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Abstract
learning (ML) have gained widespread popularity and
transformative potential in various critical sectors,
including healthcare, hiring, self-driving cars, and financial
systems. Despite their benefits, the adoption of AI and ML
systems introduces biases that can profoundly impact
decision-making processes and outcomes. These biases stem
from various sources, such as biased training data,
algorithmic design, and implementation practices, leading
to ethical concerns and consequences. This paper provides a
comprehensive exploration of the biases inherent in Al and
ML systems and discusses their ethical implications across
the aforementioned sectors. Through a systematic review of
current literature, we identify the primary sources and types
of biases, such as racial, gender, and socioeconomic biases,
and analyze their effects on decision-making. Additionally,
we examine case studies that illustrate the real-world
impact of biased Al systems, shedding light on the critical
need for fair Al development. To address these challenges,
we propose a set of mitigation strategies aimed at reducing
bias and enhancing the fairness and accountability of Al
systems. These strategies include improving the diversity
and representativeness of training data, implementing
algorithmic fairness techniques, conducting regular audits
and impact assessments, and fostering interdisciplinary
collaboration among Al developers, ethicists, and
policymakers. Our findings highlight the urgent need for a
holistic approach to Al development that prioritizes ethical
considerations and social responsibility. By adopting these
mitigation strategies, we can work towards creating Al
systems that not only deliver technological advancements
but also promote equity, transparency, and trust in critical
sectors.

- Artificial intelligence (Al) and machine
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1. Introduction to Artificial Intelligence and
Machine Learning in Different Sectors

Artificial Intelligence (Al) and Machine Learning (ML) are
transformative technologies that have revolutionized

various sectors [1], [2], [3]. Al refers to the simulation of
human intelligence processes by machines, especially
computer systems [1], [3]. These processes include
learning, reasoning, problem-solving, perception, and
language understanding [1], [3]. On the other hand, ML is a
subset of Al that provides systems the ability to learn and
improve from experience without being explicitly
programmed [1], [2], [3]- Al and ML have permeated
various sectors, revolutionizing processes and systems [1],
[2], [3].This research paper will focus on four key sectors
where AI/ML has a significant impact: the Hiring Process,
Healthcare, Financial Systems, and Self-Driving Cars
[3][6]. Surprisingly, these sectors are not immune to
biases in AI/ML models, which can have profound
implications [4], [5]. The exploration of these biases forms
the crux of this research. These technologies have the
potential to bring about significant benefits, such as
increased efficiency, improved decision-making, and
enhanced user experiences [1], [2], [3]. However, they also
pose new challenges, such as the risk of biases in AI/ML
models [4], [5]. This paper will explore these issues in
detail, with a focus on understanding the sources of these
biases and how they can be mitigated [4], [5].
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Fig -1: The mathematical representation of the Mean
Squared Error (MSE) loss function used in machine
learning models. This function measures the average
squared difference between the predicted values (mX_i +
c) and the actual values (Y_i), highlighting the importance
of minimizing prediction errors to improve model
accuracy and reduce biases.

2. Artificial Intelligence and Machine Learning in
Healthcare

Artificial Intelligence (Al) and Machine Learning (ML) are
transforming the healthcare industry by offering
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innovative solutions for patient care, diagnosis, and
treatment [7]. These technologies analyze complex
medical data, predict patient outcomes, and even assist in
surgeries [7]. They also play a crucial role in streamlining
administrative tasks, improving patient engagement, and
personalizing healthcare services [7].

2.1 History of  Artificial
Advancements in Health-Care

Intelligence

The journey of Al in healthcare began in the 1970s with
rule-based expert systems like MYCIN and INTERNIST-I,
designed to assist in medical diagnosis [8]. Soon after the
1990s saw the advent of Machine Learning (ML), with
algorithms being trained to predict patient outcomes [8].
The 21st century ushered in a new era with the
introduction of Deep Learning, enabling more complex
analyses of medical data [8]. Today, Al and ML are integral
to many aspects of healthcare [9]. These advancements
have revolutionized patient care, disease prediction, and
treatment planning, marking a significant milestone in the
history of healthcare [8].

2.2 Notable Artificial Intelligence and Machine
Learning Technologies in Health-Care

Al and machine learning technologies have significantly
impacted the healthcare sector [14]. IBM Watson Health
uses Al to accelerate drug discovery and match patients
with clinical trials. [10] Google's DeepMind has made
strides in Al-assisted diagnosis, notably in detecting eye
diseases from scans [11], [13]. Zebra Medical Vision uses
Al for radiology imaging, aiding in early detection of
cancers [13]. PathAl focuses on improving pathology
accuracy with machine learning [12], [15], [16]. Tempus
uses Al for precision medicine, particularly in cancer
treatment. [14] In the realm of EHR's (Electronic health
records), Google Cloud Healthcare APl and Microsoft
Azure's FHIR APIs facilitate the exchange of healthcare
data, while Epic Systems and Cerner use Al to analyze EHR
data for better patient outcomes [12], [14]. While these
technologies have been transformative, they also
necessitate careful consideration of potential biases in
their underlying algorithms [17].

The

2.3 Artificial Intelligence Biases in

Healthcare Industry

AI/ML biases in healthcare refer to the unintentional
integration of human- and data-driven biases into Al
technologies and machine learning models used in
healthcare [18]. These biases can result from several
factors, including human biases built into Al design, data
generalizability issues, and biased training data [18]. If the
training data used to develop healthcare AI/ML models is
not representative of the diverse patient population, the

models may perform poorly for underrepresented groups.
[18] [19] Additionally, if the data contains historical biases
in healthcare delivery, the models may perpetuate these
biases [19], [20], [21]. For instance, if certain groups have
historically received less aggressive treatment for a
particular condition, an AI/ML model trained on this data
may recommend less aggressive treatment for patients
from these groups [21].

