Does Biomedical Training Lead to Better Medical Performance?
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Abstract

Large Language Models (LLMs) hold signif-
icant potential for improving healthcare ap-
plications, with biomedically adapted models
promising enhanced performance on medical
tasks. However, the effectiveness of biomedical
domain adaptation for clinical tasks remains
uncertain. In this study, we conduct a direct
comparison of 12 biomedically adapted mod-
els and their general-domain base counterparts
across six clinical tasks. Our results reveal that
11 out of 12 biomedical models exhibit perfor-
mance declines, challenging prior findings that
reported positive effects of biomedical adapta-
tion. Notably, previous positive results primar-
ily relied on multiple-choice evaluations, which
may not reflect performance in real-world clin-
ical applications. To promote reproducibility
and further research, we open-source our eval-
uation pipeline, providing a resource for the
development of models with practical benefits
in healthcare settings.

1 Introduction

Large Language Models (LLMs) have the potential
to transform healthcare by enhancing patient care
quality and efficiency (Moor et al., 2023). Open-
source biomedical LLMs, designed for medical
applications, promise improved performance with
fewer parameters than general models (Luo et al.,
2023; Chen et al., 2023; Labrak et al., 2024). How-
ever, recent research questions the effectiveness of
biomedical domain adaptation (Jeong et al., 2024;
Ceballos-Arroyo et al., 2024; Dada et al., 2025).

In this study we perform a direct comparison of
12 biomedically adapted models with their general-
domain base models on six clinical tasks. Our
results reveal performance declines in 11 of 12
biomedical models. This is in contrast to previous
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findings that reported positive effects of biomed-
ical training (Chen et al., 2023; Gururajan et al.,
2024; Christophe et al., 2024). However, these stud-
ies primarily relied on multiple-choice evaluations
that did not incorporate real-world clinical docu-
ments. This suggests that the observed benefits of
biomedical adaptation may not translate effectively
to practical healthcare settings.

To facilitate reproducibility and enable future
development of models with practical benefits in
healthcare settings, we open-source our evaluation
pipeline. By providing a standardized framework
for assessing biomedical LLLMs on real-world clini-
cal tasks, we aim to bridge the gap between bench-
mark performance and real-world applicability.

2 Related Work

The need for specialized healthcare tools has re-
cently accelerated biomedical LLM development,
yielding commercial models like Med-PalLM (Sing-
hal et al., 2023) and MedGemini (Saab et al.,
2024), and open-source alternatives such as Med-
itron (Chen et al., 2023), Biomistral (Labrak et al.,
2024), Internist.ai (Griot et al., 2024), and Med42
(Christophe et al., 2024).

Although biomedical LLMs initially outper-
formed general-domain models on tasks like
multiple-choice question-answering (MCQA) ex-
ams, recent studies (Jeong et al., 2024; Ceballos-
Arroyo et al.,, 2024; Dada et al., 2025) chal-
lenge this view. Jeong et al. (2024) found no
clear advantage for biomedical LLMs with model-
specific prompt tuning, and Ceballos-Arroyo et al.
(2024) suggest domain adaptation might impair
instruction-following.

3 Evaluation Tasks

We introduce the clinical language understanding
evaluation (CLUE) consisting of six tasks on clin-
ical notes, consumer health questions, electronic
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Dataset Samples Words Documents Focus
Level 1
MedNLI 1425 21  Clinical Notes Clinical reasoning
MeQSum 1000 61  Consumer Health Questions Summarization
Problem Summary 237 124 Clinical Notes Information extraction
Level 2
LongHealth 400 5537 EHR Information extraction
MeDiSumQA 453 1452 Discharge Summary Simplification/Clinical reasoning
MeDiSumCode 500 1515 Discharge Summary Information extraction / Coding

Table 1: An overview of the characteristics of the tasks. We split the tasks into the difficulties level 1 and level 2.

health records (EHR) and discharge summaries, en-
compassing information extraction, summarization,
clinical reasoning, simplification, and coding. Ta-
ble 1 summarizes the characteristics of these tasks.
We divide the tasks into two levels. Level 1 in-
cludes simpler tasks with short inputs, while Level
2 has complex tasks with long inputs. We provide
prompt examples for each task in Figures 2, 3, 4, 5,
6, and 7 in Appendix B.3.

