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ABSTRACT

The rapid integration of Artificial Intelligence (AI) in pharmaceutical logistics has enhanced supply chain
efficiency, predictive analytics, and decision-making. Federated Learning (FL) has emerged as a privacy-
preserving approach, enabling multiple stakeholders to collaboratively train models without sharing sensitive data.
However, the decentralized nature of FL raises significant ethical concerns, including data security, fairness, and
regulatory compliance. Additionally, bias in Al models, stemming from imbalanced data distributions, algorithmic
biases, and human-driven disparities, threatens equitable healthcare access and supply chain reliability.
Explainable Al (XAI) offers a potential solution by providing transparency and interpretability in Al-driven
logistics. However, achieving explainability in FL while ensuring fairness and mitigating bias presents technical
and ethical challenges. This study explores the ethical constraints of FL-enabled XAl in pharmaceutical logistics,
focusing on privacy risks, algorithmic bias, and regulatory requirements such as GDPR and HIPAA. It further
examines state-of-the-art bias mitigation techniques, including fairness-aware model training, data rebalancing
strategies, and human-in-the-loop approaches. Through a comparative analysis of existing frameworks, this
research highlights the trade-offs between model performance, transparency, and fairness. Real-world case studies
demonstrate how FL-enabled XAl is being applied in drug supply chains and demand forecasting, emphasizing
best practices for ethical Al deployment. The findings underscore the necessity of interdisciplinary collaboration
among policymakers, data scientists, and industry leaders to establish standardized guidelines for responsible Al
use. By addressing bias and ethical constraints in FL, this research contributes to the development of equitable
and transparent pharmaceutical logistics, ensuring that Al-driven decisions align with ethical standards and
regulatory mandates.
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1. INTRODUCTION
1.1 Background and Context
The pharmaceutical industry has witnessed significant transformations in logistics and supply chain management
due to the rapid advancements in artificial intelligence (AI) [1]. Al-driven innovations, such as predictive
analytics, machine learning (ML), and real-time optimization, have enabled pharmaceutical companies to
streamline operations, minimize delays, and enhance overall efficiency in the distribution of medicines and
vaccines. These advancements have been particularly crucial in mitigating supply chain disruptions, especially
during global crises such as the COVID-19 pandemic, where the demand for vaccines and essential medicines
surged unpredictably [1]. Al-based forecasting models have allowed companies to predict supply chain
bottlenecks and optimize inventory management, thereby reducing waste and improving accessibility to critical
drugs [2].
Among the most promising developments in Al for pharmaceutical logistics is Federated Learning (FL), a
decentralized approach that allows machine learning models to be trained across multiple institutions without
sharing raw data. FL enhances privacy and security by keeping sensitive patient and supply chain data localized,
addressing concerns associated with centralized data storage [3]. This approach has gained traction in
pharmaceutical logistics, where data privacy regulations are stringent, and information-sharing across different
stakeholders must be carefully managed [4]. In parallel, XAI has emerged as a key component in pharmaceutical
decision-making, aiming to improve transparency and interpretability of Al models. Unlike conventional black-
box Al models, XAI offers clear insights into how decisions are made, which is essential in high-stakes
applications such as drug distribution and patient care [5].
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Despite these advancements, Al applications in pharmaceutical logistics raise growing concerns about ethical
constraints and biases. A major challenge is algorithmic bias, where Al models may inadvertently reinforce
existing disparities in drug distribution by favoring certain regions or populations over others [6]. This is
particularly evident in vaccine distribution models, where historical data may lead Al algorithms to allocate
resources inequitably, affecting marginalized communities [7]. Moreover, Al systems trained on biased datasets
can perpetuate systemic inequalities in healthcare, limiting accessibility to essential medicines in lower-income
regions [8]. Additionally, data privacy concerns remain a significant challenge, particularly when Al is used to
process patient information and pharmaceutical supply chain records. Adherence to stringent data protection
regulations is necessary to prevent unauthorized data usage and potential breaches [9].

Another ethical dilemma arises from the lack of transparency in Al-driven decision-making. Many pharmaceutical
logistics systems rely on black-box AI models, making it difficult for stakeholders to understand how decisions
regarding drug allocation and supply chain optimization are reached [10]. This lack of explainability not only
erodes trust but also poses compliance risks, especially when regulatory agencies require transparency in Al-
powered decision-making processes [11]. The interplay of Al advancements, FL, and XAI, alongside ethical
considerations and regulatory challenges, underscores the complexity of integrating Al into pharmaceutical
logistics. Addressing these concerns through robust governance frameworks and ethical Al practices is imperative
to ensure equitable, transparent, and efficient pharmaceutical supply chains [12].

1.2 Significance of Ethical Al in Pharmaceutical Supply Chains

The integration of Al into pharmaceutical logistics raises critical ethical concerns, including data privacy, bias,
and transparency. Ensuring ethical Al deployment is essential to prevent unintended consequences such as data
misuse, unfair decision-making, and regulatory non-compliance [13]. Data privacy remains a fundamental
concern, as pharmaceutical logistics involve handling sensitive patient and supply chain information. Strict
regulations such as the General Data Protection Regulation (GDPR) and the Health Insurance Portability and
Accountability Act (HIPAA) mandate stringent data protection measures to safeguard patient confidentiality and
prevent unauthorized access to medical records [14]. The adoption of FL presents a viable solution by enabling
Al models to be trained without exposing sensitive data, thereby reducing privacy risks in pharmaceutical supply
chains [15].

Bias in Al-driven pharmaceutical logistics is another pressing ethical concern. Al models may unintentionally
reinforce disparities in drug distribution, leading to inequitable healthcare outcomes. For instance, algorithms
trained on historical supply chain data may perpetuate existing inefficiencies, disproportionately favoring certain
demographics or geographic regions [16]. To counteract this issue, Al developers must implement bias mitigation
techniques, such as diverse dataset curation and fairness-aware algorithms, to ensure equitable access to
pharmaceuticals [17]. Moreover, explainability in Al decision-making is crucial for fostering trust among
stakeholders. XAl plays a pivotal role in enhancing transparency by providing interpretable insights into Al-
generated decisions, ensuring that stakeholders—including healthcare providers, regulators, and supply chain
managers—can validate Al-driven recommendations [18].