2.4 Popular Types of Artificial Intelligence Biases
found in HealthCare industry

° Measurement Bias- Measurement bias in AI/ML
refers to the systematic error that arises when the data
used to train a model does not accurately reflect the
reality it's intended to predict [22], [24], [25]. This bias
can significantly skew the model's predictions and
decisions [22], [24], [25]. In healthcare, Al/ML models are
often employed to predict patient outcomes, recommend
treatments, and identify disease patterns [23], [25].
However, if the training data is biased towards a specific
demographic, the model may fail to accurately predict
outcomes for underrepresented groups [23], [25]. This
could lead to misdiagnoses or inappropriate treatment
recommendations [23], [25].0ne example of this
measurement bias is the case of an algorithm developed to
predict the risk of cardiovascular disease. Researchers
trained the algorithm using electronic health record (EHR)
data from a large healthcare system [26]. The training data
was predominantly from younger, healthier patients, with
limited representation of older adults and those with
existing medical conditions [26]. As a result, the algorithm
tended to underestimate the cardiovascular disease risk
for these underrepresented groups [26]. The use of Al/ML
in healthcare is driven by the potential to improve patient
care and outcomes, but it's crucial to ensure diverse and
representative data in the training phase to mitigate
measurement bias and improve the fairness and accuracy
of these models [23], [25].

) Confirmation Bias- Confirmation bias in AI/ML
refers to the tendency of models to favor information that
confirms their existing beliefs or hypotheses [27]. This
bias often originates from the data used to train these
models, reflecting the inherent biases of those who collect
and label the data [27]. In healthcare, AI/ML models are
used to predict patient outcomes, recommend treatments,
and identify diseases [27], [28]. However, if these models
are trained on biased data, such as data primarily from a
specific demographic, they may disproportionately favor
that demographic in their predictions, thereby exhibiting
confirmation bias [27]. A study examining the use of Al for
diagnosing heart disease provides a clear example of
confirmation bias in healthcare Al applications [29].
Researchers developed an Al model to predict the
likelihood of a patient having heart disease based on
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factors such as age, sex, and medical history. The training
data for the model was primarily collected from a single
hospital, which served a predominantly white, middle-
aged patient population [29]. When the model was tested
on data from a more diverse set of patients, it exhibited
significantly lower accuracy in predicting heart disease
risk for racial minorities and younger/older patients [29].
This could lead to an unexpected misdiagnosis or
inappropriate treatment recommendations, underscoring
the importance of addressing confirmation bias in
healthcare AI/ML applications [27)], [28].

2.5 Ethical implications of Bias in Healthcare
Artificial Intelligence and Machine Learning

Bias in healthcare AI/ML carries significant ethical
implications. If a model is trained on unrepresentative
data, it may produce skewed results, leading to unequal
and potentially harmful treatment outcomes [30]. For
instance, a model trained predominantly on data from one
demographic may not perform accurately for other
demographics, leading to unexpected misdiagnoses or
inappropriate treatment recommendations [31]. This
raises ethical concerns about fairness and equality in
healthcare delivery [30]. Furthermore, biased AI/ML
models can reinforce existing health disparities,
particularly for marginalized or underrepresented groups
[32]. For example, a study found that an algorithm used to
guide healthcare decisions was less likely to refer Black
patients than White patients for programs that aim to
improve care for patients with complex medical needs,
due to biases in the training data [32]. This underscores
the ethical imperative for careful and representative data
collection, transparency in model development, and
ongoing monitoring for bias in healthcare AI/ML
applications [30], [32]. Therefore, addressing Al biases in
healthcare is crucial for ensuring equitable and efficient
healthcare delivery [30], [31], [32].

Fig -2: Surgeons utilizing Al-assisted technology during a
complex procedure. Al systems enhance precision and
efficiency in healthcare, contributing to improved surgical
outcomes and patient care.

2.6 Strategies for Detecting Biases in Healthcare
Artificial Intelligence and Machine Learning

Detecting biases in healthcare AI/ML involves a multi-
faceted approach. Firstly, it's crucial to scrutinize the data
used to train the models. This includes assessing the
representativeness of the intricate data, checking for
overrepresentation or underrepresentation of certain
groups, and identifying potential sources of bias in data
collection [33]. Secondly, evaluating the model's
performance across different demographic groups can
help detect biases [35]. Disparities in performance metrics
such as accuracy, precision, or recall may indicate the
presence of bias. Lastly, interpretability techniques can be
used to understand the decision-making process of the
model, which can reveal if certain features are being given
undue importance, leading to biased outcomes [34].
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Chart -1: In this chart, the mean absolute error (MAE)
estimates for six metrics using five different methods on
diabetes data. The evaluation is based on 20 draws of the
dataset, considering three distinct groups: all patients,
small groups (size at most 25), and large groups (size
above 25). These results shed light on potential biases in
healthcare Al models, emphasizing the importance of
addressing disparities across patient subgroups.

2.7 Detection of Famous Forms of Biases found in
Health-Care Artificial Intelligence

) Finding Measurement Bias- To detect
Measurement bias in healthcare Al, one can examine the
data collection instruments and processes for potential
sources of error or bias [36], [37], [38]. For instance, if a
health survey is used to collect data, are the questions
clear, unbiased, and culturally sensitive? Additionally,
statistical analyses can be conducted to check if the
measurements are consistent and reliable across different
groups [37], [39]. One example of detecting measurement
bias in healthcare AI/ML systems is the case of an
algorithm developed to detect early-stage Alzheimer's
disease using speech data [40]. The developers of this
algorithm used a training dataset that only contained
speech samples from native English speakers. As a result,
the algorithm had difficulty accurately analyzing speech
patterns of non-native English speakers, as it interpreted
their pauses and pronunciation differences as potential
markers of Alzheimer's disease [40].By examining the data
collection process and the representation of different
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patient groups in the training data, the measurement bias
in this healthcare Al system could be identified and
addressed. Conducting statistical analyses to assess the
consistency and reliability of the algorithm's performance
across diverse patient populations is also crucial for
detecting such biases [40].