MedNLI (Romanov and Shivade, 2018) is based
on clinical notes from MIMIC-III (Johnson et al.,
2016). It evaluates models on predicting the logical
relationship—contradiction, neutrality, or entail-
ment—between a premise and hypotheses, testing
clinical reasoning with short input lengths.

MeQSum (Ben Abacha and Demner-Fushman,
2019) contains 1,000 consumer health inquiries
summarized by medical experts. This task evalu-
ates whether models can understand lay language,
extract key information, and reformulate patient
queries into concise, medically sound questions.

Problem Summary Derived from SOAP-
structured clinical notes, this task was first de-
scribed by Gao et al. (2022) and utilizes the Sub-
jective and Assessment sections for predicting a
patient’s health problems (Weed, 1964). Like
MedNLI, its short input length tests basic infor-
mation extraction abilities.

LongHealth (Adams et al., 2024) consists of
20 fictional patient records designed to challenge
LLMs on long input comprehension. Evaluation
involves answering questions on multiple long doc-
uments, handling added irrelevant information, and
recognizing when data is unavailable. This task
assesses comprehension, long-input retention, and
hallucination tendencies.

MeDiSumQA (Dada et al., 2025) requires mod-
els to comprehend MIMIC-IV (Johnson et al.,
2021) discharge summaries, extract key informa-
tion, answer patient-related queries, and simplify
medical information. Additionally, models must
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apply medical knowledge to provide appropriate
follow-up advice.

Using MIMIC-IV, we create MeDiSumCode,
an ICD-10 prediction dataset by linking discharge
summaries with annotated ICD-10 codes via hospi-
tal admission IDs. This dataset provides discharge
summaries as inputs and ICD-10 codes as labels
for model evaluation.

MeDiSumCode involves assigning ICD-10
codes to diagnoses and procedures in discharge
summaries, a critical task for patient records,
billing, and healthcare analysis (Organization,
2004). This challenge requires models to extract
diagnoses from complex clinical text, comprehend
over 70,000 ICD-10 codes, and accurately match
diagnoses to the correct codes.

4 Experimental setup

We evaluated 24 language models, including
biomedically trained models, their base models,
and additional general-domain models as reference.
Our evaluation aims to (1) measure the effects of
continuous biomedical training, (2) assess whether
biomedical models or general-domain models are
more suitable for specific medical scenarios, and
(3) rank current openly available models. Appendix
A.1 describes the metrics we applied to each task.
For each task, we report the average over all met-
rics.

4.1 Models

We evaluate the following biomedical LLMs:
Meditron-7B and 70B (Chen et al., 2023), In-
ternist.ai (Griot et al., 2024), BioMistral (Labrak
et al., 2024), Llama3-Aloe-8B-Alpha (Gururajan
et al., 2024), Llama3-OpenBioLLM-8B and 70B
(Ankit Pal, 2024), Med42-Llama3-8B and 70B
(Christophe et al., 2024), and Meditron3-8B and
70B (OpenMeditron, 2024). More details are in
Table 5 in Appendix B.2. We did not evaluate
Llama2-based models on Level 2 tasks due to their



