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Performance evaluation of Meditron3-70B in medical
coding: Current limitations and integration perspectives
for clinical practice

Evaluation von Meditron3-70B flir die medizinische Kodierung: Derzeitige
Einschrankungen und Perspektiven fur eine Integration in die klinische
Praxis
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The emergence of large language models (LLMs) presents challenges
for their integration into clinical practice, particularly for medical coding.
This study evaluated the performance of Meditron3-70B, a state-of-the-
art open-source medical LLM, in generating SNOMED CT and ICD-10
codes using 200 fictitious emergency department consultation vignettes.
Healthcare professionals assessed the accuracy of the outputs. Although
Meditron performed well on standard benchmarks such as MedQA,
significant shortcomings were observed in the relevance and complete-
ness of the generated diagnostic codes, with only 2% of responses
deemed acceptable. While LLMs show promise for supporting clinical
decision-making, their current ability to produce accurate and compre-
hensive medical codes remains limited. Integrating specialized retrieval
tools through hybrid approaches could enhance coding accuracy and
warrants further investigation in real-world clinical settings.
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Zusammenfassung

Das Aufkommen von Large Language Models (LLMs) stellt eine Heraus-
forderung fUr deren Integration in die klinische Praxis, insbesondere
flr die medizinische Kodierung, dar. Diese Studie evaluierte die Leistung
von Meditron3-70B, einem aktuellen Open-Source-LLM fir den medizi-
nischen Bereich, bei der Erzeugung von SNOMED CT- und ICD-10-Codes
anhand von 200 fiktiven Konsultationsvignetten aus der Notaufnahme.
Experten aus der Medizin bewerteten die Genauigkeit der Ergebnisse.
Obwohl Meditron bei Standard-Benchmarks wie MedQA gute Ergebnisse
erzielte, wurden erhebliche Méngel hinsichtlich der Relevanz und Voll-
standigkeit der erzeugten Diagnosecodes festgestellt, wobei nur 2%
der Antworten als akzeptabel eingeschatzt wurden. LLMs sind zwar
vielversprechend fur die Unterstitzung der klinischen Entscheidungs-
findung, ihre derzeitige Fahigkeit, genaue und umfassende medizinische
Codes zu erstellen, ist jedoch noch begrenzt. Die Integration speziali-
sierter Retrieval-Tools durch hybride Ansatze kénnte die Kodierungsge-
nauigkeit verbessern und rechtfertigt weitere Untersuchungen in realen
klinischen Umgebungen.

Schliisselworter: Large Language Models, Notaufnahme, klinische
Kodierung, SNOMED CT, ICD-10
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Introduction

Medical coding involves converting clinical information
from electronic health records (EHRs) - often unstruc-
tured free text - into standardized codes according to
established classification systems. This process is crucial
for administrative and public health purposes, such as
statistical reporting, reimbursement, and epidemiological
surveillance [1]. However, it imposes a significant docu-
mentary burden on health providers, thereby contributing
to professional fatigue and dissatisfaction. Meditron3-
70B [2] is a large language model (LLM) specifically fine-
tuned on various biomedical and clinical datasets, aiming
to support various healthcare-related natural language
processing tasks.

Our study investigates a central research question: How
well does Meditron3-70B perform in real-world medical
coding tasks in SNOMED CT [3] and ICD-10 [4], based
on emergency department (ED) anamnesis? We focus
on its ability to assign specific, accurate codes aligned
with current classification standards.

Methodology

This study was conducted at Lausanne University Hospital
(CHUV) between September and December 2024. We
generated 200 fictitious clinical vignettes reflecting
common presenting complaints in the emergency depart-

ment. Each vignette simulated a pre-admission scenario,
and the model was prompted to assign specific SNOMED
CT and ICD-10 codes, per upcoming requirements for
administrative coding of entry diagnoses used to determ-
ine reimbursement categories and care package alloca-
tions in the Swiss outpatient system. The outputs were
evaluated by two physicians and three nurses (from in-
ternal medicine, pediatrics, psychiatry, and emergency
medicine) using a 9-item evaluation grid based on a 5-
point Likert scale.

