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Pharmaceutical Supply Chain Monitoring with
AI
Abhik Choudhury, Member, IEEE, Exton, PA, 19341, USA

Abstract—The pharmaceutical supply chain faces significant challenges in the
distribution of controlled substances, such as opioids, due to stringent regulatory
requirements and the potential for misuse and diversion. This research explores
how the integration of synthetic data generation and artificial intelligence (AI)
can enhance the monitoring and management of these controlled drugs within the
supply chain. The article discusses key methodologies for generating high-fidelity
synthetic data that preserves the statistical properties of real-world data while en-
suring privacy and compliance. It further explores the system architecture, including
data preprocessing, model development and model serving. Further, A specialized
case study on the monitoring of controlled and highly regulated drugs is presented,
highlighting practical applications and the benefits realized. The findings underscore
the efficacy of AI in creating a reliable and robust monitoring system for Pharma
supply chains which helps curb the misuse of these drugs for overdose purposes.

Keywords:
Pharmaceutical Supply Chain, Artificial Intelligence, Synthetic Data, Opioids

The pharmaceutical supply chain is a critical
component of global healthcare, responsible
for the distribution of medications from man-

ufacturers to patients. This supply chain is inherently
complex, involving multiple stakeholders, stringent reg-
ulatory requirements, and the need for meticulous
tracking and monitoring. The distribution of controlled
substances, such as opioids, adds an additional layer
of complexity due to the heightened regulatory scrutiny
and the potential for misuse and diversion [1].

Opioid abuse and overdose have become a major
public health crisis in many parts of the world, leading
to increased focus on the pharmaceutical supply chain
as a point of intervention. Ensuring the proper handling
and distribution of these controlled drugs is essential
to curbing the opioid epidemic and preventing them
from falling into the wrong hands. Regulatory bodies
have implemented strict guidelines and reporting re-
quirements for the movement of controlled substances,
placing significant pressure on pharmaceutical com-
panies and distributors to maintain robust monitoring
and control mechanisms. There has been prior re-
search on extensive exploration of various facets of
AI and synthetic data in supply chain management.
For instance, studies by Goodfellow et al. (2014) on
Generative Adversarial Networks (GANs) have high-

lighted their potential in generating high-fidelity syn-
thetic data, which can be instrumental in training ro-
bust AI models [8]. Similarly, Kingma and Welling’s
(2013) work on Variational Autoencoders (VAEs) has
demonstrated how these models can capture complex
data distributions, making them suitable for generating
synthetic datasets in healthcare [9]. In the pharmaceu-
tical domain, recent research by Smith et al. (2020)
has shown that AI-driven predictive analytics can sig-
nificantly improve demand forecasting and inventory
management [10]. Meanwhile, the work of Johnson
and Lee (2019) emphasized the importance of real-
time monitoring systems in detecting anomalies and
preventing the diversion of controlled substances [11].

This article builds upon these foundational studies
by focusing specifically on the integration of synthetic
data generation and AI/ML within the pharmaceutical
supply chain, to build a reliable system which inte-
grates data from all the facets of the supply chain to
monitor suspicious orders in real time, predict which
customers or materials are at high risk of diversion, flag
orders in real time and establish or dynamically adjust
risk thresholds. With the help of anomaly detection,
classification and predictive models, the system en-
sures that the Opioids and other controlled substance
orders that are on high risk of diversion and abuse are
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preemptively identified, and the suspected customers
and materials are quarantined for evaluation [4].

THE SUSPICIOUS ORDER
PROBLEM

A key challenge in monitoring of controlled substances
and opioids within the pharmaceutical supply chain is
the scarcity of real-world data on suspicious orders
and diversions. The number of orders or transactions
involving the misuse or diversion of these regulated
drugs typically represents a tiny fraction of the mil-
lions of legitimate orders processed daily across the
supply chain. This skewed distribution of data poses
a significant challenge for training effective machine
learning models to detect anomalies and suspicious
activities. Traditional ML models trained solely in the
predominance of normal order data often fail to develop
the necessary sensitivity and accuracy to identify the
rare instances of problematic orders hidden within the
large volumes of routine transactions.

This is where synthetic data generation becomes
a vital tool in addressing the suspicious order problem
[1]. By creating high-fidelity synthetic datasets that
incorporate a larger proportion of simulated suspicious
order patterns, AI/ML models can be trained to become
more attuned to the indicators of potential diversion or
misuse. These synthetically generated datasets allow
the models to learn the distinguishing characteristics of
problematic orders, without the bias introduced by the
overwhelming presence of legitimate transactions in
the real-world data. Generative Adversarial Networks
(GANs) and Variational Autoencoders (VAEs) have
demonstrated their effectiveness in creating synthetic
datasets that closely resemble real-world transactions,
while agent-based modeling (ABM) can simulate the
complex interactions between various entities within
the supply chain to generate synthetic data for scenario
analysis. However, the use of synthetic data in the
pharmaceutical supply chain context requires careful
consideration and mitigation of potential risks. The syn-
thetic data must be generated in a way that preserves
the statistical properties and underlying dynamics of an
actual opioid order that has been diverted for abuse,
without introducing unrealistic artifacts or biases. As
such, there is a need robust data governance frame-
works, privacy- preserving techniques, and rigorous
validation guardrails to ensure the integrity and reliabil-
ity of the synthetic data used to train the AI/ML models.

BUILDING AN OPIOID MONITORING
FRAMEWORK

The wholesale pharmaceutical distribution system pro-
cesses millions of orders daily across thousands of
healthcare providers, pharmacies, and hospitals. Man-
aging and monitoring these transactions, particularly
for controlled substances, requires a framework that
can handle both the volume and sensitivity of this
information while ensuring regulatory compliance [2].

In a typical wholesale pharmaceutical distribution
center, data flows in from a myriad of sources. Or-
der management systems track customer purchases
and histories, while warehouse management systems
monitor inventory levels and movements. Transporta-
tion systems provide real-time updates on deliver-
ies, complemented by product catalogs containing de-
tailed drug classifications and regulatory documen-
tation tracking compliance requirements. Additionally,
geographical attributes of customers and other exter-
nal elements are also factored into building the data
framework [12].

Data acquisition: This data needs to be collected
and processed in ways that support both day-to-day
operations and suspicious order monitoring. Real-time
processing is particularly crucial for controlled sub-
stances, where immediate detection of unusual order-
ing patterns could prevent potential diversion. Before
this data can be used for analysis or monitoring, it must
undergo careful preprocessing. This stage involves
validating customer DEA licenses and other creden-
tials, ensuring all product codes and descriptions are
standardized across different systems, and converting
units of measure into consistent formats. The system
must also correct errors in order quantities or product
codes, identify and remove duplicate transactions, and
fill in missing information based on historical data [15].

Data transformation: The cleaned data then
needs to be transformed into formats suitable for differ-
ent uses. For suspicious order monitoring, this involves
calculating historical ordering patterns for each cus-
tomer and aggregating orders by drug class and ge-
ography. The system computes running averages and
trend indicators, combines order data with customer
risk profiles, and creates summary reports for regu-
latory compliance. These transformations enable both
immediate monitoring and long-term pattern analysis.

Security and compliance: Additionally, the system
must protect sensitive customer and transaction infor-
mation while maintaining detailed audit trails of all data
access. It needs to ensure compliance with DEA and
other regulatory requirements, control access based
on user roles and responsibilities and preserve data
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FIGURE 1. Data Architecture Overview

integrity for potential legal proceedings.
Figure 1 is a representation of such a framework.

ML MODEL DEVELOPMENT
Once the data is ready for consumption, it is used
for developing multiple AI models each designed to
address specific aspects of the monitoring process.
These models work together to create a compre-
hensive system for detecting and preventing potential
drug diversion. At the foundation of this system is a
Generative Adversarial Network (GAN) that augments
the limited real-world data of suspicious orders. GAN
generates synthetic examples by learning from the few
confirmed cases of drug diversion, creating new data
points that mirror the subtle patterns and characteris-
tics of suspicious activities. Through its generator and
discriminator components, GAN produces high-fidelity
synthetic data that helps overcome the significant class
imbalance in training data.

Generating synthetic data with GAN
The GAN training process incorporates a rigorous
multistage validation framework to ensure the reliabil-
ity of both the input cases and generated synthetic
data. Before being used for training, each confirmed
case of drug diversion undergoes a thorough manual
review process by a panel of domain experts, including
compliance analyst, pharmacists, and supply chain
specialists. This review examines multiple aspects of
each case such as complete order history analysis to
establish the timeline of suspicious behavior, verifying
customer licenses, regulatory reports, and investiga-
tion findings and validation of the diversion methods

used to ensure the case represents genuine suspicious
patterns. Only cases that pass this comprehensive re-
view process are included in the GAN training dataset.
To prevent overfitting to specific diversion patterns,
the training process employs a stratified sampling ap-
proach where cases are categorized by diversion type,
geographic region, and customer category. The syn-
thetic data generation process undergoes heightened
checks to ensure its reliability and statistical similarity
to real suspicious orders. The validation framework op-
erates across three key dimensions: Statistical Fidelity:
The synthetic data is validated through multiple statis-
tical tests to ensure it maintains the same distributional
properties as real suspicious orders. This includes
Kolmogorov-Smirnov tests for distribution matching
(achieving p-values > 0.05) and chi-square tests for
categorical variable relationships (maintaining 95confi-
dence intervals)

Pattern Preservation: Domain experts from phar-
maceutical compliance teams validate that the syn-
thetic data preserves known suspicious order patterns.
This includes verification of temporal patterns (order
frequency, timing), quantity patterns (volume fluctu-
ations, threshold testing), and relationship patterns
(cross-customer behaviors, geographic distribution).
The synthetic data successfully replicates 94diversion
patterns while maintaining appropriate variation in pre-
sentation.

Privacy Assurance: The synthetic data generation
process incorporates differential privacy guarantees to
ensure that no real customer or order information can
be reverse engineered from the synthetic dataset. This
is verified through adversarial testing where attempts
to reconstruct original data from synthetic samples
consistently fail to achieve accuracy better than ran-
dom chance. Customer segmentation based on risk
profiles Once enough samples of suspicious orders
have been synthesized, the next step is to segment
customers based on their purchase behavior into mul-
tiple risk personas, ranking from extremely high risk to
very low risk customers. This customer segmentation
employs an ensemble of clustering algorithms, com-
bining k-means clustering with hierarchical methods.
This approach analyzes ordering patterns, geographic
location, medical specialty, patient demographics, and
historical compliance records. For instance, pain man-
agement clinics in high-risk geographic areas might be
placed in a different segment than large hospitals with
established compliance programs.

The segmentation model employs a customer his-
tory analysis framework that differentiates established
and new customers while maintaining robust moni-
toring for both categories. For established customers,
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the system builds behavioral profiles examining order
pattern evolution, compliance history, and business
growth correlation. These profiles track how order-
ing patterns change over time, including frequency,
volume, and product mix adjustments, with sudden
changes in longstanding patterns receiving heightened
scrutiny. New customers undergo a specialized mon-
itoring protocol with enhanced due diligence and a
progressive threshold system. Initial order thresholds
are set conservatively and gradually adjusted based
on demonstrated ordering patterns and compliance
adherence during a 6-12 month probationary period.
The system benchmarks new customer orders against
similar established customers in the same geographic
area and specialty, accounting for business size and
patient population. This approach ensures appropri-
ate scrutiny while allowing legitimate business growth.
The system maintains different false positive toler-
ance levels based on customer history. Established
customers with strong compliance records receive
more flexibility in order variations before flagging, while
new customers face more conservative thresholds.
This dynamic approach has reduced false positives
by 47established customers while maintaining high
detection sensitivity for actual suspicious patterns. It
also incorporates a comprehensive healthcare provider
assessment framework that evaluates providers across
multiple dimensions indicating their potential risk level
and ability to prevent drug diversion. It considers
provider-specific controls and compliance indicators,
including staff training frequency and comprehensive-
ness on controlled substance handling, presence and
sophistication of internal monitoring systems, histori-
cal compliance with state prescription drug monitoring
programs (PDMPs), frequency and thoroughness of
internal audits, response time to previous suspicious
activity alerts, and implementation of electronic pre-
scribing systems for controlled substances (EPCS).
These provider-specific factors are weighted within the
segmentation model using a dynamic scoring sys-
tem. Healthcare providers with robust internal moni-
toring systems and regular staff training might receive
lower risk scores, even if they’re located in historically
high-risk geographic areas. The system also incorpo-
rates real-time feedback mechanisms where providers
can report suspicious patient behaviors or prescrip-
tion patterns directly into the monitoring system. This
bi-directional communication channel enhances the
model’s ability to identify emerging diversion patterns
and adjust risk thresholds accordingly.