° Identifying Confirmation Bias- Confirmation
bias in healthcare AI/ML can be detected by examining the
model's predictions in light of contradicting evidence. If
the model consistently ignores or downplays such
evidence, it may be exhibiting confirmation bias [41].
Another method is to use adversarial testing, where the
model is presented with cases specifically designed to
challenge its assumptions. If the model's performance
significantly deteriorates in these cases, it could be a sign
of confirmation bias [41]. One example of detecting
confirmation bias in a healthcare AI/ML model can be
found in a study exploring the use of Al-powered intrusion
detection systems in Internet of Medical Things (IoMT)
environments [42]. The researchers architected an
integrated anomaly detector that incorporated modules
for model interpretability, bias quantification, and
advanced malicious input recognition. Through their
experimental evaluation, the researchers were able to
identify instances where the baseline intrusion detection
models exhibited confirmation bias [42]. Specifically, they
found that these models would consistently ignore or
downplay certain types of data poisoning threats that
contradicted the models' existing beliefs about the
characteristics of malicious inputs. By employing
adversarial testing techniques, the researchers were able
to generate carefully crafted examples that challenged the
models' underlying assumptions [42]. When presented
with these adversarial samples, the baseline models
showed a significant deterioration in performance,
revealing their susceptibility to confirmation bias.

3. Artificial Intelligence and Machine Learning in
Autonomous Vehicles

Artificial intelligence (AI) and machine learning play a
crucial role in the development of Autonomous Vehicles.
These technologies enable autonomous vehicles to
perceive their surroundings, make real-time decisions, and
navigate safely [43], [44], [47]- The integration of Al and
machine learning in self-driving cars has the potential to
improve road safety, reduce traffic congestion, and
enhance overall transportation efficiency [45], [46], [48],
[49].

31 History of  Artificial
Advancements in Self Driving Cars

Intelligence

The adoption and development of Al and machine learning
in autonomous vehicles has evolved dramatically over the

past few decades. In the 1980s, early research into vision-
based systems and neural networks laid the groundwork
for self-driving car technology [50]. This was followed by
significant breakthroughs in the 1990s, such as Carnegie
Mellon University's Navlab project which demonstrated
autonomous driving on public roads [50]. The 2000s saw
widespread interest and investment in self-driving cars,
with companies like Google, Tesla, and traditional
automakers accelerating the development of key
capabilities like perception, planning, and control using
advanced Al techniques [51]. Landmark events like the
DARPA Grand Challenges further pushed the boundaries
of autonomous driving, leading to autonomous vehicles
navigating complex urban environments [52]. Today, self-
driving car technology has reached a level of maturity,
with fully autonomous vehicles undergoing extensive
testing and pilot deployments in many parts of the world
[52]. The future promises even greater advancements as
Al algorithms become more sophisticated and capable of
handling the full complexity of real-world driving
scenarios.

Fig -3: Visualization of a Tesla's Al perception system in
self-driving mode, showing how the Al identifies and
categorizes vehicles and road elements.

3.2 Notable Artificial Intelligence and Machine
Learning Technologies in Self Driving Vehicles

Al and machine learning technologies have significantly
impacted the Autonomous Vehicles sector [53]. Visual
place recognition (VPR) is a crucial Al technique employed
in self-driving cars, enabling them to recognize landmarks,
traffic signs, and other visual cues from the environment
[53]. This sophisticated computer vision approach, which
involves the identification and understanding of these
visual elements, plays an essential role in enhancing the
safety, efficiency, and overall intelligence of intelligent
transportation systems [53]. Additionally, deep learning
models such as EfficientNetB3 are leveraged for robust
feature extraction from preprocessed images, with their
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hyperparameters tuned using optimization algorithms like
the Remora Optimization Algorithm to optimize the
model's performance [53]. Furthermore, techniques like
transfer learning are integrated to leverage the knowledge
gained from pre-trained models, improving the overall
accuracy and efficiency of visual place recognition [53].
Adversarial machine learning is another significant Al
technology used in autonomous vehicles, where
researchers explore methods to deceive the machine
learning algorithms by providing malicious input data
[54]. This field of study is crucial as it helps identify
vulnerabilities in the Al systems used in self-driving cars,
ensuring they can withstand attempts to manipulate their
decision-making processes through adversarial attacks
[54]. Experiments have been conducted using pre-trained
models like MobileNet and Convolutional Neural Networks
(CNNs) to demonstrate how one-pixel, multi-pixel, and all-
pixel attacks can be designed to mislead the machine
learning algorithms [54], [55].

3.3 Artificial Intelligence Biases in The Self
Driving Cars Industry

The autonomous vehicle sector has seen the emergence of
significant biases within the Al and machine learning (ML)
systems powering these technologies [56]. These biases
can manifest in various ways, such as faulty object
detection, inaccurate prediction of pedestrian behavior,
and suboptimal decision-making by the autonomous
system [56], [57]. The presence of such biases can have
serious consequences, leading to unsafe outcomes,
unequal treatment of different individuals or groups, and
broader societal implications in terms of accessibility,
equity, and public trust in self-driving car technology [56],
[57].

3.4 Popular Types of Artificial Intelligence Biases
found in Self Driving Cars

° Availability Bias- Availability bias is a cognitive
bias where individuals tend to overestimate the likelihood
of events that are more readily available in their memory
or imagination [58], [59], [61]. In the context of self-
driving cars, this bias can lead developers to prioritize and
focus on edge cases or scenarios that have received
significant media attention or public discourse, while
potentially overlooking more common but less salient
situations [58], [59]. This can result in the self-driving car
algorithms being optimized for rare, dramatic events,
rather than the more mundane, everyday driving
situations [58], [59], [61]. For example a study on self-
driving car algorithms revealed an availability bias in the
training data used to develop the systems. The researchers
found that the training data heavily focused on high-
profile incidents, such as fatal collisions involving
pedestrians, which had received significant media

attention [62]. This resulted in the self-driving car
algorithms being optimized to handle these dramatic
scenarios, while potentially overlooking more common,
everyday driving situations [63]. Consequently, the self-
driving cars performed well in highly publicized test cases
but struggled to navigate the nuances of real-world
driving, highlighting the need for a more balanced and
representative training dataset to mitigate the availability
bias [64], [63].