Regulatory compliance remains a key challenge in ethical Al implementation. Organizations deploying Al-driven
logistics solutions must adhere to strict regulatory frameworks, including FDA guidelines for Al-based medical
applications and GDPR’s data protection requirements [19]. Failure to comply with these regulations can result
in legal penalties, reputational damage, and loss of stakeholder trust [20]. Additionally, Al models must undergo
rigorous validation and auditing to ensure that their decision-making processes align with ethical standards and
regulatory expectations [21].

The growing reliance on Al in pharmaceutical logistics underscores the necessity of explainability and fairness in
decision-making. Stakeholders must prioritize the development of transparent, accountable, and unbiased Al
systems to prevent ethical lapses in drug distribution and healthcare delivery. Ethical Al frameworks should be
integrated into Al governance strategies to ensure responsible Al adoption, ultimately enhancing efficiency,
fairness, and trust in pharmaceutical supply chains [22].

1.3 Objectives and Scope

The primary objective of this study is to examine the role of Al, FL, and XAl in pharmaceutical logistics, focusing
on their implications for ethical decision-making, data privacy, and regulatory compliance [23]. This research
aims to provide a comprehensive analysis of the challenges and opportunities associated with Al integration in
pharmaceutical supply chains, with a particular emphasis on addressing ethical concerns such as bias,
transparency, and fairness [24]. Furthermore, this study will explore regulatory requirements, including GDPR,
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HIPAA, and FDA guidelines, to assess the extent to which existing legal frameworks align with ethical Al
principles in pharmaceutical logistics [25].
The study will focus on three key areas:
1. Al-driven innovations in pharmaceutical logistics, including their impact on supply chain efficiency and
healthcare accessibility.
2. The role of FL and XAI in mitigating ethical concerns related to data privacy, bias, and transparency.
3. Regulatory frameworks and compliance challenges, examining how legal standards influence Al
adoption in pharmaceutical supply chains.
Despite its broad scope, this study has certain limitations. It will primarily focus on pharmaceutical logistics in
regulated markets, such as the United States and the European Union, where stringent data protection laws and
Al governance policies are in place [26]. Additionally, while the study will discuss global Al ethics principles, it
will not provide an exhaustive analysis of Al policies in every country, as regulatory frameworks vary significantly
across jurisdictions [27].
The structure of this article is as follows: Section 2 will provide a detailed review of Al-driven pharmaceutical
logistics, discussing technological advancements and their implications. Section 3 will examine ethical concerns
and regulatory challenges, while Section 4 will outline potential solutions for ensuring responsible Al adoption.
Finally, Section 5 will present key conclusions and policy recommendations for implementing ethical Al in
pharmaceutical logistics [28].

2. ETHICAL CHALLENGES IN FL FOR PHARMACEUTICAL LOGISTICS
2.1 Overview of FL in Healthcare Supply Chains
Definition and Working Mechanism of FL
FL is an innovative machine learning approach that enables multiple decentralized entities to collaboratively train
a shared model without exchanging raw data. Unlike traditional machine learning models that require centralized
data aggregation, FL allows local datasets to remain on separate servers while model updates are shared and
aggregated in a secure manner [5]. This approach is particularly beneficial in sensitive domains such as healthcare
and pharmaceutical logistics, where stringent data privacy regulations limit the ability to transfer patient records
and supply chain information [6].
The FL process typically involves the following steps:
1. Local model training — Individual nodes (e.g., hospitals, pharmaceutical warehouses) train AI models on
their respective datasets.
2.  Model update aggregation — The locally trained models send updates (not raw data) to a central server or
aggregation node.
3. Global model refinement — The central node consolidates updates and improves the global model, which
is then shared back with the participants [7].
Benefits for Pharmaceutical Logistics
One of the primary advantages of FL in pharmaceutical logistics is its ability to enhance data privacy and security.
Since FL does not require data to be transferred between organizations, it mitigates the risk of unauthorized access
and ensures compliance with regulations such as the General Data Protection Regulation (GDPR) and the Health
Insurance Portability and Accountability Act (HIPAA) [8]. Additionally, FL facilitates real-time collaboration
among pharmaceutical companies, healthcare providers, and regulatory agencies, enabling efficient inventory
management, drug demand forecasting, and supply chain optimization without compromising sensitive patient
data [9].
Another critical benefit is decentralized training, which ensures that Al models learn from diverse datasets across
multiple institutions. This diversity helps improve model robustness and reduces the risks associated with data
silos, leading to more equitable and efficient pharmaceutical distribution [10].
Challenges in FL Adoption
Despite its potential, FL faces several challenges in pharmaceutical supply chains. One major obstacle is
heterogeneous data quality, as different entities collect and store data using varying formats, leading to
inconsistencies in model training [11]. Additionally, FL requires high computational resources, making it costly
to implement in resource-constrained environments. Another concern is the risk of adversarial attacks, where
malicious participants may manipulate local model updates to mislead the global model, potentially disrupting
pharmaceutical logistics operations [12].
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2.2 Ethical Constraints in FL

Privacy Concerns and Risk of Data Breaches

Although FL enhances data security by keeping records decentralized, privacy risks still exist. One critical concern
is model inversion attacks, where adversaries attempt to reconstruct sensitive data from shared model updates
[13]. In pharmaceutical logistics, such attacks could expose drug inventory levels, supply chain vulnerabilities,
and even patient medication histories, posing serious ethical and commercial risks [14].

Additionally, FL networks are vulnerable to membership inference attacks, where malicious entities determine
whether a specific dataset was used in model training. This raises concerns about patient confidentiality and the
unintended disclosure of proprietary pharmaceutical data [15]. To mitigate these risks, researchers have proposed
incorporating differential privacy techniques into FL models, adding controlled noise to prevent reverse-
engineering of training data [16].

Consent and Data Ownership Challenges

Another ethical dilemma in FL adoption relates to informed consent and data ownership. Since FL operates across
multiple institutions, it becomes challenging to obtain explicit consent from all data contributors. For instance, a
pharmaceutical company using FL for supply chain analytics may indirectly train its models on hospital patient
records, raising questions about whether individuals should have the right to control how their data influences Al
models [17].

Additionally, the ownership of aggregated model knowledge remains unclear. Should the global Al model belong
to all participating entities, or should each contributor retain rights over its portion of the training data? This lack
of clarity poses risks in pharmaceutical collaborations, as companies may become reluctant to share insights due
to intellectual property concerns [18].

