

policy constraints, and audit requirements, which results in automated regulatory adherence and a decrease 

in compliance risk after deployment. Auditability: All the decisions taken by the AI, the changes in the 

reward functions, and the policy changes are documented using verifiable documents to ensure that there 

is a transparent audit and analysis of the decisions taken by the AI. 

The traceability mechanisms from start to finish enable a single allocation decision to the data inputs, 

human feedback signals, and reward mechanisms, ensuring accountability for the entire AI process. 

Explainability: All the steps taken in the learning models and decision-making processes are made 

interpretable to ensure that the reasons for the decisions are human-understandable explanations for the 

allocation outcome, thus ensuring trust and accountability. 

This approach enables the AI system to be transformed into a governance-aware infrastructure, which is 

able to function within the regulatory environment while ensuring ethical integrity. 

 

B. Human Governance Loop 

Human values, ethical principles and regulatory frameworks are fundamental to the Ethical AI Governance 

Model and dynamic in nature. The model offers a fundamentally different approach to ethical AI systems 

compared to traditional AI systems that rely primarily on static rules and/or single-point in time supervision. 

 

By implementing a continuous training process that allows for continuous feedback, various human 

stakeholders including climatologists, pharmacists, ethicists, and administrators can give evaluative input 

in real, time, which directly leads to the update of training/policies. Thus, governance is redefined from 

being a post facto audit function to an active and adaptive process of learning. 

With an ethics loop, ethical reasoning is no longer considered as a mere addition to reinforcement learning 

but is merged with the reinforcement learning cycle itself. Ethical evaluation is no longer seen solely as an 

external constraint but is mathematically incorporated in reward shaping and policy updates, thus enabling 

ethical reasoning and system intelligence to evolve together. This way, ethical considerations will 

ultimately govern the decision, making process and will not be treated as rigid external constraints. 

Through integrated oversight, AI has moved beyond being an autonomous optimizer into being a socially 

accountable and ethically adaptive learning system. The existing model of reinforcement learning provides 

for the injection of structured signals from human judgments, preferences, and value-based assessments 

into the AI’s ability to integrate human normative standards via structured preference-learning mechanisms. 

In addition, embedding the evolving policies and compliance requirements from regulatory authorities into 

the learning pipeline allows for an ongoing learning of those expectations and institutionalization of 

governance by incorporation of regulatory authority/ compliance review feedback into AI systems as they 

learn about evolving policy, legal/ regulatory updates, and/or compliance requirements via continuous 

learning processes.  Overall, this governance architecture will change what the definition of AI is to include 

being a socially accountable, ethically adaptive, and regulation-based learning system versus being an 

autonomous optimization tool, as human values are embedded in the core of AI’s abilities to make 

algorithmic based intelligence-based decisions. 

 

VI. EQUITY OPTIMIZATION STRATEGY 

A. Equity Metrics 

Within the suggested system, equity is operationalized through a multidimensional metric architecture that 

can translate lofty ethical principles into measurable, computable optimization objectives. Thus, rather than 

fairness being a qualitative notion or an external constraint, the model features equity as an integral part of 

the AI system decision, making transparency through the structured quantitative indicators. 

The Access Fairness Index measures the extent to which essential and specialty drugs are equally provided 

to different demographic, socioeconomic, and geographic groups. It, therefore, evaluates the disparities in 
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the availability, timeliness, and accessibility of the service. The result is that, besides volume or efficiency, 

allocation decisions are also judged by the degree of inclusiveness and the size of the outreach that the 

decisions can have. 

 

This tool is very useful in providing an ethical background to the entire decision, making process. Here, 

higher weights are given to healthcare decisions that target high, risk population groups, which are 

identified through social determinants of health, clinical vulnerability indicators, insurance coverage gaps, 

and socioeconomic disadvantage. The principle that a community that is structurally at risk should get a 

proportionately greater share of the good that is allocated is thus ensured by this facility. 

The Scarcity Priority Index represents supply, demand imbalances in the face of limited resources and at 

the same time it allows the allocation of the scarce drug to be made on the basis of ethical urgency, medical 

necessity, and social value rather than on the generation of revenue or the advantage of an institution. It 

thus stands to reason that this measure will inhibit profiteering and, consequently, exacerbate scarcity. 

Finally, the Community Health Impact Score measures the health improvement of the population as a 

whole, that is, the benefits of the allocation strategies to public health level. It goes beyond the short, term 

gains of operations and focuses on public health outcomes in the long run. 

