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Abstract
The rise of Artificial Intelligence (AI) in recent years, driven by the emergence of 
generative AI systems, has had an enormous scientific, technological, and social 
impact, yielding substantial results and promising outcomes across all areas of 
medicine. This article analyzes the current state of AI in medicine, comparing 
various topics and areas with past experiences of AI researchers since 1970. We 
suggest ten lessons learned from the successes and failures of these years, and how 
some of these shortcomings are being repeated now in similar ways, potentially 
delaying of the promises of change in future medicine. 

Resumen
El auge de la Inteligencia Artificial (IA) en los últimos años, debido a la aparición 
de sistemas de la llamada IA generativa, ha causado un enorme impacto científico, 
tecnológico y social, con sustanciales resultados y promesas en todas las áreas de 
la medicina. En este artículo se analiza la situación actual de la IA en medicina, 
comparando diversos temas y áreas con experiencias pasadas vividas por los 
investigadores en IA desde 1970. Sugerimos diez lecciones aprendidas de los éxitos 
y fracasos de estos años, y cómo algunas de estas deficiencias se repiten ahora de 
manera similar, lo que podría retrasar las promesas de cambio en la medicina del 
futuro.
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I N T R O D U C T I O N

Artificial Intelligence (AI) is a scientific and 
technological discipline, traditionally divided into 
two conceptual subfields: (1) symbolic and (2) 
connectionist. From a practical perspective, we can 
consider two fundamental stages in the history of AI 
in medicine. The first stage, dominated by knowledge-
based systems, spanned from 1970 to approximately 
the mid-1990s. The second stage, dominated by 
data-based systems, began in the mid-1990s and 
continues to the present day with systems developed 
under the umbrella of terms such as “machine 
learning,” “deep learning,” and generative AI.

The AI ​​applications in medicine that emerged 
from 1970 onward were a direct result of prior  
analyses of cognitive processes underlying 
medical reasoning and decision-making. 
Researchers such as Ledley and Lusted (1), Pauker 
and Gorry (2), Gorry (3), Warner (4), Tversky 
and Kahneman (5), Feinstein (6), Simon (7), and 

others investigated topics such as: the heuristics 
used by physicians in their reasoning; decision-
making under conditions of risk and uncertainty; 
the use of various types of logical reasoning for 
medical diagnosis and therapy; the management 
of diagnostic tests; the use of Bayes' theorem for 
probability estimation; and the statistical analysis 
of patient databases, among others.

The first AI systems in medicine had relatively 
limited clinical successes and have even been 
disparagingly called a "junkyard" (8). However, 
these early results did lead to successes such as the 
development of medical decision support systems, 
methods and techniques underlying ontologies, 
biomedical terminologies, electronic health 
records, and information retrieval techniques 
in systems like PubMed, among others. These 
pioneering systems had shortcomings and errors, 
in an era when there was no prior experience and 
research was starting from scratch. Ironically 
and somewhat surprisingly, many of these same 
shortcomings and misconceptions seem to be 
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repeating themselves today in deep learning 
and generative AI applications. In this article, 
inspired especially by our own experience in 
advanced AI research in medicine since the 1960s 
(CK) and 1980s (VM), we highlight a number of 
lessons learned (and sometimes forgotten) from 
AI in medicine.

A I I S  N OT N E W — A N D W H AT T H I S I M P L I E S

The emergence of ChatGPT in 2022 led to a huge 
increase in the number of AI users. Most people 
new to the field are unaware of the history of AI, 
which publicly emerged as a discipline in 1956 
at a meeting held at Dartmouth College by ten 
now-almost--legendary pioneers (9).

What happened at this meeting cannot be 
understood without considering the development 
of 20th-century research in mathematics, 
logic, and computing such as Wiener's earlier 
development of cybernetics, and the Macy 
Conference on Cognitive Science, held that same 
summer of 1956. However, few professionals (even 
academics) seem concerned with the history of AI 
and its relevance to current challenges, ignoring 
the fact that without this background, it is 
impossible to fully grasp the complexities of AI.

Machine Learning for AI is based on statistics, 
and for this reason, it cannot be claimed to be 
error-free (10). As Jelinek, a pioneer in natural 
language processing (NLP), has described, 
statistical approaches have dominated this field 
for practical reasons (11). In essence, generative 
AI systems are statistically combinatorial efficient 
systems that often produce spectacular results, but 
they lack deep understandable reasoning of how 
those results have been computationally generated.

