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ABSTRACT

The growing use of artificial intelligence (Al) in the clinical decision-making process has also created a critical ethical
dilemma concerning bias, transparency, and patient safety. Although clinical Al systems have been found to offer better
diagnostic precision and efficiency, the large-scale nature of the data they use and intricate algorithms have revealed
systemic risks such as algorithmic bias, lack of explainability, and lack of accountability. Any bias within training data and
model design might be used to support existing health disparities and disproportionately impact marginalized groups of
patients. Concurrently, the lack of transparency in most Al systems compromises clinical trust, informed consent and the
capacity of health care professionals to make any meaningful evaluation of Al-driven recommendations. These weaknesses
significantly increase the possibility of harm to the patients associated with misdiagnosis, improper treatment choices,
and disproportionate quality of care. This paper will explore major ethical shortcomings related to the use of clinical Al
and focus on such concerns as bias and the lack of transparency and discuss the implication of these issues on patient
safety. It also examines the problem of governance and regulatory proposals that can reduce these risks, such as ethical-
by-design solutions, algorithmic audits, requirements on explainability, and human-in-the-loop controls. It is also necessary
to strengthen the structures of governance to make sure that clinical Al systems can be safe, equitable, and in line with
the fundamental medical ethics.

Keywords: Clinical artificial intelligence; Algorithmic bias; Transparency; Patient harm; Healthcare ethics; Al governance
SAMRIDDHI : A Journal of Physical Sciences, Engineering and Technology (2024); DOI: 10.18090/samriddhi.v16i04.10

INTRODUCTION

Artificial intelligence (Al) has steadily been integrated into
clinical practice and is used to assist with activities such as
diagnosticimaging, risk prediction, treatment planning, and
patient triage. These technologies have been popularized
with regards to their ability to increase efficiency, accuracy
and consistency in healthcare delivery. No matter the
advantages, however, the quick adoption of Al in clinical
decision-making has brought significant ethical issues
associated with bias, transparency, accountability, and
patient safety. With higher stakes in medical decisions shaped
by Al systems, ethical failure in systems and thesauri of Al
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governance creates a major risk to individual patients and
health systems in general (Challen et al., 2019; Zhang and
Zhang, 2023).

One of the most pressing challenges in clinical Al is
algorithmic bias. Bias can emerge from unrepresentative
training data, flawed assumptions embedded in model
design, or structural inequities within healthcare systems,
leading to systematically different outcomes across patient
populations (Abramoff et al., 2023; Chin et al., 2023).
Such biases risk reinforcing existing racial, ethnic, and

socioeconomic disparities in healthcare access and outcomes,
directly contradicting the ethical principle of justice that
underpins medical practice (Min, 2023; Karimian et al., 2022).
Empirical evidence has demonstrated that biased clinical Al
systems can compromise diagnostic accuracy and clinical
safety, ultimately exposing patients to preventable harm
(Challen et al., 2019).

Transparency and explainability represent a parallel
ethical concern. Many advanced Al models operate as “black
boxes,” producing outputs that are difficult for clinicians and
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patients to interpret or challenge. This opacity undermines
professional accountability, informed consent, and trust in
clinical decision-making processes (Smith, 2021; Reddy et
al., 2020). Without sufficient transparency, clinicians may
struggle to understand the limitations of Al-generated
recommendations, increasing the likelihood of automation
bias and inappropriate reliance on algorithmic outputs
(Prakash et al., 2022; Fournier-Tombs & McHardy, 2023).

Recognizing these risks, international organizations and
scholars have emphasized the need for robust ethical and
governance frameworks for clinical Al. The World Health
Organization has highlighted principles such as fairness,
transparency, human oversight, and accountability as
foundational requirements for trustworthy Al in health (WHO,
2021). Recent scholarship further underscores the importance
of operationalizing these principles through governance
mechanisms such as algorithmic auditing, bias mitigation
strategies, and clearly defined accountability structures
across the Al lifecycle (Mensah, 2023; Solanki et al., 2023;
Herington et al., 2023).

