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L arge language models (LLMs) are pre-

trained artificial intelligence (AI) algo-
rithms that can interpret text and

generate human-like text in real time.1 Recent
studies on LLMs (eg, PaLM and GPT-3.5) have
found near-human performance on medical
examinations and many possible future appli-
cations have been discussed, such as drafting
discharge summaries, answering consulta-
tions, or generating lists of differential diag-
nosis.1-7 Moreover, ChatGPT can already
automatically generate empathetic responses
to patients and seemingly genuine scientific
abstracts.8,9 The number of possible applica-
tions is likely to continue to increase, espe-
cially with large public investments in health
care AI and as LLMs’ capabilities continue to
improve.10,11

However, it can be challenging for clini-
cians with limited technical understanding to
assess the feasibility of such applications.12

This could result in focusing on unrealistic ap-
plications or neglecting promising ones.
Frameworks have been developed to assist in
assessing AI applications for specific domains,
eg, for radiology.13 However, no such frame-
work exists for LLM applications. Therefore,
this article posits a simple framework for
nontechnical health care professionals for
assessing the feasibility of potential LLM appli-
cations in health care.

The framework consists of the following 4
steps:

1. Determine the main source of health care
data that the LLM uses

2. Determine the intended recipient of the
LLM’s output

3. Combine the answers from (1) and (2) to
identify a category
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4. Assess fundamental limitations for that
category

Step 1: Determine the Main Source of Health
Care Data
Determine whether the health care data that
the LLM will use to reply to prompts comes
from patients (eg, health data or medical re-
cords), health care providers (eg, information
on procedures, medications, research or orga-
nizational information, such as opening
hours), or payers (eg, information on reim-
bursement of procedures).

Step 2: Determine Intended Recipient
Determine whether the main reader of the
output of LLM is a patient, provider, or payer.

Step 3: Identify Category
Combine the answers from steps 1 and 2 in the
LLM feasibility framework (Table 1) to identify
which category the solution belongs to.

Step 4: Assess Fundamental Limitations
Table 2 describes categories and correspond-
ing fundamental limitations, which can be
used to assess the feasibility of a specific appli-
cation. LLMs can be used in many different
ways and are developing rapidly. However,
some limitations are intrinsic to the AI model
itself, which can be seen in the literature to
date, and these are unlikely to change despite
the rapid development. In brief, these limita-
tions are as follows:

i. Lack of understanding: LLMs lack a hu-
man-like understanding of the real-world
phenomena that words describe and only
process their semantic representation. This
oi.org/10.1016/j.mcpdig.2023.03.006
vier Inc on behalf of Mayo Foundation for Medical Education and Research. This is an open
.org/licenses/by-nc-nd/4.0/).

185

Delta:1_given name
https://doi.org/10.1016/j.mcpdig.2023.03.006
http://www.mcpiqojournal.org
http://creativecommons.org/licenses/by-nc-nd/4.0/


TABLE 1. LLM Feasibility Framework: Matrix for Determining Category of LLM Application

Main recipient of output

Main source of health care data

Using patient data. Using provider data. Using payer data.

. to highly automate summaries or explanations of.

Patients
Adapting output (see examples)

to, eg., individual patients’ health
literacy, medical history, and
current medications

Category 1
Example: Patient’s own medical
records (eg, discharge notes,
laboratory results,
investigations)

Category 2
Example: Provider information

(eg, medications, treatments,
preoperative processes)

Category 3
Example: Payer information (eg,

coverage, explanation of health
care system, available providers)

Providers
Adapting output (see examples)

to, eg., providers’ specific clinical
context, resources, or inquiry

Category 2
Example: Pertinent patient
information (eg, from medical
records, laboratory results)

Category 2
Example: Relevant medical

information (eg, merging local
or international guidelines,
research)

Category 3
Example: Relevant payer information

(eg, reimbursement, quality
measures, or coverage)

Payers
Adapting output (see examples)

to, eg, payers’ specific
rules on coverage, reimbursement,
or quality measures

Category 2
Example: Relevant population
data (eg, aggregate statistics
from free text medical
records)