To elicit the model’s output, a standardized prompt was
used (Figure 1).

Results

The evaluation of the model’s performance in identifying
SNOMED CT and ICD-10 codes revealed heterogeneous
results across the assessment criteria (Figure 2).

The model demonstrated significant shortcomings in the
relevance and completeness of its responses, with only
2% rated as acceptable (4-5 points on the Likert scale).
Confidence in the model was moderate, with only 19%
of responses considered satisfactory (4-5 points). In
contrast, the model performed well in question under-
standing (76%) and contextual awareness (86%). Finally,
it achieved excellent results regarding fairness (100%)
and absence of harm (98%).

I'm a health provider at Lausanne University Hospital, Switzerland.
Analyze the following clinical vignette and determine the most
likely reason for the encounter (or chief complaint). Provide your

answer in this format:

1. SNOMED CT code (international edition):

[Insert exact code]

2. ICD-10 code (WHO edition, 2019): [Insert exact code]

Be precise in your answers. If uncertain, indicate this without

introducing irrelevant information.

Clinical vignette: [copy—paste from Excel]

Exemple:

I’m a health provider at Lausanne University Hospital, Switzerland.
Analyze the following clinical vignette and determine the most
likely reason for the encounter (or chief complaint). Provide your

answer in this format:

1. SNOMED CT code:

2. ICD-10 code:

[Insert exact code]

[Insert exact code]

Be precise in your answers. If uncertain, indicate this without
introducing irrelevant information.

Clinical vignette: [52-year-old male with sudden onset of
crushing substernal chest pain radiating to left jaw for 30
minutes. Associated dyspnea and nausea. History of type 2
diabetes. BP 158/94, HR 102, RR 24, Temp 37.0 °C, Sp02 95% on RA]

Figure 1: Standardized prompt
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Alignment with guidelines - 24%

16%

Question comprehension - 8%

24%

Logical reasoning - 16%

Relevance & Completeness - 88%

Harmlessness -

Fairness -

10%

Contextual awareness - 4%

Your confidence - 31%

Clarity - 8% 8%

40%

36%

76%

60%

10%

98%

100%

86%

36%

33%

84%

Proportion

Figure 2: Evaluation criteria: Unsatisfactory in red (1-2 points on the Likert scale), satisfactory in yellow (3 points), and highly
satisfactory in green (4-5 points)

Discussion

Our results show that the model struggles to produce
relevant and complete diagnostic codes based solely on
patient anamnesis despite a good general understanding
of the clinical questions and context. Medical coding is
a complex task that requires surface-level comprehension,
nuanced clinical reasoning and the ability to synthesize
information. The limited quality of the generated codes
explains the moderate confidence reported by healthcare
professionals, and highlights a key barrier integrating
LLMs in real-world coding workflows.

These findings are consistent with recent studies, which
also report that current LLMs (e.g. ChatGPT-4.5), often
fall short in tasks requiring high precision and domain-
specific reasoning [5]. While prompt engineering can help
clarify expectations, it does not sufficiently compensate
for the model’s limited access to up-to-date medical
knowledge. Hybrid approaches such as Retrieval-Augmen-
ted Generation (RAG), which enable dynamic access to
curated external sources during inference, appear partic-
ularly promising [6], [7], [8]. They could help improve the
specificity and accuracy of generated codes and better
align model outputs with clinical documentation require-
ments.

Systematic comparisons with general-purpose models
such as ChatGPT are needed to better characterize the
strengths and limitations of specialized versus broadly
trained language models. This study also highlights ethical
and legal concerns inherent to generative Al in clinical
settings. These include transparency of model outputs,
accountability for errors or omissions, data privacy, and
bias mitigation.

Conclusion

Meditron3-70B showed apparent limitations in generating
relevant and comprehensive diagnostic codes from
emergency department anamnesis alone. These short-
comings, consistent with other recent findings, suggest
that current LLMs are not yet reliable for standalone use
in complex medical coding tasks. Future research should
focus on hybrid systems that combine LLMs with struc-
tured retrieval tools to enhance performance and increase
trust in Al-assisted documentation within clinical settings.
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