Against this backdrop, this study examines the
interconnected issues of bias, transparency, and patient harm
in clinical Al systems. It critically explores how ethical failures
emerge in practice and evaluates governance solutions
aimed at mitigating these risks. By synthesizing ethical theory,
empirical evidence, and policy-oriented frameworks, the
paper seeks to contribute to ongoing efforts to ensure that
clinical Al systems are safe, equitable, and aligned with core
medical and societal values (Zhang & Zhang, 2023; Wang et
al., 2023).

Bias in Clinical Al Systems

Bias in clinical artificial intelligence (Al) systems represents
one of the most persistent ethical challenges in contemporary
healthcare, with direct implications for patient safety, equity,
and quality of care. Clinical Al tools are often trained on
historical health data that reflect existing social, economic,
and institutional inequities. As a result, these systems may
reproduce or amplify disparities across race, ethnicity, gender,
age, and socioeconomic status, rather than mitigating them
(Challen et al., 2019; Zhang & Zhang, 2023). Bias can emerge at
multiple stages of the Al lifecycle, including data collection,
model development, validation, deployment, and post-
market use.

A primary source of bias lies in unrepresentative or poor-
quality datasets. Many clinical datasets disproportionately
reflect populations from high-income settings, majority
ethnic groups, orindividuals with better access to healthcare
services. When Al models trained on such data are applied
to broader or more diverse populations, their predictive
accuracy and clinical reliability often decline, increasing the
risk of misdiagnosis and inappropriate treatment decisions
(WHO, 2021; Abramoff et al., 2023). This problem is particularly
pronounced in areas such as medical imaging, risk prediction,
and triage systems, where subtle biases can translate into
clinically significant errors (Herington et al., 2023).
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Beyond data-related issues, bias may also be introduced
through algorithm design choices and optimization
objectives. Models optimized for overall accuracy may
perform well on average while masking systematically
poorer outcomes for minority subgroups. Such performance
trade-offs raise ethical concerns, as they conflict with core
medical principles of justice and non-maleficence (Reddy et
al., 2020; Prakash et al., 2022). Moreover, opaque or poorly
documented models limit clinicians’ ability to detect biased
outputs, further compounding patient risk (Smith, 2021).

The governance challenge is intensified by the dynamic
nature of clinical environments. Al systems may drift over
time as population characteristics, clinical practices, or
disease patterns change, leading to emergent bias even in
systems that were initially well-calibrated (Mensah, 2023).
Without continuous monitoring and auditing, such biases
can remain undetected and institutionalized within routine
care pathways (Solanki et al., 2023).

Addressing bias in clinical Al therefore requires more than
technical fixes. Ethical governance frameworks increasingly
emphasize inclusive data practices, subgroup performance
evaluation, transparency in model development, and
continuous post-deployment auditing (WHO, 2021; Fournier-
Tombs & McHardy, 2023). These measures are essential to
ensure that clinical Al systems support equitable healthcare
delivery rather than entrenching existing disparities.

Transparency and Explainability Challenges

Transparency and explainability remain among the most
persistent ethical challenges in the deployment of clinical
artificial intelligence (Al) systems. Many high-performing
clinical Almodels, particularly those based on deep learning
operate as complex, opaque systems whose internal decision-
making processes are not readily interpretable by clinicians
or patients. This “black-box” characteristic undermines
trust, limits meaningful clinical oversight, and complicates
accountability when Al-assisted decisions contribute to
patient harm (Smith, 2021; Challen et al., 2019).

A central challenge is the disconnect between technical
explainability and clinical interpretability. While developers
may provide mathematical or feature-level explanations,
these are often insufficient for clinicians who require context-
sensitive, clinically meaningful rationales to support diagnosis
or treatment decisions (Zhang & Zhang, 2023; Reddy et al.,
2020). As aresult, clinicians may either over-rely on Al outputs
without adequate scrutiny or disregard potentially valuable
recommendations due to a lack of understanding, both of
which pose risks to patient safety.