° Affective Bias- Affective bias refers to the
tendency of individuals to make judgments or decisions
based on their emotional responses and feelings, rather
than purely objective data or information [60], [61]. In the
context of self-driving cars, this bias can manifest in the
way the algorithms are trained and designed, as the
developers may inadvertently incorporate their own
emotional associations or biases into the decision-making
process [60], [61]. For instance, a study conducted by
researchers at the University of Michigan found that self-
driving car algorithms can exhibit gender bias when it
comes to pedestrian detection and response [65]. The
study showed that the algorithms were less likely to
identify female pedestrians, potentially leading to
increased risk for women in real-world scenarios [65].
This affective bias, rooted in societal stereotypes and
norms, highlights the importance of thorough testing and
evaluation of self-driving car systems to ensure fair and
unbiased decision-making [65]. This bias can lead to
suboptimal decision-making and potentially endanger the
safety of other road users, undermining the core purpose
of self-driving technology [60], [61].

3.5 Ethical Implications of Bias in Autonomous
Vehicles Artificial Intelligence and Machine
Learning

The proliferation of autonomous vehicles (AVs) powered
by artificial intelligence (Al) and machine learning (ML)
has raised profound ethical concerns regarding the
potential biases inherent in these systems [66]. The ethical
considerations surrounding biases in AI/ML for AVs are
multifaceted, encompassing issues of safety, transparency,
accountability, and the promotion of fairness [66]. The
deployment of Al-driven AVs poses significant risks if the
underlying algorithms exhibit biases, which can lead to
discriminatory treatment and unfair outcomes [67]. These
biases may manifest in the decision-making processes of
AVs, potentially resulting in the differential treatment of
individuals based on factors such as race, gender, or age
[68], [69]. Such biases could have severe consequences,
potentially compromising the safety of certain groups and
undermining the core principles of equitable
transportation [67]. Furthermore, the complexity and
opacity of the AI/ML models used in AVs can make it
challenging to identify and mitigate these biases [70]. The
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inherent difficulty in ensuring algorithmic transparency
and explicability heightens the ethical dilemmas
surrounding the deployment of these technologies [66].

3.6 Strategies for Detecting Biases in Self Driving
Cars Artificial Intelligence and Machine Learning

Identifying and addressing biases in the AI/ML systems
powering self-driving cars is a critical challenge.
Approaches such as algorithmic auditing, testing on
diverse datasets, and building in explainability and
interpretability can help detect biases in areas like object
detection, pedestrian recognition, and traffic scenario
handling [71]. However, the complexity of these systems,
the difficulty in obtaining comprehensive training data,
and the evolving nature of on-road scenarios pose
significant hurdles in fully eliminating biases. Continued
research, standardized testing frameworks, and close
collaboration between developers, domain experts, and
impacted communities are necessary to make meaningful
progress in this space [71].

3.7 Detection of Famous Forms of Biases found in
Self Driving Vehicles Artificial Intelligence

° Discovering Availability Bias- The availability
bias is a cognitive shortcut that leads individuals to rely on
information that is readily available when making
decisions [72]. To detect availability bias in autonomous
vehicles, researchers have analyzed class imbalances in
the datasets used to train pedestrian detection algorithms
[74]. They have found that these algorithms may be less
accurate in recognizing individuals with disabilities or
from minority groups, as the training data often lacks
sufficient representation of these populations [73]. One
study by the National Institute for Transportation and
Communities found that "black pedestrians were passed
by twice as many cars and experienced wait times that
were 32% longer than white pedestrians" when
interacting with autonomous vehicles [78]. The
researchers call for automotive manufacturers and the
government to collaborate in building regulations that
objectively measure the fairness and safety of these
autonomous driving systems, as the current provisions for
fairness are limited and can have a major impact on
pedestrian safety [78]. To address this availability bias in
self-driving cars, machine learning algorithms can be
applied for object recognition and behavior monitoring in
advanced driver-assistance systems (ADAS) [79]. These
ML techniques, such as Faster R-CNN and YOLO, enable
the accurate real-time detection and classification of
objects, including pedestrians with darker skin tones and
children, to improve the safety and fairness of
autonomous vehicle navigation [80]. Additionally, the lack
of transparency in many pedestrian detection algorithms,
particularly those based on deep learning techniques,

makes it difficult to understand how these systems arrive
at their classifications [73]. Measures to improve dataset
diversity and establish external oversight and regulation
of these algorithms can help identify and mitigate
availability bias [73].

° Identifying Affective Bias- Affective bias refers
to the influence of emotional responses and cognitive
biases on decision-making [76]. Researchers have used
various methods to study the impact of affective bias on
autonomous vehicle decision-making, such as analyzing
users' physiological responses, including heart rate,
muscle activity, eye movements, and brain waves, during
real-world or simulated driving scenarios [75]. For
example, researchers at Delft University of Technology
have proposed an approach involving analyzing the
sensitivity and selectivity of neurons in convolutional
neural network (CNN) models, which can reveal affective
biases towards certain features or classes [77].
Additionally, examining the attention maps of vision
transformer (ViT) models can help identify whether the
models are disproportionately focusing on certain image
regions, potentially indicating biases [77]. By applying
these techniques, researchers can uncover the specific
biases inherent in different model architectures and guide
the development of more balanced and equitable Al
systems for self-driving cars [77]. These studies have
found that people may feel safer and prefer to maintain
control of the vehicle, even if the autonomous system is
performing equally well [75]. To address affective bias,
developers of autonomous vehicles can focus on
improving dataset diversity, preventing and remediating
algorithmic bias, and establishing standards for external
oversight and regulation [73]. Additionally, fostering a
better understanding of the underlying technology and its
capabilities through public education and engagement can
help build trust and acceptance [75].