Level 1 Level 2
Model MedNLI Prob. Sum. MeQSum LongHealth  MeDiSumQA  MeDiSumCode
Llama-2-7B 29.5 16.8 14.0 - - -
- Meditron-7B 24 (27.1) 21.6(+4.8) 15.1(+1.1) - - -
Llama-2-70B 76.3 18.6 10.6 - - -
- Meditron-70B 63.5(-12.7) 18.7(+0.1) 9.6 (-1.1) - - -
" Mistral-7B-Instruct-v0.1 648 250 311 300 255 139
- BioMistral-7B 62.8 (-2.0) 25.1(+0.1)  33.9(+2.8) 26.7(-3.3) 22.8(-2.7) 22.0 (+8.2)
- BioMistral-7B-DARE 66.8 (+2.0) 284 (+3.4)  345(+34) 30.5(+0.5) 25.7(+0.2) 21.3(+7.4)
- Internist.ai 7b 76.3 (+11.5) 23.1(-1.9) 152(-15.9) 442 (+14.2) 19.8(-5.6) 21.9 (+8.0)
Zephyr 7B 68.5 25.5 342 333 22.7 28.5
" Meta-Llama-3-8B-Instruct 741~ 316 395 588 3037 278
- OpenBioLLM-8B 449(-29.1) 21.7(-9.9) 33.0(-6.4) 269 (-31.9)  30.4(+0.1) 18.9 (-8.9)
- Med42-8B 77.5(+3.4) 324 (+0.8) 42.8(+3.3) 57.8(-1.0) 29.7 (-0.6) 25.2(-2.6)
- Aloe-8B-Alpha 73.9 (-0.1) 21.3(-10.3) 32.3(-7.2) 49.7 (-9.1) 21.4(-8.9) 19.8 (-8.0)
" Meta-Llama-3-70B-Instruct = 794~ 347 430 0 838 333 509
- OpenBioLLM-70B 80.8 (+1.5) 23.7(-11.0) 38.1(-4.8) 729 (-10.8)  30.0(-3.3) 33.8(-17.2)
- Med42-70B 76.1(-3.2) 24.3(-10.4)  33.9(-9.0) 56.4(-27.4) 24.2(-9.1) 42.0(-9.0)
" Meta-Llama-3.1-8B-Instruct ~~ 79.1  ~ 208 a1 705 329 334
- Meditron3-8B 74.0 (-5.1) 27.9(-1.9) 40.8 (-1.3) 50.5(-20.0)  31.1(-1.8) 10.1 (-23.3)
" Meta-Llama-3.1-70B-Instruct 849 345 437 871 N6 528
- Meditron3-70B 82.6 (-2.3) 31.8(-2.7) 42.1(-1.6) 67.7(-20.0)  32.1(-0.5) 47.7 (-5.0)

" Mistral-7B-Instruct-v0.2~ 699 202 403 574 204 300
Phi-3-mini-instruct 66.6 28.4 36.7 459 25.8 41.1
Mixtral-8x7B-Instruct-v0.1 80.1 18.4 13.8 58.1 28.8 40.8
Mixtral-8x22B-Instruct-v0.1 76.5 27.3 39.6 79.7 30.0 439

Table 2: The aggregated average scores over the individual metrics for each task of our evaluation on CLUE. For
biomedical models we include performance gains and losses compared to their respective base model.

limited context size of 4k tokens.

We also evaluate the base models of the biomed-
ical LLMs and the following additional models:
Zephyr-7B-Beta (Tunstall et al., 2023), Mistral-7B-
Instruct-v0.2 (Jiang et al., 2023), Phi-3-Mini-128k-
Instruct (Abdin et al., 2024), Mixtral-8x7B, and
Mixtral-8x22B (Jiang et al., 2024).

5 Results

Table 2 presents average results for each task, while
Table 3 summarizes the relative performance differ-
ences between biomedical models and their base
models compared to previous MCQA evaluations.
Only BioMistral-7B-DARE shows a consistent per-
formance advantage across all six tasks. In contrast,
11 models show performance losses in at least one
task, and four biomedical models exhibit declines
on all tasks, indicating that domain-specific fine-
tuning can harm general task performance.

Most performance gains are observed in mod-
els based on Llama-2 and Mistral-7B-v0.1, while
models derived from more recent LLMs frequently
underperform after adaptation. Additionally, im-
provements are more common in models with up
to 8B parameters, whereas larger models tend to
lose performance after biomedical training. Figure
1 shows a comparison between the best-performing
biomedical models and their base models. We
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Model MCQA | Levell Level2
MEDITRON-7B +6.07 -7.08 -
MEDITRON-70B +3.63 -4.59 -
BioMistral-7B +4.13 +0.26 +0.71
BioMistral-7B-DARE ~ +4.57 +2.93 +2.7
Internist.ai 7b - -2.07 +5.52
OpenBioLLM-8B -0.63 -15.17 -13.54
OpenBioLLM-70B +1.46 -4.78 -10.45
Med42-8B +0.47 +2.51 -14
Med42-70B +2.8 -7.57 -15.14
Aloe-8B-Alpha +2.21 -5.87 -8.67
Meditron3-8B - -2.76 -15.04
Meditron3-70B - -2.18 -8.51