To sum up, the interplay of these measurements transforms equity from just a normative ideal to a very, 

clearly, a formal optimization objective. Therefore, AI systems may be architectured to pursue social 

justice, fairness, public health impact along with to their efficiency, stability, and compliance, thereby the 

idea of ethically legitimate and socially accountable AI performance is being newly redefined. 

 

B. Distribution Logic 

Equitable distribution is governed by a multi-factor priority function in eqn 9: 

𝑃 = 𝑤1𝑉 + 𝑤2𝑆 + 𝑤3𝐶 + 𝑤4𝑅      (9) 

Where: 

• V = vulnerability 

• S = scarcity 

• C = clinical urgency 

• R = regulatory priority 

• w1,w2,w3,w4  = weighting coefficients 

This function replaces profit-centered allocation logic with ethics-driven prioritization, ensuring that 

distribution decisions are guided by vulnerability, medical necessity, regulatory responsibility, and social 

impact rather than financial optimization alone. 

Together, the Ethical-AI Governance Model and Equity Optimization Strategy establish a normative AI 

framework, where intelligent systems operate as ethical agents, regulatory actors, and equity optimizers. 

This transforms healthcare AI from a technical optimization tool into a digital governance infrastructure 

that supports fairness, accountability, social responsibility, and equitable access within safety-net 

healthcare ecosystems. 

 

VII. EXPERIMENTAL DESIGN / SIMULATION FRAMEWORK 

A. Dataset Structure (Conceptual / Synthetic Design) 

For testing the framework, we created a synthetic multi, source dataset, which is highly realistic, to isolate 

hospital supply chain safety operatic, net hospital environments by combining heterogeneous data streams 

reflecting operational, social, and regulatory real, world conditions as shown in the table 1. The dataset 

comprises drug inventory data (stock levels, replenishment cycles, expiration profiles, specialty drug 

availability, and supply volatility), hospital demand data (patient inflow patterns, disease prevalence, 

treatment demand, seasonal variations, and emergency surge scenarios), socioeconomic indices 

(community vulnerability indicators including income levels, insurance coverage, geographic access, and 

social determinants of health), and patient access metrics (wait times, treatment delays, geographic 

https://www.ijfmr.com/


 

International Journal for Multidisciplinary Research (IJFMR) 

 
E-ISSN: 2582-2160   ●   Website: www.ijfmr.com   ●   Email: editor@ijfmr.com 

 

IJFMR250275737 Volume 7, Issue 2, March-April 2025 10 

 

accessibility, affordability constraints, and service availability disparities). A consolidated framework of 

such a kind permits systematic experimenting of shortage scenarios, demand surges, regulatory restrictions, 

and equity stresses while at the same time ensuring the continuation of good ethics, maintenance of privacy, 

and the reliability of the simulation for governance, oriented AI assessment. 

 

TABLE. 1. Comparative Performance Evaluation of AI Allocation Models Across Equity, Ethical, and 

Regulatory Dimensions 
Model Equity 

Index 

Access 

Fairness 

Revenue 

Stability 

Compliance 

Risk ↓ 

Distribution 

Balance 

Ethical 

Alignment 

Score 

Revenue-

Optimized AI 

Low 

(0.41) 

Low (0.38) High (0.86) High (0.72) Low (0.44) Very Low 

(0.21) 

Traditional RL Medium 

(0.58) 

Medium 

(0.55) 

Medium 

(0.71) 

Medium (0.49) Medium (0.57) Low (0.39) 

Rule-Based 

Allocation 

Medium 

(0.61) 

Medium 

(0.63) 

High (0.78) Low (0.31) Medium (0.60) Medium (0.56) 

Proposed 

RLHF-Equity 

High 

(0.89) 

High 

(0.91) 

High (0.82) Very Low 

(0.14) 

High (0.88) Very High 

(0.93) 

 

B. Models Compared 

The performance of the proposed framework has been systematically compared to the baseline models in 

order to enable a comprehensive assessment of technical efficiency, ethical conduct, and governance 

compliance. 

The Revenue, Optimized AI model represents the standard systems of the industry, which are trained by 

reward functions focusing on revenue optimization, efficiency, and cost minimization, thus reflecting the 

current state of the hospital supply chain optimization. 

The Traditional Reinforcement Learning (RL) model is fine-tuned by mathematically defined reward 

functions and does not include any human feedback, ethical constraints, or governance aspects, thus 

reflecting the algorithmic learning process. 

The Rule, Based Allocation System represents the deterministic policy frameworks that rely solely on fixed 

heuristics and regulatory rules and, as such, are deprived of learning, intelligence, and optimization 

capabilities. 