Can current generative AI systems, based on 
natural language processing or digitized images, 
without human control over their interaction 
with the external world, achieve the same level of 
reasoning as humans? For now, it doesn't appear 
to be the case, but AI is not merely a "stochastic 
parrot," as some practitioners claim. AI scientists 
cannot explain all the complexities and emergent 
properties of the unexpected calculations that arise 
within complex artificial neural networks (12), 
which creates a substantial new field of research. 
AI is a highly complex scientific and technological 
discipline and not just—as is frequently stated— 
a tool capable of performing complex intelligent 
tasks. In medicine, these complexities are even 
significantly greater.

CO N S C I O U S A N D U N CO N S C I O U S P R O C E S S E S A N D A I

The first, “practical” AI systems, or expert 
systems, had the goal to acquire the knowledge and 

reasoning methods of experts in a specific domain 
and represent them in a computer. To achieve 
this, a person, called a knowledge engineer, had 
to extract this knowledge from the experts using 
methods such as interviews, protocol analysis, and 
other techniques (13) and produce a computer 
representation. These systems achieved academic 
success, with a few applications becoming 
commercially available during those first twenty 
years, but few were ever routinely used in clinical 
practice—something that still occurs today with 
many machine learning-based AI systems.

Why were these expert systems not widely 
successful for clinical practice? A powerful 
underlying cognitive reason is that it is impossible 
for experts to fully verbalize the knowledge and 
reasoning methods they use, and therefore, to 
transfer them to a computer. The acquisition of 
cognitive skills occurs in several stages (14,15), 
and after a period of approximately ten years, an 
expert's reasoning—and cognitive processes in 
general—in a specific domain becomes automated 
and partially unconscious. At this later stage, 
it is not possible to fully verbalize a person's 
reasoning. This limitation has been a central 
problem often described as the "knowledge 
acquisition bottleneck", becoming a barrier to the 
development of generalizable expert systems (16).

The authors recall a colleague, an experienced 
physician, who commented that he sometimes felt a 
difficult-to-define sensation, which he called a "gut 
feeling," when he thought something was missing in 
the diagnosis of a specific patient, but he couldn't 
understand or articulate what it was until he had 
evaluated them in depth. These types of intuitions, 
often referred to under the broad concept of "clinical 
eye," correspond to cognitive reasoning about the 
patient's clinical situation, often unconscious, that 
doctors use when examining a patient, and involve 
a series of issues—ethical, social, psychological, 
empathic, personal understanding and experiences, 
among others—that, as of now, are very difficult 
either people, or  past and present AI systems to 
truly grasp or understand.

A I W I N T E R S

The neural networks of McCulloch and Pitts (17), 
along with Shannon’s information theory and 
Wiener’s cybernetics, spurred an emerging field 
of automatic pattern recognition for modeling 
perception during the 1950s. In 1958, pattern 
recognition reached a milestone with the retina-
inspired Perceptron (18). The parallels between 
this heuristic model and statistical inference 
methods were rapidly recognized, although in 1968 
Minsky published the book “Perceptrons” (19), in 
which he pointed out the serious limitations of 
the simple linear mathematical models they used. 
This, along with the shortcomings of automatic 
language translation, contributed to triggering 
the first “AI Winter” in the 1970’s.
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Having personally experienced these so-called AI 
winters, we can refute the notion that AI actually 
disappeared or was completely eclipsed during 
these periods, as is often claimed. When Minsky’s 
book “Perceptrons” was published, funding 
plummeted for about 20 years across the entire 
field of artificial neural networks; but during that 
time, knowledge-based systems, flourished with 
substantial funding. A reversal took place starting 
in the 1990s, when knowledge-based systems 
encountered scalability difficulties, leading to 
their “AI Winter”, while artificial neural networks 
made a successful comeback, driven by advances 
such as the backpropagation algorithm (20) for 
heuristically updating network weights based on 
empirical performance criteria.

Will there be a third AI inter, as some suggest? 
It is quite likely that, among the numerous AI 
companies being created, only a few will survive; 
however, the current economic bubble does not 
necessarily mean that AI will disappear or face 
a massive crisis. Certain companies and fields of 
biomedical research and other application swill 
continue to thrive, while others will disappear.

