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Abstract
Background: Large language models (LLMs) are increasingly integrated into healthcare,
with potential applications spanning clinical documentation, patient communication, de-
cision support, and biomedical research. Their use, however, raises significant challenges
in terms of ethics, epistemology, and health system organization.
Objective: This narrative review critically examines the opportunities and limitations
of LLMs in medicine, with a particular focus on their implications for Belgian primary
care and family medicine.
Methods: We conducted a structured narrative review of the recent literature (2023–2025)
on LLMs in healthcare, complemented by clinical case illustrations and analysis of the
Belgian information system. The review emphasizes practical applications, ethical issues,
and epistemological reflections relevant to clinicians and policymakers.
Results: LLMs can enhance efficiency in clinical documentation, support patient-centered
communication across languages, and facilitate evidence retrieval and research through
standardized terminologies such as the Human Phenotype Ontology. However, their inte-
gration into Belgian healthcare is hindered by fragmented information systems and rigid
data governance. Ethical concerns include reliability, bias, confidentiality, transparency,
patient trust, and environmental impact. Epistemological biases in scientific production
and the invisibilization of field knowledge further limit the reliability of LLM outputs. Im-
portantly, LLMs cannot substitute for the therapeutic relationship, which remains central
to care.
Conclusion: LLMs represent promising auxiliary tools in Belgian and international
medicine, capable of reducing administrative burden and supporting clinical practice and
research. Their safe and effective integration requires ethical oversight, systemic reform
of fragmented health information structures, and renewed attention to the physician–
patient relationship. For Belgian primary care, these technologies should be adopted with
caution, transparency, and critical vigilance to ensure they serve patients and reinforce,
rather than undermine, the human dimension of medicine.
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1 Introduction
The integration of Artificial Intelligence (AI), and particularly Large Language Model
(LLM), into contemporary medicine is expanding
(see [1, 2]). These models, trained on massive text corpora, are capable of generating,
summarizing, translating, and structuring information. Their potential applies both to
everyday care and to biomedical research.

However, caution is needed when using the term ‘artificial intelligence. An LLM should
above all be considered as a methodological tool, capable of aggregating an impressive
quantity of information. As the adage ‘garbage in, garbage out’ reminds us, these models
can only reproduce the information they have absorbed.

Of human intelligence, it only reflects certain facets:
• Linguistic: mastery of words, language, and formulations.

• Logical-mathematical: reasoning, calculation, solving structured problems.

• Spatial: visualization, orientation, graphic representation.
On the other hand, it is difficult to imagine that an LLM could reproduce the emotional

intelligence characteristic of human beings — at the heart of the therapeutic relationship
and social interactions.

It should be emphasized that LLMs work with numerically identified concepts: natural
languages are merely an expression intended for human users. As such, an LLM is, by
definition, intrinsically multilingual.

The potential applications of LLMs are vast, and only a few can be highlighted here.
Each example could easily warrant a full-length discussion, turning this article into a
book. The intentionally concise bibliography offers guidance for readers seeking further
detail. In what follows, we focus on selected aspects, with particular attention to the
ethical and epistemological dimensions of these technologies.

This article offers a narrative critical review of current applications, ethical considera-
tions, and epistemological implications of LLMs in medicine, drawing on recent literature
(2023–2025) and examples from primary care practice

2 Use of LLMs in Daily Care

2.1 Clinical Documentation and Workflow Support
• Automatic generation of consultation notes from clinical interviews.

• Coding assistance International Classification of Diseases, 10th Revision (ICD-10),
International Classification of Primary Care (ICPC), Systematized Nomenclature
of Medicine — Clinical Terms (SNOMED-CT), procedures, prescriptions.

• Drafting forms, certificates, referral letters, and clinical summaries (see [3, 4]).
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2.2 Communication with Patients
• Translation of medical jargon into accessible language.

• Multilingual support for non-native patients.

• Production of discharge or self-care instructions (see [5]).

2.3 Medical Decision Support
• Summaries of clinical guidelines tailored to a specific case.

• Verification of dosages, interactions, and contraindications.

• Reminders for prevention and follow-up (vaccinations, screenings).