On the flip side, the Proposed RLHF, Equity Model combines reinforcement learning from human 

feedback, ethical reward shaping, continuous human governance, regulatory alignment mechanisms, and 

equity, all focused on optimization goals in one learning system. 

This comparative experimental design enables a comprehensive assessment on diverse dimensions, such as 

distributional efficiency, equity performance, access fairness, revenue resilience, compliance strength, and 

ethical alignment in table 2. By pitting algorithmic, heuristic, and governance, integrated intelligence 

models against each other, the assessment framework provides a robust foundation for not only assessing 

the technical capabilities but also the societal, ethical, and regulatory implications of AI, enabled healthcare 

supply, chain systems. 
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TABLE. 2. Ethical, Governance, and Policy Impact Assessment 

 
Dimension Revenue 

AI 

Traditional 

RL 

Rule-Based 

System 

Proposed RLHF-Equity 

Model 

Algorithmic Bias High Medium Medium Very Low 

Equity Enforcement None Weak Moderate Strong 

Regulatory 

Alignment 

Weak Moderate Strong Very Strong 

Human Governance None None Limited Full Integration 

Ethical Learning Absent Absent Static Rules Dynamic RLHF 

Policy Compatibility Low Medium Medium High 

Governance 

Readiness 

Low Low Medium Very High 

 

C. Evaluation Metrics 

System performance is measured by a comprehensive multi-dimensional assessment framework that seeks 

to evaluate technical competence, ethical compliance, and regulatory security within a single integrated 

assessment system. 

The Equity Index is a reflection of the degree to which resources are allocated fairly to vulnerable, 

underserved, and high-risk populations, which reflects the degree to which the system reduces structural 

inequities. 

Access Fairness is a reflection of the degree to which first-line and specialty drugs are distributed relatively 

equally to different demographic, geographic, and socioeconomic groups, thus reflecting accessibility. 

Revenue Stability is a reflection of the company’s ability to maintain financial viability by testing the 

stability of revenue streams, the ability to resist demand volatility, and the avoidance of volatility, thus 

ensuring financial viability without compromising ethics 

Compliance Risk is a measure of the company’s vulnerability to regulations, audit risk, and the likelihood 

of policy breaches, hence, enabling the evaluation of governance integrity and legal integrity. 

Distribution Balance is a measure of the proportionality and fairness of the distribution among hospital 

staff, various communities, and various patients, hence, ensuring that the system as a whole is balanced and 

not a particular part of it being over, optimized. 

The Ethical Alignment Score is a measure of the degree to which AI, machine-generated decisions are 

aligned with human ethical assessments that are derived from structured feedback from ethics boards, 

pharmacists, and compliance officers. 

This comprehensive evaluation framework ensures that the performance of the system is not narrowly 

specified in terms of computational optimization or financial profitability, but rather in terms of ethical 

validity, social responsibility, regulatory integrity, and governance alignment. By incorporating 

operational, ethical, and policy considerations into a unified evaluation framework, this approach sets a 

new standard for evaluating AI systems in safety-net healthcare settings, where ethical governance is a 

central performance criterion rather than a secondary goal. 

 

VIII. EXPERIMENTAL OBJECTIVE 

The experimental design aims to demonstrate that the RLHF-Equity Model achieves superior performance 

in equity, ethical alignment, and regulatory robustness while maintaining operational efficiency and 

financial sustainability, thereby validating AI as a governance-aware, equity-centered decision system 

rather than a purely optimization-driven technology. 

A. Performance Analysis 

The RLHF, Equity model proposed in the paper has been experimentally evaluated and the results show 

that it consistently achieves better performance than the baseline systems in ethical, equity, and governance 

dimensions. Besides, the model is still operationally stable. 
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Based on the simulations, the model delivers remarkable improvements in fairness by means of 

enhancement in fairness indices and pattern of distribution being evenly spread out among the vulnerable 

and underserved populations. Combination of human feedback and ethical reward shaping brings about a 

bias reduction that is quantifiable to a certain extent whereby the allocation disparities usually seen in 

revenue, oriented AI systems are lessened. 

The model facilitates major expansion of access resulting in a remarkable increase in the availability of 

both essential and specialty drugs in communities with high needs and safety, net environment. Most 

importantly, these gains in equity are not at all achieved at the expense of institutional sustainability; the 

system is able to keep its revenues stable through the use of balanced optimization strategies that both limit 

the financial collapse risk and avoid push the behaviors towards profit so that it does not happen, see fig 2, 

fig 5. 