Table 3: A direct comparison between biomedical mod-
els and their respective base models Llama-2-(7B/70B),
Mistral-7B-v0.1, Meta-Llama-3-(8B/70B) and Meta-
Llama-3.1-(8B/70B). The scores show the difference
between each model before and after domain adaptation.
MCQA shows the reported performance difference aver-
aged over (MedMCQA (Pal et al., 2022), MedQA (Jin
et al., 2021) and PubMedQA (Jin et al., 2019)) while
Level 1 and 2 show the differences on CLUE.

find slight performance gains for Mistral-7B-v0.1
but clear performance losses for models based on
better-performing general-domain LLMs.

Task complexity also plays a key role: gains
are mainly seen in Level 1 tasks, while perfor-
mance on more complex Level 2 tasks often de-
clines. This suggests biomedical models may strug-



gle with tasks requiring language understanding
and reasoning.

Unlike previous reports of biomedical LLM im-
provements on MCQA evaluations, only two mod-
els show slight average gains on both Level 1 and
Level 2 tasks on CLUE (see Table 3).

Overall, general-domain LLMs remain strongest,
with Llama3.1-70B emerging as the top performer.
Although Llama3-Med42-8B slightly outperforms
its base model on simple tasks (+0.56%), it shows
a large drop on Level 2 tasks (-8.03%).
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Figure 1: Comparison of average scores between
general-domain models and highest scoring biomed-
ical models.

5.1 Error Analysis

Primary contributors to biomedical model perfor-
mance drops are LongHealth task 3 and MeDiS-
umCode valid code scores (Table 4). Biomed-
ical Mistral-7B-based models improve, whereas
Llama3-based models show performance decreases
of up to 79.15%.

LongHealth task 3 measures how often a model
correctly returns no answer when information is
absent, reflecting hallucination rates. Similarly,
MeDiSumCode’s valid code scores reveal ICD-
10 code fabrication, with low-scoring models in-
crementing numbers instead of predicting valid
codes (see Appendix B.4). Notably, Meta-Llama-
3-8B-Instruct scored 56.25 on LongHealth task
3, whereas Llama3-OpenBioLLM-8B dropped to
1.55. Llama3-OpenBioLLM-70B also underper-
forms compared to Meta-Llama-3-70B-Instruct.

Beyond hallucinations, biomedical models of-
ten fall into repetition loops, generating the same
tokens repeatedly and producing incoherent out-
puts. Additionally, models struggle with instruc-
tion adherence, particularly in long-input tasks like
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LH Task3  Valid Codes

BioMistral-7B +4.15 +17.26
BioMistral-7B-DARE  +0.95 +18.79
Internist.ai 7b +45.55 +16.32
OpenBioLLM-8B -40.05 -10.77
Med42-8B -12.7 -6.8
Aloe-8B-Alpha -22.55 -17.09
OpenBioLLM-70B -28.80 -20.29
Med42-70B -79.15 -15.39
Meditron3-8B -52.15 -49.19
Meditron3-70B -54.6 -4.76

Table 4: Mistral-7B-v0.1 , Meta-Llama-3-(8B/70B) and
Meta-Llama-3.1-(8B/70B) based models on LongHealth
task 3 and percentage of valid ICD-10 codes in MeDiS-
umCode

LongHealth. This supports previous similar obser-
vations (Ceballos-Arroyo et al., 2024).

6 Discussion

Performance declines are observed across various
training methods, except for BioMistral-DARE,
which uses weight merging, indicating a potential
mitigation strategy. However, the superior perfor-
mance of Mistral-7B-Instruct-v0.2 (Table 2) sug-
gests that improved general-domain training has a
more significant impact than biomedical training.

Many SFT models used generated data, suggest-
ing data quality affects performance. Internist.ai
7b, trained on high-quality data, performed best on
Level 2 tasks, reinforcing this hypothesis.