Transparency deficits also impair informed consent
and patient autonomy. Patients are rarely informed about
how Al systems influence their care, the data sources used
to train these models, or the limitations and uncertainties
embedded in algorithmic outputs (WHO, 2021; Prakash et
al., 2022). This lack of disclosure conflicts with core medical
ethics principles, particularly respect for persons and shared
decision-making.
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Table 1: Summarizes key types of bias observed in clinical Al systems, their sources, and potential impacts on patient care

Type of Bias Primary Source Clinical Impact Ethical Implications

Data Underrepresentation of Reduced diagnostic Reinforcement of health inequities

Representation  certain demographic groupsin accuracy for minority (Challen et al., 2019; Chin et al.,

Bias training datasets populations 2023)

Measurement  Inconsistent data collection Systematic misclassification =~ Compromised patient safety and

Bias methods or proxy variables of patient risk trust (WHO, 2021)

Algorithmic Optimization for aggregate Unequal treatment Violation of justice and fairness

Design Bias performance rather than recommendations principles (Zhang & Zhang, 2023)
subgroup fairness

Deployment Use of Al outside its validated Increased errors in real- Accountability and liability

Bias clinical context world settings concerns (Smith, 2021)

Temporal Bias
(Model Drift)

Changes in population or
clinical practice over time

Degradation of model
reliability

Need for continuous governance
and oversight (Mensah, 2023)

Table 2: Summarizes key transparency and explainability challenges in clinical Al, their ethical implications, and commonly
proposed mitigation approaches

Challenge Description

Ethical Implications

Governance and Mitigation Approaches

Black-box decision- Use of complex models

Undermines trust,

Explainable Al techniques; model documentation

making

Limited clinical
interpretability

Inadequate disclosure

with non-interpretable
internal logic

Technical explanations
not aligned with clinical
reasoning

Lack of transparency about

accountability, and clinical
responsibility

Increased risk of misuse or
over-reliance by clinicians

Weakens informed consent

standards (Smith, 2021; Zhang & Zhang, 2023)

Clinician-centered explanation design; human-in-
the-loop oversight (Reddy et al., 2020; Herington et
al., 2023)

Transparency policies; patient-facing explanations

to patients Al use in care decisions

Hidden bias and
performance gaps

Opaque data sources and

validation processes disparities

Regulatory opacity Difficulty assessing safety

and effectiveness

and patient autonomy

Reinforcement of health

Reduced regulatory
oversight and liability clarity

(WHO, 2021; Fournier-Tombs & McHardy, 2023)

Algorithmic audits; subgroup performance
reporting (Abramoff et al., 2023; Chin et al., 2023)

Standardized reporting, post-deployment
monitoring (Karimian et al., 2022; Solanki et al.,
2023)

From a governance perspective, insufficient transparency
complicates bias detection and mitigation. Without clear
documentation of data provenance, model assumptions,
and performance across subpopulations, biased outcomes
may remain hidden until harm occurs, disproportionately
affecting vulnerable or underrepresented groups (Abramoff
et al., 2023; Chin et al., 2023). Moreover, regulatory bodies
face challenges in evaluating and certifying Al tools whose
decision logic cannot be independently audited (Karimian
et al., 2022).

Overall, transparency and explainability challenges are
not merely technical limitations but systemic ethical failures
that affect trust, equity, and safety in clinical Al. Addressing
these challenges requires coordinated governance efforts
that integrate technical explainability with ethical principles,
clinical practice needs, and robust regulatory oversight to
ensure responsible and trustworthy Al in healthcare (Mensah,
2023; WHO, 2021).
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Patient Harm and Safety Risks
The deployment of artificial intelligence in clinical
environments introduces a distinct category of patient
harm and safety risks that extend beyond traditional
medical errors. These risks primarily arise from algorithmic
bias, opacity in decision-making processes, and inadequate
governance structures, all of which can compromise clinical
judgment and patient outcomes. When Al systems are trained
on incomplete, unrepresentative, or historically biased
datasets, they may systematically underperform for certain
demographic groups, leading to misdiagnosis, delayed
interventions, or inappropriate treatment recommendations
(Challen et al., 2019; Abramoff et al., 2023). Such failures can
exacerbate existing health inequities, particularly for racial,
ethnic, and socioeconomically marginalized populations
(Chin et al., 2023).