A crucial limitation: LLMs should never be used as autonomous diagnostic tools.
They can complement but not replace the clinician’s expertise [6]) and important limita-
tions in clinical reasoning capabilities [7] .

2.4 Education and Training
• For professionals: rapid access to medical knowledge, updates, preparation of teach-

ing materials.(see [8]).

• For patients: personalized documents explaining chronic diseases, preventive mea-
sures, or therapeutic adherence (see [9]).

2.5 Administrative Efficiency
• Assistance with appointment management and initial triage (see [10]).

• Support in responding to patients’ emails.

• Automatic extraction of structured data from free text (e.g., BMI, HbA1c, blood
pressure) (See [11]).

• Clinical risk management perspective (See [12]).

These clinical applications highlight the usefulness of LLMs at the bedside. But their
potential does not stop there: beyond care, LLMs also open up vast opportunities in
biomedical research.

3 Use of LLMs in Biomedical Research
This is an area of potentially considerable expansion. Large language models indeed
offer new possibilities for querying scientific literature, integrating heterogeneous data
(clinical, genetic, omics), generating hypotheses, and facilitating translational research.
Their ability to rapidly analyze vast biomedical corpora could transform the way clinicians
and researchers identify new biomarkers, establish phenotype–genotype correlations, and
design research protocols (see [13]). The fragmentation of the medical information system
in Belgium and the “end-of-the-world” position of family medicine make the applicability
of LLMs challenging but certainly attractive.
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3.1 Fragmentation of the Medical Information System in Bel-
gium

The general model of medical information processing in Belgium is modeled on the pre-
existing paper-based system. Information is generated in hospitals and by specialists,
then used to operate the hospital, with each institution remaining an isolated unit. It
is then partially made available to the general practitioner,and after some times to the
patient, with the patient serving as the connecting thread between the different actors.

This information often remains locked in family doctors’ records, with little opportu-
nity for dynamic circulation. The available IT systems reproduce this highly fragmented
vertical model, which does not allow for any genuine quality assurance approach (see
Figure 1).

Circulating information is essentially in the form of PDF files, without consensus on
metadata ([14]), and electronic health records are locked by rigid technical and legal
rules. In such informational cacophony, it is hard to see how to effectively implement the
immense possibilities offered by artificial intelligence and LLMs.

Figure 1: Male, 29 years old, master’s student in humanities. Acute COVID in 06/2020, two additional
episodes in 2021 and 2023. Outpatient follow-up. Diagnosis of Long COVID in 02/2025. Technetium
scintigraphy 03/2025: heterogeneous cerebral perfusion with multiple nonsystematic focal uptake zones,
suggesting SARS-CoV-2 encephalitis. Patient consulted in nine care institutions across seven cities be-
tween June 2020 and January 2025. Excluding laboratory medicine, 38 physicians from 15 specialties
involved (source: Walloon Health Network Hub, Medispring software). (in [15])

.

3.2 Multi-azimuth Research in Family Medicine
Yet despite these structural barriers, family medicine itself provides fertile ground for
innovative approaches. One promising direction lies in multi-azimuth research, where the
family doctor’s record constitutes an inexhaustible source of data (see [16]). Used locally,
it enables genuine quality assurance of practices, either by the physician for personal use,
or by comparison in benchmarking with a peer group.

The persistent question — “does what is done correspond to what was decided?”
(see [17]) — can find a possible answer through thoughtful and structured information
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management.
The family physician’s perspective on the health system can be formidable, and is

probably feared. Indeed, a simple analysis of the care episodes, as they appear for each
patient in the Walloon Health Network HUB, immediately highlights the structural dis-
organization of the Belgian health system (see Fig. 1).

3.3 Terminological Research via HPO
In this text, we address only one research angle: that of discriminating patient information
by means of a specific ontology, as an example of what is possible.

The Human Phenotype Ontology (HPO) ([18, 19]) belongs to the field of ontologies:
it is a structured set of concepts, along with their synonyms and hierarchical relations,
designed to be used directly by computer systems.