Legal and Compliance Issues in Pharmaceutical Applications

The adoption of FL in pharmaceutical supply chains must align with global regulatory standards, including GDPR,
HIPAA, and the U.S. Food and Drug Administration (FDA) guidelines. However, existing laws were primarily
designed for centralized Al systems, making it difficult to apply traditional compliance measures to FL models
[19].

For example, GDPR grants individuals the right to data erasure (“right to be forgotten™), but implementing this in
FL is complex because individual data points do not reside in a central repository. Instead, data-driven insights
are encoded in decentralized Al models, making it unclear how compliance can be achieved without retraining
the entire network [20].

Additionally, cross-border FL collaborations between pharmaceutical firms introduce legal uncertainties, as data
protection laws vary between regions. For example, an Al system trained in the European Union must adhere to
GDPR, while the same system deployed in the United States must also comply with HIPAA, leading to potential
conflicts in compliance frameworks [21].

2.3 Bias in FL: Sources and Consequences

Types of Biases in FL. Models

Bias in FL arises from multiple sources, including data bias, algorithmic bias, and human-induced bias.

e Data Bias: FL models are trained on decentralized datasets, which may not be equally representative of
diverse populations. For instance, if pharmaceutical logistics Al is trained mostly on data from urban
hospitals, it may fail to optimize drug distribution in rural or underprivileged areas [22].

e Algorithmic Bias: FL systems aggregate model updates from different sources, but imbalanced
contributions can distort decision-making. If a few dominant entities contribute the majority of training
data, the resulting model may favor their logistics patterns over others [23].

e  Human-Induced Bias: Manual interventions in FL, such as selective data sharing or customized training
objectives, can introduce unintended biases in pharmaceutical supply chains, leading to inequitable drug
distribution [24].

Implications of Biased AI in Pharmaceutical Decision-Making

The presence of bias in FL-driven pharmaceutical logistics can have serious real-world consequences. For
instance, if an Al model prioritizes supply chain efficiency over equity, it may allocate more vaccines to high-
income regions while leaving low-income areas underserved [25]. Similarly, biased FL models can influence drug
pricing strategies, leading to higher costs for underprivileged communities [26].
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Moreover, biases in pharmaceutical Al can lead to regulatory violations and legal repercussions. For example, if
an FL model used in drug distribution systematically excludes certain demographics, it may breach anti-
discrimination laws and face scrutiny from regulatory bodies [27].

Case Studies of Biased FL Models Affecting Healthcare Logistics

Several real-world examples illustrate how bias in FL has impacted pharmaceutical logistics:

e Case Study 1: Vaccine Allocation Bias — During the COVID-19 pandemic, Al-driven vaccine distribution
models in some countries disproportionately allocated vaccines to urban centers, neglecting rural
populations. This was partly due to historical data biases that emphasized urban supply chain patterns
[28].

e Case Study 2: Drug Shortages in Low-Income Areas — An FL-based inventory management system
deployed by pharmaceutical firms in Europe unintentionally prioritized wealthy regions due to skewed
training data, leading to frequent drug shortages in less affluent areas [29].

e (Case Study 3: Racial Bias in AlI-Powered Drug Recommendations — Studies have found that some Al-
driven drug prescription systems exhibit racial biases, prescribing lower-quality or less effective
medications to minority patients due to historically biased training data [30].

To mitigate these biases, robust fairness-aware algorithms, continuous auditing, and ethical Al governance
frameworks must be integrated into FL-driven pharmaceutical logistics [31].
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Figure 1: Flowchart illustrating data flow and privacy mechanisms in FL for pharmaceutical logistics

3. EXPLAINABILITY AND TRANSPARENCY IN FL-ENABLED Al

3.1 Importance of Explainability in Pharmaceutical AT Models

XAI has become a fundamental requirement in regulated industries such as pharmaceutical logistics, where
decision-making impacts patient safety, regulatory compliance, and equitable drug distribution [13]. Unlike
conventional Al models, which often function as black boxes, XAl provides interpretable insights into how Al-
driven decisions are made. This transparency is essential for pharmaceutical companies and regulatory bodies to
validate, audit, and improve Al models used in critical applications such as drug demand forecasting, cold chain
monitoring, and fraud detection in supply chains [14].

The pharmaceutical supply chain is inherently complex, involving multiple stakeholders, including
manufacturers, distributors, regulatory agencies, and healthcare providers. Al-driven systems are increasingly
being used to optimize drug distribution and predict shortages, but the opacity of many Al models can lead to trust
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deficits among stakeholders [15]. Without clear explanations, Al-driven supply chain decisions can be perceived
as biased or unreliable, particularly when unexpected outcomes arise, such as delayed drug shipments or shortages
in underserved regions [16]. Ensuring transparency in Al-driven decision-making is crucial for stakeholder
confidence and regulatory acceptance. XAl provides a mechanism for supply chain managers and policymakers
to scrutinize Al-generated recommendations, fostering greater accountability and fairness [17].

Additionally, stakeholder trust and interpretability are vital concerns in Al adoption. Healthcare professionals,
logistics managers, and regulatory authorities need confidence that Al-driven decisions align with ethical and
operational standards. If Al models allocate resources in an inexplicable manner, pharmaceutical companies risk
losing credibility and regulatory approval [18]. Moreover, interpretable Al systems can help organizations identify
and mitigate biases in data-driven decision-making, ensuring that medications reach patients equitably across
different demographics and regions [19].

The need for explainability is further emphasized in cases where AI models must operate in real-time
pharmaceutical supply chain scenarios. For example, when an AI model predicts an impending drug shortage,
decision-makers must understand the reasoning behind such predictions to take corrective actions [20]. Without
explainability, critical decisions may be delayed due to hesitancy or regulatory roadblocks, potentially affecting
patient access to life-saving treatments [21]. Therefore, integrating XAl in pharmaceutical Al models is not just a
technical necessity but a strategic imperative for regulatory compliance, operational efficiency, and public trust
[22].