Category 3
Example: Relevant provider

information (eg, quality,
efficiency or cost of providers/
pathways)

Category 3
Example: Improving existing internal

knowledge management systems

LLM, large language model.
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lack of understanding is highlighted by un-
predictable illogical errors in reasoning in
recent LLM studies.2,5,14 This lack of real-
world understanding limits the extent to
which LLMs can act autonomously without
oversight and creates the need of control
mechanisms to ensure the appropriateness
of the output.

ii. Lack of predictability: LLMs run the risk
of creating “hallucinations” (text responses
that are either nonsensical or unfaithful to
the content they should use) and errors
that are difficult to predict, which can entail
patient risks.1,4,15 Manufacturers must ensure
that a medical LLM software performs in a
safe and predictable manner according to
relevant legislation (eg, the Medical Device
Regulation in Europe). Guaranteeing that a
LLM does not create any hallucination is
challenging. This risk can be partially miti-
gated by, for example, letting a clinician
assess the output before it is acted on (to
identify errors) or by forcing the LLM to
reference external sources for the state-
ments in its output (to allow comparisons
with the original data that the output is
based on).
Mayo Clin Proc Digital Health n June 2
iii. Lack of empathy: Even if LLMs can
generate seemingly empathetic responses,
they cannot experience emotions or empa-
thize with a patient when providing emotional
support.16 Moreover, people may not
perceive empathy as genuine when coming
from an algorithm.17 This may change over
time but is currently a limitation in, for
example, using unsupervised LLM output to
provide patients with sensitive information.

The framework could be applied as follows:
Imagine a LLM application that aims to
improve patient adherence by adapting generic
medication information (provider data) to pa-
tients (patient recipient) and different levels of
health literacy. The combination of data and
recipient places the application in category 2,
and therefore it would be important to under-
stand how the application addresses the lack
of understanding and predictability by LLMs.

This framework has several limitations.
First, it is not exhaustive but is designed as a
simple heuristic for an initial understanding
of what fundamental limitations a LLM applica-
tion may have. This framework does not
replace a comprehensive assessment, which is
needed before clinical implementation. Such
023;1(2):185-188 n https://doi.org/10.1016/j.mcpdig.2023.03.006
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TABLE 2. LLM Feasibility Framework: Limitations relevant for each category

Category Example of healthcare data used

Fundamental limitations relevant for
category

Lack of
understanding

Lack of
predictability

Lack of
empathy

1: Output without clinical supervision - Patient health data: e.g. medical
records, blood results, patient
reported outcome measures,
data from wearables

U U U

2: Supervised output which can impact
clinical decisions

- Patient health data (as above)
- Generic provider data: information
about e.g. medications, treatments,
procedures, research

- Specific provider data: information
about e.g. clinicians, opening hours,
services provided

U U

3: Administrative output - Provider information (generic/specific
as above)

- Payer data: administrative data,
process measures,
reimbursement, costs

U

LLM, Large language model.

FEASIBILITY FRAMEWORK FOR LLM APPLICATIONS IN HEALTH CARE
an assessment will include several important as-
pects, such as interpretability of models (to
what extent one can understand why they pro-
duce a certain result), which LLM is used, if the
training data are sufficiently representative and
of high quality, and whether the model has
been fine-tuned to medical data. Second, it
can only be used to identify potentially imprac-
tical solutions but not to confirm the feasibility
of solutions. Last, despite incorporating limita-
tions that seem fundamental, these may change
as LLMs and social norms develop.
Conclusion
Notwithstanding the abovementioned limita-
tions, this framework aims to aid nontechnical
health care professionals in critically assessing
emerging LLM applications and ensuring their
development into clinically safe and useful
tools. LLMs have great potential to improve
many parts of health care, but more research
is needed to understand their performance,
safety, and effect on health care systems.
Finally, when addressing novel emerging tech-
nologies, keep Amara’s law in mind: “We tend
Mayo Clin Proc Digital Health n June 2023;1(2):185-188 n https://d
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to overestimate the effect of a technology in
the short run and underestimate the effect in
the long run.”18
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