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Highlights:

e The use of Al in medicine has seen a significant increase in recent years.
e Al can be regarded as a clinical tool and must meet the requirements inherent to such tools.
e Key aspects associated with the use of Al in medicine are presented.

Abstract: Artificial intelligence can now be found in every sector, and the healthcare sector is no
exception. In recent years, the use of artificial intelligence in medicine has proliferated, playing a
significant role as a diagnostic tool in certain fields. According to this situation, we need to consider how
these tools can be integrated into clinical practice and agree on the features they should incorporate. This
document proposes a set of characteristics to be addressed, taking into account traditional clinical tools:
validity, safety, responsibility, usability, continuous evaluation, transparency and equity.
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1. Introduction

The incorporation of artificial intelligence systems into the healthcare domain is rapidly transforming
contemporary clinical practice and, at times, doing so without appropriate oversight. This commentary
briefly examines its evolution, implications, and the challenges that must be a-ddressed for its proper
integration into clinical activity.

The use of artificial intelligence (Al) in healthcare is not something that began in the 21st century.
The first applications of Al in the medical field date back to the 1970s with the emergence of so called
expert systems. One such system was MY CIN [1], developed at Stanford to diagnose bacterial infections
in a manner comparable to a clinical expert. Although this rule based system was never deployed outside
controlled environments, it contributed to demonstrating the feasibility of Al as a support tool for
healthcare specialists. The Present Iliness Program (PIP) was another Al-based system which model
the reasoning processes that clinicians use when interpreting patient findings [2]. CASNET [3] was
aimed to represent disease mechanisms and their relationships to clinical manifestations, providing a
novel way to link pathophysiology with diagnosis. INTERNIST was another example, this time
focused on large-scale diagnostic reasoning in internal medicine [4]. Many similar systems followed,
helping establish a research line focused on what we now call clinical decision support systems, which
essentially consist of using Al techniques to implement systems that can be employed by medical
specialists to complement their diagnostic opinions. Based on a set of rules or prior learning, these systems
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can offer diagnostic alternatives that enable more tailored and personalized treatments. For the most part,
these systems remained confined to controlled environments, primarily aimed at publishing research
findings rather than real clinical application. However, this laboratory bound trend has ended, and Al
systems are now beginning to spread into clinical environments as an additional diagnostic instrument.

2. Artificial intelligence and healthcare today

After this brief historical overview, today it is possible to find Al based tools in clinical settings that
shape or support diagnostic decisions, help prioritize patients, suggest treatments or personalized
therapies, and more. For example, in radiology, systems are used to detect pulmonary nodules on
Computed Tomography (CT) images with high accuracy [5]; dermatology uses Al tools to identify
suspicious lesions [6]; ophthalmology employs Al to assist in diagnosing ocular diseases [7]; it is also
used to predict and manage sepsis [8]; in cardiology to detect and predict arrhythmias [9]; and similar
examples can be found in virtually every medical specialty. Artificial intelligence has been widely and
transversally integrated into numerous areas of contemporary medicine: clinical diagnosis, radiology,
surgery, risk stratification, personalized medicine, drug discovery, optimization of clinical trials,
management of healthcare systems, etc. [10-12]. According to [13], the FDA approved the clinical use
of more than 200 Al based devices in 2023 for specialties such as radiology, neurology, cardiology,
urology, anesthesiology, and others. In 2015, only six were approved. This evolution of Al enabled
clinical devices parallels research activity in the same domain. A search in the PUBMED database [14]
for the term “artificial intelligence” returns more than 48,000 articles in 2025, compared with 6478
published in 2015. It is reasonable to assume that this growth in Al and medicine related research will
also lead to a considerable increase in technology transfer and, therefore, the use of Al as a clinical
instrument. The research focus has also shifted: when viewed purely as a technological tool, studies
concentrate mainly on computational and algorithmic performance; but when considered a clinical
instrument, attention must also include aspects such as validity and patient safety.