3.2 Challenges of Achieving Explainability in FL

While FL enhances data privacy in Al-driven pharmaceutical logistics, it introduces significant challenges in
explainability. FL operates by training Al models across multiple decentralized data sources without transferring
raw data, making it difficult to implement traditional XAI techniques effectively [23]. One of the key challenges
is the trade-off between model complexity and interpretability. Advanced deep learning models, which FL
commonly employs, are inherently complex, making them less interpretable than simpler machine learning
models. Pharmaceutical companies must strike a balance between achieving high predictive accuracy and ensuring
that Al-driven supply chain decisions remain explainable [24].

Another significant challenge is the lack of standardized XAl methods for FL. Traditional XAl techniques, such
as SHAP (Shapley Additive Explanations) and LIME (Local Interpretable Model-agnostic Explanations), are
designed for centralized Al models where data is accessible in one location. In an FL setting, data remains
distributed across multiple nodes, preventing these methods from generating comprehensive global explanations
[25]. As a result, existing explainability techniques must be adapted or entirely re-engineered to work in a FL
environment [26].

Additionally, FL's decentralized nature makes it difficult to ensure consistent interpretability across different
participants. In pharmaceutical logistics, FL models may be trained on data from multiple regions, each with
unique distribution patterns and constraints. Variations in local datasets can lead to heterogeneous model
behaviors, making it challenging to provide uniform explanations across different stakeholders [27]. This
inconsistency raises concerns for regulators and supply chain managers, who require reliable explanations
regardless of where the Al model was trained [28].

A further obstacle in achieving explainability in FL is the industry’s reluctance to adopt transparent Al models due
to proprietary concerns. Many pharmaceutical companies and Al vendors consider their FL-based Al models as
competitive assets, making them hesitant to disclose decision-making processes [29]. This reluctance hinders
collaboration and standardization efforts, preventing the development of open, explainable FL frameworks
tailored to pharmaceutical applications [30].

Moreover, explainability in FL is constrained by limited computational resources at the edge nodes where model
training occurs. Unlike centralized Al models that can leverage high-performance computing resources, FL
systems must operate efficiently across distributed and sometimes resource-limited environments, restricting the
ability to deploy computationally expensive XAl techniques [31].

Finally, regulatory uncertainty surrounding explainability in FL further complicates adoption. Existing Al
regulations, such as GDPR and HIPAA, emphasize data privacy but do not provide clear guidelines on how XAl
should be implemented in federated settings [32]. This gap leaves pharmaceutical companies in a regulatory gray
area, where they must balance the need for model interpretability with compliance obligations [33]. Overcoming
these challenges will require collaborative efforts between Al researchers, pharmaceutical firms, and regulatory
bodies to develop scalable, standardized, and interpretable FL frameworks [34].
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3.3 Existing XAI Techniques and Their Limitations in FL
Several XAl techniques have been developed to enhance interpretability in Al models, but their effectiveness in
FL settings remains limited. Among the most widely used techniques are Local Interpretable Model-agnostic
Explanations (LIME), Shapley Additive Explanations (SHAP), and Grad-CAM (Gradient-weighted Class
Activation Mapping). These methods provide post-hoc explanations for Al predictions, offering insights into how
models arrive at specific decisions [35].
LIME generates approximate explanations by perturbing input data and observing changes in predictions.
However, LIME’s local nature makes it unsuitable for FL, where data is decentralized, and global interpretability
is required across multiple nodes [36]. Similarly, SHAP, which assigns importance values to features in Al models,
struggles in FL environments due to the computational overhead required for distributed data aggregation [37].
One of the major limitations of XAl in FL is the black-box nature of deep learning models commonly used in
federated settings. Neural networks, particularly those trained in a distributed manner, lack inherent
interpretability, making it difficult to explain decisions in pharmaceutical supply chains [38]. Unlike linear models
or decision trees, which provide interpretable decision boundaries, deep learning models require additional post-
hoc techniques to generate explanations, adding another layer of complexity [39].
Furthermore, applying XAI to dynamic and decentralized FL environments is challenging because FL models
continuously evolve as they receive new training updates from multiple sources. This dynamic nature complicates
the application of traditional XAl techniques, which are often designed for static models. For pharmaceutical
logistics, where model consistency and transparency are critical, this limitation poses a significant barrier to
regulatory acceptance and operational trust [40].

Tree Diagram of XAl Methods in Federated Learning

XAl Methods
/ \
Post-hoc Intrinsic
Model-Agnostic Model-Specific Causal Inference Feature Importance
LIME SHAP Grad-CAM Counterfactual Explanations

Figure 2: Comparative analysis of different XAI techniques used in FL.

4. BIAS MITIGATION STRATEGIES IN FL-ENABLED XAI
4.1 Data-Centric Bias Mitigation Techniques
Bias in FL arises when training data is unevenly distributed, leading to unfair Al-driven decision-making in
pharmaceutical logistics. Addressing this issue requires data-centric bias mitigation techniques, which focus on
modifying input data to ensure a more balanced and representative dataset [16].
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One of the most widely used approaches is data preprocessing, which involves rebalancing datasets through
resampling techniques such as oversampling underrepresented groups or undersampling dominant ones [17]. This
technique helps mitigate historical biases that may lead to Al models favoring specific demographics in
pharmaceutical supply chains. Another effective method is synthetic data generation, where artificially created
data points are introduced to correct biases in training datasets [ 18]. Generative models, such as GANs (Generative
Adversarial Networks), can be leveraged to simulate diverse patient populations, ensuring that Al models do not
disproportionately allocate medical resources to a specific group [19].
In an FL context, federated data augmentation plays a critical role in bias correction. Unlike traditional centralized
Al models, FL operates on decentralized datasets across multiple nodes, each contributing to the global model.
Federated data augmentation techniques enhance fairness by generating synthetic data within each node while
preserving privacy [20]. These techniques ensure that minority groups within a node are adequately represented
in the training data, reducing bias propagation across the FL network [21].
Another crucial step in bias mitigation is ensuring diverse data representation across nodes. In pharmaceutical
supply chains, data from high-resource hospitals or regions often dominate FL training, leading to an imbalance
in model performance across different populations. Adaptive sampling methods help balance data heterogeneity
by prioritizing underrepresented nodes during model updates [22]. By systematically adjusting data contributions,
these methods enhance the generalizability and fairness of Al-driven drug distribution and logistics models [23].