4. Artificial Intelligence and Machine Learning in
Financial Systems

Artificial Intelligence (AI) and Machine Learning (ML)
have emerged as transformative technologies in the
financial sector, revolutionizing various aspects of the
industry [81], [82], [83]. These advanced techniques have
enabled financial institutions to enhance customer
experiences, democratize financial services, ensure
consumer protection, and significantly improve risk
management [83].The integration of Al and ML has
empowered financial organizations to gain deeper insights
into market dynamics, predict consumer behavior more
accurately, optimize production schedules, and streamline
distribution processes [82], [84]. By leveraging Al
algorithms and ML models, the finance sector can make
data-driven decisions with greater precision and agility,
driving innovation, Erowth, and competitiveness [84].
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4.1 History of  Artificial
Advancements in The Finance Sector

Intelligence

The adoption and development of Artificial Intelligence
(AD) and Machine Learning (ML) within the finance sector
has undergone a remarkable evolution over the past few
decades [85]. In the 1970s and 1980s, pioneering efforts
focused on utilizing expert systems and rule-based
algorithms for tasks such as credit scoring and fraud
detection [86]. The 1990s and 2000s saw a surge in the
adoption of more advanced statistical and neural network
models, enabling financial institutions to tackle
increasingly complex problems like portfolio optimization
and algorithmic trading [86], [87]. A significant milestone
was the development of Deep Learning techniques in the
late 2000s, which revolutionized the field of computer
vision and natural language processing, leading to
breakthroughs in areas like anomaly detection, sentiment
analysis, and predictive modeling within the finance
industry [87], [88]. The proliferation of big data and the
increased computational power of modern hardware have
further accelerated the deployment of Al-driven solutions
across banking, investment management, and insurance
sectors [89]. Today, Al and ML have become indispensable
tools in the finance industry, automating repetitive tasks,
enhancing decision-making, and providing personalized
services to customers, transforming the landscape of the
financial ecosystem and promising continued innovation
and competitive advantages for organizations that
embrace this digital transformation.

4.2 Notable Artificial Intelligence and Machine
Learning Technologies in the Sector of Finance

Artificial intelligence (AI) and machine learning (ML) have
become integral to the financial sector, powering a wide
range of applications and driving innovation. One of the
key AI/ML technologies used in finance is natural
language processing (NLP), which enables the extraction
of insights from unstructured data such as financial
reports, news articles, and social media [90]. NLP
algorithms are employed to analyze sentiment, detect
anomalies, and identify potential risks or opportunities
[91]. Another prominent AI/ML technique used in finance
is predictive analytics, which leverages historical data and
complex models to forecast market trends, stock prices,
and customer behavior [92], [93]. Financial institutions
also utilize machine learning models, such as neural
networks and decision trees, to automate and optimize
investment strategies, credit risk assessment, and fraud
detection [93], [94]. Additionally, reinforcement learning
algorithms are used in areas like algorithmic trading,
where they can learn and adapt to market conditions to
make real-time investment decisions [94]. The integration
of these AI/ML technologies has enabled financial

institutions to enhance decision-making, improve
operational efficiency, and provide personalized services
to clients, ultimately driving competitive advantage in the
industry.

4.3 Artificial Intelligence Biases in The Finance
Industry

Al and ML systems used in the financial industry are
increasingly susceptible to various forms of bias [95].
These biases can emerge from the data used to train the
models, the algorithms employed, or the assumptions and
design choices made by the developers [95]. Such biases
can lead to unfair and discriminatory decision-making,
negatively impacting access to financial services, loan
approvals, and other critical outcomes, with significant
societal implications. Addressing these biases in AI/ML
systems within the finance sector is crucial to ensure
fairness, transparency, and ethical practices in this
domain.

4.4 Popular Types of Artificial Intelligence Biases
found in The Finance Industry

° Selection Bias- Selection bias can occur in
financial systems when the data used to train machine
learning models is not representative of the entire
population. This can happen when the data only includes
information from certain demographics or geographic
regions, or when certain groups are underrepresented in
the data [96], [97]. This can lead to models that perform
poorly or make biased decisions for those
underrepresented groups. A study examining the use of
Al-powered credit scoring models found that the training
data often lacked representation from certain
demographic groups, such as racial minorities and low-
income individuals [98]. This led to the models exhibiting
biases against these underrepresented groups, resulting in
them being unfairly denied access to credit or offered less
favorable lending terms [98]. The lack of diverse and
representative data used to train these Al models was a
key factor contributing to the perpetuation of existing
socioeconomic inequalities through the credit decision-
making process.

° Systematic Bias- Systematic bias in financial
systems can arise from the underlying assumptions or
design choices made in the development of machine
learning models. This type of bias can be particularly
problematic because it is often more difficult to detect and
can be perpetuated through the repeated use of the biased
model [96], [97]. For example, a study found that
mortgage algorithms systematically charged higher
interest rates to Black and Latino borrowers compared to
white borrowers, perpetuating existing socioeconomic
disparities [99]. This type of biased decision-making can
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have a lasting impact on the financial well-being of
affected individuals and communities. This type of bias can
lead to unfair and discriminatory outcomes, undermining
the fairness and integrity of the financial system.
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Chart -2: Flowchart illustrating the use of Al and ML in
financial systems for stock portfolio management. The
image highlights potential biases in data sources and
predictive models, such as sentiment analysis, VIX data,
and news trends, which can affect investment decisions
and portfolio balancing algorithms.