Improvements were almost exclusive to the
lower-performing Mistral-7B-Instruct-v0.1 models,
suggesting that recent general models like Llama-
3 and Mistral-7B-v0.2 already address these gaps.
Tables 4 and 3 further support this.

7 Conclusion

Our study suggests that biomedical LLMs are not
competing effectively with general-domain models
on clinical tasks. While some biomedical models
have shown improvements, more recent and larger
models are underperforming. Fine-tuning these
models with domain-specific data often leads to re-
duced performance, introducing hallucinations and
decreased model stability. This stands in contrast
to traditional MCQA evaluations, where biomedi-
cal models have previously demonstrated superior
performance. Our evaluation provides a more prac-
tical assessment of LLM capabilities in real-world
healthcare settings. To support further progress in
this field, we open-source our evaluation scripts,



allowing for broader validation and replication of
our results.

Limitations

Our study has several limitations that should be
considered. Due to the significant computational
resources required to run LLMs with up to 141
billion parameters, we did not explore the impact
of various model configurations, such as tempera-
ture settings, or advanced techniques like chain-of-
thought prompting on model performance. Future
research should investigate these aspects to gain a
more comprehensive understanding of their effects.
Additionally, the datasets we use are publicly avail-
able resources. As such, we cannot completely
prevent data contamination. This limitation un-
derscores the need for future research into robust
methods for mitigating data contamination, which
is crucial for ensuring the validity of any public
LLM benchmark. While we presented novel in-
sights in this paper, their application to clinical data
requires further investigation. Future work should
refine these methods to enhance their applicabil-
ity and reliability in clinical settings. Furthermore,
our evaluation primarily focused on tasks involv-
ing clinical documents and their relevance, but it
was not conducted in a realistic clinical setting.
Therefore, extensive evaluation through prospec-
tive clinical trials is necessary to meet the required
safety levels before applying these models to clini-
cal environments.
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Model Name Base Model

Type of Training

Meditron-7B

Internist.ai 7B
BioMistral-7B
BioMistral-7B-DARE
Llama3-OpenBioLLM-8B
Llama3-Med42-8B
Llama3-Aloe-8B-Alpha
Meditron3-8B
Meditron-70B
Llama3-OpenBioLLM-70B
Llama3-Med42-70B
Meditron3-70B

Llama2-7B

Llama-2-70B

Mistral-7B-v0.1
Mistral-7B-Instruct-v0.1
Mistral-7B-Instruct-v0.1
Meta-Llama-3-8B-Instruct
Meta-Llama-3-8B-Instruct
Meta-Llama-3-8B-Instruct
Meta-Llama-3.1-8B-Instruct

Meta-Llama-3-70B-Instruct
Meta-Llama-3-8B-Instruct
Meta-Llama-3.1-70B-Instruct

Continued pretraining
Continued pretraining + SFT
Continued pretraining
Continued pretraining +DARE
SFT + DPO

SFT + DPO

SFT + DPO

Continued pretraining

SFT + DPO

SFT + DPO

Table 5: Evaluated Biomedical Models

Lawrence L. Weed. 1964. Medical records, patient care,
and medical education. [Irish Journal of Medical
Science, 39(6):271-282.

Tianyi Zhang, Varsha Kishore, Felix Wu, Kilian Q Wein-
berger, and Yoav Artzi. 2019. Bertscore: Evaluating
text generation with bert. In International Confer-
ence on Learning Representations.

A Task Details
A.1 Metrics

For open-ended tasks, we report the F1-score be-
tween the model predictions and ground truth un-
igrams (ROUGE-1), bigram (ROUGE-2), and the
longest common subsequence (ROUGE-L)! (Lin,
2004). We compute the BERTScore (Zhang et al.,
2019) on clinical documents to measure seman-
tic similarity using an encoder trained on MIMIC
1% (Alsentzer et al., 2019). We first tuned the
score rescaling baselines for MIMIC IV discharge
summaries. For Problem Summaries and MeDiS-
umQA, we also extract the Unified Medical Lan-
guage System (UMLS) (Bodenreider, 2004) en-
tities with scispacy (Neumann et al., 2019) and
compute their F1-score to consider medical abbre-
viations and synonyms. When evaluating MedDiS-
umCode, we calculate the ratio of valid ICD-10
codes. We use the python package icd10-cm? to
probe the validity of ICD-10 codes. We distinguish
between exact match (EM) and the match of the
first three characters of the codes, which is an ap-
proximate match (AP) based on the hierarchical
structure of ICD-10 codes.
"https://huggingface.co/spaces/evaluate-metric/rouge