Table 1 Summarizing various data-level bias mitigation techniques and their effectiveness in FL for
pharmaceutical AI models:

Technique Descrintion Effectiveness in Bias||Challenges in FL
d P Reduction Implementation
Adjusting dataset distribution|[Moderate — Helps correct . o
. . ) L . Requires distributed
Rebalancing by increasing minority class||class imbalance but may .
; ) . ) . “|lexecution  across  FL
(Oversampling  &||instances (oversampling) or|[introduce overfitting .
. . o . . . °|lnodes, which can be
Undersampling) reducing majority class||(oversampling) or information . . .
. . . computationally intensive
instances (undersampling) loss (undersampling)
. Generating artificial samples to|[High - Improves||Ensuring  realism and
Synthetic Data . . . L
. enhance data diversity and|[representation of|[validity of generated data
Generation (GANSs,|[ . . . . . . ; .
VAEs) mitigate biases in training|[underrepresented groups and|lis challenging; potential
datasets prevents bias amplification  ||privacy risks

Federated Data

Augmentation

Augmenting local datasets by
creating  variations  (e.g.,
rotation, scaling) to improve
representation

Moderate to High — Ensures
more diverse training
examples without violating
data privacy

Requires  collaboration
among FL nodes,
increasing

communication overhead

Computational overhead

Prioritizing data from||[High — Reduces bias ) .
. . and complexity in
. . ||lunderrepresented regions or||propagation across FL nodes, . )
Adaptive Sampling . ; . dynamic adaptation to
demographic  groups  when|[ensuring balanced influence real-world
updating the model in training pharmaceutical data
Reorganizing local datasets Must adhere to strict data
. . . Moderate — Helps prevent|| .
Privacy-Preserving (lacross multiple nodes to model bias in decentralized|[PTIVacY laws (e.g., GDPR,
Data Shuffling balance  distribution  while learnin HIPAA), limiting
maintaining privacy constraints & feasibility
Assigning higher importance to||High -  Ensures  fair Requ.lres . constant
Heterogeneous . . . recalibration and
. low-represented datasets in FL|[representation of diverse|[. .
Data Weighting . increases computational
training rounds healthcare data cost
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4.2 Algorithmic Fairness Techniques in FL

Algorithmic fairness in FL focuses on modifying the learning process to reduce bias at the model level. Traditional
Al models trained on imbalanced data often propagate systemic biases, but fairness-aware model training
approaches in FL can mitigate these effects [24].

One such approach is fair representation learning, where Al models are designed to minimize disparity in
predictions across different demographic groups [25]. Techniques such as adversarial debiasing allow Al models
to learn representations that are independent of sensitive attributes like race, gender, or socioeconomic status [26].
This is particularly relevant in pharmaceutical logistics, where biased models may prioritize resource distribution
based on historical inequalities [27].

Another critical fairness mechanism in FL is differential privacy (DP), which ensures that no single data point
disproportionately influences model decisions. DP protects individual patient data while maintaining fairness
constraints, preventing Al models from overfitting to privileged groups [28]. By adding noise to model updates,
DP helps obscure sensitive patterns that could reinforce biases [29]. However, implementing differential privacy
in FL presents challenges, as excessive noise can degrade model accuracy while insufficient noise may still expose
sensitive data patterns [30].

Fairness constraints in FL algorithms also play a vital role in ensuring that Al-driven supply chain models do not
favor certain geographic or demographic groups. These constraints impose mathematical fairness guarantees,
ensuring that each node in the FL system has equitable influence over model training [31]. Constraint-based
fairness techniques, such as group fairness constraints, enforce equitable treatment by explicitly penalizing
disparities in Al decision-making [32].

Additionally, adaptive weighting techniques address data heterogeneity across FL nodes. In pharmaceutical
logistics, different regions contribute varying levels of data due to disparities in healthcare infrastructure.
Traditional FL models often give higher importance to well-represented nodes, exacerbating bias [33]. Adaptive
weighting techniques assign dynamic importance scores to different nodes, ensuring that underrepresented groups
have proportional influence in model training [34].

While algorithmic fairness techniques significantly improve equity in Al decision-making, their implementation
in FL requires continuous validation and refinement. Pharmaceutical logistics Al must undergo rigorous testing
to ensure that bias mitigation techniques do not inadvertently compromise model accuracy or introduce new
ethical concerns [35].

4.3 Human-Centric Bias Mitigation Approaches

Beyond data and algorithmic interventions, human-centric bias mitigation strategies focus on active human
oversight and ethical governance in Al-driven pharmaceutical logistics. These approaches integrate human
judgment and ethical considerations into Al development and deployment [36].

One of the most effective methods is bias detection using human-in-the-loop (HITL) strategies. Unlike fully
automated Al models, HITL frameworks incorporate expert feedback throughout the Al training process.
Regulatory professionals, data scientists, and healthcare providers review Al model outputs to identify biased
patterns and adjust training parameters accordingly [37]. This iterative feedback loop ensures that biases
overlooked by traditional machine learning methods are flagged and corrected in real-time pharmaceutical
logistics applications [38].

Another key human-centric approach is the implementation of ethical Al auditing frameworks. These frameworks
establish standardized protocols for assessing bias, fairness, and transparency in FL models used in pharmaceutical
supply chains [39]. Ethical audits evaluate Al models for unintended discrimination, ensuring that Al-driven
supply chain decisions align with regulatory and societal expectations [40].

Additionally, stakeholder engagement in bias identification and mitigation is essential. Al fairness should not be
dictated solely by technical experts—involvement from healthcare providers, policymakers, and affected
communities is critical in establishing equitable Al practices [41]. Conducting stakeholder workshops and public
consultations allows pharmaceutical companies to understand real-world implications of Al biases and refine
models accordingly [42].

While human oversight enhances accountability, it must be combined with automated fairness mechanisms to
scale bias mitigation efforts across large FL networks in pharmaceutical supply chains [43].

