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Abstract

Objectives: Therapeutic drugmonitoring (TDM) reports are
critical for precision medicine but remain labor-intensive.
This study attempts a proof-of-concept approach to investi-
gate the possibilities of large language models (LLMs) in
generating TDM reports.
Methods: Using fictional cases based on real cases and a
questionnaire-based framework, we evaluated complete-
ness, lack of false information, evidence, appropriateness
and relevance of the generated reports using the CLEAR
framework.
Results: While basic constellations were acknowledged by
the models and the TDM reports followed the structure of the
prompt, challenges remain in context understanding and
domain-specific nuance. Importantly, we examined only
standalone LLM outputs rather than human-AI collaboration.
Conclusions: Our findings suggest LLM-assisted TDM
reporting can reduce clinical workload and enhance stan-
dardization. Further research should focus on improving
model interpretability, refining data integration, and
designing systems that effectively incorporate human
oversight.

Keywords: therapeutic drug monitoring; large language
model (LLM); AI based report writing

Introduction

Therapeutic drug monitoring (TDM) is a cornerstone of
precision medicine, aimed at optimizing pharmacotherapy

by measuring and interpreting drug concentrations in pa-
tients to ensure efficacy while minimizing adverse effects.
Although TDM holds significant potential to improve patient
outcomes, producing high-quality TDM reports remains a
labor-intensive task requiring specialized knowledge and
meticulous attention to detail. The workload is further
increased due to a lack of (commercial) software solutions
and a lack of integration of necessary tools such as phar-
macokinetic information databases or drug interaction da-
tabases. Respective healthcare professionals must manually
integrate detailed patient data with complex interrelations
of their medically relevant observations. These include
comorbidities, co-medications, common enzyme metabo-
lisms and pharmacokinetic parameters. Only then, they can
arrive at recommendations for dosage adjustments or
ongoing monitoring. Table 1 shows the information and
questions that we consider relevant and that should be
addressed as part of a detailed TDM assessment.

Recent advances in artificial intelligence (AI), particu-
larly in the realm of large language models (LLMs), have
created new opportunities to automate and standardize
TDM reporting. LLMs – trained on vast amounts of textual
data – have demonstrated promising capabilities in gener-
ating coherent, context-aware narratives, making them
attractive tools for clinical documentation tasks. By har-
nessing these models, clinicians could potentially reduce the
manual workload, alleviate staffing constraints, and in-
crease the consistency of TDM reports across different in-
stitutions. However, the suitability of LLM-generated reports
for real-world clinical practice remains largely unverified.
Previous research has investigated AI-based approaches for
clinical decision support [1, 2] or diagnostic reasoning [3, 4],
but there has only been isolated work in the field of TDM.
One publication looked at the possibilities of using LLM to
increase patient adherence when taking medication [5],
while another examined the ability of LLM to check patients’
medication [6]. A review from 2023 gave an overview of
various machine learning algorithms that have been pub-
lished to improve TDM [7].

In this study, we sought to close this gap by evaluating
TDM reports generated by state-of-the-art LLMs as a first step
and a proof-of-concept towards a LLM-based TDM tool. We
leveraged fictional patient cases based on real cases, repre-
sentative of typical clinical scenarios, to assess completeness
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(C), lack of false information (L), evidence (E), appropriateness
(A) and relevance (R) using the CLEAR framework. Impor-
tantly, our objective is not to evaluate human-AI collaboration
or investigate how interactive systems might augment clini-
cians’ decision-making. Rather, we focus on the standalone
output of LLMs to determine whether these models can be
used for generating basic TDM reports to reduce workload.

Materials and methods

Technical architecture

We use LLMs as delivered by the respective providers via
public, paid,web application programming interfaces (APIs).