DATA, I N F O R M AT I O N, K N O W L E D G E… A N D T H E O R I E S

In the 1920s and 1930s, the pioneers of quantum 
physics were obsessed with accumulating data 
to advance the discipline's theories. This idea 
stemmed from a suggestion by Einstein. Yet, when 
many years later, during Heisenberg’s visiting him 
in Princeton, he reminded Einstein that many 
theoretical physicists had focused on collecting 
and analyzing data, following Einstein’s earlier 
suggestion,  during their conversation, Einstein 
admitted his mistake, having subsequently 
understood that his initial idea that theories must 
guide scientific research was more correct, since 
data alone cannot contribute to the advancement 
of science (21).

In the first half of the 20th century, scientists often 
analyzed data, making corrections that frequently 
favored existing theories. A significant example 
is that of Eddington and his team, who went to 
Príncipe Island in 1919 to verify, during an eclipse, 
Einstein's predictions in his theory of relativity, 
and made errors that brought them closer to 
Einstein's theory. Eddington was convinced of 
the validity of the theory of relativity, and this 
possible bias led to the empirical confirmation, 
perhaps prematurely, of the theory of relativity 
(22).

The authors themselves experimented with a 
machine learning project (1994-97) to extract 
clinical prediction rules from a thousand medical 
records of patients with rheumatoid arthritis, 
and found that this dataset presented numerous 
problems. After eliminating cases with numerous 
errors, only 340 cases were selected (23). Among 
the most significant problems with current 

electronic health records (EHRs) are inaccurate 
data collection; misinterpretations by physicians 
and patients; changes in treatments over time; 
and transcription errors. Inadequate assumptions 
and analytical models, and especially different 
types of biases—selection, classification, 
measurement, demographic, temporal, data 
availability, algorithmic, publication, etc.—are 
common problems. Some current AI systems have 
been developed using millions of medical records 
(24), but many of the aforementioned problems 
may be hidden in these retrospective databases, 
whose data have been recorded at different times, 
in different contexts by different authors, and 
under different circumstances. Both the quantity 
and quality of medical data are key to ensuring 
that machine learning projects produce clinically 
valid results. All developers and users of these 
systems should remember this fundamental 
characteristic, which is unfortunately often 
ignored.

In 2024, the Nobel Prizes in Physics and Chemistry 
were awarded, both related to AI. The Nobel 
Prize in Chemistry was awarded to Hassabis and 
Jumper (along with Baker) for the development 
of the AlphaFold algorithms (25), which have 
made it possible to predict the three-dimensional 
structure of hundreds of thousands of proteins. 
This achievement was primarily statistical, 
through massive AI-based combinatorial 
analyses. However, the theory underlying protein 
folding remains unknown and has not yet been 
discovered using machine learning algorithms 
like AlphaFold or others. Discovering scientific 
theories remains more complex than analyzing 
data and extracting statistical patterns, -even 
such complex ones.

A I E VA LUAT I O N S

When IBM's AI-based Watson system won the 
American television quiz show Jeopardy! in 2011, 
IBM decided to extend Watson to address medical 
applications, particularly in oncology. Following 
considerable media attention, the system did not 
achieve the expected results. In numerous public 
presentations given by IBM professionals, the 
evaluation was limited to a few cases in specific 
hospitals—and the present authors pointed this 
out to the developers in one of these presenta-
tions. This represented a significant drawback, 
similar to that experienced with many early AI 
applications in medicine. These applications 
tended to underperform in hospitals and univer-
sities outside their primary development environ-
ments due to the different characteristics of the 
knowledge and data available at each center 
(data diversity, inherent biases, procedures and 
protocols used by physicians, different technolo-
gies, etc.).

One example is PERFEX, an expert system for 
analyzing cardiac SPECT images developed in the 
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1990s at Emory University and Georgia Tech, and 
successfully commercialized by General Electric. 
It required two years of design and implementa-
tion and approximately five years of multicenter 
evaluation before its approval for clinical use 
(26). These multicenter evaluations have proven 
essential to ensure the validity of AI projects in 
medicine. In recent years, thousands of AI systems 
have been developed for clinical use, but many 
still need to undergo systematic evaluation in 
routine clinical practice and at centers other than 
those that developed them, including compliance 
with requirements imposed by public agencies. It 
may well take many years to determine their true 
impact on clinical practice.

