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ABSTRACT
Artificial intelligence (Al) is transforming the field of clinical medicine at a fast
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rate. Al is being used in the field of clinical medicine in areas such as diagnostic

imaging, prediction, documentation, and large language model-based clinical
reasoning tools such as ChatGPT. Algorithm-based triage tools are also being
used in clinical settings such as hospitals. Radiology departments are also using

Al-based detection tools. However, the rate at which Al is transforming the field

Vol: 4 | Issue: 2

ISSN Print: 2960-2580

ISSN Online: 2960-2599

Copyright:

© 2026 PJBMR. Open access under
CC BY 4.0 (use permitted with
proper citation).

Publisher:

Medical Research and Statistical
Consultancy Training Centre (SMC-

of clinical medicine is much higher than the rate at which the regulatory bodies
are keeping pace with the developments in the field. Even though the Food and
Drug Administration (FDA) has developed a pathway to regulate Al-based
Software as a Medical Device (SaMD) and machine learning-based
technologies, the current system that is in place to ensure the safety and efficacy

of these technologies was developed to ensure the safety and efficacy of static
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) Limite technologies and not those that have the capability to learn. The rate at which Al
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is being incorporated in the field of clinical medicine is much higher than the
rate at which these technologies are being regulated. The issue of clinical Al
governance is not about the regulation of Al; it is about patient safety. This article

e outlines the need for a structured framework of five principles of safety,
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accountability, fairness, explainability, and adaptive oversight.
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INTRODUCTION

Artificial intelligence (Al) is no longer considered a futuristic concept or idea; rather, it is a reality in the field of
medicine. It has been integrated into the workflow of medicine, and many such systems are having a significant
impact on the outcome of the treatment of a patient or a particular disease.! It has also started attracting the
attention of many regulatory agencies, and many such agencies have started formulating rules and regulations for

the management of Al in the field of medicine. The U.S. Food and Drug Administration (FDA) has come up with
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a pathway for the regulation of AI/ML-Based Software as a Medical Device, which includes tools such as a
predetermined change control plan for making limited changes to the algorithm itself.** At the international level,
a new form of legislation is the European Union’s Al Act, which has classified many Al systems used in the field
of healthcare as ‘high-risk products’.>¢

Nevertheless, this progress still faces the fact that the development of regulations is a slow process in comparison
to the fast rate at which Al technology is being adopted. This process of regulation may be fragmented and may
not always be effective. The retrainable and performance-drifted adaptive algorithms pose a challenge to the
traditional paradigm for static devices. The burden of safety for Al lies on the shoulders of healthcare
organizations. The concept of clinical Al governance extends beyond just obtaining regulatory approvals to
include the full lifecycle of an Al system, from procurement to validation, and eventually monitoring and
recalibration.

The Expanding Role of Al in Clinical Care

Al technologies used in healthcare can be broadly classified into three domains: diagnostic augmentation,
workflow optimization, and predictive analytics.' In the field of diagnostic medicine, Al technologies are used
for radiologic interpretation, dermatologic image classification, digital pathology analysis, and
electrocardiographic interpretation. In the field of workflow optimization, natural language processing is used for
clinical documentation generation. In predictive analytics, risk prediction of sepsis, hospital readmission, and
mortality is performed, often influencing triage and resource allocation decisions.

In contrast to conventional rule-based decision support systems, many current models of Al are data-based,
probabilistic, and opaque in terms of their internal logic.”® Their data bases may not be representative in terms of
demographics, and their results may be affected by changes in the mix of patients or changes in practice patterns.
These are new risks, including algorithmic bias, which can increase health disparities; automation bias, in which
clinicians may rely too heavily on the results of Al; model drift, in response to a changing clinical environment;
and accountability, in terms of the influence of Al on decision-making.”%’ The transformative potential of Al is
substantial. However, the magnitude of its influence demands governance structures proportionate to its clinical
impact.