Using such cloud-hosted LLMs, we enable repeatability of
our study in contrast to self-deployed LLMs. The latter would
have potentially introduced unforeseen variables of
different deployment options, hardware, etc. We focus on
state-of-the-art LLMs (as of spring 2025) by the two major
providers OpenAI and Google, i.e. OpenAI’s GPT4o (in its
November 2024 version) and Google Gemini 2.0 Flash. GPT4o
[8] enables a context window of up to 128 k tokens and
produces up to 16 k output tokens. Its training data encom-
passes knowledge up to 01 October 2023. Gemini 2.0 Flash [9]
enables a larger context window of 1 M tokens but produces
only up to 8 k output tokens. Its training data encompasses
knowledge up to June 2024. One prominent benchmark on
LLM reasoning performance (MMLU-Pro) puts these two
models on par [10]. In order to support the LLM’s outputwith
up-to-date information and to reduce the chance of halluci-
nations, a retrieval augmented generation (RAG) database
was made available to the model. Here, text information is
stored in a vector database, which the model can then use as
context for answering a query by finding similarities
(mathematically, usually cosine similarity) when processing
a query [11, 12]. This database contains specialist information
from drug manufacturers (primarily pharmacokinetic in-
formation and information on interactions and adverse drug
reactions), the most important drug interactions (the PSIAC
database served as the source here [13]), and pharmacoge-
netically relevant enzymes (CYP P450 family, Pgp, etc.) of the
drugs included in the study, as well as various guidelines on
therapeutic drug monitoring, such as the 2018 AGNP
consensus guideline update [14], the DEGAM S1 guideline on
drug monitoring [15], and the comprehensive review by
Patsalos et al. on the therapeutic reference ranges of anti-
epileptic drugs [16].

Fictional patient cases

Fictional patient cases based on typical constellations were
used as patients. A total of 10 patient cases were constructed.
These ranged from simple scenarios with a single medica-
tion without concomitant medication or comorbidities and
professional timing of blood sampling to complex cases with
multiple measured, pathologically altered drug levels, mul-
tiple concomitant medications (up to 12 different drugs),
errors in blood sampling and estimation of steady state
attainment, and forgetting to take medication.

The data provided to the LLM included:
– Information about the fictional patients:

– Age, sex, weight, height and body mass index (BMI)
– Smoking status

– Information about the medication taken:

Table : Possible structure of a TDM report.

. Prerequisites
– Assessment, whether dosage and dosing schedule are correctly

specified
– Description of timing of the last dose adjustment and assessment,

whether patient has reached a steady state
– For eachmeasured value, it is specified, whether the samplewas taken

at the trough level or peak level
. Interpretation of measured value
– Value classification:

– Undetectable measurement (e.g., indicating potential compliance
issues)

– Classification according to reference range, i.e. low, within the
therapeutic range, elevated, or in toxic ranges

– For extreme levels, the potential for coma or fatality is assessed
. Out-of-range values
– Out-of-range values: Values, which are measured outside the

therapeutic range
– Interpretation of out-of-range values
– Reasoning on possible causes for the deviation

– Description of factors that might lead to a decrease or increase in
levels

. Dose-response discrepancy
– If values do not match the prescribed dose (e.g., normal levels but a

low dose), an explanation of potential reasons for this discrepancy are
provided

. Metabolite-to-compound ratio, MPR
– For medications with an MPR value, the metabolization rate is

evaluated
– If applicable, evaluations of MPR value include a classification of the

patient as an ultra-rapid or slow metabolizer
. Pharmacogenetics (e.g., CYP polymorphisms)
– Highlighting clinically relevant genetic polymorphisms that may affect

drug metabolism
. Multiple medications
– Details on any pharmacokinetic interactions by drug
– Details on potential adverse drug reactions related to enzyme inhibi-

tion or activation, including CYP enzymes and transporters like pgp
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– Substance, dosing scheme, measured value
– Therapeutic reference range (lower and upper limit)
– Measured value of the metabolite (if recommended)
– Therapeutic reference range for the metabolite

(lower and upper limit)
– Metabolite-to-compound-ratio (MPR, if recommended)
– MPR range (lower and upper limit)
– Sum of mother substance and metabolite (if

recommended)
– Sum range (lower and upper limit)
– Last date of dosage adjustment
– Last date and timepoint of drug ingestion
– Timepoint of blood withdrawl
– Medication without measurement of concentration

The information was converted from a table format to a text
format to make it accessible to the LLM. Figure 1 shows the
information extracted from the original data that was made
available to the LLM for generating the report.