A I A S T H E O R AC L E O F D E L P H I: A S U B S T I T U T E F O R 
D O C TO R S

One of the first and best-known AI systems in 
medicine was INTERNIST-I, an expert system 
designed to manage knowledge of numerous 
diseases, similar to the broad scope of practice 
of an internist. Its creators claimed that the 
diagnostic consultation style of the INTERNIST-
I program resembled a "Greek oracle" (27), but it 
ultimately evolved into a reference system called 
Quick Medical Reference (QMR), rather than a 
true medical oracle.

In recent years, generative AI systems have 
emerged, capable of answering numerous medical 
questions (diagnoses, treatments, prevention, 
etc.). The oracle concept was not useful in the 
pioneering AI systems, and we find ourselves 
facing a parallel today with generative AI systems. 
Some current AI systems, whose authors claim 
to be able to predict outcomes for hundreds of 
diseases—in one of them, called DELPHI 2-M 
(28), the name chosen by its creators seems no 
coincidence—still need to demonstrate these 
results through systematic evaluations.

Proponents of generative AI systems argue that, 
with their analysis of large amounts of data, 
they contain within them the kind of reasoning 
and logical approaches used by human experts; 
but these human processes include processes 
such as intuition, common sense, emotions, 
empathy, ethical considerations, generalizations 
to new cases, understanding of past psychosocial 
problems and the environment, etc., which are 
still very different from AI.

E X P L A N A B I L I T Y A N D I N T E R P R E TA B I L I T Y

A key component of AI, still under development 
and unresolved, is so-called explainable AI, with 
the objective to understand and clearly describe 
how and why an AI system makes a specific 
decision or prediction.

A fundamental problem in medical AI in recent 
years is how to get an AI system to explain the 
reasons behind a decision or outcome—for 
example, a specific diagnosis or therapeutic 
recommendation—and how to ensure that the 
system's conclusions are easily interpretable by 
the user. The authors recently published a review 
on explainable AI in medicine (29).

Some—or many—people working in AI, without 
many years of experience in the field, think 
that the explainability of AI systems is a recent 
topic, forgetting that it has been studied for more 
than fifty years. The concept of a "black box"—a 
system that does not allow for an explanation of 
the details of its internal processes—is common 
in neural network-based systems, but explain-
ability was already essential in the design of 
knowledge-based systems. In fact, two of the 
first medical expert systems, MYCIN (30) and 
CASNET (31,32), included explanations of their 
results. MYCIN had an explanation module that 
showed the user the list of rules activated and 
used to reach the system's final result. CASNET, 
developed by one of the authors, provided the 
user with an explanation of the causal or associa-
tive basis of its conclusions.

The following graph shows the different types of 
explainability/interpretability. We can observe 
that systems based on traditional IF…THEN… 
rules (typical of expert systems) exhibit lower 
precision, although with greater explanatory and 
interpretive capabilities, while the opposite is 
true in deep learning systems.

The conclusions reached by expert systems could be 
explained because their reasoning and knowledge 
were explicit and known in detail, whereas 
generative models, based on their predictive 
capabilities, still behave like black boxes as artifi-
cial neural networks. The explainability of large 
language models is limited, although techniques 
such as the so-called "chain-of-thought," models, 
the use of other LLMs, or hybrid, neurosymbolic 
models have been proposed.

A recent study showed that a large percentage 
of physicians who had used a generative AI 
system considered the system's correct explana-
tions not to be a particularly relevant problem, 
as long as the system provided good decisions 
(33). We could say that,  while pioneering AI 
systems encountered overwhelming distrust 
from clinicians, in many cases we now find the 
opposite situation.

MEDIC AL REASONING AND AI

The problem-solving reasoning strategies used 
by physicians in clinical practice include various 
approaches, such as the use of heuristics, the 
application of different types of logic (deductive, 
inductive, and abductive), the estimation of disease 



80

A N A L E S  R A N M

R E V I S T A  F U N D A D A  E N   1 8 7 9

ARTIFICIAL INTELLIGENCE AND MEDICINE
Maojo V, et al.

An RANM. 2026;143(01): 76 - 84

probabilities based on comparisons between them 
rather than statistics, rapid recognition of textual 
and visual patterns, causal reasoning, experience 
with previous cases, and common sense, among 
others.