Limitations of the Current Regulatory Landscape

Although some regulatory bodies have initiated the process of developing guidelines for the use of Al in
healthcare, many issues remain to be addressed. First, the traditional approach to the approval of medical devices
implies that the device will behave predictably. However, the device, being an Al device that can be retrained,
operates in a changing environment. Second, the institutional oversight capability varies. Some academic

institutions have the capability for data science infrastructure, while others do not have the capability for critical
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evaluation. Thirdly, the concept of clinical accountability still remains unclear. In this case, it is imperative to
understand that even though the role of Al exists, the main accountability of the health outcome remains on the
practitioner’s shoulders. The issue of ambiguity represents a limitation of the role of Al in health governance.
Therefore, this article outlines the need for a structured framework of five principles of safety, accountability,
fairness, explainability, and adaptive oversight.

1. Safety and Clinical Validation:

Any Al system meant for clinical use has to be validated, which is not limited to performance metrics. It is not
true that the accuracy of the Al model on a given dataset translates into real-world accuracy. A thorough pre-
deployment validation also includes real-world testing, which has to be done on a wide range of patients and also
include subgroup analyses for performance variability and also be compared with clinical standards.!®!
Significantly, the validation is not a one-time task; rather, it is a continuous process. Surveillance is also required
after the deployment of the Al model to ensure that the performance is not compromised over time.!®!" Such
changes need to be monitored to ensure continued safety, not simply assumed. AI models that impact diagnosis,
triage, or treatment should be subject to scrutiny similar to other significant clinical interventions.

2. Accountability and Liability Clarity:

The involvement of Al in decision-making has blurred the lines of responsibility, making it a complicated issue.
It has been argued that, in the context of decision-making, there are several entities to be held responsible,
including software developers, institutions, and clinicians.!>!® Therefore, it has been suggested that a clear
definition of the role of Al in decision-making, considering it to be assistive rather than autonomous, must be
included in the governance structure, keeping in view the fact that the final responsibility must lie with a licensed
professional.'*!* It has been argued that a structure of liability, considering the entire system to be liable, must be
put in place, instead of leaving it to individual clinicians, as it may undermine the purpose of implementing the
technology in a manner that is appropriate.'?!4

3. Fairness and Bias Monitoring:

Al systems trained on past data may learn existing inequities within healthcare systems. The risk of Al systems
learning from historical data and perpetuating inequities present within the structure of healthcare systems is
high.'>!® It is important to note that the performance of Al systems must not perpetuate inequities based on race,
gender, age, disability, and socioeconomic status. Therefore, a lack of proper governance may cause such Al
systems to reinforce or increase inequities based on race, gender, age, disability, or socioeconomic status. For a
healthcare Al system to be effectively governed, it is essential to ensure that the composition of the data used to
17,18 14

train the Al is transparent and that the performance of the Al is evaluated across various groups of people.

is imperative to note that fairness is not equivalent to accuracy. An ethical AI must exhibit reliability or accuracy
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within various groups of people within a healthcare setup. Equity monitoring is therefore an ongoing institutional
responsibility rather than a one-time regulatory requirement. %!’

4. Explainability and Transparency:

A significant number of Al models, especially those that are deep learning-based, are “black boxes,” in the sense
that there are no clear ways to interpret how the model arrived at a particular output.?>?! Though it may not be
possible to make Al models fully transparent, there are ethical and practical issues to consider. It is important for
clinicians to be familiar with the purpose, restrictions, and confidence level of Al models being used to make
clinical decisions.?’?! It is suggested that there are clear standards set by governance policies to ensure that there
is a clear explanation of the development of the Al model, the data set on which the model was trained, and any
restrictions on the model’s performance. In addition, the output of the Al model should include a range of
probabilities to assist in understanding the results of the model. Transparency can aid in informed clinical
judgment, enhance patient communication, and reduce blind reliance on algorithm results.???* Trust in Al-assisted
care is not only dependent on performance but also on transparency about how and when to use these tools.