Prompt and report generation

In addition to the case-specific information, the LLMs were
given a prompt to create a structured TDM report, which
should follow the structure in Table 1. Figure 2 shows the
prompt used.

Figure 1: Example patient description towards LLM. Figure 2: TDM prompt.

Adler et al.: LLMs for TDM reporting 275



CLEAR framework for evaluating AI-
generated TDM reports

The CLEAR tool for assessing the quality of health informa-
tion was published in 2023 [17]. The aim of this tool is to
simplify and standardize the verification of the quality of AI-
generated health information. To this end, CLEAR (which is
an acronym for the five relevant categories surveyed) uses
five questions:
(1) C=Completeness: Is the content sufficient?
(2) L=Lack of false information: Is the content accurate?
(3) E=Evidence: Is the content evidence-based?
(4) A=Appropriateness: is the content clear, concise, and

easy to understand?
(5) R=Relevance: is the content free of irrelevant

information?

A scale consisting of five levels is used to classify the output
of an AI model in relation to the questions:
– 1=poor
– 2=satisfactory/fair
– 3=good
– 4=very good
– 5=excellent

The results can then be used to generate a score that divides
the outputs into the following categories:
– 5–11 points=poor
– 12–18 points=average
– 19–25 points=very good

In the publication that introduced the CLEAR framework
[17], various health questions were posed to state-of-the-art
frontier models at that time. The AI models and AI systems
GPT3.5, GPT4, Microsoft Bing, and Google Bard achieved
CLEAR scores of 23.5, 24, 25, and 20.5, respectively, when
answering the question “I have diabetes, what can I eat?”.
We believe that the CLEAR tool is a suitable tool for an initial
evaluation of AI-generated TDM reports within the scope of
this proof-of-concept study.

Results

Example TDM report and general
performance

Figure 3 shows an example of an AI-generated TDM report,
as generated by Google’smodel Gemini 2.0flash based on the
inputs from Figures 1 and 2. The report follows the prompt’s

structural requirements and correctly classifies most of the
information relating to a TDM interpretation. The system
recognizes that the given daily dose of 2,000 mg for the
medication levetiracetam is considered the standard dose
and that the dosage scheme of two daily doses is appropriate
for the drug. Although the last adjustment to the medication
is stored in the database, the AI system does not recognize
this, still classifies the constellation as “in steady state” and
indicates that a steady state would be reached after
approximately 3 days for Levetiracetam. Due to the short
half-life of Levetiracetam (approximately 7 ± 1 h), steady
state is usually reached after 2 days. This highlights a prob-
lem in dealing with LLMs, namely their limited ability to
handle numerical values, which is also evident in the clas-
sification of the time of blood sampling for assessing the
presence of a trough level. It is interesting to note that, as
mentioned in the methods section, we converted the nu-
merical values into rough classifications for better process-
ing, but the AI-system nevertheless indicates that
interpretation is only possible if the specific numerical
values are available. The AI system correctly classifies the
measured value as elevated and mentions a therapeutic
reference range, but at the same time points out that ther-
apeutic reference ranges may vary depending on the labo-
ratory. This is also the case in this example. The AGNP
Guideline from 2018 [14], which is widely used in Germany,
specifies a therapeutic reference range of 10–40 mg/L for
levetiracetam, but the AI system cites the therapeutic
reference range of 12–46 μg/mL, which was also available in
the RAG database. In the AI system’s argumentation
regarding the possible reasons for elevated levetiracetam
levels, the possibility of renal insufficiency (or possibly
transiently reduced renal function due to dehydration) is
mentioned, which is reasonable given the patient’s age. The
interactions with other medications mentioned are also
correct and helpful. Rarer reasons such as excessive medi-
cation intake are also cited. A possible dose-effect discrep-
ancy is correctly discussed and the inapplicability of MPR to
levetiracetam is recognized. Levetiracetam is excreted
almost exclusively via the kidneys, so a pharmacogenetic
examination is not useful. The absence of other medications
and thus the lack of drug interactions is also correctly re-
flected by the AI system. At the end, advice is given on
adjusting the levetiracetam dosage and further recommen-
dations are addressed, such as the advisability of further
monitoring kidney function. With regard to this example
TDM report, it can be said that if information is provided in
the correct format, the AI system is able to generate a
structured, detailed TDM report following the prompt, in
which onlyminor details can be improved. However, this is a
simple TDM constellation, as only one drug is being
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investigated and no other medication is being taken. Similar
problems arise in the case of more complex reports. The
models find it difficult to determinewhether a trough level is
present and whether a steady state has been reached.
However, this is crucial for the interpretation of thefindings,
as different causes for lowered or elevated levels must be
considered accordingly. However, due to the small number
of cases, no clear trends can be identified at this stage that
suggest that the models would perform significantly worse
in more complex cases.

