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Abstract

Background: OpenNotes allows patients to access their electronic health record (EHR) notes through online patient portals.
However, EHR notes contain abundant medical jargon, which can be difficult for patients to comprehend. One way to improve
comprehension is by reducing information overload and helping patients focus on the medical terms that matter most to them.

Objective: In this study, we evaluated both closed-source and open-source Large Language Models (LLMs) for extracting and
prioritizing medical jargon from EHR notes relevant to individual patients, leveraging prompting techniques, fine-tuning, and
data augmentation.

Methods: We evaluated the performance of closed-source and open-source LLMs on a dataset of 106 expert-annotated EHR
notes. We tested various combinations of settings, including: i) general and structured prompts, ii) zero-shot and few-shot
prompting, iii) fine-tuning, and iv) data augmentation. To enhance the extraction and prioritization capabilities of open-source
models in low-resource settings, we applied data augmentation using ChatGPT and integrated a ranking technique to refine the
training process. Additionally, to measure the impact of dataset size, we fine-tuned the models by incrementally increasing the
size of the augmented dataset from 10 to 10,000 and tested their performance. The effectiveness of the models was assessed
using 5-fold cross-validation, providing a comprehensive evaluation across various settings. We report the F1 score and Mean
Reciprocal Rank (MRR) for performance evaluation.

Results: Among the compared strategies, fine-tuning and data augmentation generally demonstrated higher performance than
other approaches. Although the highest F1 score of 0.433 was achieved by GPT-4 Turbo, the highest MRR score of 0.746 was
observed with Mistral7B when data augmentation was applied. Notably, by using f ine-tuning or data augmentation, open-source
models were able to outperform closed-source models. Additionally, achieving the highest F1 score did not always correspond to
the highest MRR score. We analyzed our experiment from several perspectives. First, few-shot prompting showed an advantage
over zero-shot prompting in vanilla models. Second, when comparing general and structured prompts, each model exhibited
different preferences. Third, finetuning improved zero-shot performance but sometimes degraded few-shot performance. Lastly,
data augmentation yielded performance comparable to or even surpassing that of other strategies.

Conclusions: The evaluation of both closed-source and open-source LLMs highlighted the effectiveness of prompting strategies,
fine-tuning, and data augmentation in enhancing model performance in low-resource scenarios.
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Abstract

Background:  OpenNotes  allows  patients  to  access  their  electronic  health  record  (EHR)  notes
through online patient portals. However, EHR notes contain abundant medical jargon, which can be
difficult  for  patients  to  comprehend.  One  way  to  improve  comprehension  is  by  reducing
information overload and helping patients focus on the medical terms that matter most to them.

Objective: In this study, we evaluated both closed-source and open-source Large Language Models
(LLMs)  for  extracting  and  prioritizing  medical  jargon  from EHR notes  relevant  to  individual
patients, leveraging prompting techniques, fine-tuning, and data augmentation.

Materials and Methods: We evaluated the performance of closed-source and open-source LLMs
on  a  dataset  of  106 expert-annotated  EHR notes.  We tested  various  combinations  of  settings,
including: i) general and structured prompts, ii) zero-shot and few-shot prompting, iii) fine-tuning,
and iv) data augmentation. To enhance the extraction and prioritization capabilities of open-source
models in low-resource settings, we applied data augmentation using ChatGPT and integrated a
ranking technique to refine the training process. Additionally, to measure the impact of dataset size,
we fine-tuned the models by incrementally increasing the size of the augmented dataset from 10 to
10,000 and tested their performance. The effectiveness of the models was assessed using 5-fold
cross-validation, providing a comprehensive evaluation across various settings. We report the F1
score and Mean Reciprocal Rank (MRR) for performance evaluation.

Results  and  Discussions:  Among  the  compared  strategies,  fine-tuning  and  data  augmentation
generally demonstrated higher performance than other approaches. Although the highest F1 score
of  0.433 was  achieved  by GPT-4 Turbo,  the  highest  MRR score  of  0.746 was  observed  with
Mistral7B  when  data  augmentation  was  applied.  Notably,  by  using  fine-tuning  or  data
augmentation, open-source models were able to outperform closed-source models. Additionally,
achieving the highest F1 score did not always correspond to the highest MRR score. We analyzed
our experiment from several perspectives. First,  few-shot prompting showed an advantage over
zero-shot prompting in vanilla models. Second, when comparing general and structured prompts,
each model exhibited different preferences. Third, finetuning improved zero-shot performance but
sometimes  degraded  few-shot  performance.  Lastly,  data  augmentation  yielded  performance
comparable to or even surpassing that of other strategies.

