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Prompt-guided knowledge-augmented large language model
for reliable clinical medication review

Dear Editor,

Medication review (MR) is a critical process in
clinical pharmacy, enabling the optimization of
pharmacotherapy and improving patient safety by
reducing adverse drug reactions and medication
errorst!l. However, MR is a highly specialized task
that requires the integration of multiple patient-
specific data sources, such as medication histories,
diagnoses, and laboratory results, along with the
application of advanced clinical expertise and
contextual judgment. Consequently, it is time-
consuming and resource-intensive, limiting its routine
implementation in resource-constrained healthcare
settings(2l.

In recent years, large language models (LLMs), as a
form of generative artificial intelligence (AI), have
demonstrated potential in clinical documentation,
diagnostic reasoning, and medical educationl3l.
However, most LLMs are closed-source, which limits
domain-specific customization in healthcare and raises
potential concerns regarding data privacy and security.
Moreover, their large model size and high
computational demands further constrain practical
deployment for many healthcare stakeholders.
Open-source models offer greater flexibility and
customization, yet their integration into hospital
information systems (HIS) may face challenges
related to data privacy, system compatibility, and
security  considerations.© To  optimize LLM
performance for clinical pharmacy tasks, prompt
engineering represents an alternative approach by
guidingmodel outputs toward specific tasks and enabling
high-quality results even with limited training datal4.
Nevertheless, LLMs may still generate inaccurate or
incomplete information, a phenomenon known as
hallucination. A principal approach to domain
specialization 1is retrieval-augmented generation,
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which incorporates external medical knowledge to
improve factual accuracy and reduce hallucinations!s!,

It remains uncertain whether these technologies can
match pharmacists' expertise in generating MR
reports. To address this question, we developed a
Knowledge-Augmented Pharmacy Agent (KAPA), a
clinical-support tool that integrates a domain-specific
knowledge base with an open-source LLM to assist
pharmacists in generating MRs. The knowledge base
was constructed using information from currently in-
use drug labels, clinical guidelines, and consensus
statements. Drug labels were obtained from the latest
official versions, while the inclusion of guidelines and
consensus statements = was’ determined using a
structured quality assessment based on the Appraisal
of Guidelines for Research and Evaluation 1
(AGREE 1) instrument (Supplementary Note 1), to
ensure that only high-quality references were
incorporated. The knowledge base was subsequently
transformed into a vector database using an
embedding model, enabling the retrieval of domain
knowledge, such as drug indications, dosage ranges,
and common clinical combination therapies. These
retrieved data were then provided as contextual input
to the LLM. The LLM used in the present study was
DeepSeek-V3, chosen for its open-source availability
and seamless compatibility with the composable
framework.

This retrospective study was conducted using de-
identified data obtained from Jiangsu Cancer Hospital.
The study protocol was approved by the Institutional
Review Board of Jiangsu Cancer Hospital (Approval
No. KY-2025-085), with a waiver of informed consent,
and was conducted in accordance with the Declaration
of Helsinki. All data were de-identified prior to
analysis, and data handling complied with local data
protection regulations (Supplementary Note 2).

This is an open access article under the Creative Commons Attribu-
tion (CC BY 4.0) license, which permits others to distribute, remix,
adapt and build upon this work, for commercial use, provided the
original work is properly cited.
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For prompt optimization, we used 154 prescription
items derived from 20 patients, along with their
corresponding patient records. All data were exported
from the HIS by the hospital's Information
Technology department. Subsequently, researchers
applied Python scripts implementing regular
expression-based rules to remove or transform any
personally identifiable information. Two senior
clinical pharmacists with experience in hospital MR
practice independently generated gold-standard MRs
using a predefined and standardized evaluation
framework that incorporated patient demographic
information, confirmed diagnoses, and complete
medication orders. Medication appropriateness was
assessed according to a predefined eight-category
classification system for inappropriate medication use,
based on drug labels, relevant clinical guidelines, and
individual patient information. In cases of
disagreement, discrepancies were adjudicated by a
third senior pharmacist. The resulting consensus MR
reports served as the reference standard for all
subsequent evaluations. Three prompt designs were
iteratively evaluated: Prompt-1 applied zero-shot
prompting; Prompt-2 used role-based prompting with
examples; and Prompt-3 implemented chain-of-
thought reasoning guided by the Role-Task-Outcome-
Goal-Chain-of-Thought (RTOG-CoT) framework,
which structures the model's outputs according to role,
task, outcome, and goal while guiding stepwise
reasoning (Supplementary Note 3).