Despite the rapid expansion of artificial intelligence in healthcare, a growing body of literature
highlights important risks associated with its accelerated and sometimes over-enthusiastic adoption.
Ethical analyses and critical reviews warn that Al systems may exacerbate existing biases, lack
transparency, and pose challenges in accountability if they are deployed without sufficient validation [15].
At the same time, evidence suggests that the pace of implementation may be outstripping the maturity
of regulatory frameworks and real-world evidence, raising concerns about safety, equity, and
long-term effectiveness [16]. From a global perspective, there is also a risk that poorly governed Al
adoption could widen health disparities, particularly if tools are developed using non-representative data
and deployed unevenly across health systems [17]. There are many considerations, both technical and
ethical, associated with the use of artificial intelligence in the healthcare domain, and reaching a
consensus on the procedures to be followed in order to ensure the highest quality of Al models applied
to healthcare remains complex.
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3. Key aspects of Al in clinical practice

Given the growth in both research and technological transfer in Al applied to medicine, it is necessary
to address the characteristics that Al must possess to effectively improve health. If we consider Al as a
clinical instrument, it is important to account for seven inherent factors.

(1) Validity: Al, like any clinical tool, must demonstrate accuracy and consistency in the
environment and population where it will be used.

(2) Safety: Al based instruments may pose risks such as incorrect alerts, overconfident parameters,
vulnerability to data distribution shifts, hidden variables, and more.

(3) Responsibility: Al may “recommend” or “suggest,” but it is the clinical specialist who ultimately
decides—just as with any traditional clinical instrument.

(4) Usability: alignment with clinical workflows and the procedures commonly performed by
healthcare professionals is essential for successful integration into diagnostic circuits.

(5) Continuous evaluation: unlike traditional clinical instruments, Al models can easily change as
they adapt to new data during clinical use. Therefore, continuous evaluation may be needed to
ensure that their metrics remain appropriate in real clinical settings. Excessive dependence on
these devices must also be studied and mitigated if necessary.

(6) Transparency: clinicians should be able to understand how an Al system produces a given output.
Lack of interpretability can limit error analysis and make it difficult to justify clinical decisions.

(7) Equity: Al models may introduce equity issues and biases if they are not properly trained with
adequately representative populations.

Just as traditional clinical instruments include a technical data sheet with their specifications, Al
based instruments should also include documentation describing the characteristics of the employed
models. This should cover usage scenarios, the type of population for which the system is suitable, and
the performance metrics obtained by the algorithms—such as sensitivity and specificity—to support
clinicians in decision making based on the Al enabled clinical instrument. The technical sheet should
also define input variables and their minimum required characteristics (e.g., image quality, if applicable).
Consequently, based on both metrics and input variables, the sheet should include recommendations to
guide decision making in uncertain cases, as well as safety related information about system limits and the
competencies required for its use depending on the clinical role (physician, nurse, technician, etc.). Finally,
as with other clinical devices, it may also be useful to include information regarding system maintenance
and update policies, as these factors may affect proper functioning of the Al enabled instrument.

We find ourselves facing a new landscape, one that has emerged with unprecedented speed (other
technologies such as the Internet or smartphones took years to achieve global adoption), and whose
regulation is limited and reactive, adapting existing frameworks as needs arise. In healthcare, there are
two distinct user groups with different needs. On one hand, healthcare professionals must understand
what they are using—just as they understand how a sphygmomanometer or an electrocardiograph
works—in order to trust both the device and its results. This understanding does not refer to the technical
intricacies but to the basic functioning that can help detect errors (such as artifacts in an ECG), optimize
usage (e.g., a pulse oximeter should not be used on a tattooed finger), and ultimately professionalize its
application. On the other hand, patients—passive users of clinical Al devices—require two key
elements: high reliability and strong usability. Regarding reliability, the device’s output must be highly
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trustworthy, just as a blood pressure monitor provides reliable readings independent of the subsequent
clinical interpretation. Regarding usability, for an Al based clinical device to become widespread among
patients—when direct patient use is intended—it must be simple and intuitive.

4. Conclusion

In the preceding paragraphs, | have addressed three aspects that | consider fundamental in Al applied to
health. First, the extraordinary surge in recent years in the number of studies, products, and developments
in this field. Next, | offer a brief analysis of the elements that should be considered to foster the transfer
and clinical use of Al in medicine. Finally, I outline potential needs depending on the type of user of Al
enabled clinical devices. Ultimately, artificial intelligence is no longer an experimental resource but an
emerging clinical instrument that requires clear standards, solid regulation, and a proper understanding
by healthcare professionals. While its potential is enormous, its impact will depend on our collective ability
to ensure that these systems are safe, transparent, equitable, and truly oriented toward patient benefit.
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