Several AI systems developed in the first thirty 
years of medical applications (knowledge-based 
systems) could address each of these problems with 
some success. For example, pioneering AI systems 
for diagnosis included hypothetical-deductive 
reasoning capabilities; expert systems such as 
CASNET or ABEL included causal reasoning that 
linked the symptoms, signs, and tests used to 
the underlying pathophysiological processes of 
a specific disease; Case-based reasoning systems 
could compare a new patient's case to a pre-stored 
library of cases, selecting the most similar ones 
and proposing a treatment strategy. The difference 

with the reasoning used by medical professionals 
is evident, since doctors are able to integrate all 
the aforementioned tasks (and others), while these 
systems could only simulate one of them.

Generative AI seeks to unify all these strategies, 
extracting knowledge and reasoning strategies 
from vast amounts of data, including scientific 
articles, medical histories, clinical records, books, 
websites, and so on. Scientists developing genera-
tive AI argue that this knowledge and these 
reasoning strategies are ultimately integrated 
into the scientific data processed by the systems, 
which are capable of internally making complex 
inferences and associations that lead to results 
similar to those reached by doctors.Yet,, they 
lack real-world clinical experience (like that of 
physicians, who can assess the full psycholog-
ical and social context of their patients), and 

Figure 1. Relationship between accuracy and interpretability for different AI techniques. Originally published by 
the authors in (29).
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they cannot grasp the causal relationships and 
pathophysiological processes already represented 
in expert systems like CASNET or ABEL, nor do 
they have the capacity to understand all the ethical 
aspects of medicine, which physicians learn over 
years of experience.

Large language models (LLMs) like ChatGPT, 
Claude, and others can generally produce highly 
consistent simulations of deductive reasoning, 
but they lack intrinsic knowledge of their logical 
foundations, since they extract this knowledge 
from linguistic pattern statistics of millions of 
texts. Therefore, they can make mistakes in their 
deductions because they cannot internally verify 
the truth of the premises or do not have sufficient 
correct information, and they may be prone to 
proposing inconsistent answers or fallacies such 
as “hallucinations”—conclusions that appear 
correct but are logically flawed. Again, although 
some of these LLMs can clearly outperform human 
professionals in specific tasks—particularly when 
complex calculations and large amounts of data 
or knowledge need to be processed—these LLM 
reasoning methods cannot replace the multiple 
capabilities, skills, and judged experience of the 
best physicians.

LIMITATIONS AND RISKS OF AI

Pioneers of expert systems and clinical decision 
support, such as Feigenbaum, Buchanan, 
Kulikowski, Shortliffe, Szolovits, Barnett, Greenes, 
Pople, Myers and Miller,and others, already 
understood the numerous limitations of AI and 
the dangers of accepting its decisions without a 
deep understanding of its operation and without 
the valid explanations generated by these systems. 
As early as 2004, the authors warned about these 
limitations (34). Below, we highlight some critical 
limitations of current AI.

COMMON SENSE

A popular (multicultural) saying is that "common 
sense is the least common of the senses." Aristotle 
considered it the ability of people to form coherent 
judgments about the world.

Turing stated that mathematical logic cannot 
be sufficient to support reason without consid-
ering common sense (35). He was the first in 
the scientific world related to computers and 
AI to explicitly mention common sense. Valiant 
(10) mentions that we face two problems related 
to common sense: identifying what logic fails 
to grasp—a consequence of mathematical 
logic requiring a solid theoretical framework 
to function correctly—and determining the 
necessary scientific path to address the common-
sense problem—for which we need, paradoxi-
cally, a general theory of the non-theoretical. At 
the dawn of symbolic AI in the 1950s, researchers 

such as John McCarthy (36) and Marvin Minsky 
(37) identified the “common-sense problem”: 
the difficulty of endowing machines with basic 
knowledge about the world.

Humans are particularly adept at generalizing, 
even from a few examples, but in the era of 
knowledge-based systems, machines could not 
reason beyond the set of rules provided by their 
designers, and thus often made mistakes in novel 
or implicit situations. On the other hand, genera-
tive models do not use explicit rules; Instead, they 
learn statistical patterns from massive amounts of 
data (texts or images). Generative AI developers 
argue that these systems capture the common-
sense knowledge implicit in the texts they are 
trained on or in the inferences they can draw; 
however, while it is proposed that generative AI 
could improve upon this approach, it cannot yet 
be considered equivalent to human intelligence, 
since these models do not truly reason or have 
their own understanding of the physical world.