To assess the similarity between MRs generated by
KAPA under different prompt conditions and those
generated by humans, we adopted a combination of
quantitative and qualitative evaluation methods.
Quantitatively, Bidirectional Encoder Representations
from Transformers Score (BERTScore) was used to
assess semantic consistency between the generated
MR reports and the gold-standard reference, yielding
semantic precision, semantic recall, and semantic F1
scores that revealed performance differences across
prompt designs. While BERTScore captures semantic
similarity, it does not guarantee clinical correctness;
therefore, we also performed a qualitative assessment.
Two clinical pharmacists, who did not participate in
generating the gold-standard MRs, independently
evaluated the model-generated outputs in Chinese,
focusing on clinical accuracy, completeness, and
consistency with standard review practices. Inter-rater
reliability was confirmed with a Cohen's kappa of
0.773 (Supplementary Fig. 1). Responses were rated
using a six-point Likert-type scale ranging from 0 to 5
across seven predefined dimensions, hereafter referred
to as the seven-dimensional evaluation indicators

(Supplementary Note 4). Any discrepancies were
resolved by a third senior pharmacist.

As shown in Fig. 1A and Supplementary Table 1,
the model wusing Prompt-1 achieved moderate
performance in semantic similarity, with a semantic
precision of 0.627 £+ 0.196, a recall of 0.787 = 0.115,
and an F1 score of 0.670 + 0.134. Although the model
captured some relevant medication-related problems,
its ability to extract complete prescription details and
interpret therapeutic intent was limited. The reports
showed inconsistent structure and occasional omission
or misclassification of clinically important
information.  Prompt-2  substantially  improved
semantic precision (0.706 + 0.204) while maintaining
high recall (0.780 £+ 0.169), suggesting that example-
based role alignment aids the model in organizing
information logically and producing more complete
and consistent reports. However, challenges remained
in evaluating complex multi-drug regimens and
distinguishing intentional combination therapy from
inappropriate duplication. Prompt-3 demonstrated the
highest semantic precision and F1 score, while
maintaining recall comparable to that of the other
prompts. With RTOG-CoT reasoning and knowledge
retrieval, semantic precision reached 0.915 + 0.138,
and the F1 increased to 0.816 + 0.155. Beyond
semantic metrics, Prompt-3 markedly outperformed
other prompts in the seven-dimensional clinical
evaluation (Fig. 1B), achieving a total score of 31.981
+ 3.109 from Rater 1 (Supplementary Table 2). The
reports . generated under this prompt were better
structured, used more consistent terminology, and
showed improved alignment with pharmacists'
reasoning. The model's ability to identify
inappropriate medication use, justify its assessments
using retrieved authoritative evidence, and articulate
clinically relevant recommendations showed marked
improvement. These findings underscore that
structured prompting combined with contextual
knowledge augmentation enables LLMs to generate
text that is closer in content to expert human outputs.

To assess the practical utility of LLM-driven MRs, a
KAPA-based workflow using Prompt-3 (RTOG-CoT
prompt) was developed to assist clinical pharmacists.
The validation cohort consisted of 100 oncology
inpatients (median age 65.0 years) representing a
spectrum of clinical scenarios, including surgical,
chemotherapeutic, and palliative interventions. The
evaluation encompassed 1762 individual prescription
items, with an average density of 17.6 items per patient.
Detailed patient characteristics are provided in
Supplementary Table 3. For each prescription,
KAPA-generated reviews were audited by pharmacists,
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Fig. 1 Performance evaluation of KAPA-generated medication reviews across semantic, pharmaceutical, and medication problem
identification dimensions. A: Model evaluation metrics of MRs generated by KAPA. Bar plots show the semantic similarity assessed by
Bidirectional Encoder Representations from Transformers Score (BERTScore), including precision, recall, and F1 score. B: Performance of
the three prompts across the seven dimensions. C: Distribution of the Matthews correlation coefficient (MCC) across medication problem
categories. Kernel density plots display the posterior distribution of MCC for each category estimated via Bayesian Beta-binomial sampling
with uniform priors, with the 95% highest density interval indicated. Rhomboid markers denote quartiles, and categories with fewer than 10
true positives (TP) are highlighted in light gray, indicating limited sample sizes; results are for reference only. Abbreviation: KAPA,
Knowledge-Augmented Pharmacy Agent.