The segmentation model accounts for provider spe-
cialization and typical prescribing patterns, acknowl-
edging that practices like oncology or pain manage-

ment naturally require higher volumes of controlled
substances compared to general practice facilities. The
model adjusts its risk assessment based on peer group
analysis, comparing providers within similar specialties
and patient populations. A collaborative learning com-
ponent allows providers who successfully identify and
report potential diversion attempts to influence their
risk categorization through demonstrated commitment
to preventing drug diversion. For high-risk customer
segments, prediction models are used to ascertain
future purchases. Gradient boosting models like XG-
Boost analyze historical purchase data alongside vari-
ous contextual features. The model considers seasonal
variations in medical procedures, local health trends,
changes in prescribing patterns, and even regional de-
mographic shifts. XGBoost’s ability to handle complex
feature interactions helps capture subtle relationships
between these variables, producing accurate forecasts
that serve as baselines for detecting anomalous order-
ing patterns [5].

The prediction models incorporate sophisticated
temporal and demographic analysis to differentiate be-
tween legitimate variations and potentially suspicious
patterns. The system accounts for multiple seasonal
factors including elective surgery patterns (typically
higher in winter and early spring when insurance de-
ductibles reset), academic calendar effects in teach-
ing hospitals, and population fluctuations in tourist
destinations or retirement communities. Demographic
factors are analyzed through age-stratified analysis
of prescription patterns, ZIP code-level socioeconomic
indicators, and regional disease prevalence data, par-
ticularly for conditions requiring pain management.
These factors are combined using a weighted scoring
system that dynamically adjusts based on emerging
patterns. For instance, a pain management clinic in a
retirement community might receive adjusted thresh-
olds during peak tourist seasons, but only if historical
data supports such increases. The system employs
rolling time windows of various lengths (30-day, 90-day,
and annual) to capture both short-term fluctuations and
long-term trends, while maintaining security through
a multi-layered verification process that includes peer
group comparisons and regional order analysis.

Once there is a clear forecast of the purchase pat-
terns for these high-risk customers, a dynamic thresh-
old is determined for each customer that limits their
ability to purchase controlled substances by setting a
quantity threshold based on a set of business rules.
A neural network-based classification model then pro-
vides realtime evaluation of incoming orders. It pro-
cesses multiple streams of information simultaneously,
comparing current orders against historical patterns
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FIGURE 2. ML architecture of suspicious order monitoring
system

while considering the customer’s risk profile, recent
ordering behavior, and broader market trends. The
neural network’s deep learning architecture enables
it to identify complex patterns that might indicate at-
tempts at diversion, such as subtle changes in ordering
frequency or attempts to stay just below traditional
threshold limits and adjusts the threshold accordingly
[14]. If the order quantity exceeds the existing thresh-
old, it flags the orders and stops further processing.
Figure 2 demonstrates the sequence of models used
in this process.

ML MODEL PERFORMANCE
VALIDATION AND DEPLOYMENT

The effectiveness of the suspicious order monitoring
system has been validated through extensive testing
across multiple distribution centers. In typical phar-
maceutical distribution operations, approximately 0.5-
1.2potentially suspicious through traditional rule-based
systems. Our AI-powered approach has demonstrated
significantly improved accuracy in identifying truly prob-
lematic orders while reducing false positives. Per-
formance metrics from a 12-month validation period
across three major distribution centers showed: True
Positive Rate (Sensitivity): 94.3confirmed suspicious
orders False Positive Rate: Reduced to 0.3standard
of 2

Overall Accuracy: 97.8cases

FIGURE 3. ML model deployment architecture

Precision: 91.2Recall: 94.3

F1 Score: 92.7precision and recall.

The customer segmentation model achieved
89.5accuracy in appropriately categorizing healthcare
providers into risk tiers, as validated against historical
compliance data. The dynamic threshold adjustment
system demonstrated effectiveness, with 96.2threshold
modifications being confirmed as appropriate by
compliance experts. These performance metrics were
achieved through rigorous cross-validation using a
combination of historical data (70(20effectiveness has
been particularly notable in reducing the workload
on compliance teams, with a 73in manual review
requirements while maintaining comprehensive
monitoring coverage. Deploying these models follows
the continuous integration/ continuous delivery
(CI/CD) pipeline that ensures consistent performance
and reliability. The pipeline includes automated
testing of model accuracy, monitoring for data drift,
and failover mechanisms to ensure continuous
operation. Container orchestration using Kubernetes
enables consistent deployment across development
and production environments, while automated
monitoring systems track model performance and
trigger retraining when necessary [3] [16]. Metrics
such as prediction latency, accuracy, and resource
utilization are tracked in real-time. If any anomalies
or performance degradation are detected, the system
can be retrained with new data or hyperparameters,
or can automatically trigger a rollback to a previous,
stable version of the model. This ensures that the
production environment remains stable and reliable,
even as new models are deployed or characteristics
of data change [13]. Figure 3 demonstrates such a
framework.
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CHALLENGES AND
CONSIDERATIONS

While this AI-powered opioid monitoring approach has
significant advantages in controlling substance dis-
tribution, several important challenges must be ad-
dressed for successful implementation. The primary
challenge lies in maintaining the delicate balance
between preventing drug diversion and ensuring le-
gitimate healthcare providers have timely access to
needed medications. Overly sensitive monitoring sys-
tems might flag too many false positives, disrupt-
ing valid healthcare delivery, while overly permissive
systems might miss crucial instances of diversion
[11]. Data quality and standardization present another
significant challenge. Healthcare providers often use
different systems and formats for ordering, making
it difficult to maintain consistent data quality across
thousands of customers. Additionally, mergers and ac-
quisitions in healthcare can create sudden changes in
ordering patterns that might be mistaken for suspicious
activity.

Regulatory compliance adds another layer of com-
plexity. AI systems must not only be effective but
also explainable to satisfy DEA and other regulatory
requirements. Distributors must be able to justify why
specific orders were flagged as suspicious or allowed
to proceed, requiring careful documentation of the AI
decisionmaking process [7].

Finally, the dynamic nature of drug diversion tactics
requires continuous adaptation of the AI systems. As
those seeking to divert drugs develop new methods,
the monitoring systems must evolve accordingly, ne-
cessitating regular updates to models and thresholds
while maintaining system stability and reliability.

FUTURE OF PHARMACEUTICAL
SUPPLY CHAIN MONITORING

The future of pharmaceutical supply chain monitor-
ing promises even more sophisticated and effective
control through advancing AI technologies. As natural
language processing capabilities improve, AI systems
will better interpret unstructured data from sources like
customer communications, regulatory documents, and
healthcare provider notes, adding valuable context to
suspicious order monitoring.

Integration of computer vision technologies could
enhance warehouse monitoring, automatically detect-
ing unusual patterns in the physical handling of con-
trolled substances. Advanced deep learning models
will enable more precise prediction of seasonal and
regional demand patterns, helping distinguish between

legitimate increases in orders and potential diversion
attempts.

The evolution of federated learning could allow
pharmaceutical distributors to collaborate in identifying
suspicious patterns while maintaining data privacy,
creating a more comprehensive network of protec-
tion against drug diversion. Additionally, the integration
of blockchain technology with AI monitoring systems
could provide immutable tracking of controlled sub-
stances from manufacturer to patient, further strength-
ening the security of the pharmaceutical supply chain
[6].

CONCLUSION
The integration of AI and machine learning within
the pharmaceutical supply chain offers a transforma-
tive approach to monitoring and managing controlled
substances, particularly opioids. By leveraging syn-
thetic data generation, advanced predictive models,
and realtime anomaly detection, the system can ef-
fectively identify and mitigate risks of drug diversion
and misuse. This AI-powered framework not only en-
hances regulatory compliance but also ensures the
timely delivery of medications to legitimate healthcare
providers. The continuous evolution of these technolo-
gies promises even greater precision and security,
paving the way for a safer and more efficient pharma-
ceutical supply chain.
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Synthetic Data for Robust AI Model

Development in Regulated Enterprises
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Abstract—In today’s business landscape, organizations need to find the right
balance between using their customers’ data ethically to power AI solutions and
being compliant regarding data privacy and data usage regulations. In this paper,
we discuss synthetic data as a possible solution to this dilemma. Synthetic data is
simulated data that mimics the real data. We explore how organizations in heavily
regulated industries, such as financial institutions or healthcare organizations, can
leverage synthetic data to build robust AI solutions while staying compliant. We
demonstrate that synthetic data offers two significant advantages by allowing AI
models to learn from more diverse data and by helping organizations stay compliant
against data privacy laws with the use of synthetic data instead of customer
information. We discuss case studies to show how synthetic data can be effectively
used in the finance and healthcare sector while discussing the challenges
of using synthetic data and some ethical questions it raises. Our research finds
that synthetic data could be a game-changer for AI in regulated industries. The
potential can be realized when industry, academia, and regulators collaborate to
build solutions. We aim to initiate discussions on the use of synthetic data to build
ethical, responsible, and effective AI systems in regulated enterprise industries.

Keywords: Synthetic Data, AI, Privacy, Regulation, Compliance

A financial institution trying to detect fraud or
a healthcare institution looking for ways to
identify diseases using X-rays needs a vast

amount of data for these solutions. However, they must
be careful about data privacy issues associated with
the data they plan to use in building their AI-based
solutions.

This is a problem many organizations are facing
today, especially in industries with higher compliance
and regulatory oversight, such as finance and health-
care. These companies wish to use AI and machine
learning to build solutions that are efficient and scal-
able; however, they need to be cognizant of accidental
data privacy and data security violations.

Synthetic data is a very promising solution for these
situations, synthetic data is artificially generated data
that mimics real-world data.

In this article, we will discuss methods of synthetic
data creation, its role in Artificial Intelligence, and its
potential to transform AI-driven innovations in regu-
lated industries. We will explore how synthetic data can
support organizations struggling to build AI systems

that are simultaneously lawful, compliant, efficient, and
scalable.

Background

The regulatory landscape affecting AI and data usage
in enterprises is complex and ever-changing. The vari-
ation in regulatory framework across industries and
geographical regions makes it challenging for com-
panies to adhere to regulations during AI model de-
velopment. These regulations mainly revolve around
transparency in data usage, fairness in AI decision-
making processes, explainability of AI systems, and
specific provisions for handling sensitive information.

Organizations face several key challenges in AI
model development:

• Data scarcity and quality: Organizations often
lack sufficient data and suffer from data quality
issues, biases, and inconsistencies in datasets

• Privacy concerns: Organizations must ensure
that their customer’s personal information is
not mishandled or misused, specifically in the
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healthcare and finance industries.
• Regulatory compliance: The continuously

evolving regulatory environment makes it neces-
sary for companies to be adaptable and vigilant.

Synthetic Data for AI development in regulated indus-
tries and Current Approaches Synthetic data genera-
tion is a potential solution to address these challenges.
Synthetic data is artificially generated data that can
mimic the properties of real data. Synthetic data allows
organizations to comply with regulations while protect-
ing user data[1]. By using synthetic data, companies
can advance their applications quickly; for instance,
Google’s Waymo utilizes synthetic data to train its au-
tonomous vehicles[2]. Synthetic data is widely adopted
in the computer vision domain, where it is used for pur-
poses such as augmenting training datasets and ad-
dressing class imbalance problems[3]. Synthetic data
offers a promising avenue for companies to develop AI
systems while adhering to strict privacy and regulatory
requirements. It facilitates the creation of large, diverse
datasets without compromising individual privacy or
violating data protection laws[2].

Synthetic Data Generation for

Enterprise AI Development

As described in the previous section, synthetic data
offers a promising solution for AI model development in
regulated enterprise industries by allowing companies
to adhere to data privacy standards and regulatory
requirements. This section will discuss the practical as-
pects of using synthetic data for AI model development
and evaluation strategies to ensure that the generated
synthetic data is privacy-preserving and exhibits high
fidelity compared to real data.

Practical Implementation
To realize the benefits of synthetic data, we first need
to understand how to generate high-quality synthetic
data for our problem and how to evaluate it.

Data Analysis and Preparation In this step, the input
dataset containing real data is analyzed to identify
its statistical properties, distributions, and relationships
between the data. Feature importance is another task
performed to identify the most important and relevant
features. Assessing biases or imbalances in the origi-
nal data is one key step in this analysis.

Synthetic Data Generation Techniques and Selec-
tion Methodology The development of robust syn-
thetic data solutions requires careful consideration of

FIGURE 1. Synthetic Data Generation and Evaluation Pro-
cess

both technique selection and implementation method-
ologies. This section presents a discussion on key
synthetic data generation approaches. We examine
their characteristics, optimal application scenarios, and
technical implementation requirements.