A significant safety concern stems from the limited
transparency and explainability of many clinical Al systems.
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Black-box models restrict clinicians’ ability to interrogate
Al outputs, making it difficult to detect errors, understand
underlying assumptions, or appropriately challenge incorrect
recommendations (Smith, 2021; Zhang & Zhang, 2023). This
opacity can foster automation bias, where clinicians over-rely
on Al-generated outputs despite conflicting clinical evidence,
thereby increasing the likelihood of patient harm (Reddy et
al., 2020). In high-stakes settings such as diagnostics, medical
imaging, and triage, such overreliance may result in severe or
irreversible adverse outcomes (Herington et al., 2023).

Patient safety risks are further amplified by gaps in
accountability and responsibility. When Al-driven decisions
contribute to clinical harm, it is often unclear whether liability
rests with clinicians, developers, healthcare institutions, or
regulators (Smith, 2021; Prakash et al., 2022). This ambiguity
weakens incentives for rigorous testing, post-deployment
monitoring, and continuous performance evaluation.
Moreover, insufficient governance mechanisms can allow
harmful models to remain in use despite evidence of bias or
declining performance in real-world clinical contexts (WHO,
2021; Solanki et al., 2023).

Emerging conversational and generative Al tools in
healthcare also present new vectors of patient harm, including
the dissemination of inaccurate medical information, privacy
breaches, and inappropriate clinical guidance when used
without adequate oversight (Fournier-Tombs & McHardy,
2023; Wang et al., 2023). Collectively, these risks highlight the
necessity of embedding safety-oriented design principles,
continuous auditing, and human-in-the-loop safeguards to
protect patients from unintended consequences of clinical
Al systems (Mensah, 2023; Karimian et al., 2022).

Ethical and Regulatory Gaps

Despite the rapid integration of artificial intelligence into
clinical practice, significant ethical and regulatory gaps
persist, undermining the safe, equitable, and trustworthy
use of clinical Al systems. Existing frameworks acknowledge
core ethical principles such as fairness, transparency,
accountability, and patient safety but their translation into
enforceable standards and operational practices remains
inconsistent and fragmented (Guidance, W.H. 0., 2021; Zhang
& Zhang, 2023).

A major ethical gap lies in bias oversight and mitigation.
While bias in clinical Al is widely recognized, there is no
universally mandated requirement for bias auditing across
the Al lifecycle, from data collection to post-deployment
monitoring. As a result, biased datasets and models can
perpetuate or exacerbate health inequities, particularly
for racial, ethnic, and socioeconomically marginalized
populations (Challen et al., 2019; Abramoff et al., 2023; Chin
et al,, 2023). Current regulations often focus on technical
performance rather than equity outcomes, leaving bias-
related patient harm insufficiently addressed (Mensah, 2023;
Min, 2023).

Another critical gap concerns transparency and
explainability. Many clinical Al tools operate as opaque
“black-box” systems, limiting clinicians’ ability to interrogate,
challenge, or contextualize algorithmic recommendations.
Although ethical guidelines advocate explainable Al,
regulatory requirements rarely specify acceptable
levels of explainability or how explanations should be
communicated to clinicians and patients (Smith, 2021;
Prakash et al., 2022). This opacity complicates informed

Persistent gap
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Fig 1: This figure illustrates changes in adverse patient outcome rates across demographic groups before and after clinical Al

deployment. While overall reductions are observed, persistent disparities highlight areas where algorithmic bias and limited

model transparency may continue to contribute to patient harm, underscoring the need for equity-focused validation and
oversight
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Table 3: Major Ethical and Regulatory Gaps in Clinical Al