Conclusion: The evaluation of both closed-source and open-source LLMs highlighted the 

effectiveness of prompting strategies, fine-tuning, and data augmentation in enhancing model 
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Introduction
Electronic  Health  Record  (EHR)  notes  serve  as  valuable  sources  of  information  that  can
significantly  benefit  patients.  Programs  like  OpenNotes  [1]  and  the  Blue  Button  [2]  initiative
empower patients by providing access to their EHR notes [3, 4, 5, 6, 7, 8, 9]. Nevertheless, the
benefits of accessing EHR notes can diminish significantly if patients do not comprehend their
content [10, 11, 12, 13, 14, 15]. EHR notes are lengthy and filled with medical jargon [16, 17, 18,
19],  which can be difficult  to comprehend for the average U.S. adult,  whose reading ability is
around  the  7th  to  8th-grade  level  [20,  21,  22,  23,  24].  Therefore,  supportive  technologies  are
needed to assist patients in understanding EHR content [25, 26], focusing on linking medical terms
to lay-friendly terms [27, 28, 29], consumer-oriented definitions [18], and educational materials
[30].  Early  studies  have  demonstrated  that  such  interventions  significantly  enhance  patient
understanding [27, 18]. However, initial methods primarily relied on frequency- and context-based
approaches to identify unfamiliar terms and propose simpler synonyms [27, 28, 29]. Identifying
and extracting complex medical jargon from EHR notes is a crucial step toward improving patients’
comprehension, ultimately enhancing patient engagement and reducing anxiety about their health
[18, 31, 32, 33].

Notably, not all medical jargon extracted from EHR notes holds equal clinical importance [34, 35].
Existing tools, such as MetaMap [36], ScispaCy [37], medspaCy [38], and QuickUMLS [39], are
effective  at  extracting  medical  terms—typically  predefined  terms  from  the  Unified  Medical
Language System (UMLS)[40]—but often fail to prioritize these terms based on their relevance to
individual patients, treating all terms as equally important[27, 28, 29]. In previous work, we asked
physicians to identify medical jargon terms from EHR notes that are important to patients [34]. Our
results showed that physicians were able to consistently identify 5 to 10 medical jargon terms from
each EHR note and rank each term based on its  importance to patients  [34].  Furthermore,  we
developed  feature-rich  traditional  machine  learning  models  (e.g.,  support  vector  machines)  to
identify such terms [34]. However, our previous work did not focus on ranking jargon terms based
on their importance to individual patients within an EHR note.

In this study, we propose large language model (LLM)-based NLP approaches to identify and rank
jargon terms from EHR notes based on their  importance to patients.  LLMs have demonstrated
tremendous promise in biomedical NLP applications [41, 42, 43, 44, 45, 46, 47, 48, 49, 50, 51, 52,
53] due to their exceptional generalizability and performance. However, applications in medical
term extraction  have  primarily  focused  on  tasks  such  as  biomedical  named  entity  recognition
(BioNER) [54, 55, 56], rather than on prioritizing terms most relevant to patients, which is crucial
for enhancing communication between patients and healthcare providers.

The key contributions of this paper are as follows:

• To the best of our knowledge, we are the first to conduct a comprehensive evaluation of both
closed-source  and  open-source  LLMs  to  assess  their  effectiveness  in  identifying  medical
jargon from EHR notes that are important for patients.

• We  developed  a  novel  data  augmentation  technique  by  leveraging  MIMIC  discharge
summaries  to  address  the  challenges  of  training  in  low-resource  settings,  resulting  in
significant  performance  improvements.  Notably,  our  method  enabled  smaller  open-source
LLMs (<10B parameters)  to  outperform much larger  models  from the  GPT and Claude3
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families.

• In the discussion section, we provide an in-depth analysis of the results from both quantitative
and qualitative perspectives, focusing on common strategies for improving LLM performance,
such as zero-shot and few-shot learning, prompt engineering, scaling laws, domain-adaptive
training, and data augmentation, and their impact on this specific task.