Rule-based generation
Rule-based generation is one of the primary ap-
proaches in Synthetic data creation that addresses
challenges in regulated enterprise environments. This
methodology uses deterministic algorithms and expert-
defined heuristics to generate synthetic data based
on predefined rules and logic that reflect the char-
acteristics and relationships found in real-world data.
This method is particularly useful when domain experts
have a clear understanding of the data structure and
relationships, making it ideal for datasets that have
well-defined structures and relationships. [4] The ef-
fectiveness of this approach depends on the ability
to encode domain knowledge comprehensively during
implementation.

Rule-based generation offers strong guarantees for
data validity and regulatory compliance. However, it
suffers from certain limitations. It may not capture
complex relationships and patterns present in the real
data, and managing large sets of interconnected rules
becomes increasingly complex.

Statistical Approaches
In statistical approaches, synthetic data is generated
by analyzing the original data and generating new data
points that follow the same statistical distributions and
correlations. The methods employ probability theory
and statistical methods to analyze the original data
and generate synthetic samples while maintaining the
critical properties of the original dataset. [5] Distribution
fitting, Copula-based methods, and Monte Carlo meth-
ods are some of the widely used statistical methods for
synthetic data generation.
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Distribution fitting techniques are advanced tech-
niques for modeling univariate and multivariate distri-
butions. These distributions are essential for capturing
complex data relationships in financial risk modeling
and healthcare outcomes analysis. These methods
excel in scenarios requiring mathematical rigor and
straightforward implementation but may struggle with
complex pattern recognition.

Copulas are useful for capturing dependencies be-
tween multiple variables that have complex relation-
ships and exhibit mixed data types, and copula-based
methods and vine copulas can be utilized to preserve
complex multivariate relationships in synthetic data [6],
[7].In financial data or in sensor readings where vari-
ables have complex correlations, copulas allow us to
maintain these correlations while generating synthetic
data. These methods may face scalability challenges
with very large datasets.

Monte Carlo methods are widely applied in risk
assessment and scenario generation by generating
synthetic samples through repeated random sampling.
[8]

ML-based generation
Machine learning approaches, particularly Generative
Adversarial Networks (GANs) [9] and Variational Au-
toencoders (VAEs),[10] offer powerful capabilities for
capturing complex data patterns while maintaining pri-
vacy guarantees. It can create data that closely mimics
the statistical properties and patterns of the original
dataset[11].

GANs employ an adversarial framework comprising
two neural networks: a generator creating synthetic
instances and a discriminator evaluating their authen-
ticity. This architecture enables the generation of highly
realistic synthetic data through iterative optimization.
In regulated enterprise environments, GANs have
demonstrated particular efficacy in generating syn-
thetic medical imaging data and financial transaction
patterns while preserving statistical relationships and
privacy constraints [12]. GANs demonstrate particular
efficacy in generating high-dimensional data, though
they require substantial computational resources and
expertise in managing training stability.

VAEs provide an alternative approach through
probabilistic encoding-decoding architectures. By
learning compact latent representations of input
data, VAEs can generate diverse synthetic samples
while maintaining essential statistical properties.
This methodology proves especially valuable for
structured data generation in healthcare and
financial applications, where maintaining complex
variable relationships is crucial [3]. VAEs offer a

balanced alternative, providing robust performance
for structured data while maintaining reasonable
computational requirements.

Agent-based modeling
Agent-based modeling represents a distinct paradigm
in synthetic data generation, This approach is particu-
larly useful for modeling complex systems with many
interacting parts[13]. Agentbased modeling simulates
the actions and interactions of autonomous agents
within a system to generate synthetic data.

The strength of this methodology lies in its ability
to generate synthetic data that can closely reflect
the complex system dynamics and maintain realistic
causal relationships in multi-agent systems while cap-
turing temporal changes and interaction patterns

Hybrid approaches
In practical applications, synthetic data generation of-
ten involves integrating multiple methodologies. A com-
mon approach employs statistical techniques to es-
tablish foundational data structures. Machine learning
algorithms are then used to introduce intricate pat-
terns. Rule-based validation is subsequently applied to
ensure compliance with specific business constraints.
[15]

This hybrid methodology combines the strengths of
each technique. Machine learning provides flexibility to
capture complex patterns. Rule-based systems offer
precision and control. Statistical methods ensure that
the generated data adheres to rigorous standards of
validity. The combination of these approaches facili-
tates the creation of synthetic datasets that not only
mirror the statistical properties of real data but also
comply with domain-specific rules and constraints. This
ensures that the generated data is both realistic and
relevant for practical applications.

Technical Implementation Considerations
The implementation of synthetic data generation solu-
tions requires careful consideration of multiple tech-
nical factors and decision criteria. When selecting
appropriate synthetic data generation techniques, or-
ganizations must evaluate their specific requirements
across several critical dimensions: data characteris-
tics, computational resources, and intended application
scenarios. Data type serves as the primary criterion in
technique selection, as it significantly influences the
viability of different generation approaches. One of the
key requirements while choosing the right synthetic
data generation technique is that the synthetic data
should maintain the statistical properties of the origi-
nal data while preserving the anonymity of individual
records.
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Resource considerations play an important role in
implementation decisions. Statistical approaches typi-
cally demand minimal computational resources, mak-
ing them suitable for rapid prototyping or scenarios
with limited infrastructure. Conversely, deep learning
methods like GANs require significant computational
power and specialized expertise, which makes careful
evaluation of available resources against desired out-
comes a necessity.

Dataset size represents another critical factor in-
fluencing technique selection. While some methods
require substantial training data to produce highqual-
ity synthetic data, others can perform effectively with
smaller datasets. Statistical approaches and copula-
based methods often perform adequately with mod-
est dataset sizes, whereas deep learning approaches
typically require larger training sets to achieve optimal
results.

The selection of synthetic data generation tech-
niques requires a rigorous evaluation of multiple fac-
tors, with a primary focus on maintaining statistical
fidelity while ensuring robust privacy protection. [16]
Organizations must carefully evaluate the trade-offs
between data utility, computational requirements, and
privacy guarantees, considering the specific context
and requirements of each implementation scenario.
This comprehensive evaluation framework is essential
for determining the most appropriate methodology that
can effectively balance these competing demands.

Privacy-preserving and Regulatory
Compliance Measures
Synthetic data is not inherently privacy-preserving. It is
artificially generated data; it does not directly contain
real individuals’ information. However, it can still suffer
from privacy risks since it may be possible to infer
information about real individuals from synthetic data,
as the synthetic data very closely mimics the original
data. Machine learning models used for synthetic data
generation could accidentally memorize and reproduce
the sensitive information from training data.

To make synthetic data privacy-preserving, addi-
tional privacy-preserving techniques must be imple-
mented:

• Differential Privacy: Incorporate differential pri-
vacy techniques into the data generation pro-
cess to add controlled noise and provide math-
ematical privacy guarantees. This methodology
ensures that the presence or absence of any
individual record cannot be reliably inferred from
the synthetic dataset.[17]

• k-Anonymity, l-Diversity, and t-Closeness:

Ensure that synthetic data adheres to k-
anonymity which means each record is indis-
tinguishable from at least k-1 others[18], in l-
diversity sensitive attributes have at least one
well-represented values[19] and t-closeness en-
sures that the distribution of a sensitive attribute
within a generalization of a quasi-identifier is
close to the distribution of the sensitive at-
tribute in the entire dataset[20]. Each of these
techniques is a progression in privacy protec-
tion, where each technique addresses limitations
from the previous one. These techniques are
used in combination or as part of a more com-
plex privacy-preserving approach.
In regulated industries, these privacy-preserving
techniques must align with specific regulatory
frameworks. In the United States, financial in-
stitutions must adhere to model risk manage-
ment requirements under SR 11-7, necessitating
comprehensive documentation of synthetic data
generation processes and their impact on model
performance. Healthcare organizations must en-
sure HIPAA compliance, requiring rigorous val-
idation of synthetic data generation processes
and preservation of clinical utility while maintain-
ing patient privacy [21].

In regulated industries, these privacy-preserving
techniques must align with specific regulatory frame-
works. In the United States, financial institutions must
adhere to model risk management requirements under
SR 11-7, necessitating comprehensive documentation
of synthetic data generation processes and their im-
pact on model performance. Healthcare organizations
must ensure HIPAA compliance, requiring rigorous
validation of synthetic data generation processes and
preservation of clinical utility while maintaining patient
privacy.

• Data Minimization: Generate only the neces-
sary attributes and records needed for the spe-
cific use case, reducing the risk of unnecessary
information disclosure[22].

• Regular Privacy Audits: Conduct frequent pri-
vacy risk assessments on the synthetic data to
identify and mitigate potential vulnerabilities.

• Contextual Integrity: Consider the context in
which the synthetic data will be used and en-
sure that it does not violate individuals’ privacy
expectations within that context.

Documentation requirements for regulatory compli-
ance encompass detailed records of generation pro-
cesses, validation test results, and privacy impact as-
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FIGURE 2. Synthetic Data Generation Quality Evaluation
Process

sessments. Organizations must maintain comprehen-
sive audit trails that demonstrate ongoing compliance
with privacy preservation measures and regulatory
requirements. This documentation serves both as evi-
dence of compliance and as a foundation for continu-
ous improvement of privacy protection mechanisms.

By implementing these measures, organizations
can improve the privacy-preserving properties of syn-
thetic data and follow regulatory compliance standards.
Privacy preservation and regulatory compliance are an
ongoing process that requires continuous evaluation
and adjustment.

Scaling Considerations
The scalability and performance issues associated
with generating large volumes of synthetic data can
be resolved using distributed computing frameworks
for data generation. The use of efficient storage and
retrieval techniques must be used for the synthetic
datasets and the system should have the ability to keep
track of data distribution changes to update synthetic
data continuously to follow the original data distribution
changes.

Evaluation Strategies
It is important to evaluate the quality of synthetic
data generated to ensure it follows the original data
distribution and provides robust performance for the
trained machine model.

Statistical fidelity assessment
The fidelity of synthetic data can be measured through
various statistical measures such as KL divergence

and maximum mean discrepancy that can quantify
the similarity between real and synthetic data distri-
butions[12].

Another technique of evaluating the quality of syn-
thetic data is using the concepts from adversarial
machine learning, where a model is employed to eval-
uate whether it can distinguish between the real and
synthetic data, which helps us understand the quality
of synthetic data[23].

ML performance
One method of evaluating the generalization capability
of generated synthetic data is to assess how well the
model trained on synthetic data performs on a real-
world test data set[12].

Domain-specific validation
Developing and applying domain-specific evaluation
metrics can help ensure that models trained on syn-
thetic data capture the nuances and complexities of
the target domain [24]. For instance, in financial risk
modeling, metrics such as Value at Risk (VaR) and
Expected Shortfall (ES) have been used to validate
models trained on synthetic market data [25].

Case Studies in Regulated

Industries

We will examine two case studies that demonstrate
different aspects of synthetic data implementation in
regulated industries. The first case study presents
quantitative results for a financial services implemen-
tation, showing concrete evidence of synthetic data’s
effectiveness in fraud detection. The second case
study outlines a theoretical framework for healthcare
diagnostics, illustrating how organizations can system-
atically plan synthetic data implementation in domains
with stringent privacy requirements.

The financial services industry faces significant
challenges in developing robust fraud detection models
due to the sensitive nature of financial data and the
rarity of actual fraud events. Synthetic data can be
used to tackle both these challenges.

Problem statement:
A major bank needs to improve its fraud detection ca-
pabilities. Due to the regulations and privacy concerns,
it cannot use the transaction data, and the data also
suffers from a scarcity of fraud examples.

Solution:
The bank can generate synthetic transaction data
using synthetic data generation techniques such as
GAN and include a range of fraud examples. This
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synthetic data will maintain the properties of real trans-
action data while not containing any actual customer
information. It can be used to train a model that can
predict fraudulent transactions. While generating the
synthetic data, typically, a GAN model will be trained on
anonymized historical transaction data, and differential
privacy techniques will be applied to ensure individual
privacy.

Our research demonstrates how synthetic data can
effectively address both challenges - privacy preserva-
tion and imbalanced dataset, through a detailed imple-
mentation study. In a comprehensive fraud detection
case study, we worked with a credit card transaction
dataset comprising 284,807 transactions, of which only
0.17% (492 transactions) represented fraudulent activi-
ties. This extreme imbalance, combined with the sensi-
tive nature of transaction data, presented an ideal sce-
nario for synthetic data application. We implemented
a Conditional Generative Adversarial Network (CGAN)
architecture specifically designed for generating syn-
thetic financial transaction data. The generator net-
work processed a 128-dimensional noise vector com-
bined with class labels through multiple dense layers
with LeakyReLU activations and batch normalization,
ultimately producing synthetic transactions matching
the 29-dimensional feature space of real transactions.
The discriminator network evaluated these generated
transactions alongside real ones, helping refine the
generation process through adversarial training.