CLEAR results between the models

To assess the quality of the TDM reports, the outputs were
evaluated by a pharmacologist who prepares TDM reports
on a daily basis and who was not involved in the develop-
ment of the AI system using the CLEAR framework. Table 2
shows the CLEAR-Scores for the 10 cases considered. It is
noticeable that Google’s model Gemini 2.0 Flash achieves
higher CLEAR values on average than the OpenAI model
GPT4o. Figure 4 shows the scores of the models in the

Figure 3: Structured TDM report as output
when transferring the information from
Figures 1 and 2 to the LLMs.
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Figure 3: Continued.

Table : Overview of the CLEAR scores of the two LLMs used in the context of the difficulty of the TDM reports and the pitfalls of the cases.

Case Number of
drugs

Difficulty Pitfalls CLEAR score
google

CLEAR score
OpenAI

  Easy Missed dose  

  Easy None  

  Normal No through level, MPR elevated  

  ( measured) Normal Toxic level, no through level  

  ( measured) Normal No through level, multiple interactions  

  ( measured) Hard Steady state and through level not unknown, decreased concentrations,
multiple interactions

 

  (measured) Hard Measurement of an additional drug level, multiple interactions  

  ( measured) Hard Measurement of an additional drug level, steady state and through level
unknown, multiple interactions

 

  ( measured) Normal Multiple interactions  

  ( measured) Normal No through level, dosage information mixed up  

Average CLEAR-score . .
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different categories of the CLEAR framework. It can be seen
that GPT4o achieves significantly worse results than Gemini
Flash 2.0, particularly in the areas of “completeness” and
“lack of false information”. Possible reasons for this are
discussed below.

Discussion

As we have seen, our LLM-based system for TDM report
interpretation is capable of generating structured reports
and incorporating most of the relevant information into the
report but only achieves average scores in the CLEAR eval-
uation (CLEAR category “Average”). There are various rea-
sons for this, which will now be discussed.

In order to interpret a drug concentration correctly, it
must be interpreted in the context of pharmacokinetic data.
Since most therapeutic reference ranges by definition refer
to a blood sample taken at trough level (exceptions are
substances with very short half-lives, such as

methylphenidate) and stable concentrations are only
reached when steady state is achieved after approximately
five half-lives, the classification into steady state and trough
level must be carried out at the beginning of each inter-
pretation. This classification by the LLM reveals a well-
known problem with language models: their limited ability
to deal with numbers and correctly classify them in a larger
context. Mirzadeh et al. assume that current LLMs do not
have genuine logical/mathematical reasoning abilities, but
merely reproduce seemingly logical chains of thought from
the training data. When Mirzadeh et al. changed the
numbers in the sample tasks or increased the level of diffi-
culty, the performance of the models declined [18]. Even
when names in classic school tasks (“Anne has three ap-
ples…”) were changed to less typical names, performance
declined [18]. In our approach, we tried to avoid this problem
by converting numerical values into information such as
“lowered” or “raised” and adjusting blood sampling times to
‘morning’ or “evening.” However, this led to the model
noting in some reports that it could better interpret the