Related Work
Identifying jargon terms important to patients is part of the biomedical Named Entity Recognition
(BioNER) task, which involves identifying predefined entities in a text and labeling each token
with the corresponding entity. Medical entities encompass categories such as diseases, medications,
treatments, lab tests, and more [57, 58]. Studies such as [59, 60, 61, 62] have introduced language
models  for  BioNER tasks,  while  more  recent  studies  [54,  55,  56,  63,  64]  have  explored  the
application of large language models (LLMs) in BioNER. However, BioNER tasks primarily focus
on extracting entities without considering their importance and relevance to the personal needs of
patients, which distinguishes them from our objective.

MedJex [32] fine-tunes pre-trained language models (PLMs), such as BERT [65], RoBERTa [60],
BioClinicalBERT [66],  and BioBERT [59],  on a  domain-specific  corpus.  It  leverages  Wikipedia
hyperlink spans during pretraining and transfers the learned weights to a target model fine-tuned on
MedJ, an expert-annotated medical dataset. More recent studies [67] have investigated whether large
language models (LLMs), such as ChatGPT [68], can outperform baseline PLMs (e.g., MedJex [32]
and SciSpacy [37]) in extracting personalized medical jargon. Similarly, GAMedX [69], a medical
data extractor utilizing LLMs (Mistral 7B and Gemma 7B), employs chained prompts to navigate the
complexities of specialized medical jargon. Other works [70, 71, 72] have demonstrated how LLMs
can enhance the readability of EHR notes by extracting medical jargon.

This work also shares similarities with topic modeling, a task that extracts topics from input text.
Using unsupervised learning algorithms,  topic  modeling can identify both explicit  and implicit
themes within a text corpus [73, 74, 75]. Through topic modeling, a text can be represented by
multiple keywords or topics, which can then be incorporated into supervised models. However,
topic modeling heavily relies on term frequencies and may easily overlook important terms that are
clinically relevant to individual patients.

Among the most relevant  works,  such as FOCUS [34],  ADS [76],  and FIT [35],  FOCUS [34]
employs  MetaMap  [77]  to  extract  medical  jargon  from  EHR  notes  and  utilizes  feature-rich
learning-to-rank techniques to determine whether the terms are important. However, none of the
previous works have identified and ranked medical jargon terms in a note-specific manner. This is
an important task, as ranking terms based on their relevance to a specific note may help the patient
comprehend  the  note  by  linking  important  jargon  terms  to  their  lay  definitions  [78],  or  help
generate patient-friendly after-visit summaries [79].

Materials and Methods

Overview
We  evaluated  both  closed-source  and  open-source  LLMs  for  their  efficacy  in  extracting  key
information from annotated medical notes, aiming to assess performance across different strategies.
Figure 1 provides an overview of our experiments, which leverage physician-annotated medical
notes, closed- and open-source LLMs, and In-Context Learning (ICL). We examined the effects of
various prompting styles, fine-tuning, and data augmentation to enhance model performance.
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Data source
Our gold-standard dataset consists of 106 medical notes, each annotated by two physicians [34, 35].
This  EHR  note  dataset  comprises  text  reports  across  six  medical  categories:  Cancer,  COPD,
Diabetes, Heart Failure, Hypertension,

Main Diagnosis Note Counts Median Jargon Counts

Cancer 20 14

COPD 19 8

Diabetes 19 9

Hypertension 21 7

Liver Failure 15 10

Heart Failure 12 9

Table  1:  Gold-Standard  Dataset  Description.  The  dataset  consists  of  106  notes  from  patients
diagnosed with Cancer, Chronic Pulmonary Obstructive Disease (COPD), Diabetes, Hypertension,
Liver Failure and Heart Failure. The median jargon counts for each categories are illustrated.

Figure  1:  The  evaluation  workflow  for  closed  and  open-Source  LLMs.  We  evaluate  the
performance of the LLMs in three distinctive settings. I. We assess the performance of closed- and
open-source models by varying prompts  and extraction tasks.  II.  Next,  we fine-tune the open-
source models using the same variations. III. Finally, we apply data augmentation to fine-tune the
open-source LLMs and evaluate them under the same varying settings. Performance is measured
using F1 and MRR scores through 5-fold cross-validation.

and  Liver  Failure  (Table  1).  Each  medical  note  includes  detailed  patient  information  and  is
accompanied by physician annotations highlighting the most critical terms or phrases relevant to
the patient’s health status. Figure 2 presents a snippet of a sample EHR note from the gold-standard
dataset.