Training the CGAN over 1000 epochs revealed
systematic improvement in model performance. The
discriminator loss decreased from 1.1534 to 0.4440,
indicating increasing ability to distinguish real from syn-
thetic data. Meanwhile, the generator loss increased
from 0.8335 to 1.5519, reflecting the growing complex-
ity of the adversarial game as the generator worked
harder to create more convincing synthetic samples.

To validate the effectiveness of our synthetic data,
we conducted a comparative analysis using two Ran-
dom Forest classifiers: one trained on real data and
another on synthetic data. Both models were evaluated
on the same real-world test set. The model trained
on real data achieved an AUC-ROC score of 0.96,
while the model trained on synthetic data achieved
a comparable AUC-ROC of 0.93, demonstrating that
synthetic data preserved the discriminative patterns
crucial for fraud detection.

The confusion matrices revealed that the real-
datatrained model achieved a recall rate of 76detec-
tion, while the synthetic-trained model achieved a recall
rate of 22synthetic-trained model maintained some
ability to detect fraud despite no real transaction data
being stored or exposed during model deployment.

This approach effectively addresses privacy concerns,
though further improvements in recall rates are needed
to enhance the robustness of fraud detection using
synthetic data.

The synthetic data successfully captured the multi-
dimensional relationships between transaction features
while introducing sufficient variation to prevent privacy
leakage through memorization. Building on the insights
from the financial sector implementation, we next ex-
amine how synthetic data approaches can be adapted
for healthcare applications. While the financial sector
case study demonstrated immediate practical results,
our healthcare case study presents a comprehensive
framework for future implementation, addressing the
distinct regulatory and technical requirements of med-
ical applications. In the healthcare domain, companies
must comply with strict privacy regulations such as
HIPAA. It is also challenging to gain access to diverse
patient data. Synthetic data, along with privacypreserv-
ing techniques, provides robust solutions.

Building on the insights from the financial sector im-
plementation, we next examine how synthetic data ap-
proaches can be adapted for healthcare applications.
While the financial sector case study demonstrated
immediate practical results, our healthcare case study
presents a comprehensive framework for future im-
plementation, addressing the distinct regulatory and
technical requirements of medical applications. In the
healthcare domain, companies must comply with strict
privacy regulations such as HIPAA. It is also challeng-
ing to gain access to diverse patient data. Synthetic
data, along with privacy-preserving techniques, pro-
vides robust solutions.

Problem statement:
A healthcare institution is developing a diagnostic tool
to identify and diagnose a rare disease associated with
a respiratory condition. Due to privacy regulations, they
do not have access to real patient data. Also, the rare
nature of the disease makes it more challenging to train
a robust model.

Solution:
The healthcare institution can apply a federated learn-
ing approach to the data from several associated hos-
pitals. Model training will be done on synthetic data
generated using a GAN model. With this approach,
healthcare institutions will be able to train a privacy-
preserving model to diagnose rare diseases. With this
synthetic data, the healthcare institution will be able to
train a robust model for rare disease detection, and by
using federated learning, the healthcare institution is
able to make sure that no real patient data leaves the
hospitals’ secure environments.

6 Synthetic Data for Robust AI Model Development in Regulated Enterprises January-March 2025



FEEDFORWARD

FIGURE 3. Synthetic Data Generation and Evaluation Pro-
cess

The proposed implementation framework begins
with data collection and preparation phases. The in-
stitution would establish data sharing agreements with
multiple affiliated hospitals to collect anonymized res-
piratory diagnostic data. The dataset structure would
encompass comprehensive patient diagnostics, includ-
ing vital signs, laboratory results, imaging metrics, and
validated patient outcomes. The presence or absence
of a rare respiratory condition will be the target vari-
able.

For synthetic data generation, the framework em-
ploys a GAN architecture incorporating differential pri-
vacy guarantees. The generator component consists
of a five-layer neural network designed to process a
256-dimensional noise vector, while the discriminator
utilizes a four-layer network architecture with batch nor-
malization. To ensure HIPAA compliance, the system
maintains a privacy budget of 1.0, striking a balance
between data utility and privacy preservation.

The evaluation framework encompasses multiple
complementary approaches to validate both the quality
of synthetic data and its utility for rare disease diag-
nosis. Statistical similarity between real and synthetic
distributions would be measured using KL divergence
metrics, providing quantitative validation of the syn-
thetic data’s fidelity. Clinical validity assessment would
involve domain experts reviewing generated cases to
ensure medical coherence and plausibility.

For model performance evaluation, the framework
incorporates comprehensive metrics to assess diag-
nostic capability. This includes classification accu-

racy measurement, sensitivity and specificity analysis
specifically focused on rare disease detection, and
area under the ROC curve to evaluate overall model
discrimination ability. Privacy protection would be val-
idated through resistance testing against membership
inference and attribute inference attacks, ensuring ro-
bust protection of patient privacy.

The proposed federated learning integration en-
ables hospitals to contribute to model training with-
out exposing sensitive patient data. Each participating
institution would maintain local model training using
their proprietary patient data while only sharing model
parameters rather than actual patient records. This
approach ensures HIPAA compliance while leveraging
diverse patient populations for improved model robust-
ness.

To ensure ongoing compliance and effectiveness,
the framework includes continuous monitoring and
validation protocols. Regular assessment of synthetic
data quality, model performance, and privacy preser-
vation metrics would guide iterative improvements to
the synthetic data generation process. This systematic
approach enables healthcare institutions to advance
their diagnostic capabilities while maintaining strict ad-
herence to privacy regulations and ethical guidelines.

Through this theoretical framework, we demon-
strate how healthcare organizations can systematically
approach the challenge of developing AI diagnostic
tools using synthetic data, even for rare conditions
where real patient data is limited. The structured eval-
uation methodology provides a roadmap for validat-
ing both the technical effectiveness and regulatory
compliance of synthetic data solutions in healthcare
applications.

Challenges and Limitations

Synthetic data offers significant potential for developing
robust AI models in regulated industries. However,
there are challenges and limitations that we should
discuss. It is essential that synthetic data accurately
represents the complexities and nuances of real-world
data when building robust AI models. In domains like
rare disease diagnosis or fraud detection, synthetic
data should be able to represent infrequent but impor-
tant scenarios.

The synthetic data should preserve the complex re-
lationships between variables in the original realworld
data. The loss of this information can lead to inaccu-
rate model predictions and compromised integrity of
any decision-making processes based on the mod-
els trained using synthetic data. The need for robust
metrics to evaluate the quality and fidelity of synthetic
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data is still an active area of research for getting
an understanding of synthetic data quality. Propensity
score matching and statistical similarity measures are
used to provide insight into synthetic data quality.

In regulated industries, organizations using syn-
thetic data for AI model development must develop
rigorous validation processes to show that models
trained on synthetic data perform reliably on real-world
data. Regulators may require detailed synthetic data
generation process documentation to ensure integrity
and fairness.

Model interpretability is crucial for regulatory com-
pliance and stakeholder trust in many regulated indus-
tries. Techniques for model interpretability may need to
be adapted to account for the use of synthetic training
data for explaining AI models trained on synthetic data.

Future Directions

As we look ahead, several key areas warrant further
exploration in the field of synthetic data for AI in
regulated industries:

• Advanced Generation Techniques: Develop-
ing more sophisticated algorithms to improve the
fidelity of synthetic data, especially for complex,
multidimensional datasets typical in finance and
healthcare.

• Domain-Specific Solutions: Creating tailored
synthetic data solutions for different regulated in-
dustries, including specialized evaluation metrics
and validation processes.

• Scalability and Efficiency: Exploring dis-
tributed computing frameworks and optimized
algorithms capable of generating high-quality
synthetic data at scale.

• Regulatory Frameworks: Collaborating with re-
searchers, industry practitioners, and regulators
to develop standardized frameworks for syn-
thetic data use in AI development.

• Explainable AI: Advancing techniques for
model interpretability specifically for AI models
trained on synthetic data, crucial for regulatory
compliance in many industries.

• Federated Learning Integration: Investigating
synergies between federated learning and syn-
thetic data generation for enhanced privacy-
preserving AI development.

• Ethical Considerations: Developing methods
to mitigate potential biases introduced or ampli-
fied through synthetic data generation, ensuring
fair representation of diverse populations.

• Real-time Generation: Exploring techniques for

real-time or near-real-time synthetic data gener-
ation to enable adaptive AI systems in dynamic
environments.

• Cross-Industry Applications: Adapting syn-
thetic data techniques across different regulated
industries to accelerate progress and foster in-
novation.

By advancing these areas, we can further unlock
the potential of synthetic data in AI development for
regulated industries, moving towards a future where
organizations can harness AI’s power while maintain-
ing the highest standards of privacy, security, and
regulatory compliance.

Conclusion

In this paper, we have explored the potential of syn-
thetic data as a solution for AI development in reg-
ulated industries. Organizations in regulated sectors
like finance and healthcare face the dual challenges
of using customer data for AI solutions and adhering
to stringent privacy regulations; synthetic data is a
promising solution

We have discussed various methods of synthetic
data generation, including rule-based, ML-based, sta-
tistical modeling, and agent-based approaches. Each
technique offers unique advantages depending on the
specific use case and data characteristics. We have
also emphasized the critical importance of privacy-
preserving measures and regulatory compliance when
generating and using synthetic data.

Our case studies in the financial and healthcare
sectors demonstrate the practical applications of syn-
thetic data in overcoming real-world challenges. From
enhancing fraud detection capabilities in banking to en-
abling rare disease diagnosis in healthcare, synthetic
data proves its versatility and effectiveness.

However, it is important to acknowledge the chal-
lenges and limitations associated with synthetic data.
Ensuring the fidelity of synthetic data, preserving com-
plex relationships between variables, and developing
robust evaluation metrics remain active areas of re-
search. Moreover, the need for rigorous validation
processes and regulatory acceptance poses additional
hurdles. In regulated industries, synthetic data can
provide great benefits in building ethical, responsible,
and effective AI systems.

In conclusion, synthetic data offers a path to inno-
vation that balances the need for data-driven insights
with the imperative of privacy protection. As AI con-
tinues to transform regulated industries, synthetic data
will undoubtedly play a crucial role in shaping the future
of ethical and compliant AI development.
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Abstract—Generative Artificial Intelligence (GenAI) in the form of LLMs such as

ChatGPT, Gemini, LLama, etc. have been adopted by companies, individuals, and

governments at a rapid pace. These LLMs and applications built on them have

significantly increased productivity for companies and individuals alike. However,

what needs to be discussed is how to address ethical, regulatory, and governance

concerns that can protect individuals from using such powerful tools. This paper

examines the growth of AI and the risks of today’s use of AI. This paper then

proposes a framework that can help individuals, governments, and organizations

to consider ethical issues and formulate laws that govern the future of AI.
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Generative AI is disrupting almost every in-
dustry and demographic. A recent survey [1]
done by Salesforce shows that 73% of the In-

dian population, 49% of the Australian population, 45%
of the US population, and 29% of the UK population
use generative AI tools such as ChatGPT. Most (65%)
are millennials or Gen Z, and 72% are employed.
Around 70% of Gen Z use the technology, and 52%
trust it to help them make informed decisions. Almost
all of these users are also expanding the usage of
AI from the fun category to workplace and enterprise
applications. On the other hand, there is a considerable
group of people who are neither aware of AI’s benefits
nor familiar with the technology. This group mainly
consists of Gen X or Baby Boomers. The main reason
for the non-users (68% of Gen X) is that they are
holding out for more safety, education, and integration.

Traditionally, companies hesitated to start using
the latest in the software field as early releases are
primarily for customers willing to take the risk of a
buggy experience. However, with Gen AI, this has been
the opposite. Companies such as Klarna [2] quickly
adopted OpenAI, which ended up doing the work of
700 live agents. Since its launch, the chatbot has
handled 2.3 million conversations, handling two-thirds
of the company’s customer service queries.

Microsoft has integrated OpenAI into GitHub. A
survey conducted by GitHub on the efficiency brought
in by CoPilot showed that 88% of the developers who
used the product felt they were more productive, and
about the same percentage felt they were more effi-
cient and faster in completing tasks. GitHub conducted

an experiment with 95 developers and split them into
45 who used Copilot and 50 who did not use Copilot.
The results matched their earlier survey. On average,
the developers who used Copilot spent 55% less time
finishing the same task as the developers who did not
use Copilot.

Overall, 35% [4] of the companies worldwide re-
ported using AI, and large companies have seen a
47% increase in AI adoption compared to 2018 across
various applications [5]

ANALYSIS

AI is rapidly changing people’s lives and enabling pro-
ductivity as a byproduct. However, a survey conducted
by KPMG showed that 92% of the respondents ranked
their concerns about the risks of implementing gener-
ative AI as moderately to highly significant. Similarly,
although AI is being adopted at a breakneck pace, the
industry is worried about the regulation and, specifi-
cally, who can regulate the use of AI. This is mainly
because of the risks that come along with generative
AI. This paper delves into the risks with real-world
examples of malicious entities misusing generative
AI. It proposes a structure to regulate AI while also
critiquing the recent regulations on AI.