4.4 Measuring and Validating Fairness in FL-Enabled XAI Models

Ensuring fairness in FL-enabled XAI models requires robust validation frameworks. Several fairness metrics have
been developed to quantify bias in Al-driven pharmaceutical logistics models [44].
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Among the most commonly used fairness metrics are:
1. Demographic Parity — Ensures that Al-driven decisions do not disproportionately favor one group over
another [45].
2. Equalized Odds — Measures whether Al models produce similar false positive and false negative rates
across demographic groups [46].
3. Counterfactual Fairness — Evaluates Al model behaviour when sensitive attributes (e.g., race or income)
are altered, ensuring that predictions remain consistent [47].
Continuous monitoring and fairness evaluation are essential to detect bias drift—the phenomenon where Al
models become biased over time due to evolving data distributions [48]. Deploying real-time fairness tracking
systems ensures that Al models maintain equity in pharmaceutical supply chain decision-making [49].
Regulatory bodies, including the FDA and the European Medicines Agency (EMA), are increasingly scrutinizing
Al fairness in healthcare applications. The lack of clear regulatory guidelines for fairness in FL poses challenges
for pharmaceutical companies, requiring them to develop internal compliance protocols [50]. Establishing
regulatory-aligned fairness audits will be crucial in securing approval for Al-driven pharmaceutical logistics
systems [51].

Figure 3: Histogram of Bias Mitigation Strategies in FL-Enabled XAl
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Figure 3: Flowchart of bias mitigation strategies in FL-enabled XAI.

5. CASE STUDIES AND REAL-WORLD APPLICATIONS

5.1 Case Study 1: FL for Drug Supply Chain Optimization

The implementation of FL in pharmaceutical logistics has gained traction as an innovative approach to optimizing
drug supply chains while maintaining data privacy and security [19]. In a recent real-world deployment, a global
pharmaceutical consortium leveraged FL-based AI models to streamline drug distribution networks across
multiple regions. The system aimed to enhance inventory management, reduce drug wastage, and improve
delivery efficiency, particularly in resource-limited settings [20].

One of the primary benefits of FL in this case study was its ability to train AI models across multiple decentralized
hospital networks without sharing sensitive patient data. This was particularly crucial in regions governed by strict
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data protection laws such as GDPR and HIPAA, which prohibit centralized data storage of patient information
[21]. The FL model aggregated insights from different healthcare facilities to predict demand fluctuations,
allowing supply chain managers to adjust stock levels dynamically based on real-time data trends [22].
However, the implementation faced ethical challenges, primarily related to bias in model training. The hospitals
contributing data to the FL system were disproportionately located in urban areas, leading to a model that initially
favored high-resource hospitals over rural healthcare centers [23]. This bias resulted in uneven drug distribution,
where urban regions received more optimized supply chain recommendations, while rural regions continued
experiencing shortages [24].

To mitigate bias, the developers integrated fairness-aware FL techniques, including adaptive weighting
mechanisms that ensured data contributions from underrepresented nodes (e.g., rural hospitals) had proportionate
influence on model updates [25]. Additionally, federated data augmentation was introduced to simulate demand
patterns from less-represented regions, reducing biases in Al-driven drug allocation [26].

The performance of FL-enabled pharmaceutical supply chain models was evaluated using key metrics, including
prediction accuracy, supply chain efficiency, and bias mitigation effectiveness. Results demonstrated a 30%
improvement in drug stock optimization and a 25% reduction in wastage compared to traditional supply chain
forecasting models [27].

Table 2: Performance metrics of FL-enabled pharmaceutical supply chain models

. Traditional AI|[FL Model (with . .
Performance Metric Model Bias Mitigation) Impact on Supply Chain Efficiency
FL models improve demand forecasting
Prediction Accuracy (%) 78% 89% accuracy, reducing over/under-stocking of]
drugs.
Drug Wastage Reduction (%)|[12% 30% FL.er.lh.a nees data sharlng across nodes,
optimizing supply chain efficiency.
Bias Reduction Index (lower Bias mitigation techniques in FL enhance
. 0.45 0.12 . R .
is better) equitable drug distribution across regions.
Equitable Drug Allocation FL enables fairer resource allocation,
67% 85% . .
(%) particularly in underserved areas.
Reoulato Compliance FL models comply better with GDPR and
g Y p 6.2 8.9 HIPAA due to  privacy-preserving
Score (1-10) .
techniques.
Data Privacy Protection Moderate High FL prevents .centrahzed data  risks,
improving security.
Computational  Efficiency FL requires higher computational resources,
(Training Time in Hours) 3.3 hours 7.2 hours but trade-off results in better performance.
Stakeholder Trust Score (1 53 85 Explainability and fairness in FL increase
10) ' ) trust in Al-driven supply chain decisions.

5.2 Case Study 2: XAl in Predicting Drug Demand and Shortages

The use of XAI in pharmaceutical logistics has significantly improved trust and accountability in Al-driven
demand forecasting. One notable case study involved the deployment of XAl-powered predictive analytics to
forecast drug shortages in a national pharmaceutical distribution network [28].

The system utilized machine learning models trained on historical supply chain data, real-time demand
fluctuations, and external variables such as seasonal disease patterns. However, traditional Al-based demand
forecasting methods often operate as black-box models, making it difficult for regulatory agencies and supply
chain managers to understand the rationale behind Al-generated predictions [29]. To address this, an XAI-
enhanced Al model was implemented, providing interpretable insights into the factors influencing drug demand
predictions [30].
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XAI techniques such as SHAP (Shapley Additive Explanations) and LIME (Local Interpretable Model-Agnostic
Explanations) were integrated into the forecasting model to highlight key contributing factors for each prediction.
These explanations allowed stakeholders to validate Al decisions, ensuring that forecasting outputs were
transparent and justifiable [31].

A critical ethical concern in Al-driven demand forecasting is algorithmic bias, particularly in scenarios where the
Al model disproportionately predicts shortages in certain demographic regions. In this case study, initial Al-
generated forecasts exhibited bias toward wealthier urban areas, where historical demand data was more complete,
leading to underestimated shortages in lower-income rural regions [32].

To enhance fairness, bias correction techniques such as reweighting demand data from underrepresented
communities were introduced. Additionally, stakeholder engagement played a crucial role in identifying
discrepancies in Al outputs. Regular consultations with healthcare professionals and supply chain experts ensured
that XAl-generated forecasts aligned with real-world supply chain conditions [33].

Performance evaluations revealed that XAl-integrated AI models improved demand forecasting accuracy by 35%
compared to traditional models, while also increasing stakeholder trust in Al-driven predictions [34]. The
incorporation of fairness-aware explanations further enhanced regulatory compliance, as the system provided
audit-ready justifications for Al-driven supply chain decisions [35].