Domain Identified Gap Implications for Patient Care Key Sources

Algorithmic Bias  Lack of mandatory Reinforcement of health Challen et al. (2019); Abramoff et
bias audits and equity disparities; unequal diagnostic al. (2023); Chin et al. (2023)
benchmarks and treatment outcomes

Transparency

Accountability

Regulation

Governance
Implementation

Absence of enforceable
explainability standards

Unclear allocation of
responsibility for Al-related
harm

Fragmented and non-
harmonized regulatory
approaches

Ethical guidelines not
operationalized into

Reduced clinical trust; weakened
informed consent and oversight

Legal ambiguity; limited recourse
for patients

Inconsistent safety and ethical
compliance across systems and
regions

Voluntary, uneven, and reactive
ethical compliance

Smith (2021); Prakash et al.
(2022); Herington et al. (2023)

Reddy et al. (2020); Smith (2021)

Zhang & Zhang (2023); Guidance,
W. H. Q. (2021)

Solanki et al. (2023); Karimian et
al. (2022)

binding practice

consent, weakens professional accountability, and erodes
trust in Al-supported care (Herington et al., 2023; Fournier-
Tombs & McHardy, 2023).

Accountability and liability represent further unresolved
regulatory challenges. In cases of Al-related patient harm,
responsibility is often diffused among developers, healthcare
institutions, clinicians, and regulators. Existing medical
liability frameworks were not designed for autonomous or
semi-autonomous decision-support systems, resulting in
ambiguity about legal responsibility and limited incentives for
proactive risk management (Reddy et al., 2020; Smith, 2021).
This regulatory uncertainty can discourage transparency
around system limitations and adverse events.

Finally, there is a gap between ethical principles and
practical governance implementation. While multiple
frameworks propose ethical-by-design, human-in-the-loop
oversight, and continuous monitoring, these measures are
not consistently enforced through binding regulation or
standardized governance models (Solanki et al., 2023; Wang
et al., 2023; Karimian et al., 2022). Consequently, ethical
compliance often remains voluntary, uneven, and reactive
rather than systematic and preventive.

Overall, these ethical and regulatory gaps demonstrate
that existing approaches to clinical Al governance lag behind
technological advancement. Addressing these shortcomings
requires moving beyond high-level ethical declarations
toward enforceable, context-sensitive regulatory mechanisms
that integrate bias mitigation, transparency, accountability,
and continuous oversight as core requirements of clinical Al
deployment (Guidance, W.H. 0., 2021; Zhang & Zhang, 2023).

Governance and Policy Solutions

Addressing bias, opacity, and patient harm in clinical
artificial intelligence requires robust governance and
policy frameworks that extend across the entire Al lifecycle,
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from design and data collection to deployment and post-
market surveillance. A central governance priority is the
establishment of clear accountability structures that define
the roles and responsibilities of developers, healthcare
institutions, clinicians, and regulators. Without explicit
accountability, ethical failures such as biased outcomes
or unsafe recommendations risk being diffused across
stakeholders, undermining patient protection and trust
(Smith, 2021; Reddy et al., 2020).

Policy solutions increasingly emphasize ethical-by-design
and ethics-by-governance approaches, whereby ethical
principles are embedded directly into system development
rather than addressed retrospectively. This includes
mandatory bias assessments, diverse and representative
training datasets, and continuous monitoring for disparate
impacts on vulnerable populations (Mensah, 2023; Abramoff
et al., 2023). Governance frameworks proposed in the
literature stress the importance of algorithmic auditing and
impact assessments as routine regulatory requirements,
particularly for high-risk clinical Al applications that influence
diagnosis or treatment decisions (Zhang & Zhang, 2023;
Challen et al., 2019).