Automated coding by LLMs is generally accurate, since HPO terms align closely with
patients’ own formulations. The use of HPO serves a dual purpose:

• Structuring clinical diversity, by capturing verbatims through a controlled lan-
guage that reduces the ambiguity of patients’ spontaneous descriptions.

• Ensuring semantic interoperability, so that the collected data can be consis-
tently used by different clinicians, researchers, and information systems.

Table 1: Illustrative case: 11-year-old boy with post-COVID symptoms since October
2021. Withdrawn from school, previously athletic and skilled in strategy video games.
Consultation by M. Jamoulle, June 2025. HPO codes are clickable links. (in [15])

Symptom HPO Code (PURL) Child’s Formulation

Chest pain HP:0100749 “I really hurt in my sternum.”
Palpitations HP:0001962 “My heart beats faster and faster.”
Syncope HP:0001279 “I realize I fainted.”
Cognitive fluctuation HP:0033630 “Sometimes I say 1+1=3; the next day it’s fine.”
Fatigability HP:0003388 “I get too tired so I stop.”
Post-exertional fatigue HP:0009020 “After playing, I have to lie down.”
. . . . . . . . .

The use of HPO enables not only standardized clinical descriptions but also advanced
computational applications such as automatic indexing, comparative analysis, and inte-
gration with other biomedical databases. By structuring symptoms in this way, HPO
functions as a terminological biomarker: a reproducible linguistic–semantic signature
derived from patients’ narratives that ensures consistent mapping to controlled vocabu-
laries while capturing the clinical specificity of syndromes that remain poorly defined.

This example illustrates how terminology can transform clinical narratives into com-
putable data. Building on such foundations, LLMs can further enhance phenotyping and
cohort construction, where uniform patient descriptions are essential for research.
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3.4 Phenotyping and Cohort Building
In genetic research, patients must be described in a homogeneous manner. LLMs can sug-
gest relevant HPO terms from narrative descriptions, reducing inter-observer variability
and accelerating the creation of registries (see Table 1).

3.5 Phenotype–Genotype Reasoning
Matching algorithms such as Exomiser, PhenIX (software that exploits HPO to link ob-
served phenotypes with candidate genes in diagnostics, see [20]) rely on HPO annotations.
LLMs can enrich these annotations, suggest links with genes or diseases such as Online
Mendelian Inheritance in Man, database of human genetic diseases (OMIM) or database
on rare diseases and orphan drugs (Orphanet), and summarize the associated literature.

3.6 Literature Search and Scientific Monitoring
An LLM can query biomedical literature to identify recent associations between an HPO
phenotype and genetic variants, thereby facilitating scientific monitoring and hypothesis
generation (see [21]).

3.7 Interdisciplinary Harmonization
LLMs facilitate interoperability across disciplines by standardizing clinical descriptions,
notably through the use of terminologies and ontologies such as HPO (Human Phenotype
Ontology) or SNOMED CT. They thus enable better communication between clinicians,
researchers, and bioinformaticians, by translating free-text medical records into struc-
tured, shareable data. This harmonization process helps reduce knowledge silos and
accelerate translational research (see [22]).

In short, LLMs hold the potential to harmonize research across disciplines. Yet such
technical advances cannot be considered in isolation. Their integration into healthcare
raises major ethical questions, which we now turn to.

4 Ethics
The use of LLMs in healthcare raises major ethical questions that go beyond purely
technical aspects. First and foremost arises the issue of responsibility: who is accountable
for an error produced by a model — the developer, the institution, or the healthcare
professional who used it? This section examines the immediate ethical issues related to
their integration into clinical practice (see [23]).

4.1 Reliability and Bias
Large Language Models (LLMs) have remarkable power to analyze and generate text, but
they can also produce factual errors, fallacious reasoning, or invented information (hallu-
cinations). Moreover, these models inevitably reflect the biases present in their training
data, whether cultural, linguistic, socio-economic, or related to the underrepresentation
of certain populations in medical corpora.
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In healthcare, such biases can have significant clinical consequences, affecting the
quality of recommendations, reinforcing existing inequalities, or inappropriately guiding
decision-making. Human validation by healthcare professionals therefore remains essential
to ensure the safety, relevance, and fairness of the results produced by these systems (see
[24]).