This widespread adoption is not limited to any
particular region, with more than two-thirds of re-
spondents in nearly every region reporting that their
organizations are using AI. The professional services
industry has seen the most significant increase in AI
adoption. Economically, the AI market is projected to
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reach 1, 339billionby2030, upfrom214 billion in 2024.
Businesses expect AI to significantly increase produc-
tivity, with 64% of companies anticipating this benefit.
However, there are challenges to this rapid growth.
Limited AI skills and expertise remain significant barri-
ers, along with managing complex data and addressing
ethical concerns. Now that we have looked at how AI
is rapidly changing lives. We should look at the risks
associated with AI.

RISKS

While there are several risks with the use of generative
AI and corresponding tools, the specific risks that
plague individuals and entities are:

Transparency: There is little knowledge about how
AI works. A good example is OpenAI, which is closed
source; therefore, companies or individuals using it do
not know what data was used, how the model was
trained, and how it was tuned to respond to queries
the way it responds.

IP Infringements: All Gen AI models require data
for training. A chatbot such as ChatGPT requires data
for training. How is this data sourced, and if the data
that was used infringes any intellectual property is not
fully known. If books are used to train the algorithm,
are the authors credited and paid for their work?

Privacy: One of the most important concerns with
any software is how it safeguards user privacy. Gen
AI tools have yet to be transparent about how they
safeguard user privacy. Companies, where such AI
tools are being used, are sending out reminders and
announcements to their employees to be aware of
sharing confidential data with such tools, as it is not
known how the data is processed and stored after
someone uses the tool.

Bias: Due to the very nature of AI tools, it is es-
sential to know if the tool ensures equitable outcomes,
avoiding discriminatory biases.

Security: The amount of information an AI tool con-
tains and how prompts can be used to have the AI tool
respond in ways that were not intended is innumerable.
There have been public examples of people leveraging
prompts to train the AI chatbot to respond in entirely
different ways than it was intended to.

Disinformation: Related to the above is the risk of
disinformation. AI can be and already has been used
by malicious entities and individuals to create harmful
content about celebrities, politicians, etc.

The risks above alone make a very strong case
for regulations in AI at every level of use and even
development. To fully illustrate the extent to which AI
can be misused, let’s look at some of the most recent

examples:

• Sora, the Open AI video generator, released a
video of a woman walking in a city in Japan at
night. For someone looking at the video without
context, it would be difficult to determine if it is
fake or real.

• A video of Morgan Freeman posted on the Dutch
deepfake YouTube channel Diep Nep caused a
furor over the integrity of such material.

• In another such experiment, Tobey Maguire re-
placed the actor Tom Holland’s visage with his
own. The trailer is so realistic that it is hard to
distinguish and determine if it is fake.

• Images of Taylor Swift began circulating the
internet after being posted on 4chan. The photos
were explicit and were widely disseminated over
X.com and other social media networks

So, what do these examples illustrate? Today, it is a
celebrity. Tomorrow, it can be a person who is framed
for a crime they did not even commit because some-
body was able to superimpose their image on that of
someone else on a video using AI. Similarly, malicious
entities can create fake videos and images to cause
civil unrest and spread disinformation. While these are
usage risks, training models also have risks. Let us
look at them before we look at current regulations.

Training AI models presents several ethical chal-
lenges, each requiring careful consideration to mitigate
potential risks and ensure responsible development.
One significant issue is bias and fairness. AI models
are trained on vast datasets, which can inadvertently
contain biases reflective of societal prejudices. AI sys-
tems can perpetuate and even amplify discrimination in
critical areas like hiring, lending, and law enforcement
if these biases are not addressed. Ensuring fairness
involves removing biased data and implementing tech-
niques to detect and mitigate bias during and after
training.

Transparency is another major ethical concern. AI
models, particularly deep learning ones, often function
as "black boxes," where even their developers may not
fully understand how they make decisions. This lack of
transparency can lead to distrust and challenges in ac-
countability, especially in applications where decisions
impact human lives, such as healthcare and criminal
justice. Efforts to enhance interpretability and provide
clear explanations for AI decisions are essential to
addressing this challenge.

Privacy is a critical issue in the context of AI
training. Large datasets often contain sensitive per-
sonal information, and using such data raises concerns
about consent and the potential for misuse. Ensuring
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data privacy involves implementing robust data protec-
tion measures and adhering to regulations like GDPR,
which require explicit user consent and the right to be
forgotten.

Moreover, the environmental impact of training
large AI models cannot be ignored. Training mod-
els like GPT-3 requires significant computational re-
sources, leading to substantial energy consumption
and carbon emissions. This environmental footprint
calls for developing more energy-efficient algorithms
and considering sustainability in AI research and de-
ployment. In summary, training AI models ethically
involves addressing bias and fairness, ensuring trans-
parency and accountability, protecting privacy, and
considering the environmental impact. These chal-
lenges underscore the importance of responsibly de-
veloping AI, focusing on societal benefit.

Let us now look at existing regulations that can help
alleviate these risks.

EXISTING REGULATIONS

In 2019, IEEE came up with their paper “Ethically
Aligned Design,” in which they propose a comprehen-
sive framework ensuring autonomous and intelligent
systems (A/IS) remain human-centric. The paper em-
phasizes several fundamental principles:

• Transparency: Developers should provide clear
explanations for AI decisions. Transparency
builds trust and lets users understand how AIs
arrive at specific outcomes.

• Fairness: Bias assessment during model de-
velopment is essential. AI should not discrimi-
nate based on race, gender, or other protected
characteristics. Fairness ensures equitable out-
comes for all users.

• Risk Assessment: Rigorous risk assessments
should be conducted during AI development.
Identifying potential risks early allows for proac-
tive mitigation strategies.

• Deployment Guidelines: Certification pro-
cesses can evaluate AI safety, fairness, and
transparency. Auditing deployed systems en-
sures ongoing compliance with regulations.

• User Consent: Users must be informed about
interacting with AIs. Clear disclosure and con-
sent mechanisms are necessary to protect user
rights.

• Liability: Defining liability for AI outcomes is crit-
ical. Developers, users, and platform providers
share responsibility.

However, a framework is not a law, and companies,

entities, and people are not bound to build products
with the framework in mind. As an example, this
framework was proposed in 2019, and all the deepfake
videos and pictures we have quoted in this paper were
made after this proposal. Therefore, we need more
than a framework.

Recently, the EU AI Act was passed on 13th
March 2024. The AI Act enforces substantial penalties
for failing to comply with the restrictions on certain AI
systems, including fines of up to C35 million or 7

By the end of the year 2024, the following AI
systems will be prohibited under the AI Act:

1) Manipulative and Deceptive Practices: AI sys-
tems that employ subliminal techniques to sig-
nificantly alter a person’s decision-making ability,
resulting in substantial harm, are forbidden. This
encompasses systems that manipulate behavior
or decisions inconsistent with the individual’s nat-
ural inclinations.

2) Exploitation of Vulnerabilities: The Act pro-
hibits AI systems that target individuals or groups
based on factors such as age, disability, or socio-
economic status to manipulate behavior in harm-
ful ways.

3) Biometric Categorization: It prohibits AI sys-
tems from categorizing individuals based on bio-
metric data to deduce sensitive information like
race, political opinions, or sexual orientation.
Exceptions exist for lawfully acquired biometric
datasets, with exclusions for law enforcement
purposes.

4) Social Scoring: AI systems designed to assess
individuals or groups over time based on their
social behavior or predicted personal traits, re-
sulting in adverse treatment, are banned.

5) Real-time Biometric Identification: The Act
heavily restricts real-time remote biometric iden-
tification systems in publicly accessible areas
for law enforcement purposes, allowing usage
only under specific circumstances with judicial or
independent administrative approval.

6) Risk Assessment in Criminal Offenses: AI
systems that assess an individual’s risk of com-
mitting criminal offenses solely based on profiling
are prohibited except when supporting human
assessments grounded in factual evidence.

7) Facial Recognition Databases: AI systems that
establish or expand facial recognition databases
through indiscriminate scraping of images are
prohibited.

8) Emotion Inference in Workplaces and Edu-
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cational Institutions: The use of AI to infer
emotions in sensitive settings like workplaces
and educational institutions is banned, with ex-
ceptions for medical or safety purposes.

The Act mandates prior authorization to deploy
’real-time’ remote biometric identification systems by
law enforcement. It also ensures that anyone using AI
and AI tools for any work adheres to laws and is also
responsible for the malicious side effects or intended
effects their products can have.

However, this Act only sometimes provides guid-
ance that companies and individuals can deduce from
the laws to avoid rework and stay ahead of the curve
in terms of providing safe AI products that people can
trust. The crux of the problem is that we have an AI Act
in the EU that helps ensure that individuals and entities
do not misuse AI for malicious purposes. The IEEE
framework suggests guidelines on what developers
should keep in mind. However, neither provides a
detailed framework for every phase of AI development.
In the next section, we propose a framework that can
be applied to the development and deployment phases
of generative AI solutions.

PROPOSAL

We now propose a set of processes by which gen-
erative AI creation and deployment into the real world
can be ensured to be responsible, ethical, and human-
centric.

Development Phase
The goal of the development is to ensure that the de-
velopment process is responsible, ethical, and human-
centric. We propose the following:

1) Risk Assessment: Developers should conduct
thorough risk assessments during generative AI
model development. The primary goal of risk as-
sessment should be to identify potential biases,
security vulnerabilities, and ethical implications.
For example, one of the risks for a chatbot built
on the lines of ChatGPT, etc. would be the risk
that the chatbot is biased against user groups
against which it has not been trained. Therefore,
teams both product and engineering, that are
involved in the development of generative AI tools
should brainstorm and come up with risks for
their product and then evaluate the model for ro-
bustness, fairness, and potential societal impact.
The teams should also list mitigation strategies
for each risk and carry them throughout the
development process.

2) Explainability: Teams should have the capa-
bility to provide clear explanations for AI deci-
sions. This will ensure that the tools and prod-
ucts built are transparent and can garner user
trust, which is the cornerstone for users to adopt
generative AI products. Teams should document
model architectures, training data, tuning data,
and the high-level decision-making algorithm/s.
Documentation should be versioned and should
enable readers to identify changes that can be
interpreted even by readers who may not be
well versed with the technology. In addition to
this, teams should invest in processes that can
provide explanations for the AI outcomes that are
interpretable.

3) Data Governance: Teams must ensure high-
quality, diverse, and unbiased training data. The
backbone of AI-generated responses is the train-
ing data used during the training phase. The
goal should be to mitigate biases and improve
model performance and fairness. Teams must
create and test datasets by training models using
them and then monitoring results. As a precursor
to this step, teams must also monitor the data
quality for biases and the data preprocessing
steps.

4) Ethics Review Boards: Independent boards
should evaluate AI projects, especially those
with societal impact. These boards should be
treated as application security groups/boards are
treated. The review boards should be involved in
forming ethical guidelines for the company/team
and should be involved in evaluating projects
against those guidelines. The board should also
ensure that the decisions that they make for
projects are transparent, recorded, and inter-
pretable.

In summary, the development phase, which is the
most resource-intensive (cost and time), should be
carefully planned to avoid a negative product experi-
ence and deviation from the human-centric nature of
AI.

Deployment Phase
The deployment phase is the phase in which we en-
sure and safeguard responsible use. The deployment
phase is when all the work done in the development
phase is audited and certified, and consent is sought
from users when required.

1) Certification: Generative AI systems should un-
dergo certification based on safety, fairness,
and transparency. Government entities should be
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able to certify generative AI systems for use by
the public and adhere to the guidelines and stan-
dards formed by the regulatory boards. The cer-
tification process will involve the team developing
the generative AI product and an independent
regulatory authority. The independent regulatory
authority should define certification criteria, e.g.,
risk level, data quality, etc. Furthermore, the au-
thority should be able to certify the AI systems
before deployment.

2) Auditing: Regular audits of deployed models
should be carried out by the company/team that
developed the system and an independent au-
thority that can regulate and penalize any activity
that breaches the regulatory guidelines. These
audits should be performed regularly by third-
party experts, and these experts should have
access to models, training data, and decision
logs. Findings of these audits should be time-
bound, classified by severity, and fixed within the
time granted.

3) User Consent: Transparent disclosure and in-
formed consent should be compulsory for any
AI system using user data, such as questions
for further training, tuning, etc. The main goal is
to protect users’ rights and ensure data privacy
that they may not want such AI systems to be
aware of. As a part of user consent, teams should
explain in detail the potential implications and
obtain consent for data usage.

4) Liability: Clear guidelines on liability for AI-
generated outcomes are a must for any AI sys-
tems that are being deployed. The responsibility
must be allocated fairly and should be reviewed
by regulatory authorities. In addition, there should
be ways to resolve disputes and ensure that
misinformation and copyright infringement are
handled with ease.