4.5 Ethical implications of Bias in Financial
Systems Artificial Intelligence and Machine
Learning

The widespread adoption of artificial intelligence (AI) and
machine learning (ML) in the finance industry has raised
significant ethical concerns [100], [101], [103]. These
technologies have the potential to embed and amplify
biases, leading to unfair and discriminatory outcomes that
can severely impact individuals' access to critical financial
services [101], [102]. Biases can manifest in various forms,
such as racial, gender, or socioeconomic discrimination,
perpetuating existing inequalities and undermining the
principles of fairness and equal opportunity [101], [102].
Furthermore, the inherent opacity of AI/ML models, often
referred to as the "black box" problem, makes it
challenging to identify the root causes of these biases and
hold the responsible parties accountable [100], [101].
Consequently, the ethical implications of AI/ML in finance
extend beyond just individual harm, as they can also
undermine public trust in the financial system and
jeopardize its overall stability [102]. Addressing these
ethical concerns is crucial to ensure the responsible and
equitable deployment of AI/ML technologies in the finance
sector.

4.6 Strategies for Detecting Biases in Financial
Artificial Intelligence and Machine Learning

Financial institutions must proactively address the issue of
bias in their AI/ML systems used for decision-making. This

J ,‘ Monte Carlo |
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involves implementing comprehensive strategies to
identify and detect such biases. Some key approaches
include conducting regular audits of the algorithms,
monitoring for data and concept drift over time, and
leveraging techniques like reverse-engineering to gain
visibility into opaque "black box" models [104]. However,
detecting AI/ML biases can be inherently challenging, as
the biases may not be immediately apparent and may only
become visible after the fact [104]. Continuously assessing
the algorithms and data sources for potential sources of
bias, while maintaining strong governance and
transparency, is crucial for financial firms to mitigate the
risks of unfair and discriminatory outcomes.

4.7 Detection of Famous Forms of Biases found in
Financial Artificial Intelligence

. Uncovering Selection Bias- Selection bias in the
finance industry refers to the situation where the training
data used for Al and machine learning systems is not large
or representative enough, leading to skewed results [105].
To detect selection bias, organizations should look at
reducing the possibility of biased data sets in all phases of
their data pipeline. This includes examining the data
collection process for incomplete or unrepresentative
data, and ensuring data preparation and labeling do not
introduce further bias [105]. Tools like Fairlearn can be
used to measure disparities in selection rates between
different population subgroups and implement constraints
to equalize the odds [106]. Additionally, techniques like
adversarial debiasing and dynamic upsampling of training
data can help mitigate selection bias [105]. A study on
credit risk prediction models revealed that the training
data used to develop these models was skewed towards
individuals from higher socioeconomic backgrounds,
leading to biased model predictions that disadvantaged
lower-income applicants [110], [111]. The researchers
employed techniques such as causal graph fuzzing and
statistical fairness assessments to identify the presence of
this selection bias, quantifying the degree to which the
models made decisions that systematically discriminated
against certain demographic groups [111]. The findings
highlight the importance of carefully evaluating the
representativeness of training data and the potential for
Al/ML models to perpetuate societal biases if not designed
and deployed with rigorous fairness considerations [110],
[111]. Applying adversarial debiasing can help reduce this
by training the model to be less predictive of protected
attributes while maintaining accuracy [105].

° Locating Systematic Bias- Systematic bias can
inadvertently creep into AI/ML systems during their
development, affecting critical processes like credit
decisioning, risk management, and compliance [105],
[108]. To detect systematic bias, various methods and
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tools can be utilized. These include statistical calibration,
use of regularizers, resampling data, and deploying fair
machine learning models [108], [109]. Organizations
should also monitor for bias before, during, and after
modeling by ensuring equal performance across protected
groups [105]. Tools like the Metrics package in R can help
quantify and mitigate the impact of bias [105]. Research
analyzing Home Mortgage Disclosure Act data found
systematic bias in loan denial rates, with higher rejection
rates for Asian, Black, and Hispanic borrowers compared
to white borrowers [112]. This highlighted the potential
for pre-existing biases to be replicated by Al-powered
lending decisions [112]. To detect bias in AI/ML models,
researchers have employed techniques such as ensuring
equal probability of favorable outcomes across protected
groups, maintaining equal predictive performance metrics,
and minimizing statistical disparities [112]. These
techniques help identify biases in data, model design, and
outputs, enabling organizations to enhance the fairness of
their Al systems [112]. Furthermore, having a diverse
team of data scientists and engineers can help broaden the
perspectives and identify potential sources of systematic
bias [107].

5. Artificial Intelligence and Machine Learning in
the Hiring Process

Al and machine learning have revolutionized the hiring
process, offering organizations efficient and data-driven
approaches to talent acquisition [113], [114]. These
technologies enable automated screening, candidate
evaluation, and decision-making, streamlining the process
and reducing the impact of human bias [113], [114]. The
potential benefits of Al and ML in hiring include increased
efficiency, reduced time and costs, and more informed,
evidence-based decision-making, ultimately leading to
higher-quality hires and a more productive workforce
[113],[114].

5.1 History of  Artificial
Advancements in the Hiring Process

Intelligence

In the early 2000s, the recruitment process began seeing
the initial adoption of AI/ML technology, primarily for
automating repetitive tasks such as sourcing and
screening candidates [115]. A key milestone in the 2000s
was the integration of natural language processing (NLP),
which enabled Al algorithms to understand and interpret
human language with nuance, idioms, and emotional
context [115]. This significantly enhanced the ability of Al
to analyze job descriptions and resumes, leading to more
accurate candidate-job matching.The emergence of Al-
powered applicant tracking systems (ATS) in the late
2000s and early 2010s revolutionized the management of
talent pools. These sophisticated systems could efficiently

store, organize, and search through vast candidate
databases, automatically ranking and prioritizing
applicants based on their qualifications and suitability
[115]. In the 2010-2015 period, Al saw significant
breakthroughs and developments in its integration with
recruitment. Key advancements included the automation
of resume screening, intelligent candidate matching,
enhanced candidate sourcing, predictive analytics in
hiring, and Al-driven skill assessments [115]. From 2016
to 2020, the recruitment sector witnessed a rapid
expansion of Al adoption. Al high-performing
organizations were identified, investing more in Al efforts
and gaining a competitive edge through improved
efficiency, data-driven decision-making, and a stronger
ability to attract talent [116]. In the most recent years,
from 2021 to the present, Al has become widely adopted
in recruitment, automating and streamlining various
processes. The focus has shifted to promoting diversity
and inclusion through unbiased candidate evaluation and
diverse sourcing algorithms, while the role of the human
recruiter remains crucial in interpreting Al-generated
results [117].