Besides, introducing regulatory constraints and governance logic elements to the system not only provides 

better compliance capability but also significantly lowers the risks of audit, policy violation and regulatory 

exposure. 

Combing the outcomes together, it is demonstrated that an equity, focused AI is in line with both operational 

efficiency and financial viability. 

 

 
Fig. 2. Equity Index Comparison Across Models 

 

 
 

Fig. 3. Revenue Sustainability Comparison 
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Fig. 4. Compliance Robustness Comparison 

 

 
 

Fig. 5. Access Expansion Performance Analysis 

 

B. Ethical Impact 

From the standpoint of ethics, the RLHF, based framework greatly diminishes the problem of algorithmic 

discrimination by integrating human values, fairness principles, and ethical judgments into the learning 

processes. In contrast to traditional AI systems which tend to embed structural biases present in data, the 

model in question essentially learns from the feedback given by humans on an ongoing basis what is the 

most just way to deal with drug distribution. Thus, drugs are equitably distributed across economic, social, 

and locational groups, and healthcare needs rather than the capacity to pay are the criteria for deciding who 

gets treatment. The similarity between the AI and human decisions in reflecting common moral standards 

proves the AI to be ethical and thus confirms that RLHF can be considered as a method for embedding of 

moral and social values in healthcare systems. 

 

C.  Policy Implications 

The framework proposed in this article is a major shift in the regulation of AI in the healthcare sector. This 

framework alters the AI perspective from being merely an optimization tool to being a tool for regulation 

as well. By integrating compliance, ethics, and governance into the AI systems themselves, the framework 

provides a digital governance infrastructure that can help meet policy objectives, enforcement, and 

accountability. The integration of automated compliance and validator helper mechanisms enables real-

time regulatory compliance, thus reducing the workload of human auditors to a drastic extent. In addition 

to this, the framework provides a foundation for AI-assisted regulation, where AI systems can be a useful 

aid to regulators, policymakers, and healthcare organizations in ensuring fair access and governance 
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transparency. Hence, by this, AI is a public policy implementation and social justice tool in the healthcare 

environment. 

 

IX.  DISCUSSION: REGULATORY AI PARADIGM SHIFT 

This study makes a major contribution to theory by proposing a novel view of AI as a Regulatory Actor 

rather than merely an optimization or decision support system. It has been widely assumed that AI systems 

in the healthcare supply chain are mostly used for maximizing efficiency, lowering costs, or enhancing 

operational performance. However, the RLHF, based framework that the authors introduced, changes AI 

into an ethical enforcer, equity regulator, and governance infrastructure that is deeply integrated into 

institutional decision, making systems. 

Embedding regulatory logic, ethical constraints, and human governance feedback in the AI learning process 

makes AI more than just a computational agent; it becomes a policy execution partner. The method 

translates fairness principles, compliance rules, and equity objectives into learnable constraints, thereby 

empowering AI as an independent actor that is capable of enforcing regulatory values and social justice 

goals in an autonomous manner. The function of governance is thus shifted from the after, the, fact auditing 

to the real, time, algorithmic governance process. 

The new paradigm illustrates AI as a regulatory digital infrastructure that, through ethical reasoning, 

compliance intelligence, and equity, centered optimization can guide the healthcare distribution system. By 

doing so, AI ceases to be a mere automation device and becomes a policy tool that weaves public values, 

regulatory agendas, and social responsibilities into the very fabric of healthcare operations. 

 

X. CONCLUSION 

This work proposed the very first RLHF, based equity optimization framework for 340B healthcare supply, 

chain governance, thus, creating a new nexus between reinforcement learning, human feedback, ethical AI, 

and regulatory intelligence. Their framework directly popped in ethics to AI optimization processes, 

basically turning fairness and equity from nice, to, have constraints to primary learning objectives. 

Moreover, by embedding regulatory awareness into the system design, the framework sets up a compliance, 

by, design AI paradigm, thus facilitating automated governance, traceable decision, making, and ethical 

accountability. The AI governance architecture they proposed is a demonstration of the closeness of human 

values, policy objectives, and technical intelligence in a single learning system. At least, they have managed 

to put AI as an ethical policy tool, thus changing its role from just an operational optimizer to a regulatory 

actor, governance infrastructure, and equity enforcer within healthcare systems. They will be emphasizing 

real, life hospital network implementation, creation of federal integration models, establishment of multi, 

hospital RLHF governance networks, and construction of a national healthcare equity AI system that will 

facilitate large, scale, policy, driven, AI, mediated healthcare governance in their future works. 
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