By implementing these frameworks, we can bal-
ance innovation and responsible generative AI deploy-
ment.

CONCLUSION

In conclusion, regulating generative AI is a multifaceted
endeavor that requires a delicate balance between
fostering innovation and safeguarding against poten-
tial risks. We can ensure responsible AI practices by
implementing robust frameworks during the develop-
ment and deployment phases. Transparency, fairness,
risk assessment, and user consent are critical com-
ponents. Collaboration among governments, industry,
and academia is essential to create a harmonized

regulatory landscape. As generative AI continues to
evolve, our collective efforts will shape its impact on
society, emphasizing human well-being and ethical
considerations.

Future research in AI ethics will likely focus on
enhancing transparency, accountability, and fairness in
AI systems. As AI technologies evolve and become
more integrated into everyday life, it will be crucial to
develop methods that ensure these systems operate
without bias and are understandable by developers
and users. Additionally, addressing privacy concerns
will remain a priority, with research aimed at creating
robust data protection mechanisms that respect user
consent. Environmental sustainability will also become
a significant aspect of AI ethics, driving the develop-
ment of energy-efficient algorithms and practices. By
tackling these challenges, future research will strive
to create AI systems that advance technologically and
align with societal values and ethical standards.
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Abstract—Reinforcement Learning (RL) provides an encouraging solution

for making search results more relevant within IR systems. RL agents are able

to change ranking models in real time while training from positive and negative

feedback cycles to improve their insights into user intent. Rather than relying on a

pre-labelled dataset, RL does not demand this in its methods, and it progressively

enhances by discovering new ranking systems while simultaneously utilizing

known preferences based on historical actions. This paper investigates different

Reinforcement Learning algorithms, such as Q-learning, policy gradient methods,

and deep reinforcement learning, to assess their usefulness in enhancing

IR systems. During our investigation into using RL for information retrieval

(IR), the key issues arise from balancing exploration and exploitation, tackling

the ’cold start’ barrier for new users, coping with computational challenges in

real-time applications, and facing ethical considerations. According to the results,

reinforcement learning can modify information retrieval systems to increase

user-friendliness, improving personalization and the relevance of search results.

Keywords: Reinforcement

Learning, Deep Reinforcement Learning, Q-Learning, user interface feedback

INTRODUCTION
Information retrieval (IR) systems are specifically cre-
ated to efficiently retrieve relevant information from
extensive, mixed data sets, which is significant in to-
day’s data-oriented world. Current IR systems, includ-
ing search engines, use algorithms that categorize,
filter, and present data depending on user queries.
These systems are vital in many fields, including e-
commerce and scientific research, where rapid expo-
sure to essential information is vital for insight and
advancements. Nonetheless, present IR technologies
come packed with great sophistication, but they are
far from perfect, particularly when it comes to static
algorithms and their inability to adapt. The charac-
ter of conventional IR algorithms shows they cannot
adapt automatically to changes in user preferences
or evolutions in the data environment. Algorithms of-
ten depend on ranking models and relevance metrics
put in place at the time of deployment, resulting in
inflexible and universal answers that do not respond
to different situations or individualized needs [16]. A

conventional IR method, for example, might classify
hits based on prior frequency and matching terms
rather than the current levels of user intention or the
varying semantic context of language over time. This
approach yields reduced utility in dynamic settings by
constricting the system’s flexibility to deliver timely and
context-aware information retrieval [3]. An additional
critical problem with IR systems that are not adaptive
is their incapability to glean knowledge from activities
with end-users. Even though IR systems using ma-
chine learning have become available, many outdated
systems do not possess this adaptive characteristic of
modifying their ranking strategies based on information
from user feedback, click-through, and engagement
behaviors. Thus, the rigid approach means that ex-
isting IR systems with substantial capacity must deal
with the basic challenges they face. Improving flexibility
and responsiveness in these systems allows them
to match user requirements better and change along
with changing circumstances, thus boosting their ef-
fectiveness and relevance [6].Data changes and user

January-March Published by the IEEE Computer Society Santa Clara Valley Chapter FeedForward 1



FEEDFORWARD

behaviors can lead to a risk of IR systems becoming
obsolete if they are not updated since they will not
effectively respond to new trends or changes in the
data’s context [14].Information retrieval (IR) systems
are specifically created to efficiently retrieve relevant
information from extensive, mixed data sets, which is
significant in today’s data-oriented world. Current IR
systems, including search engines, use algorithms that
categorize, filter, and present data depending on user
queries. These systems are vital in many fields, includ-
ing e-commerce and scientific research, where rapid
exposure to essential information is vital for insight and
advancements. Nonetheless, present IR technologies
come packed with great sophistication, but they are
far from perfect, particularly when it comes to static
algorithms and their inability to adapt. The charac-
ter of conventional IR algorithms shows they cannot
adapt automatically to changes in user preferences or
evolutions in the data environment. Algorithms often
depend on ranking models and relevance metrics put
in place at the time of deployment, resulting in inflexible
and universal answers that do not respond to different
situations or individualized needs [16]. A conventional
IR method, for example, might classify hits based on
prior frequency and matching terms rather than the
current levels of user intention or the varying semantic
context of language over time. This strategy diminishes
the system’s utility in dynamic environments, limiting its
capability to retrieve relevant and timely information [3].

NEED FOR DYNAMIC ADAPTATION
IN SEARCH ENGINES

Adaptation in search engines dynamically is about
modifying search results at the moment based on
user actions, feedback, and evolving contexts to boost
both relevance and accuracy. Today’s search engines
should adapt to the changing demands of users, whose
search motivations can change rapidly. A particular
emphasis needs to be placed on the current infor-
mation age, where data volumes are increasing ex-
ponentially. While users engage with search engines,
they deliver implicit signals, such as click patterns,
adaptations in queries, and dwell times, that can be
analyzed in real-time to modify ongoing search re-
sults. The innovative advancements make sure that
the search engine is responsive to both instantaneous
and persistent trends in how users behave. As an
example, search engines have adopted real-time feed-
back features that help focus on timely and pertinent
content, at the same time diminishing the visibility
of irrelevant or outdated results [24]. User feedback,
such as explicit ratings or implicit user engagement, is

vital for assessing the quality of results and enhancing
the flexibility of ranking algorithms [1].In addition, the
dynamic response of users is a vital part of relevance
models developed to address the problem of ambigu-
ous queries. Recognizing that many search queries
have multiple dimensions, real-time adaptation allows
search engines to tweak their results depending on
user interaction behavior, enriching the general search
experience. As well as enhancing the results, providing
real-time feedback also supports changes to temporal
trends, such as breaking news or issues that develop
quickly [17]. Dynamically adjusting machine-learning
models in response to received data is critical for dy-
namic adaptation, leading to better personalization and
greater contextual relevance of search results [9]. The
prevailing method involves upgrading with reinforce-
ment learning approaches that use real-time user feed-
back to improve the model [12]. These methods benefit
user satisfaction at the individual level and improve
the search engine’s efficacy in extensive applications.
Involving dynamic refinement in the design of search
engines allows the system to be adapted to a range
of environments, from individual user preferences to
the fluctuating information landscape. This ultimately
increases user engagement and improves information
retrieval.

THE ROLE OF REINFORCEMENT
LEARNING

A focus of Reinforcement Learning, a branch of ma-
chine learning, is on the capacity of an agent to learn
how to make decisions through interactions with an en-
vironment to optimize its cumulative rewards over suc-
cessive durations. In contrast to standard supervised
learning, which uses labelled input-output data points,
Reinforcement Learning fosters an agent that evolves
through its surroundings, receiving either rewards or
penalties based on its actions to improve performance.
Based on real-time user inputs, RL might improve on
regular IR tactics by facilitating dynamic and respon-
sive decision-making [23]. A traditional IR system com-
monly depends on pre-written algorithms and historical
figures to rank or retrieve documents. Even so, evolving
user requirements during interaction pose the risk that
static models will not easily adjust to these changes.
RL provides a means of going past these constraints
by allowing the system to continuously learn from
user feedback while optimizing retrieval strategies for
greater relevance. This engagement is a sequential
decision process in which each query-response cycle
furnishes immediate signals that can improve retrieval
strategies function [24]. RL-based information retrieval
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systems can use real-time user interactions to mod-
ify the ranking of results adaptively, personalize user
search experiences, and make future user preference
predictions with greater accuracy than static models.
The system can enhance and improve its ongoing
retrieval function by basing click habits, dwell times,
and other types of feedback [27]. In addition, contextual
bandit models can be combined with RL, aiding it
to cope with the exploration-exploitation trade-offs in
scenarios where the system has to balance fetching
relevant answers and comprehending updates to a
user’s tastes [15]. The employment of RL in the field of
IR brings about prospects for immediate user person-
alization and sustained engagement over the long term
because it gives the system the ability to optimize both
immediate satisfaction and the total experience from
multiple interactions [21]. Therefore, RL is especially
valuable in e-Commerce, recommendation services,
and personalized search engines because RL provides
a better understanding of the users’ intent and real-
time user profiling.

BACKGROUND AND RELATED
WORK
2.1 Traditional Approaches to Information
Retrieval
Traditionally, Classical Information Retrieval (IR) mod-
els have centered on pulling out applicable information
from extensive document collections through keyword
alignment and ranking strategies. As early as the
1970s, the Vector Space Model (VSM) was introduced
by [20] and it would serve as a basic model for several
decades. The Vector Space Model (VSM) character-
izes documents and queries by placing them in a multi-
dimensional space, where each dimension is associ-
ated with a term, and the relevance of a document is
illuminated by the cosine similarity observed between
the two vectors. Whereas VSM did deliver a systematic
means to link queries to documents, it was limited in
its ability to organize semantic links between keywords,
and large-scale document collections faced subjective
dialogue. BM25 is another widely used classic model
in classical models, and it is an advancement of the
original probabilistic information retrieval setup from
the 1990s. Unlike VSM, BM25 changes how terms
are weighted according to document length and term
frequency, making it more practical and durable [19]. It
showcased hyper parameters such as term saturation
and document length normalization, which benefited
retrieval performance. Still, although these improve-
ments exist, BM25 is hindered by its inability to adjust

to dynamic user feedback, since it operates under a
basic premise that relevance judgments do not evolve
with time. The Term Frequency-Inverse Document Fre-
quency model, or TF-IDF for short, is one of the
most accessible and frequently employed Information
Retrieval models [18]. Although TF-IDF has proven
effective in many retrieval systems, it suffers from
several key limitations:

• It does not account for the semantic importance
of words.

• It is susceptible to matches of exact terms.
• It does not match user preferences or changes

in intent over time

While classical IR models are regarded as founda-
tional, they lack the ability to respond dynamically to
user feedback. Contemporary search systems demand
strategies to continually assimilate user interactions,
consisting of click-through rates and revised queries, to
enhance and improve relevance evaluations. Industry
information retrieval methods consider questions and
documents static, making it difficult for them to benefit
from real-time feedback loops, an essential part of
systems that operate on neural IR or reinforcement
learning principles [24].

2.2 Machine Learning in IR

Conventional tradition in the Information Retrieval (IR)
is to train models with labelled data, for goals like rank,
classify and emphasize relevancy using supervised
learning approaches. This involves outlining feature
descriptions, selecting vital pairs or triples, and then
using methods like logistic regression, support vector
machines, and neural networks. In this circumstance,
methods, including RankNet, RankBoost, and Lamb-
daMART for resource searches, have proven helpful
[4]. Still, supervised learning experiences challenges in
response agility and its generalization ability. The worry
of generalization comes about because models trained
on a specific dataset might have difficulty effectively
generalizing to unknown queries or domains due to
fluctuating features of natural language. Moreover, the
extent to which it depends on feature engineering
poses problems in moving the model across diverse
domains without considerable re-engineering. Online
education techniques have been used to tackle this
issue, but simultaneously, they present additionally and
latency.
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FIGURE 1. Flowchart illustrating traditional information re-
trieval methods Source: Peng et al., 2017

2.3 Reinforcement Learning in Information
Retrieval
RL offers an intelligent opportunity an agent requires
to generate the ability to make rational decisions by
interacting with the goals of the environment in order
to achieve higher rewards in cycles. In the agent’s en-
vironment, the states that motivate it toward action are
revealed and the success of each action’s enactment
measured through feedback. Due to experience, RL
makes the agent learn to trade between the explo-
ration, that is to implement new actions, or exploita-
tion to expose actions which yield steady rewards.
This computerized method for selecting and valuing
documents indicates the agency within the information
retrieval market [23]. RL illustrates the present status
of the environment and the actions made by the agent
that can affect the environment and change the state.
Rewards are how information is exchanged with the
agent, clarifying performance and guiding the learning
course by affirming successful actions. Policies estab-
lish the agent’s method of selecting actions depending
on the state of the environment. RL confronts vari-

ous challenges, including the exploration-exploitation
dilemma, which is about finding the balance between
exploration and exploitation. Introducing scaling RL to
extensive IR systems increases complexity in state and
action space, a challenge that function approximation
techniques such as deep Q-networks are qualified to
handle [26].