whose assessments served as the gold standard. True medication use (see Supplementary Table 4 for the
positives, false positives, true negatives, and false calculation algorithm). Metrics were also calculated for
negatives were computed for overall inappropriate appropriate medication use and specific categories of
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inappropriate use. As shown in Supplementary Tables
5 and 6, KAPA performed well in the overall
assessment of prescription inappropriateness, achieving
an accuracy of 0.980 for both inappropriate and
appropriate use. Corresponding F1 scores were 0.907
and 0.989, and the Matthews correlation coefficient
(MCC) was 0.896 for both overall judgments,
indicating high reliability in overall judgment. Fig. I1C
shows the detailed MCC distribution across different
categories,  highlighting  variations in  model
performance among types of medication problems. The
model achieved high reliability for well-defined and
common inappropriate use categories, including
inappropriate  indication, duplicate therapy, and
inappropriate dosage form or route of administration,
with  MCC values exceeding 0.80. In contrast,
performance was lower for more complex or less
frequent categories, such as inappropriate combination
therapy, drug incompatibilities, or harmful interactions,
reflecting potential limitations in assessing situations
involving multiple medications. Additionally, some
categories of inappropriate medication use had limited
sample sizes due to their uneven occurrence in
real-world prescriptions, which may limit the
interpretability of the corresponding results. At the
real-world  implementation level, KAPA was
incorporated into an assisted medication review
workflow, and 800 cases were included to assess
performance and time efficiency. These cases are
separate from the 1,762 validation prescriptions, and
the manual review comparator used an independent
historical dataset from the same department. While
maintaining high overall reliability (accuracy of 0.963,
MCC of 0.858), the KAPA-assisted workflow was
associated with an approximately 42% shorter
medication review time than the historical manual-
review workflow (Supplementary Table 7). Compared
with prior studies reporting inferior performance of
ChatGPT in clinical pharmacy settings (with mean
accuracy scores of 5.23 for ChatGPT and 9.90 for
clinical pharmacists, P = 0.0089)¢, our results
demonstrate that a knowledge-augmented framework
combined with well-designed chain-of-thought prompts
can substantially enhance the ability. of LLMs to
generate clinically reliable and contextually grounded
MR reports. RTOG-CoT engineering played a crucial
role in the present study, guiding the model to articulate
intermediate reasoning steps, while least-to-most
prompting decomposed complex problems into
manageable subtasksl’l. Additionally, by embedding
authoritative references within the model workflow,
KAPA may help reduce hallucinations, improve the
consistency of clinical reasoning, and support

standardized report formatting. Furthermore, the
integration of KAPA into an MR workflow illustrated
its potential to reduce pharmacists’ documentation
burden and enable more efficient coverage of routine
MR tasks. Such advancements may reduce repetitive,
labor-intensive tasks for pharmacists, allowing the time
saved to be redirected toward higher-value
responsibilities requiring greater expertise and
communication skills, such as medication optimization,

patient  education, and  medication therapy
management(sl.

As with all non-experimental studies, several
limitations of the present study should be

acknowledged. First, generating multiple review points
increases the likelihood of correct interventions but can
also produce clinically irrelevant or. overly broad
comments and misclassify inappropriate prescribing
issues. Second, model performance is highly sensitive
to both prompt design and the specific model versionl];
further customization is needed to enhance model
robustness and reliability in different contexts. Third,
due to limitations in the linguistic background of the
research team, this study focused exclusively on
Mandarin-language interactions.” Fourth, regulatory
frameworks for the wuse of LLMs remain
underdeveloped, with limited and inconsistent guidance
on model ' validation, auditability, post-market
surveillance, and legal liability. Although LLM-based
supporting systems may fall under existing medical
device regulations in some jurisdictions, clear
regulatory pathways and evidence standards are often
lacking. In particular, accountability for potential harms
arising from LLM-assisted medication-related
recommendations remains ambiguous, especially
regarding the respective responsibilities of clinical
pharmacists, healthcare institutions, and model
developers. Fifth, the oncology-specific cohort and
limited information on disease severity may affect the
extrapolation of our findings. Future multicenter studies
should evaluate the KAPA framework across more
diverse and complex disease states to ensure broader
clinical utility. Finally, this study did not assess the
impact of LLM-assisted MR on patient outcomes, such
as medication safety, adverse events, or clinical
effectiveness, because the MR task was performed
retrospectively on existing prescriptions. Future work
should consider prospective studies or clinical trials to
evaluate these effects. Local deployment of a
KAPA-like framework may serve as a potential
solution, providing a safer and more customizable
approach that allows integration with internal data
sources, implementation of retrieval-augmented
generation, and model fine-tuning, which together can
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reduce hallucinations and improve reliability. However,
successful integration of LLMs into clinical practice
requires  addressing  significant technical and
organizational  challenges, including  seamless
interoperability with existing electronic medical record
systems, user-friendly interface design, and the
development of explainable Al methods to enhance
transparency and clinician trust!ol.

In conclusion, our findings suggest that knowledge-
augmented, prompt-optimized LLMs can produce
structured, clinically meaningful medication review
reports with high agreement with pharmacist-
generated reference assessments in a retrospective
oncology cohort. By enabling rapid, scalable, and

evidence-grounded medication review, KAPA
provides a promising approach to improving
pharmacy services in resource-limited clinical

settings. We hope these results contribute to the
ongoing discourse on the responsible and effective
integration of LLMs into clinical practice.
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