5. Adaptive Oversight and Continuous Monitoring:

This is due to the fact that Al is used in a dynamic clinical environment.?*?* For example, a change in the
population, rate of disease, or way of diagnosis might affect the performance of Al. This is called a model drift.
In this case, the governance system must also be dynamic. For this reason, healthcare institutions must develop
performance surveillance dashboards and thresholds for review and suspension of approval, as well as a periodic
review of the approved Al. Multidisciplinary oversight committees, which consist of clinicians, data scientists,
ethicists, and legal experts, are a good way of governing Al tools in different domains of evaluation.?*?°
Dynamic oversight of Al tools is a delicate balance between innovation and caution.'??° It is imperative to
understand that while enacting laws, they should not act as a barrier to the development of Al. Similarly, they
should not remain static while Al is becoming more and more dynamic.

Implementation Recommendations

In order to operationalize the principles of governance, organizational commitment is also required, as depicted

in Table 1. This could be done in the following ways:

1. Formation of Al oversight committees in the health systems

2. Development of standardized procurement and evaluation checklists based on safety, accountability, fairness,
transparency, and monitoring principles

3. Development of registries that include information on Al tools used, their validation status, and results from

monitoring
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4. Integrating Al literacy into undergraduate, graduate, and continuing education for physicians
5. Designing feedback systems that enable front-line practitioners to raise concerns regarding Al performance
Embedding governance into institutional processes helps to promote a more proactive oversight strategy rather

than a reactive approach to risk management.*>’ Al implementation should be considered a system-level clinical

intervention requiring coordinated evaluation and monitoring.

Table 1: Core Principles for Clinical AI Governance

Establish escalation protocols

Clarify institutional liability

Principles Key Actions Purpose / Outcome
Prospective validation
Safety and Real-world performance testing Ensures Al tools are
Clinical Sub bi Ivsi reliable, accurate, and
Validation ubgroup bias ahalysis safe across patient
Benchmarking against clinician performance populations
Define assistive vs autonomous roles
Accountabilit | Standardize documentation of Al-influenced Maintains clear
y and decisions responsibility and
Liability protects clinicians and

patients

Fairness and

Report training dataset demographics

Evaluate performance across demographics

Prevents inequities and

committees

Bias C o ) promotes equitable
Monitoring Conduct periodic bias audits healthcare delivery
Transparently disclose limitations
Summarize model purpose and limitations
Explainability | Provide understandable methodology and Builds trust, facilitates
and confidence metrics informed clinical
Transparency . ) ) decisions, and reduces
Educate clinicians on interpretation “ »
black-box” risks
Continuous performance surveillance
Adaptive Trigger thresholds for review Detects model drift,
Oversight and Periodi ficati adapts to changing
Continuous eriodic recertification populations, and
Monitoring Multidisciplinary oversight ensures ongoing safety

and compliance
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Ethical Imperatives and Policy Considerations

The integration of Al into the field of medicine raises some fundamental issues. For example, how should the

concept of informed consent change to accommodate the impact of Al on medical decisions? Can the allocation

of resources based on the predictions of analytics potentially harm certain groups of people? Does the increasing

reliance on the recommendations of algorithms affect the autonomy of the practitioner?

Governance structures need to be congruent with the ethical principles of beneficence, non-maleficence,

autonomy, and justice.'®!® Trusting relationships with the patient require transparency about the use of Al in

patient care and the avoidance of unintended patient harm.?!> As the complexity of Al systems increases,

including the potential use of multimodal data and semi-autonomous decision-making processes, the maturity of

the oversight processes must also increase. The healthcare industry is at an important juncture. It can choose to

use Al reactively and deal with the consequences of harm afterwards, or it can use structured approaches to the

governance of Al. The need for Al governance in healthcare is not optional. It is an essential component of

ensuring patient well-being and the integrity of the patient-physician relationship.

CONCLUSION

Artificial intelligence has transitioned from being a promise to being a reality in the field of clinical medicine.

The tools that impact diagnosis, documentation, prediction, and allocation are now being incorporated into

practice. However, the governance structure is not well established or aligned to the evolving nature of these tools.

A structure that is based on safety, accountability, equity, fairness, and oversight is a vital structure that should be

used to ensure the safe implementation of these Al technologies. By incorporating a governance structure in the

health organization, the maximum potential of artificial intelligence can be realized. Not only will the future of

artificial intelligence in medicine be based on the potential of the technology itself, but also on the governance

structure that is put in place to ensure the safe implementation of these tools.
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