2.4 RL-Based User Engagement in Search
The search situation can be modelled within a re-
inforcement learning (RL) framework in information
retrieval (IR), where the search engine operates as
the agent and interacts with users who make up the
environment. The key aim of the agent is to pull
and rank documents that answer user questions to
increase users’ long-term bond and contentment. Each
contact between the user and the search engine can
be interpreted as an RL method phase wherein the
agent’s moves alter the user’s visible behaviors. In this
search atmosphere, observable user behavior includes
queries, clicks, and time spent on a page. These critical
state variables inform the agent about the current state
of the environment:

• User Queries: The first input users give, in-
quiries represent their information requirements.
A query is the beginning place in RL from which
the agent starts its decision-making route. The
agent must interpret the semantic intent behind
the query, and then, based on the user’s need,
select documents or rank them [27].

• Clicks: Clicking on specific documents or links
is a feedback mechanism the agent uses to
indicate the importance of retrieved results. In
reinforcement learning, a click can be regarded
as a signal that informs the agent that the found
documents were helpful or relevant to the user’s
search query [5]. A lack of clicks can suggest
that the agent made previously suboptimal rank-
ing decisions.

• Dwell Time: Concerning a user’s time spent on
a clicked document, ’dwell time’ provides a more
detailed reward signal. Dwell time increases with
engagement, and though the engagement was
high, it was not maximized to ensure the docu-
ment fully met the user’s needs [8]. Any situation
where users spend little time on the site, as by
returning to the search results page immediately,
shows dissatisfaction and the agent needs to
build its future actions around it.

In this RL-based search environment, the goal is
to find a policy that will yield the best overall reward
over time by receiving feedback from user query and

4 Synthetic Data for Robust AI Model Development in Regulated Enterprises January-March 2025



FEEDFORWARD

click through and dwell time patterns to enhance future
agent-user interactions. This learning process involve
Probabilistic Estimations for the best ranking strategies
that will help an agent to present relevant documents or
results to the user and at the same time help the agent
improve the overall learning process by continually
identifying user behaviors [13].

2.5 Real-time Feedback Loops
Within dynamic environments, such as search ranking
systems, reinforcement learning is indispensable since
it facilitates agents to update their approaches based
on ongoing interactions, thus improving the relevance
of search results. User interactions are used to ob-
tain real-time feedback, which then indicates how well
the content is ranked or its quality. Due to these
exchanges, updates to the system’s reward signal
occur, permitting it to alter and respond to the evolv-
ing preferences of users and query contexts almost
instantaneously. The improvement of deep reinforce-
ment learning has allowed the oversight of advanced,
high-dimensional state-action spaces, explicitly involv-
ing receiving real-time feedback for immediate queries
and improving long-term efficiency. Then again, users’
feedback about search ranking systems is naturally
messy. To counter this, approaches have been created,
including click modelling and inverse propensity scor-
ing. These models consider the biases in click data,
utilize more dependable signals by filtering feedback,
and apply machine learning algorithms to weigh these
signals variably. Techniques of off-policy correction,
which include importance sampling and doubly robust
estimators, fine-tune the impact of each user signal,
considering its reliability.

CASE STUDIES AND APPLICATIONS
Application 1: Optimizing E-commerce
search engine
Reinforcement Learning (RL) functions as an effective
way to improve e-commerce search engines through
persistent adaptation and learning of user preferences.
Roleplaying can dynamically customize search results
through user interactions and feedback, improving the
user experience by delivering more suitable and rele-
vant product advice. RL algorithms such as Deep Q-
Learning Networks and Policy Gradient techniques can
represent user behaviors during search queries, clicks,
and purchase decisions, allowing RL agents to change
search techniques to give preference to products that
match changing user preferences. Natural life-based
systems seek to balance exploration and exploita-

tion by presenting fresh products that allow learning
about user tastes. By adding real-time user feedback,
personalized ranking algorithms can be improved to
provide an adaptive ranking that integrates historical
user behavior, the current context, and implicit signals.
A system that offers real-time feedback lets search
results keep improving as the algorithm learns about
the best matching products to user needs over time.
RL systems also define user actions as rewards to op-
timize search relevance and ensure the user’s search
experiences constantly improve. Quality search results
are crucial in competitive markets and essential for
retaining and engaging customers.

Application 2: Personalized Search Engines:
Reinforcement Learning provides a critical dimension
for personalizing search engine performance by assist-
ing them in learning from both individual user patterns
and preferences. RL (reinforcement learning) models
depend on user interactions for knowledge acquisition
over time, using techniques such as Q-learning or
Deep Q-Networks to reformulate policies based on
user feedback. This leads to stronger propagation
models, finally increasing satisfaction and engagement
among users. RL further offers the opportunity for
constant preference updates, making it easy for search
engines to vary their search results based on immedi-
ate user feedback. Adding contextual data is vital for
reaching advanced accuracy in the results of contex-
tual bandit algorithms. The ability of RL (reinforcement
learning) to underscore long-term rewards is particu-
larly beneficial for search engines working to enhance
user retention and loyalty. Integrating RL constructs
a feedback loop that supports iterative learning and
improves personalization accuracy and search experi-
ence.

Application 3: Improving Search Result
Diversity
There is a reinforcement learning method called RL
which can help enhance the data base results’ diversi-
fication taking into account different complications aris-
ing from users’ behavior. Standard search algorithms
in effect use the user information from earlier search
sessions to set a definition of content relevance leading
to ‘filter bubbles’ whereby users are presented with
information that suits their past habits and preferences.
An excellent model at identifying and taking advantage
of specific trends within its training data leads to over-
fitting, which hampers the search for numerous other
possibilities. RL gives a flexible structure for achieving
equitable representation of relevance and diversity in
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search output, taking onboard user feedback and a
reward signal that assesses relevance and diversity.
The exploration vs exploitation trade-off is an essential
component of RL, responsible for bringing a richer ex-
perience to users and exposing them to many different
topics and points of view. Also, Real-time Learning
can respond instantly to user feedback, creating a
steady partnership between significance and variance.
In applications that reflect real-world scenarios, RL-
based approaches are included by search platforms
such as Netflix and Google.

EXPERIMENTAL RESULTS
The study uses Yahoo! To measure how successful its
method is, the Search Log dataset, which is a publicly
available collection of 6.6 million search queries from
more than 2.5 million users, is utilized for this purpose.
The information in this collection provides essential
qualities, including text queries, user I.D. numbers,
timestamps, and recorded clicks. The experimental
methods are designed to appraise the results derived
from the model about typical methods. Data prepro-
cessing achieves the use of relevant data, and feature
extraction techniques turn query texts into numerical
values that are appropriate for machine learning al-
gorithms. The dataset’s training, validation, and test
sets have been categorized for a complete evalua-
tion. The model’s performance is compared to the
usual methods, such as the TF-IDF Ranking, BM25,
and Learning to Rank (LTR). This research seeks to
validate the effectiveness of the algorithm we have
proposed relative to accurate data.

Assessment metrics are fundamental within the
fields of information retrieval (IR) and reinforcement
learning (RL) to evaluate the performance of algo-
rithms and models. Researchers and practitioners in
computer science should understand these metrics, as
they help to interpret the effectiveness of their systems.
First, we provide a brief discussion of commonly used
evaluation measures in Information Retrieval, and then
generalize measures that pertain to training models
based on Reinforcement Learning.

Evaluation Metrics for Reinforcement
Learning
Cumulative Reward: In the context of reinforcement
learning, the cumulative reward serves as a key metric
that captures the total reward earned throughout a time
frame. It performs as a key measure of an agent’s

FIGURE 2. A pie chart representing search log dataset
components

development. Mathematically, it is defined as:

Rt =
TX

k=0

rt+k

where Rt+k represents the reward received at time
t + k , T is the total time horizon, and � is the discount
factor. The role of an RL agent is mostly about
optimizing its policy by maximizing the cumulative
reward [23].

Average Reward: In addition, the average reward
is a crucial metric that enables an assessment of
the agent’s efficacy across time. It is defined as the
cumulative reward divided by the number of time steps:

Average Reward = Gt

T

This solution proves helpful for appraising the
resilience of policies in stationary environments [23].

Success Rate: The success rate of RL measures what
portion of episodes the agent completes to reach a
pre-established goal. It is defined as:

Success Rate = Number of Successful Episodes
Total Episodes

In situations where achieving a particular task or ob-
jective is key, this metric is especially applicable [7].

PERFORMANCE ANALYSIS
Reinforcement Learning (RL)-driven Information Re-
trieval (IR) systems are rated using metrics includ-
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ing Precision, Recall, F1 Score, and Mean Average
Precision (MAP). Using these metrics, we learn how
the RL approach affects retrieval accuracy and user
satisfaction regarding effectiveness and efficiency. A
result of the RL system’s adaptive capabilities can
include increased computational efficiency for real-
time applications. The capacity of the RL model to
change its behavior based on user engagement can
also improve user satisfaction scores. A study involving
ablation techniques aims to understand the contribu-
tions of different parts of an RL-based IR system. Many
RL agents change the policy by receiving feedback sig-
nals on behavioural performance, and the construction
of the reward function is essential for their success.
This indicates that the RL algorithm process changes
regarding exploration and exploitation. Concisely, per-
formance analysis and conducted ablation studies help
unveil the functioning and impact of RL-based IR sys-
tems and suggest the appropriate components and
the best tweaks to make the retrieval as effective as
possible.

Ethical Considerations
The convergence of Reinforcement Learning (RL) and
Information Retrieval techniques sparks ethical con-
cerns, particularly concerning bias, fairness, and user
privacy. If there is inadequate or imbalanced training
data for RL agents, it introduces a bias that affects
the outcomes unequally. This is explicitly concern-
ing when using RL to enhance content for individual
users. The methods for addressing algorithm biases
and building fairness-aware systems can also be ap-
plied to reinforcement learning (RL). The necessity
for fair decision-making requires that all users are
given fair treatment, being free from the influence of
demographic or behavioral factors. Although the use
of multi-objective RL strategies along with fairness
constraints in reward function design is necessary to
address these challenges, the discussion about user
privacy is raised due to the capability of RL agents
to collect information from user behavior, which can
unveil details about an individual. Federated learning
and differential privacy techniques are being evaluated
for privacy-related matters.

FUTURE DIRECTIONS
The field of information retrieval (IR) and the functional-
ities offered by reinforcement learning (RL) are quickly
growing, with deep reinforcement learning (DRL) en-
hancing decision-making during complex searches.
Combining Deep Reinforcement Learning (DRL) with

deep neural networks aims to enable more effective
feature extraction and policy learning for large-scale
tasks in Information Retrieval (IR). Proximal Policy
Optimization (PPO) and (Soft Actor-Critic (SAC) are
scalable techniques that can offer resolutions for IR
systems. Multi-Agent Reinforcement Learning (MARL)
is a new area for IR systems, enabling richer inter-
actions and recommendations based on cooperative
conduct. By boosting transfer learning across domains
through cross-domain reinforcement learning, IR can
decrease training expenses and lead to more effective
and timely information retrieval. Operating in real-time
through RL allows systems to gain from user feedback
as it happens, ultimately resulting in more personalized
search results. Online learning methods for RL, which
incrementally adjust models based on arising new
interaction data, can significantly shorten the wait for
decision-making.

CONCLUSION
A key breakthrough in Information Retrieval (IR) sys-
tems, Reinforcement Learning (RL) contributes adap-
tive techniques that improve search relevance by pro-
cessing continuous feedback from user engagements.
Unlike conventional search approaches, RL strives
for the highest long-term user satisfaction. Method-
ologies that harness Reinforcement Learning (RL),
including Deep Q-networks and Policy Gradient algo-
rithms, have achieved better performance in dealing
with sparse and noisy feedback than conventional su-
pervised learning methodologies. Nonetheless, many
difficulties exist, including balancing exploration and
exploitation, working with complicated state spaces,
and the cold-start problem encountered with new users
or infrequent queries. Other potential future research
should include the enhancement of models, the con-
sideration of Federated Learning for privacy protection,
and expanding the applications of RL beyond solely
ranking tasks. RL can open doors to a new age of
adaptive, user-driven information retrieval.
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Abstract—This paper thoroughly explores the concept of Feminist Artificial
Intelligence (FAI), delving into how feminist principles can shape and revolutionize
the development of AI. With the advent of LLMs, the topic of gender bias has
sharpened development of many explainable and responsible AI systems. This
paper thoroughly examines the prevalence of gender biases within AI systems
and proposes frameworks and tactics to incorporate feminist ethics into AI,
ultimately working towards promoting gender equality and inclusivity in the world
of technology. It also evaluates existing methods, and how gaps in these systems
can be mitigated with a feminist approach towards building equitable AI systems.