6. REGULATORY AND ETHICAL COMPLIANCE FRAMEWORKS
6.1 Existing Ethical and Legal Frameworks for AI in Pharmaceuticals
The increasing adoption of Al in pharmaceutical logistics necessitates compliance with stringent ethical and legal
frameworks to ensure data privacy, security, and fairness in Al-driven decision-making. Several regulations,
including the General Data Protection Regulation (GDPR), the Health Insurance Portability and Accountability
Act (HIPAA), and regional data protection laws, provide governance structures for the ethical deployment of Al
in healthcare supply chains [23].
The GDPR, enacted by the European Union (EU), establishes robust data protection requirements, emphasizing
the need for informed consent, data minimization, and transparency in Al-driven systems [24]. Pharmaceutical
companies deploying FL models must ensure compliance by implementing privacy-preserving techniques, such
as differential privacy and secure multi-party computation, to protect sensitive patient and supply chain data [25].
The GDPR also mandates explainability in automated decision-making, requiring Al systems to provide clear
justifications for their predictions and recommendations [26].
In the United States, HIPAA regulates the handling of electronic health information (ePHI) and imposes strict
guidelines on how patient data can be processed and shared within Al-enabled pharmaceutical supply chains [27].
Compliance with HIPAA in Al-driven drug distribution requires robust encryption protocols, audit controls, and
de-identification techniques to prevent unauthorized data access [28]. Additionally, the FDA (Food and Drug
Administration) has issued Al governance policies for pharmaceutical applications, emphasizing the need for
continuous monitoring and validation of Al models to ensure accuracy, safety, and fairness [29].
Regional regulations also play a crucial role in shaping Al governance. For instance, China’s Personal Information
Protection Law (PIPL) imposes stringent restrictions on cross-border data transfers, affecting global
pharmaceutical companies using FL-based Al models [30]. Similarly, India’s Digital Personal Data Protection Act
(DPDP Act) aligns with global standards, requiring data localization and compliance with privacy-by-design
principles [31].
Despite these regulatory advancements, gaps in Al-specific governance remain. Current regulations primarily
address data privacy and security, but lack standardized guidelines for algorithmic fairness, bias mitigation, and
explainability in pharmaceutical AI models [32]. The absence of uniform global standards necessitates the
development of harmonized Al governance policies to ensure responsible Al deployment in pharmaceutical supply
chains [33].
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Table 3: Comparison of global regulations governing Al ethics in pharmaceutical logistics

driven decisions

Regulatory
Regulatory . Data Privacy||Transparency &||Al Fairness &|[Compliance in Al-
Region . e 11 . e .
Framework Requirements Explainability ||Bias Mitigation ||driven Pharma
Logistics
General Data Strict ' data Requires No direct fairness||High— '

. European ||protection, . |[laws, but||Pharmaceutical Al
Protection . explainability in .

) Union consent-based data mandates non-||must comply with
Regulation . . automated R . .
(GDPR) (EU) collection, right to decision-makin discriminatory Al||privacy-by-design

be forgotten & applications principles
. [|Does notf|, . . .

Health Insurance Protectg electroplc mandate lel.t e.d fairness Moderate—Applies
. . health information o provisions; . .
Portability  and||(United explainability mainly to patient data

o (ePHI), mandates focuses on
Accountability |[States encrvbtion & but enforces data healthcare  data management  rather
Act (HIPAA) yp security . than Al fairness
restricted access measures protection
Food and Drug \ljaelcil(lilzliiieSn Or;)bl:; f;?lfil;?f;lzlzs Encourages bias||High—AlI models
Administration |[United . o mitigation but{jused in  pharma
systems handling||monitoring and .. .
(FDA) Al||States . . |[lacks explicit legal|{logistics must meet
- pharmaceutical transparency in .
Guidelines enforcement strict safety standards
data Al models
Requires Al Some fairness
Personal . d provisions but|{High—Companies

. Stringent  cross-|[transparency but|[" . ..

Information . prioritizes  state||must ensure Al models

. China border data transferf|enforces . .

Protection Law restrictions overmment control over|lalign with government
(PIPL) iversi ht ethical Alf|data policies
& governance
Data localization No . .e>.(p1101t No formal Al Moderate—.
. . : explainability . _||Pharmaceutical
Digital Personal requirements; . fairness laws; .
. . requirements, companies must
Data Protection|(India mandates focuses on data .
Act (DPDP Act) individual  rights but promotes consent and|[S"3UTC compliance
data . with data security
over personal data . privacy
accountability norms
rflegggl(;rlzsssed l(?rll Directs companies High—Pharma Al
Artificial European || . Strong emphasis . DA odels considered
. . risk levels (e.g., to integrate Dbias||, . . .
Intelligence Act||Union . . on XAl and . high-risk,  requiring
high-risk Al . detection and .
(Proposed) (EU) . . _||laccountability . extensive
requires strict fairness checks .
audits) documentation
. Moderate—
Prgwdps Encourages Calls for fairness||[Pharmaceutical firms
Al and Data guidelines for Lo .
Ethics United responsible Al explainability in(|assessments  but||must comply with data
Framework Kinedom |lusage: encourages Al applications||lacks specific||ethics
(ICO, UK) & trangs ,arenc N il- but lacks legalf|pharmaceutical Al|[recommendations
’ P Y enforcement regulations rather than