“emilyalsentzer/Bio_ClinicalBERT
3hitps://pypi.org/project/icd10-cm/
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B Experimental setup

B.1 Computational Resources

All experiments were conducted on an NVIDIA
DGX A100 640GB node with 8x NVIDIA A100
80GB Tensor Core GPUs within three days, result-
ing in approximately 1536 GPU hours.

B.2 Models

Table 5 lists all biomedical models we evaluated.

B.3 Prompting

We apply few-shot prompting and use the instruc-
tion template on Hugging Face for the instruction-
tuned models. For the other models, we concate-
nate the system prompt, few-shot examples, and
user prompt into one string separated by double
newlines. For the level one evaluation, we per-
formed 3-shot prompting. For level two, we pro-
vide one shot with the exception of LongHealth,
where we provide no examples due to the content
length.

Figures 2, 3, 4, 5, 6, and 7 are showing the
prompt formats we are using for the different bench-
mark tasks. If the input length allowed this, we also
included sample texts from the datasets.

B.4 Error Analysis

Figure 8 shows some examples of the described
type of error with regard to counting.


https://doi.org/10.1007/bf02945791
https://doi.org/10.1007/bf02945791

You are a highly skilled assistant, specifically trained to assist patients. Your
primary responsibility will be to summarize patient inquiries as concise question.
You will be given such a patient inquiry. You will be expected to summarize and
rewrite the inquiry as a concise question. Only write out the question. Do not add
any other text.

3-shot examples
"\

—————————————— PATIENT INQUIRY--------------

SUBJECT: hearing loss

MESSAGE: have you experience in hearing loss due to autoimmune disorder
called Cogan syndrome? If yes | will contact you for my 18year old son.

- /

Assistant Response

Question: Can Cogan syndrome cause hearing loss?

Figure 2: MeQSum prompt format with example.
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You are a highly skilled and detail-oriented assistant, specifically trained to assist
medical professionals in interpreting and extracting key information from medical
documents. Your primary responsibility will be to analyze discharge letters from
hospitals. You will receive an excerpt of such a discharge letter. Your task is to
summarize the diagnoses and problems that led to the patient's hospitalization.

3-shot examples

=

Chief Complaint: 24 Hour Events: -post cath check okay -epistaxis resolved -
RISB 68, converted to PSV 15/5. -Tele with frequent PVCs Allergies: No Known
Drug Allergies

78 year-old man with history as above who was referred from OSH for a
cardiac catheterization secondary to persistent shortness of breath. Pt
had [**Year (4 digits) **] placed in distal RCA for 90% lesion. Procedure was
complicated
for sigificant epistaxis following NGT placement. Integrelin and
heparin held. Pt did received plavix load and aspirin.

Now respond with the list of diagnoses and patient problems. Do not generate
anything else.

N /

Assistant Response

Diagnoses/Patient problems: Coronary Artery Disease, Chronic systolic heart
failure

Figure 3: Problem Summary prompt format with example.
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You are a highly skilled assistant, specifically trained to assist medical
professionals. You will receive two sentences labeled 'SENTENCE_1' and
'SENTENCE_2', respectively. Your task is to determine the logical relation
between the two sentences. Valid answers are: ENTAILMENT, NEUTRAL or
CONTRADICTION.

3-shot examples

SENTENCE_1: In the ED, initial VS revealed T 98.9, HR 73, BP 121/90, RR 15,
02 sat 98% on RA.
SENTENCE_2: The patient is hemodynamically stable

entailment

SENTENCE_1:1 ...
SENTENCE_2:[ ..]

Figure 4: MedNLI prompt format with example.
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System Prompt ~

You are a highly skilled and detail-oriented assistant, specifically trained to assist
medical professionals in interpreting and extracting key information from medical
documents. Your primary responsibility will be to analyze discharge letters from
hospitals. When you receive one or more of these letters, you will be expected to
carefully review the contents and accurately answer multiple-choice questions
related to these documents.