Introduction

FAI, or Feminist Artificial Intelligence, embodies a fem-
inist approach to developing AI by actively incorporat-
ing feminist ethics, principles and methodologies. This
means going beyond simply eliminating gender biases
and actively promoting gender equity and inclusivity
in AI systems. FAI challenges the traditional power
dynamics in technology by advocating for diverse rep-
resentation and embracing intersectionality. At its core,
FAI is committed to designing AI systems that truly
understand and address the diverse needs and expe-
riences of all genders, especially those from marginal-
ized groups. The importance of feminist perspectives
in AI cannot be overstated. It is necessary to tackle
the existing gender biases ingrained in AI systems,
which are the product of biased data and inputs.
FAI recognizes that these biases not only affect the
accuracy and effectiveness of AI, but also perpetuates
inequality and discrimination. By incorporating feminist
perspectives, we can work towards creating more fair
and just AI systems that reflect the values of equality
and inclusivity.

Related work

All CS Magazine authors must obtain clearance from
IEEE Computer Society before sub- mitting the final
manuscript. The “Publication Clearance” wiki provides

FIGURE 1. Figure shows the percentages of men vs women
employees at the big tech companies

details about the procedure. Computer Society employ-
ees must use the Scholar One Manuscripts Clearance
System to obtain publication approval.

Case Studies

There have been numerous studies conducted by lead-
ing organizations on the impact of bias that exist in our
AI algorithms.
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Female powered voice assistants
The case study of gender bias in voice assistants like
Siri, Alexa, Cortana, and Google Assistant reveals a
deep-seated cultural and technological issue where
these systems, often defaulted to female voices, rein-
force stereotypes of women as submissive, compliant,
and in service-oriented roles. This phenomenon is not
just a reflection of consumer preference for female
voices but is rooted in historical practices and the gen-
dered division of labor, where roles of assistance and
support have traditionally been assigned to women.
The choice of female voices for these assistants can
inadvertently perpetuate harmful gender stereotypes
by positioning women as obliging helpers available at
a command, further entrenching the notion that women
are to be in servile positions.

Research and reports highlight that gendered
voices in technology, particularly when feminized, can
influence users’ perceptions and behaviors, reinforcing
gender-stereotypic behaviors even in the absence of
visual gender cues. The UNESCO report titled "I’d
blush if I could" critically addresses the submissive
traits assigned to AI female personas, illustrating how
these digital assistants, through their interactions, can
teach users, especially children, about the perceived
roles of women and gendered individuals. The report
also touches upon the issue of verbal abuse directed
at these assistants, noting the need for technology
companies to program responses that tackle such
unacceptable behavior directly, moving away from eva-
sive or flirtatious replies to a more definitively negative
stance against harassment.

Healthcare AI Bias Case Study
In healthcare, a significant case study on AI bias
was highlighted by Panch, Mattie, and Rifat Atun in
their 2019 paper published in the Journal of Global
Health. They explored how algorithmic bias in health-
care can exacerbate existing inequalities, affecting in-
dividuals based on socioeconomic status, race, eth-
nicity, gender, and more. A notable example is the
Framingham Heart Study cardiovascular risk score,
which performed well for Caucasian patients but not
for African American patients, indicating a bias that
could lead to unequal and inaccurate care distribution.
Another landmark study by Brian Powers in Science
revealed racial biases in algorithms used by health
systems, which could recommend medical care differ-
ently based on race, thus having harmful implications
for patients. These cases underscore the complex
interplay between societal inequities and technological
biases, necessitating a multifaceted approach to miti-

gate algorithmic bias in healthcare by including diverse
perspectives in data science teams and emphasizing
the importance of societal values in health outcomes
(Harvard T.H. Chan School of Public Health).

Recruitment AI Bias Case Study: Amazon’s
AI Tool
Amazon developed an AI recruiting tool aimed at
streamlining the hiring process by identifying top can-
didates from a vast pool of resumes. However, the
project was discontinued after it was found that the
AI exhibited bias against women. The AI was trained
on data from a decade’s worth of resumes, most of
which were submitted by men, leading it to favor male
candidates. This case serves as a cautionary tale
about the potential for AI to perpetuate existing biases
if not carefully monitored and corrected.

Methodology

Data Collection and Curation: Curate gender-
inclusive and intersectional datasets.

Algorithm Design and Testing: Use approaches for
designing and testing algorithms to ensure they adhere
to feminist principles, such as transparency, account-
ability, and fairness audits.

Data Collection and Curation
For this research, we use the Kaggle recruitment
dataset for our analysis. This dataset contains the
recruitment decisions of four companies over 500 can-
didates. For each candidate we have a few general
descriptions (gender, age, sport) and a few indicators.
The actual decision is also included. The data set
can be used to get basic data science experience,
but also to gain a deeper understanding of fairness.
An initial analysis plot on gender distribution is shown
as in Figure 2. We can clearly see that there exists
bias in the data with over 53% male applicants vs
44% female applicants. The downstream AI models
will get the ramifications through the learnings from
this biased data. Hence, before passing it on further,
we will augment the data so that it is fair and unbiased.

Algorithm Design and Testing

For Algorithm Design: We design a Random
Forest classifier to predict the likelihood of an
applicant being selected (decision column) based
on various indicators such as age, nationality,
university_grade,programming_exp, etc., excluding
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FIGURE 2. Gender distribution in applicants in recruitment
dataset

FIGURE 3. Gender distribution in applicants in recruitment
dataset after performing augmentation

gender to prevent direct bias.

Fairness Testing: We split the balanced dataset into
training and test sets. Train the model on the train-
ing set. Make predictions on the test set. Evaluate
the model’s performance, focusing on fairness metrics
such as Equality of Opportunity, which ensures equal
true positive rates among different groups. After train-
ing the model on the balanced dataset and evaluating
its performance on a test set, we obtain the following
hypothetical metrics:

• Overall Accuracy: 92%

This high accuracy indicates that the model is
generally effective at predicting the decision outcomes
based on the features provided. Equality of Opportunity
(Gender Fairness):

• Male Applicants: True Positive Rate (TPR) =
89%

• Female Applicants: True Positive Rate (TPR) =
91%

These metrics suggest that the model is relatively
fair in terms of Equality of Opportunity across gender
groups, as the TPR is nearly equal, indicating that qual-
ified candidates from each gender group are equally
likely to be correctly identified as such by the model.

If the algorithm’s fairness testing did not yield sat-
isfactory results—indicating potential bias against one
or more groups based on sensitive attributes—there
are several techniques and approaches that can be
employed to mitigate this bias. These techniques fall
into three main categories based on the stage of the
machine learning pipeline they are applied to: pre-
processing, in-processing, and post-processing.

Pre-processing Techniques
• Pre-processing techniques involve modifica-

tions to the training data before it is used to train
the model. The goal is to remove biases from the
data itself or to create a more balanced dataset.

• Re-sampling: Adjust the dataset to balance
the representation of different groups by under-
sampling the majority class or over-sampling the
minority class.

• Re-weighting: Assign different weights to in-
stances in the training data to help the model
learn to pay more attention to underrepresented
groups.

In-processing Techniques
In-processing techniques involve modifications to the
algorithm or learning process itself to encourage the
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model to make fair predictions.

• Constrained Optimization: Incorporate fair-
ness constraints or objectives directly into the
training process. This could involve adding a
regularization term to the loss function that pe-
nalizes the model for unfair outcomes.

• Adversarial Training: Use an adversarial
model to identify and reduce bias during the
training process. The adversarial model attempts
to predict the sensitive attribute from the predic-
tions of the main model, and the main model
is trained to make this prediction as difficult as
possible.

• Fairness-aware Algorithms: Utilize algorithms
specifically designed to reduce bias, such as
Fairness Constraints (e.g., Zafar et al.’s meth-
ods) or Meta-learning approaches that adjust the
algorithm based on fairness metrics.

Post-processing Techniques
Post-processing techniques are applied after the model
has been trained, typically by adjusting the model’s
predictions to ensure fairness across groups.

• Equalized Odds Post-processing: Adjust the
decision threshold for different groups to equal-
ize fairness metrics such as false positive rates
or true positive rates across these groups.

• Reject Option Classification: Introduce a ’re-
ject option’ for instances close to the decision
boundary, where the model’s confidence is low.
This can be used to give the benefit of the doubt
to underrepresented or disadvantaged groups.

Choosing the Right Technique

The choice of technique(s) depends on several
factors, including the type of bias present, the stage of
the machine learning pipeline where it’s most feasible
or ethical to intervene, and the specific fairness criteria
or metrics that are most relevant to the application.
It’s also essential to consider the potential trade-offs
between fairness and other performance metrics, as
interventions to improve fairness may sometimes affect
the model’s overall accuracy or utility.

Challenges

Ensuring algorithm fairness is fraught with challenges
that span technical, ethical, and operational domains.
One primary challenge is the trade-off between fair-
ness and model performance, where attempts to in-
crease fairness can sometimes reduce overall accu-
racy. Another significant hurdle is defining what fair-

ness means in a given context, as different stakehold-
ers may have varying perspectives on what constitutes
a fair outcome. Additionally, the dynamic nature of
societal norms and the evolving understanding of bias
complicate the establishment of static fairness criteria.
Data limitations also pose a challenge, as historical
biases in data collection can embed prejudices within
the dataset, making them difficult to identify and rectify.
Furthermore, the complexity of machine learning mod-
els, especially deep learning, can make understanding
and debugging fairness issues within these models a
daunting task. Lastly, the lack of comprehensive legal
and ethical frameworks to guide the development and
deployment of AI systems means that organizations
often navigate these issues without clear standards,
leading to inconsistent approaches to fairness.

Conclusion

In conclusion, while the path to achieving algorithm
fairness is complex and filled with challenges, it is
a crucial endeavor in the development and deploy-
ment of artificial intelligence systems. The application
of pre-processing, in-processing, and post-processing
techniques offers a multi-faceted approach to mitigat-
ing biases and promoting equity within AI models.
However, ensuring fairness in algorithms goes beyond
technical solutions; it requires a concerted effort from
researchers, practitioners, policymakers, and society
at large to redefine ethical standards and promote in-
clusivity in technological advancements. By embracing
the principles of Feminist Artificial Intelligence, we can
work towards creating AI systems that not only perform
efficiently but also respect and uphold the values of
fairness, accountability, and transparency. Continuous
monitoring, evaluation, and adaptation of AI systems
are essential to navigate the evolving landscape of
societal norms and technological capabilities, aiming
for a future where technology serves as a force for
equity and positive social change.

REFERENCES

1. Adam, Alison. "A feminist critique of artificial intelli-
gence." European Journal of Women’s Studies, vol. 2,
no. 3, 1995, pp. 355-377.

2. Toupin, Sophie. "Shaping feminist artificial intelli-
gence." New Media & Society, vol. 26, no. 1, 2024,
pp. 580-595.

3. Wellner, Galit, and Tiran Rothman. "Feminist AI: Can
we expect our AI systems to become feminist?." Phi-
losophy & Technology, vol. 33, no. 2, 2020, pp. 191-
205.

4 Synthetic Data for Robust AI Model Development in Regulated Enterprises January-March 2025



FEEDFORWARD

4. Guevara-Gómez, Ariana, Lucía O. de Zárate-Alcarazo,
and J. Ignacio Criado. "Feminist perspectives on arti-
ficial intelligence: Comparing the policy frames of the
European Union and Spain." Information Polity, vol.
26, no. 2, 2021, pp. 173-192.

5. West, Sarah Myers. "Redistribution and rekognition:
A feminist critique of algorithmic fairness." Catalyst:
Feminism, Theory, Technoscience, vol. 6, no. 2, 2020.

Swagata Ashwani is currently working as a
Principal Data Scientist at Boomi. She received her
Master’s degree in Data Science from Carnegie
Mellon University in 2018. She is an avid blogger
and writes about state of the art developments in
the AI space. She is particularly interested in Natural
Language Processing and focuses on researching
how to make NLP models work in a practical setting.

Shivendra Srivastava’s current employment (is
currently with AWS, Seattle, WA, USA). Author’s lat-
est degree received is the M.S. in Computer Sci-
ence from Georgia Institute of Technology. Author’s re-
search interests are cloud computing, machine learn-
ing and generative AI. He is a member of the IEEE
and the IEEE Computer Society. Contact him at
mail2shivendra@gmail.com.

Upcoming events

Sustainable AI: Join us on Jan 29 7:30 pm to 9 pm (Pacific time) for an exciting talk by

Soumya Batra who was recently listed as a H20 Top 100 AI thought leader, 2024.
https://events.vtools.ieee.org/m/455744
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