Figure 4: CLEAR scores of LLMs differentiated according to CLEAR items.
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findings with concrete numerical values. Therefore, the
transfer of relevant data to the LLM should be optimized in
further steps. Since the various models differ slightly in
terms of architecture, tokenizers, and dictionaries (lists of
available tokens from the training data), it is advisable to
focus on one model and optimize the data structure and
corresponding prompt accordingly. With a combination of
this type of “context engineering” and equipping the model
with “function calling” to use tools such as calculators or
R/Python scripts for processing mathematical problems, the
challenge of incorrect classification of steady state and
trough level should be manageable in most cases.

As shown in our example in Figure 3, another problem
arises when a model obtains conflicting information from
the RAG database. In our example, if the database contains
two sources that each contain slightly different therapeutic
reference ranges for a drug, it may happen that sometimes
one therapeutic reference range is used for interpretation
and sometimes the other. In the case of Levetiracetam, for
example, ameasured concentration of 43 mg/L would lead to
completely different interpretations (normal vs. elevated)
depending on the source used.

In the area of interpreting reduced or elevated mea-
surements or altered MPRs, both models showed heteroge-
neity between the findings. Due to the limited clinical
information available, certain reasons for a change in
measurement values should appear as standard on a TDM
report (e.g., compliance problems, too low or too high a dose,
pharmacokinetic changes in older age, renal insufficiency,
etc.). Instead, only some of these points appear in the reports,
and then in different combinations. This may also be due to
the basic text generation process of an LLM, in which the
next token is generated based on a probability distribution
of possible following words. This means that even with the
same constellation, slightly different reports are generated,
the extent of which should be investigated in further studies.
This effect is further amplified in the present study by the
fact that no models fine-tuned for medical content were
used. Even though the state-of-the-art frontier models used
sometimes show very strong performance in the medical
field [19], supervised fine-tuning using optimal TDM reports
and, if necessary, reinforcement learning focused on TDM
reasoning could significantly improve performance. This is
also a great opportunity for small language models. There
are now fine-tuned small language models for the medical
field, such as MedGemma 4 b instruct [20], Meditron 7 B (a
quantised version of the Meditron 70 B model) [21],
HuatuoGPT-o1 7 B [22], and Llama 3 Meerkat 8 B [23], which

can also be deployed locally without the need for expensive
hardware. This would also address the important issue of
privacy data protection in healthcare.

Further limitations of this study include the fact that the
findingswere interpreted only onceusing theLLM-based tool.
As mentioned above, the output of an LLM can vary slightly
with each query depending on the architecture, so the sta-
bility of performance should be verified in a follow-up study
using 10 or more outputs of each TDM report. Furthermore,
the current very small sample size of 10 cases is not sufficient
to make any decision about possible future use in everyday
clinical practice. If the number of cases is expanded, the
evaluation team should also be enlarged, as in this study only
one pharmacologist performed the evaluation using the
CLEAR tool. The authors point out, however, that this is a
proof-of-concept study that focused on technical feasibility
rather than a conclusive evaluation of such an AI system.
Further studies should also consider not only the CLEAR
criteria but also other criteria such as hallucination rate, etc.

Conclusions

Our study shows that LLM-based support for TDM inter-
pretation is technically feasible. The subtleties of TDM
interpretation make it difficult for the current models in the
technical setup used here to capture all aspects of a profes-
sional TDM reports. Since missing clinical data complicates
interpretation and certain standard recommendations are
therefore useful, the architecture of LLMs with their prob-
abilistic approach of text generation hinders the output of
highly standardized TDM reports. Further studies should
examine the reproducibility of LLM-based TDM reports us-
ing a larger number of cases, taking a closer look at quality
and completeness. In addition, TDM reports should be
checked for known risks associated with LLMs, such as
hallucinations.
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