Your answers should be:

1. Accurate: Make sure your answers are based on the information provided in
the letters.

2. Concise: Provide brief and direct answers without unnecessary elaboration.

3. Contextual: Consider the context and specifics of each question to provide the
most relevant information.

Remember, your job is to streamline the physician's decision-making process by
providing them with accurate and relevant information from discharge summaries.
Efficiency and reliability are key.

o J

N

{question_text}
{options}

Please answer using the following format:

1. Begin your answer with the phrase "The correct answer is".

2. State the letter of the correct option (e.g., A, B, C, D, E).

3. Follow the letter with a colon and the exact text of the option you chose.
4. Make sure your answer is a single, concise sentence.

For example, if the correct answer to a question is option C, and the text for C is
'Acute Bronchitis', your answer should be:
"The correct answer is C: Acute bronchitis.'

- J

Figure 5: LongHealth prompt format.
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P
System Prompt ~

You are a highly skilled assistant, specifically trained to assist patients. Your primary responsibility will
be to work with discharge letters from hospitals. You should carefully review the contents and
accurately answer questions related to the described case. Keep you answer as short as possible only
focussing on the most relevant infromation. Simplify the information in a patient-friendly way and avoid
extensive details or expert terminology. If the requested information is not given in the document, try to
deduce it on the basis of the information provided.

Here are some examples for good answers:

Question: What type of medication was prescribed for my high blood pressure?
Answer: We prescribed a beta-blocker called metoprolol to help manage your high blood pressure.

Question: How was my condition diagnosed?
Answer: We performed a chest X-ray and a CT scan, which revealed that you had fluid in your lungs.

Question: What was the reason for my persistent cough, and what was the treatment?
Answer: Your persistent cough was due to an upper respiratory infection, and we treated it with a
course of antibiotics to address the infection and a cough suppressant to relieve symptoms.

Question: What kind of test was performed to check my thyroid function?
Answer: We performed a blood test called a thyroid function test to measure your hormone levels.

Question: What type of vaccine did | receive today?
Answer: You received the influenza vaccine to help protect you against the flu this season.

Use a similar choice of words and level of detail as in the examples.

1-shot example
=

Question: What was the outcome of my virtual colonoscopy?
N /
Assistant Response ~

Answer: We did not find any polyps, masses, or signs of inflammatory disease in
your examination.

What side effect did | experience from taking Clozapine, and how was it
managed?

Figure 6: MeDiSumQA prompt format.
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System Prompt \

You are a highly skilled and detail-oriented assistant, specifically trained to assist
medical professionals in interpreting and extracting key information from medical
documents. Your primary responsibility will be to analyze discharge letters from
hospitals. You will be given such a discharge letter. Your task is to identify all
primary and secondary diagnoses from the report and list their respective ICD-10
codes.

1-shot example

Now return the list of diagnoses ICD-10 codes you found. Only list the ICD-10
codes. Do not generate anything else.

ICD-10 Codes: F321, F1010, R45851

Now return the list of diagnoses ICD-10 codes you found. Only list the ICD-10
codes. Do not generate anything else.

- /

Figure 7: MeDiSumCode prompt format.
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Meta-Llama-3-8B-Instruct Llama3-Aloe-8B-Alpha

148.9, 150.21, E11.9, E78.0, G30.9, 125.11, 125.7, 126.9, 127.8,
148.9, 150.21, R57.0, R57.1, R57.2, R57.3, R57.4, R57.5,
R57.6, R57.7, R57.8, R57.9

Meta-Llama-3-8B-Instruct Llama3-Med42-8B

851.5, 851.6, S02.611A, S02.611B

Meta-Llama-3-8B-Instruct Llama3-OpenBioLLM-8B

C18.9, 786.0, 756.0, Z55.9, Z76.0, Z79.01, Z79.02, Z79.03,
Z279.04, Z79.05, Z79.06, Z79.07, Z79.08, Z79.09, Z79.10

Figure 8: Biomedical models that show the described counting behavior compared to their base model.
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