Transparency and explainability are also critical policy
levers. Regulators and healthcare organizations are
increasingly urged to require explainable Al models or,
at minimum, meaningful transparency regarding system
limitations, data provenance, and performance variability
across patient groups. Such measures support clinical
oversight, informed consent, and professional accountability,
while reducing the risks associated with “black-box” decision-
making (WHO, 2021; Smith, 2021). In parallel, governance
models advocate for human-in-the-loop mechanisms to
ensure that Al systems augment rather than replace clinical
judgment, particularly in safety-critical contexts (Reddy et
al., 2020; Prakash et al., 2022).
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From an institutional perspective, multidisciplinary Al ethics
committees and governance boards have been proposed
as mechanisms to oversee procurement, deployment, and
ongoing evaluation of clinical Al tools. These bodies can
integrate ethical, legal, technical, and clinical expertise
to assess risks, respond to emerging harms, and ensure
alignment with professional and societal values (Herington
et al., 2023; Fournier-Tombs & McHardy, 2023). Additionally,
governance frameworks increasingly recognize the need to
explicitly address racial, ethnic, and socioeconomic disparities
by incorporating equity-focused principles and metrics into
policy and regulatory standards (Chin et al., 2023; Min, 2023).

At the policy level, harmonization between ethical
guidelines, clinical standards, and regulatory enforcement
remains a key challenge. While high-level ethical guidance is
well established, effective governance requires enforceable
standards, post-deployment surveillance, and clear liability
pathways when patient harm occurs (Karimian et al.,
2022; Solanki et al., 2023). Emerging discussions around
conversational and generative Al in healthcare further
underscore the need for adaptive governance models
capable of responding to rapidly evolving technologies and
use cases (Wang et al.,, 2023).

Overall, governance and policy solutions must move
beyond aspirational ethics toward operational, enforceable
mechanisms that prioritize patient safety, equity, and
accountability. Strengthened regulatory oversight,
institutional governance structures, and ethically grounded
design practices are essential to ensuring that clinical Al
systems deliver their promised benefits without exacerbating
bias or causing preventable patient harm (Zhang & Zhang,
2023; WHO, 2021).

CONCLUSION

The analysis of bias, transparency, and patient harm in clinical
artificial intelligence underscores that ethical failures are
not peripheral concerns but central risks that directly affect
patient safety, trust, and health equity. Evidence consistently
demonstrates that biased data, opaque model architectures,
and insufficient accountability mechanisms can translate
into clinically significant harms, including misdiagnosis,
unequal treatment outcomes, and erosion of professional
responsibility (Challen et al., 2019; Smith, 2021; Min, 2023).
These challenges are further intensified as Al systems scale
across diverse populations and clinical contexts without
adequate safeguards.

Existing scholarship highlights that ethical shortcomings
in clinical Al are largely governance failures rather than purely
technical limitations. While advances in bias mitigation,
explainability, and transparency are progressing, theirimpact
remains limited in the absence of enforceable standards,
institutional oversight, and clearly defined accountability
structures (Reddy et al., 2020; Zhang & Zhang, 2023).
International guidance and ethical frameworks emphasize
the need for human-centered, transparent, and fair Al
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systems, yet practical implementation continues to lag
behind normative commitments (Guidance, W.H.O., 2021;
Karimian et al., 2022).

Addressing these gaps requires a shift from principle-
based ethics alone toward operational governance solutions.
This includes routine algorithmic auditing, lifecycle-based
risk assessment, human-in-the-loop decision-making, and
explicit allocation of responsibility among developers,
clinicians, and healthcare institutions (Mensah, 2023; Solanki
etal.,, 2023; Abramoff et al., 2023). Moreover, equity-focused
governance is essential to prevent Al from reinforcing racial,
ethnic, and socioeconomic disparities in healthcare delivery
(Chin et al., 2023; Prakash et al., 2022).

Ultimately, the ethical deployment of clinical Al depends
onaligning technological innovation with robust governance,
regulatory clarity, and medical ethics. Embedding
transparency, accountability, and equity into both design
and deployment processes is critical to minimizing patient
harm and ensuring that clinical Al serves as a trustworthy
and socially responsible component of modern healthcare
systems (Herington et al., 2023; Fournier-Tombs & McHardy,
2023; Wang et al., 2023).
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