Experimental Setup

Closed-Source  and  Open-Source  LLMs  We  used  both  publicly  available  LLMs  (open-source

I. Evaluate Vanilla LLMs

Zero-shot vs
Few-shot

Closed/Open source
LLM

Physician
annotated medical note

General vs
Structured

Top 3 / 5 / 10

III. Evaluate Data Augmentation Performance

Open-source LLMs finetuned
on Augmented Dataset

Physician
annotated medical note

II. Evaluate Finetuning Performance

Open-source LLMs
finetuned on samples of

medical notes

Physician
annotated medical note

MIMIC-IV
Augmented Dataset

(N = 10, 100 … 10,000)

GPT3.5-Turbo

)i( Generate Augmented
Dataset from MIMIC-IV

discharge notes

ii) use these data to(
finetune Open-source

LLMs

Zero-shot vs
Few-shot

General vs
Structured

Top 3 / 5 / 10

Zero-shot vs
Few-shot

General vs
Structured

Top 3 / 5 / 10
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LLMs) and proprietary models that are not publicly available (closed-source LLMs). The open-
source LLMs included Mistral7B [80], BioMistral7B [81], and Llama 3.1 8B [82]. For proprietary
models, we utilized six closed-source LLMs, three of which were from OpenAI [68]: GPT-4 Turbo
[83], GPT-3.5 Turbo [84], and GPT-4o Mini [85]. Additionally, we conducted experiments using
the Claude 3.0 models (Sonnet, Opus, and Haiku) developed by Anthropic [86].

Zero-shot vs Few-Shot We used both zero-shot and few-shot prompts,  also known as ICL, to
compare the performance of the LLMs. For zero-shot  prompting,  we provided the model with
general instructions, whereas for few-shot prompting, we included two examples randomly selected
from the gold-standard note dataset.

General and Structured Prompts To evaluate the model’s performance,  we implemented two
distinct types of prompts: general prompts and structured prompts, each designed to assess how
effectively the model could extract relevant clinical information from medical notes. For few-shot
prompting, we included two annotated examples to guide the model in extracting and ranking terms
effectively, whereas zero-shot prompts relied solely on instructions without prior examples. Figure
6 presents an example of a structured prompt. In this approach, the prompts are explicitly designed
to closely align with the original task defined in the gold-standard dataset. The structured prompts
instruct  the  LLMs  to  extract  key  medical  conditions  or  diagnoses,  followed  by  the  relevant
medications associated

An Excerpt from Annotated EHR Note

Ms. XXX returns for follow-up of her rheumatoid arthritis [1] and a history of B-cell lymphoma. Since
her last visit, Ms. XXX continues to have variable days of pain related to her postherpetic neuralgia [4].
She is frustrated by the persistent pain and wonders whether any of her medications for this is very
helpful. She is interested in slowly tapering off her narcotics. As for her rheumatoid arthritis, she notes
increasing symptoms in her hands and most recently, her knees and feet. She wonders if she should
receive another dose of rituximab [2.1]. She just saw Dr. Y for follow-up of her large cell lymphoma
[5]. She mentions that her labs revealed increased serum calcium, and she was told to hold her calcium
supplements and vitamin D. As for her osteoporosis [3], she had an appointment with Dr. Z recently but
then decided to get denosumab [2.2] here in our clinic. She is still concerned about the potential side
effects of the
medication.
Ms.  XXX’s  rheumatoid  arthritis  [1]  symptoms  have  recently  increased,  particularly  with  the
development  of  with synovitis  [2],  particularly  in  her  left  knee.  The timing  from her  last  dose  of
rituximab  [2.1] is almost exactly a year.  She and Dr. agree that it  is reasonable to consider another
infusion of this medication since she tolerated it well. The protocol would be for her RA rather than for
her lymphoma. She is interested in receiving this through Dr. YY’s office.

Figure  2:  A  sample  EHR  note  where  physicians  identified  important  medical  terms.

Diagnoses/conditions are highlighted in yellow, while medications, tests and procedures associated

with those diagnoses are marked in green, accompanied by their respective rankings with those

conditions, ensuring that the model replicates the annotation style of the gold-standard data.

In contrast, general prompts provide a more flexible and broader context, as illustrated in Figure 7.
These prompts instruct the model to extract key medical terms without explicitly differentiating
between conditions and medications, assigning the same base rank to both. This approach allows
the LLM to interpret the extraction task more broadly, offering insights into how well the model
generalizes its understanding of medical terminology when provided with less specific guidance.