5.2 Notable Artificial Intelligence and Machine
Learning Technologies in the Recruitment
Process

Al and ML algorithms have become increasingly prevalent
in the recruitment process, revolutionizing how
organizations identify, evaluate, and hire top talent. Some
of the key Al and ML technologies employed in the
recruitment sector include Natural Language Processing
(NLP) algorithms, which enable machines to understand
and interpret human language, facilitating the extraction
of relevant information from resumes and cover letters
[118]. Machine Learning (ML) models, trained on large
datasets of past hiring data, can predict candidate
suitability, rank applicants, and identify high-potential
individuals [118]. Classification Algorithms, such as
Support Vector Machines and Decision Trees, can
efficiently filter out unqualified candidates based on
predefined criteria [118]. Clustering Algorithms group
candidates with similar skills and backgrounds, allowing
recruiters to target specific talent pools [118]. Sentiment
Analysis models evaluate candidates' attitudes, values, and
personality traits through their written communication,
providing insights into cultural fit [118]. Bias Detection
and Mitigation algorithms are designed to identify and
address biases in the hiring process, promoting fairness
and diversity [118]. These Al and ML technologies are
integrated into Applicant Tracking Systems (ATS) and
other recruitment platforms, streamlining the entire
hiring process, from resume screening to candidate
matching and selection [118].
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Fig -4: Illustration of an Applicant Tracking System (ATS)
used in hiring processes. The image demonstrates how
AI/ML algorithms screen and filter job applicants,
highlighting potential biases that can affect candidate
selection and diversity.

5.3 Artificial Intelligence Biases in The Job
Recruitment Industry

The rapid adoption of Al and ML technologies in the hiring
process has brought to the forefront the issue of
algorithmic biases [119], [120], [121]. These biases can
emerge from the historical data used to train the Al/ML
models, as well as the inherent biases present in the
human-designed algorithms and processes [122], [123].
Such biases can manifest in unfair treatment and exclusion
of certain candidates based on factors like race, gender,
age, and other personal attributes, ultimately undermining
the principles of fairness and diversity in the workplace
[119], [121], [124]. Addressing these biases is crucial to
ensure equitable hiring practices and to prevent the
perpetuation or amplification of societal inequalities
through the use of AI/ML in recruitment [122].

5.4 Popular Types of Artificial Intelligence Biases
found in The Job Recruitment industry

° Algorithmic Bias- Algorithmic bias is a prevalent
issue in the hiring process, where artificial intelligence
(AI) and machine learning (ML) models used for screening
and selection can inadvertently perpetuate unfair biases
[125], [126]. These biases can stem from the training data
used to develop the algorithms, which may reflect
historical patterns of discrimination and
underrepresentation [126], [127]. For example, an Al-
powered resume screening tool developed by Amazon was
found to be biased against women, as the algorithm had
learned to penalize resumes containing the word

"women's", such as "women's chess club captain" [130].
This algorithmic bias was a result of the training data
used, which reflected historical gender biases in hiring
[130]. Such biases in Al-driven hiring tools can have
adverse effects on organizations and broader society by
limiting opportunities for qualified candidates from
underrepresented groups [131]. As a result, the
algorithms can make hiring decisions that systematically
disadvantage certain demographic groups, leading to a
lack of diversity and fairness in the workforce [125], [126],
[129].

° Gender Bias- Another significant type of bias
observed in the hiring process is gender bias [126], [128].
Al-powered hiring tools have been found to exhibit
preferences for traditionally male-dominated roles and
characteristics, often overlooking or undervaluing the
skills and qualifications of female candidates. [126], [128].
A study by researchers at Harvard and MIT found that a
widely used hiring algorithm systematically ranked male
applicants higher than equally qualified female applicants
[132]. The algorithm had been trained on historical hiring
data that reflected traditional gender biases in the
workforce, causing it to replicate and amplify these biases
in the automated hiring process [132]. This highlights how
AI/ML models can perpetuate societal biases if the
training data is not carefully curated to be representative
and unbiased [132]. This bias can have a detrimental
impact on the representation of women in the workforce,
particularly in industries like technology, where gender
imbalance is already a longstanding issue [126], [128]. The
perpetuation of gender bias in hiring can further
exacerbate the gender pay gap and limit career
advancement opportunities for women [126], [128].

5.5 Ethical Implications of Bias in Job Recruiting
Artificial Intelligence and Machine Learning

The increasing deployment of artificial intelligence (AI)
and machine learning (ML) technologies in the hiring
process has raised significant ethical concerns regarding
bias and fairness [133], [134], [126]. These systems,
designed to enhance efficiency and objectivity, can
inadvertently perpetuate existing societal biases and lead
to unfair outcomes for job applicants [134], [137]. The
incorporation of biased data in the training of these
algorithms can result in discriminatory practices, such as
unfairly filtering out candidates based on gender, race, or
other protected characteristics [134], [136]. The lack of
transparency and interpretability in the decision-making
processes of AI/ML hiring systems further exacerbates
these ethical issues, making it challenging to identify and
address the underlying biases [134], [135]. Ethical
considerations in this domain necessitate a holistic
approach, involving diverse and representative datasets,
enhanced algorithmic accountability, and continuous
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monitoring to ensure that Al-driven hiring practices
uphold principles of fairness, equity, and non-
discrimination [137]. Addressing these ethical concerns is
crucial to maintain public trust and ensure that the
benefits of AI/ML technologies in hiring are equitably
distributed.