4.2 Confidentiality and Data Protection
The processing of medical information must comply with applicable regulations as General
Data Protection Regulation (GDPR) or Health Insurance Portability and Accountability
Act (HIPAA)).

• Health data entrusted to an LLM must be protected against any unauthorized use.

• Models must be deployed in secure environments, with appropriate encryption and
restricted access.

• Exchanges with LLMs must not expose information that can directly identify a
patient, except within a strictly controlled and documented framework (see [25]).

4.3 Transparency and Acceptability
Patients must be informed whenever an artificial intelligence tool, such as an LLM, is used
in their care. Such transparency is essential to build and maintain trust, while enabling
responsible and ethical use of these technologies. It involves not only disclosing the use of
AI but also explaining in accessible terms its purposes, limitations, and the modalities of
medical supervision. The social and clinical acceptability of LLMs depends on this trust
contract, where technological innovation remains at the service of the patient and under
the control of the healthcare professional (see [26]).

4.4 Changing Access to Knowledge and Physician–Patient Com-
munication

Patients now have direct access to LLMs and can freely question them on any medi-
cal topic. This profoundly alters the traditional balance between professional and lay
knowledge:

• The physician lives and works in uncertainty, reasons in terms of probabilities, and
accepts the complexity of clinical situations.

• The patient, questioning an LLM, receives answers often phrased as certainties.
Where the physician thinks “there is a probability,” the patient understands “there
is a certainty.”

• This discrepancy often creates misunderstandings: the practitioner offers nuance,
while the patient cites the machine as absolute truth.

• The physician thus loses part of their traditional prerogative: being the mediator
and guarantor of access to medical knowledge. This transformation weakens the
therapeutic relationship, which must be rethought in the era of LLMs (see [27]).
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4.5 The Therapeutic Relationship, an Irreplaceable Dimension
We must not underestimate the power of the therapeutic relationship, which remains
to this day irreplaceable by any machine. This relationship, grounded in the encounter
between two human beings, engages the mirror neurons highlighted by [28] and activates
still-uncertain mechanisms such as the placebo effect.

The mirror-neuron metaphor illustrates this phenomenon: those of the therapist and
the patient begin to “reflect” together, in the literal sense (shared neuronal activation) as
well as the figurative sense (a joint construction of meaning). This subtle synchronization
fosters trust and amplifies the effectiveness of care (see [29]).

The placebo effect, for its part, remains a scientific enigma: only briefly touched upon
today by the neurosciences, it testifies to the power of relationship and expectation in the
healing process.

No technology can reproduce the impact of this profound human interaction, where
trust, listening, and emotional resonance contribute to recovery. However advanced they
may be, LLMs cannot substitute for the power of the clinical relationship, which remains
the heart of care.

4.6 Environmental Impact
The use of LLMs also raises ecological issues. Their training and operation require consid-
erable consumption of electricity and water, linked to data centers and cooling processes.

Yet the health system already contributes significantly to global warming, at a level
comparable to the automotive industry. Introducing new energy-intensive technologies
without prior reflection risks further increasing this environmental footprint.

The ethics of using LLMs must therefore integrate an ecological dimension:

• systematically assess the energy and water costs of these technologies;

• limit their use to applications that are relevant and genuinely beneficial for patients
and caregivers;

• promote sober and responsible digital solutions (see [30] and [31]).

Thus, ethical reflection extends from issues of bias and confidentiality to the ecological
footprint of LLMs. But ethics alone does not capture the whole picture: LLMs also reveal
deeper epistemological biases in how medical knowledge is produced and transmitted.

5 Epistemology and Biases of Knowledge
Beyond ethical questions, LLMs reflect the limits and biases of scientific production itself.
This section addresses the conditions under which medical knowledge is produced and the
tensions between technique, culture, and field practices.

5.1 Limits Related to Scientific Content
An LLM relies primarily on the existing scientific literature. However, the latter is marked
by several biases:
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1. Emerging fields: if the question concerns a new disease (for example, Long Covid),
the model’s responses reflect researchers’ beliefs or hypotheses more than established
knowledge.