Fine-tuning with Low-Rank Adaptation (LoRA) To improve the performance of open-source
LLMs (Mistral7B, Biomistral7B, and Llama 3.1 8B), we conducted LoRA [87] based parameter-
efficient finetuning (PEFT). LoRA is an efficient fine-tuning technique that allows models to be
adapted to specific tasks without the need to update all of the model’s parameters. Instead, it applies
low-rank updates to specific layers, reducing the computational cost and memory usage typically
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associated with traditional fine-tuning methods. The training was done with a batch size of 1 per
device and gradient accumulation over  128  steps,  and low-rank dimension was set to  64.  The
learning rate was configured at  3e − 4, and the model was trained over  100 epochs to allow the
models to converge effectively on the task-specific patterns present in the dataset.

Data  Augmentation  with  MIMIC-IV  Discharge  Notes Annotation  by  domain  experts  is
expensive, and data augmentation using AI-generated data can help alleviate this challenge [88].
ICL, or few-shot prompting, integrates task examples directly into input prompts, allowing models
to observe patterns and generalize from limited examples to effectively handle new, unseen data
[89]. We created an augmented dataset using the ICL technique, which was then used to refine the
models (Supplementary Figure 8). This augmented dataset was derived from discharge notes in the
MIMIC-IV clinical database [90]. A subset of MIMIC discharge notes was randomly selected, and
ChatGPT (GPT-3.5 Turbo) [68] was used to process and rank key terms based on their importance
for patient understanding. This extraction process was guided by the ICL framework, where two
annotated notes from our gold-standard dataset were provided as examples to instruct the model on
identifying and prioritizing terms. These examples ensured that the extracted terms were not only
accurate but also contextually significant, reflecting the kind of information most beneficial for
patient comprehension. The resulting augmented dataset provided a broader training base for fine-
tuning the open-source LLMs.

Determining the size of the augmented dataset To explore the effects of augmented dataset size,
we progressively increased the dataset across four scales: 10, 100, 1,000, and 10,000 notes. By
leveraging the  original  gold-standard  annotations  along with  AI-generated  augmented  data,  we
conducted  a  comprehensive  evaluation  of  model  performance  across  varying  data  sizes.  Our
objective was to enhance the robustness of LLMs in extracting critical medical information from
EHRs to improve patient care.

Baseline  Models We  evaluated  the  performance  of  the  open-source  LLMs  against  several
prominent baselines in the field of generative language models. GPT-2 [91], a 1.5 billion-parameter
unsupervised  transformer  model  trained  on 8  million  unstructured  data  samples,  is  capable  of
performing various tasks without task-specific training. BioGPT [92], a domain-specific GPT-2-
based model trained on biomedical research articles, excels in biomedical question answering, data
extraction, and text generation, demonstrating versatility in domain-specific downstream tasks.

Evaluation Metrics We used Precision (1) , Recall (2), F1 (3) and Mean Reciprocal Rank (MRR)
(4). We conduct 5-fold cross-validation to measure the performance and report the average score
with the confidence intervals provided in the Appendix section. Precision and recall gave insights
into the model’s ability to cover the annotated terms. The macro F1 score allowed us to evaluate the
model’s balanced performance,  whereas the MRR metric,  in particular,  evaluated how well  the
model ranked the terms according to their relevance, reflecting the model’s alignment with the
annotated order of terms. We also used relaxed string matching to determine the true labels because
exact matching strictly requires an exact string correspondence between extracted key phrases and
the gold standard, which can significantly underestimate performance. [93, 94].

Precision=
TP

TP+FP
(1 )                        Recall=

TP
TP+FN

(2 )
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F 1=2 ×
(P ⋅R )

(P+R)
(3 )                  

MRR=
1

¿Q∨¿∑ ∑
i=1

¿Q∨¿
1

ran k i

(4 )¿¿
     

Hardware Settings All experiments were performed with two Nvidia A100 GPUs, each with 40 GB 
of memory, an Intel Xeon Gold 6230 CPU, and 192 GB of RAM.