HALLUCINATIONS

Hallucinations in large language models such as 
ChatGPT, Claude, and many others, occur when 
these models generate false or inaccurate informa-
tion, but do so in a way that may seem plausible and 
coherent to users. The causes can be diverse (38), 
such as limitations in the training data, errors, 
biases, incomplete information or the fabrica-
tion of false information, a lack of understanding 
of the context, inadequate formulation of the 
question posed to the system, or when the system 
cannot find an answer and responds incorrectly. 
It is important to remember that these systems do 
not truly understand the answers they provide. 
Therefore, they can provide answers that, from a 
linguistic point of view, seem correct, but which, 
in reality, contain false information.

Among the immense amount of data used to train 
these systems—which could one day encompass 
all documents created by humans, like a universal 
Borgesian library—there are frequently numerous 
errors, biases, and gaps in scientific knowledge 
on many subjects. LLMs can provide answers that 
often seem plausible, but are actually flaws in the 
model's generation or reasoning, due to problems 
such as limitations in the training data—in quality 
or quantity, for example, or in the lack of widely 
accepted knowledge on the subject—among other 
causes. In this way, hallucinations can lead doctors 
and patients to poor clinical decisions, which can 
add to other causes of potential malpractice from 
the use of AI in clinical practice, with shared 
responsibility on the part of the healthcare profes-
sional (39).

A clear need in clinical practice is understanding 
how hallucinations occur and their causes, 
something a physician must know to use an AI 
system while being aware of its limitations. These 
errors are inherent in any system based on data 
and statistical analysis.
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UNCERTAINT Y AND RISK

"Uncertainty" is one of the words that best 
summarizes the numerous difficulties faced by 
AI researchers in biomedicine. Uncertainty is 
found in many aspects of medical documentation 
and reasoning, such as the multiple errors and 
inconsistencies found in electronic health record 
data; patients' subjective statements recorded in 
their charts; the implicit reasoning embedded in 
the collected data, corresponding to decisions 
made by physicians but not recorded in these 
documents; the lack of knowledge, yet to be discov-
ered, in so many areas of medicine, including the 
causes of diseases; the differences in protocols 
and patient management among different profes-
sionals in different medical practices; the errors 
and discrepancies between the medical devices 
used in each hospital or clinic, and so on. All these 
factors contribute to the risk of medical decisions 
and proposed therapies, for which current statis-
tical theories, still based on utilitarian economics, 
are completely inadequate to take into account 
the particular considerations of the individual 
patient and their ethical treatment subject to the 
Hippocratic Oath.

Generative AI models are essentially probabi-
listic. They have no way of knowing when they 
are uncertain about an answer, can often mislead 
users, and implicitly represent uncertainty 
through probability distributions in the dataset 
they handle. To overcome this key problem, 
developers of generative AI models have created 
different methods, but these still do not include 
new representations of the common sense and 
human context needed for the ethical practice of 
medicine.

CONCLUSIONS

The accelerated acquisition of new cognitive 
skills through AI can also  lead to the loss of 
other traditional skills (40). For example, recent 
articles (41, 42) warn about the loss of skills—e.g., 
advanced reasoning in complex medical cases. 
In the few years since ChatGPT's emergence, 
numerous AI "experts" have appeared, lacking 
real experience, and, worse still, thousands of 
scientific articles on the use of AI in medicine are 
published each year, with study designs of highly 
questionable validity in many cases.

There is currently likely an excess of expecta-
tions regarding AI and its capabilities, especially 
in medicine, but there is also great hope that 
AI will become the center of a scientific revolu-
tion comparable to previous ones in medicine. 
Numerous articles have suggested, even dating 
back to the 1970s (43), that AI systems outper-
form physicians in their results—a clear example 
being the diagnosis of mammograms in recent 
studies (44)—although ultimately, physicians must 

still supervise the AI's results to avoid potential 
negative consequences for patients. In African 
countries, for example, the use of AI could lead 
to substantial improvement and change in future 
healthcare due resulting from the shortage of 
physicians.

In this article, we have selected ten lessons learned, 
but there could be more. For example, at the time 
of writing this article, a large-scale experiment 
has been published demonstrating the problems 
with using an AI-based stethoscope (45). While 
it achieved better results than the physicians with 
whom it was compared, it is not efficient due to 
the time required for its use and its lack of clinical 
integration—a problem already observed with the 
first medical AI systems in the 1970s (46).Keeping 
this in mind, healthcare and medical professionals 
need to understand the basic principles and limita-
tions of these AI systems, as well as the lessons 
learned from over fifty years of experience.
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