2. Never say no : A key limitation of LLMs is their tendency to provide an answer
even when no reliable information exists. We need models and interfaces that can
explicitly recognize uncertainty and refrain from answering when evidence is lacking.

3. Academic biases: publications predominantly come from the academic world subject
to the rule of “publish or perish,” which can orient scientific production toward
quantity rather than clinical relevance.

4. Lack of access: frontline physicians, rich in direct experience with patients, often
have neither the time nor the means to publish.

5. Publication costs: many journals require substantial publication fees so-called Article
Processing Charges (APC), which limits the ability of non-academic practitioners
to share their clinical experience.

6. Invisibilization of field knowledge: the physician–patient relationship, sometimes
established over two or three generations, gives the practitioner a global and anthro-
pological understanding of the patient’s life and family. This knowledge is captured
neither in scientific literature nor in medical training. Invoking the “biopsychosocial
approach” is not enough: no published article can, by itself, solve systemic problems
rooted in patients’ histories and living contexts.

7. Health as a market: producers of technological and pharmaceutical goods finance
certain publications, remunerate ghost authors, and sometimes influence medical
services. This structural bias feeds LLM databases, once again distorting the infor-
mation returned. (see [32]).

8. Cultural prejudice: another bias lies in the widely shared idea that medicine is
always beneficial to health. This conviction creates a favorable prejudice toward
procedures and medications. Side effects are often poorly documented and rarely
emphasized; this imbalance is reflected in the corpora used by LLMs. (see [33]).

9. Prevention paradigm: as taught, it derives from the stages of syphilis elaborated
after the Second World War. Prevention is conceived as an intervention within a
disease course, without a quality-assurance approach. Quaternary prevention, which
aims to limit overmedicalization, has no place in a productivist world (see [34, 35,
36]).

5.2 Gap Between Technique and Culture
Another fundamental epistemological bias lies in the widening gap between technique and
culture. Traditionally, patients and physicians aged together within the same community,
sharing a cultural heritage and medical knowledge patiently transmitted from generation
to generation. This common framework fostered mutual understanding and continuity in
the meaning given to health and illness.
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The rapid evolution of technology disrupts this balance: it provides universal, multiple,
and constantly expanding knowledge, yet inscribed in a culture of production and con-
sumption. This knowledge—impossible to absorb in its entirety by the actors of care—is
moreover susceptible to all kinds of malfeasance or manipulation.

The result is a risk of collective disorientation: a “health bouillabaisse” in which pa-
tients, physicians, and institutions struggle to discern the reliable from the uncertain, and
where mutual trust tends to fray. As stated by [37] "Successful deployment requires ad-
dressing critical challenges, including data privacy, algorithmic bias, model interpretabil-
ity, regulatory oversight, and maintaining human clinical oversight"

These epistemological tensions highlight how technical progress, cultural shifts, and
systemic biases intertwine in shaping medicine’s future. Against this backdrop, we can
now draw some conclusions about the role of LLMs in care, research, and ethics.

6 Conclusion
LLMs today represent powerful assistants both in daily medical practice and in biomedical
research. Their combined use can reduce administrative burden, improve communication,
standardize data, and accelerate scientific discovery.

However, their integration must be accompanied by:

• thorough ethical reflection;

• critical vigilance toward the structural biases of scientific production;

• a redefinition of the physician–patient relationship in the digital era;

• and consideration of environmental impacts.

LLMs cannot replace the human dimension of care, but they can serve as powerful
auxiliaries if used judiciously and in line with the core values of medicine.

List of Acronyms
AI Artificial Intelligence

APC Article Processing Charges

ICD-10 International Classification of Diseases, 10th Revision

ICPC International Classification of Primary Care

GDPR General Data Protection Regulation

HIPAA Health Insurance Portability and Accountability Act

LLM Large Language Model

Medispring Belgian family medicine software
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OMIM Online Mendelian Inheritance in Man, database of human genetic diseases

Orphanet database on rare diseases and orphan drugs

SARS-CoV-2 Severe Acute Respiratory Syndrome Coronavirus 2

SNOMED-CT Systematized Nomenclature of Medicine — Clinical Terms
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