5.6 Strategies for Detecting Biases in Job
Recruitment Artificial Intelligence and Machine
Learning

Detecting biases in AI/ML systems used for job
recruitment is a crucial step towards ensuring fair and
equitable hiring practices. Researchers have developed
various approaches and techniques to identify these
biases, including analyzing the training data, evaluating
the model's predictions for potential disparate impact, and
auditing the decision-making process for sources of bias
[139]. However, effectively detecting and mitigating biases
in these complex systems poses significant challenges, as
biases can stem from numerous sources, such as the data
used for training, the design of the algorithms, and the
human inputs guiding the process [138]. Additionally, the
lack of transparency in many AI/ML systems can hinder
the ability to thoroughly audit and understand the sources
of bias, presenting a limitation in the comprehensive
detection of these issues [139].

5.7 Detection of Famous Forms of Biases found in
Hiring Process Artificial Intelligence

° Detecting Algorithmic Bias- Algorithmic bias
refers to the systemic and unfair discrimination that can
occur when Al algorithms produce biased outcomes, often
reflecting or exacerbating societal biases [143]. One
approach to detecting algorithmic bias is through
algorithm auditing, whereby the algorithms used in hiring
are subjected to rigorous testing to identify and rectify
biases [143]. For example, the United Nations faced
backlash over its use of a facial recognition tool in the
hiring process, which exhibited racial bias. [145]. The tool
consistently ranked candidates with darker skin tones
lower than their lighter-skinned counterparts, reflecting
biases inherent in the training data [145]. This is an
example of algorithmic bias, where the AI system's
outputs are skewed due to the biases present in the data
and algorithms used to develop it [145]. Researchers have
used various techniques and tools to detect the bias in this
example, such as analyzing the performance of the Al
system across different demographic groups and
identifying the skewed distribution of the training data
that led to the biased outputs [145]. These findings
highlight the need for careful evaluation and mitigation of
bias when deploying Al systems, particularly in high-
stakes applications like hiring, to ensure fair and equitable

outcomes [145]. Additionally, diversifying the training
data used to develop these algorithms and incorporating
fairness constraints into their design can help mitigate
bias and promote equitable outcomes [143]. Researchers
have also proposed the Conditional Demographic
Disparity test, a publicly available tool that can identify
bias in algorithms and provide guidance on how to make
the system fairer and more accurate [141]. Beyond
algorithm-focused methods, promoting diversity and
inclusion within the organization can also help address
algorithmic bias. Ensuring a diverse team of software
engineers and data scientists, including individuals from
different backgrounds, can broaden the perspectives and
assumptions built into the algorithms [142].

. Locating Gender Bias- Gender bias in hiring
refers to the tendency of hiring and recruiting algorithms
to screen out job applicants based on gender [144]. One
effective approach to detecting gender bias involves the
use of Natural Language Processing (NLP) techniques,
such as word embeddings and contextual embeddings.
These methods can analyze the language used in job
descriptions and identify gender-coded words or phrases
that may deter certain candidates from applying [140].
Another prominent example of algorithmic bias detection
in hiring is the case of Google's CV screening tool. In 2018,
researchers found that the tool exhibited gender bias,
systematically downgrading CVs that contained terms
associated with women [146]. To uncover this bias, the
researchers conducted a thorough analysis of the tool's
inner workings and the data used to train it [147]. They
examined the language models and algorithmic decision-
making processes employed by the tool, identifying the
specific ways in which it was discriminating against female
applicants [147]. Additionally, the researchers carried out
controlled experiments, submitting resumes with subtle
differences to test the tool's responses [147]. These
rigorous investigations allowed them to pinpoint the
sources of bias, such as the tool's tendency to prioritize
masculine-coded language and penalize references to
women's activities or organizations [146]. The
researchers’ findings wultimately led Google to
acknowledge the issue and take steps to address the bias
in their hiring algorithms [147]. Machine learning models
can also be trained to classify job descriptions as gender-
neutral or biased, providing quantitative metrics to assess
the level of bias [140]. In addition to algorithmic tools, the
involvement of diverse human reviewers and feedback
loops is crucial for detecting gender bias. Collaborating
with teams that bring varied perspectives can help
uncover conscious and unconscious biases that may have
been overlooked by automated systems [140].
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6. CONCLUSION

In conclusion, this research novel has provided a
comprehensive exploration of the biases inherent in
artificial intelligence (AlI) and machine learning (ML)
systems across critical sectors such as healthcare, hiring,
self-driving cars, and financial systems. Our review
highlights that biases in Al and ML algorithms stem from
various sources, including biased training data,
algorithmic design, and implementation practices, leading
to significant ethical concerns and consequences.

The identified biases, such as measurement, confirmation,
and many other biases, have profound implications for
decision-making processes and societal outcomes. Case
studies examined in this paper illustrate the real-world
impact of biased Al systems, emphasizing the urgent need
for fair and accountable Al development practices.

Addressing these challenges requires a multifaceted
approach. Mitigation strategies proposed include
improving the diversity of training data, implementing
algorithmic fairness techniques, conducting regular audits
and impact assessments, and fostering interdisciplinary
collaboration among Al developers, ethicists, and
policymakers.

Furthermore, the advancement of large language models
(LLMs), such as GPT-4 and its successors, offers a
promising avenue for mitigating biases in Al and ML
systems. LLMs have the potential to enhance algorithmic
transparency, interpretability, and fairness by enabling
researchers to analyze and understand biases more
effectively. Through their ability to process vast amounts
of text data, LLMs can aid in identifying and mitigating
biases during the development and deployment phases of
Al systems.

As we move forward, it is imperative to prioritize ethical
considerations and social responsibility in Al
development. By adopting the proposed mitigation
strategies and leveraging emerging technologies like large
language models, we can work towards creating Al
systems that not only drive technological advancements
but also promote equity, transparency, and trust across
various sectors.
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