enforceable laws

6.2 Proposed Guidelines for Ethical FL Implementation in Healthcare
To address existing regulatory gaps and enhance ethical Al deployment in pharmaceutical logistics, a structured
ethical Al development lifecycle is essential. This lifecycle should ensure that Al models, particularly FL-based
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systems, adhere to fairness, transparency, and accountability principles throughout their development and
deployment phases [34].
The first stage of ethical Al development involves bias detection and mitigation at the data level. Ensuring diverse
and representative training data across FL nodes can reduce disparities in drug distribution forecasts and enhance
model fairness [35]. This can be achieved through federated data augmentation and adaptive weighting techniques
that prevent underrepresentation of certain regions or demographics in Al-driven supply chain models [36].
The second stage focuses on algorithmic transparency. Given the black-box nature of many Al models,
implementing XAl techniques such as SHAP and LIME is crucial to ensure that stakeholders can interpret Al-
generated recommendations [37]. Regulatory agencies should mandate explainability audits for AI models
deployed in pharmaceutical logistics to foster accountability and trust [38].
The third stage involves continuous Al monitoring and auditing. Pharmaceutical supply chain models should
undergo real-time performance evaluations to detect emerging biases and fairness issues [39]. Deploying ethical
Al auditing frameworks—which involve stakeholder consultations, impact assessments, and compliance
reviews—can enhance the legitimacy and reliability of FL-enabled pharmaceutical AI models [40].
In addition to ethical Al lifecycle measures, regulatory recommendations for pharmaceutical Al governance
should include:
1. Federated Al compliance standards — Regulatory bodies should establish clear guidelines on how FL can
comply with existing data privacy laws, ensuring secure and bias-free Al training [41].
2. Global Al fairness benchmarks — Standardized fairness metrics should be enforced across pharmaceutical
Al systems to prevent regional disparities in drug allocation [42].
3. Stakeholder-driven Al policy frameworks — Engaging regulators, healthcare providers, and Al developers
in policy-making processes can ensure that pharmaceutical Al systems align with real-world healthcare
needs [43].
By implementing these guidelines, the pharmaceutical industry can ensure responsible and ethical Al adoption,
fostering greater transparency, fairness, and regulatory compliance in Al-driven drug supply chains [44].

7. FUTURE DIRECTIONS AND RESEARCH GAPS
7.1 Advancements in Bias Mitigation and Ethical Al
Recent advancements in bias mitigation and ethical Al have led to the development of more sophisticated methods
for ensuring fairness in FL models used in pharmaceutical logistics. One of the most promising techniques is fair
representation learning, where models are trained to remove bias from input data representations, ensuring that
Al-driven drug distribution systems do not favor specific demographic groups [26]. Additionally, adaptive
reweighting algorithms have been introduced to dynamically adjust the importance of underrepresented data
points in FL training, reducing disparities in decision-making [27].
Another major development is the integration of next-generation XAl tools designed to improve transparency in
Al-driven pharmaceutical logistics. Advanced XAl techniques, such as counterfactual explanations and causal
inference models, now allow regulators and supply chain managers to understand Al decision-making at a deeper
level [28]. These tools enable stakeholders to assess the fairness of Al-driven supply chain predictions, ensuring
that biases are identified before they impact real-world drug distribution [29].
Moreover, federated fairness auditing frameworks are being developed to provide continuous bias assessment in
FL systems. These frameworks integrate automated fairness monitoring tools that detect and correct bias drift over
time, preventing model degradation and unfair resource allocation [30]. As Al ethics research progresses, these
emerging solutions will be crucial in enhancing the trustworthiness, fairness, and accountability of Al-driven
pharmaceutical logistics [31].
7.2 Policy and Industry Recommendations
To ensure the ethical and responsible deployment of Al in pharmaceutical logistics, industry-wide ethical Al
standards must be established. Regulatory agencies, pharmaceutical companies, and Al developers must
collaborate to define unified guidelines for bias mitigation, transparency, and fairness in FL-based drug supply
chain models [32]. Standardized protocols should include mandatory fairness evaluations, explainability
requirements, and continuous model auditing to prevent biases from affecting Al-driven decision-making [33].
Additionally, policy frameworks must be strengthened to enhance trust and accountability in pharmaceutical Al
applications. Governments and regulatory bodies should mandate third-party Al audits to validate the ethical
compliance of Al systems deployed in drug supply chains [34]. Policies should also enforce algorithmic impact
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assessments (AIAs) to evaluate how Al-driven pharmaceutical logistics models affect different populations,
ensuring fair and equitable healthcare access [35].

Furthermore, stakeholder-driven Al governance must be prioritized, where regulators, pharmaceutical companies,
healthcare providers, and patients actively participate in Al policy development. Engaging cross-disciplinary
experts in ethical Al oversight committees will ensure that Al-driven drug distribution remains transparent,
accountable, and aligned with healthcare needs [36].

Ultimately, the establishment of comprehensive Al governance frameworks will foster greater public trust in
pharmaceutical Al systems while ensuring compliance with ethical and legal standards in FL and XAI [37].

8. CONCLUSION
This study has highlighted the ethical challenges and bias mitigation strategies associated with FL-enabled XAI
in pharmaceutical logistics. Key findings emphasize the importance of data-centric, algorithmic, and human-in-
the-loop approaches in ensuring fairness and transparency in Al-driven drug supply chains. The integration of FL
in pharmaceutical logistics presents significant benefits, particularly in enhancing data privacy while improving
drug distribution efficiency. However, challenges related to bias in decentralized models, lack of standardized
fairness metrics, and opacity in Al decision-making remain critical concerns.
A major cthical constraint in FL-enabled XAl is algorithmic bias, which can lead to unequal drug distribution and
disproportionate resource allocation. Addressing these biases requires diverse data representation across FL nodes,
adaptive reweighting techniques, and federated data augmentation. Moreover, the lack of interpretability in deep
learning models continues to hinder regulatory acceptance. The deployment of advanced XAl techniques, such as
causal inference and counterfactual explanations, has improved transparency, but scalability and consistency
across FL networks remain areas of concern.
The study also underscores the sig”Ific’nce of regulatory frameworks in ethical AI governance. Existing laws,
such as GDPR and HIPAA, provide essential data privacy safeguards but lack clear mandates for Al fairness and
explainability. Industry-wide ethical Al standards and policy frameworks must be established to ensure continuous
monitoring, auditing, and impact assessments of Al-driven pharmaceutical logistics models. Collaboration among
regulators, Al developers, and healthcare providers is essential to bridge the gap between Al advancements and
ethical compliance.
As Al-driven pharmaceutical supply chains continue to evolve, the need for interdisciplinary research and
innovation in fairness-aware FL models grows. Future studies should focus on improving fairness metrics for
decentralized Al, enhancing real-time bias detection tools, and developing more interpretable Al solutions that
align with regulatory expectations. Additionally, policy advancements must keep pace with technological
progress, ensuring that Al deployment remains accountable and beneficial to all stakeholders.
In conclusion, while FL-enabled XAI offers transformative potential in pharmaceutical logistics, bias mitigation,
transparency, and ethical oversight must remain at the forefront of AI development. A proactive approach to ethical
Al governance, including continuous research, regulatory updates, and industry collaboration, will be crucial in
building trustworthy and equitable Al-driven pharmaceutical supply chains.
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