Experimental Results
Table 2 presents the results from both closed- and open-source models, with confidence intervals
provided in Supplementary Table 5. The highest F1 score, 0.433 (CI 95The highest MRR, 0.746
(CI 95For both F1 and MRR, the highest scores were achieved using few-shot prompts. Notably, in
vanilla  models—whether  closed-  or  open-source—few-shot  prompts  consistently  outperformed
zero-shot prompts in terms of F1, regardless of the top-N extraction setting. Most of our results
were statistically significant (p < 0.05) (Supplementary Table 5); however, this trend was weaker
for  MRR.  Interestingly,  in  many  settings,  the  highest  scores  were  obtained  from open-source
models. Furthermore, with fine-tuning or data augmentation, some open-source models achieved
higher F1 scores than closed-source models in zero-shot prompts.

Models Prompt

Zero-Shot Few-Shot

top3 top5 top10 top3 top5 top10

F1 MRR F1 MRR F1 MRR F1 MRR F1 MRR F1 MRR

Close-Source LLMs

GPT-4 Turbo general 0.306 0.562 0.359 0.601 0.433 0.640 0.324 0.600 0.368 0.626 0.433 0.621

structured 0.317 0.643 0.347 0.668 0.370 0.691 0.362 0.673 0.398 0.705 0.424 0.691

GPT-4o Mini general 0.320 0.617 0.355 0.667 0.392 0.691 0.329 0.664 0.369 0.700 0.383 0.708

structured 0.303 0.620 0.329 0.617 0.335 0.610 0.328 0.666 0.363 0.668 0.381 0.684

GPT-3.5 Turbo general 0.261 0.478 0.308 0.582 0.324 0.602 0.343 0.649 0.359 0.655 0.378 0.669

structured 0.303 0.575 0.329 0.573 0.343 0.572 0.354 0.661 0.367 0.633 0.398 0.661

Claude 3.0 Sonnet general 0.289 0.554 0.328 0.556 0.355 0.557 0.308 0.596 0.345 0.598 0.399 0.639

structured 0.304 0.666 0.317 0.673 0.323 0.668 0.354 0.683 0.357 0.684 0.371 0.692

Claude 3.0 Haiku general 0.284 0.613 0.320 0.629 0.345 0.620 0.320 0.672 0.358 0.690 0.387 0.683

structured 0.248 0.584 0.271 0.591 0.281 0.614 0.357 0.668 0.364 0.715 0.349 0.693

Claude 3.0 Opus general 0.340 0.707 0.365 0.698 0.390 0.713 0.316 0.615 0.359 0.661 0.412 0.709

structured 0.289 0.617 0.344 0.643 0.387 0.664 0.319 0.646 0.331 0.551 0.387 0.680

Open-Source LLMs

Mistral7B general 0.293 0.527 0.337 0.563 0.363 0.557 0.303 0.582 0.348 0.579 0.394 0.565

structured 0.252 0.572 0.268 0.552 0.276 0.539 0.359 0.669 0.375 0.677 0.402 0.694

Mistral7B-FT general 0.342 0.603 0.350 0.631 0.332 0.661 0.287 0.418 0.325 0.536 0.355 0.603

structured 0.291 0.557 0.310 0.570 0.321 0.544 0.366 0.677 0.370 0.692 0.388 0.715

Mistral7B-MIMIC-FT general 0.328 0.539 0.336 0.512 0.340 0.488 0.340 0.746 0.358 0.731 0.380 0.713

structured 0.336 0.524 0.339 0.508 0.390 0.542 0.351 0.681 0.367 0.674 0.389 0.676

Llama3.1-8B general 0.358 0.585 0.376 0.588 0.413 0.611 0.313 0.585 0.370 0.644 0.399 0.652

structured 0.282 0.572 0.296 0.569 0.299 0.576 0.325 0.589 0.297 0.437 0.354 0.594

Llama3.1-8B-FT general 0.343 0.605 0.373 0.593 0.404 0.621 0.312 0.589 0.360 0.620 0.403 0.624
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structured 0.289 0.558 0.301 0.571 0.294 0.575 0.332 0.589 0.353 0.630 0.386 0.649

Llama3.1-8B-MIMIC-FT general 0.355 0.605 0.369 0.596 0.400 0.614 0.311 0.597 0.363 0.624 0.399 0.643

structured 0.296 0.568 0.304 0.566 0.295 0.557 0.316 0.591 0.346 0.597 0.381 0.637

BioMistral7B general 0.165 0.250 0.212 0.433 0.232 0.423 0.228 0.529 0.227 0.510 0.232 0.510

structured 0.245 0.452 0.297 0.586 0.267 0.548 0.262 0.500 0.321 0.567 0.288 0.529

BioMistral7B-FT general 0.254 0.439 0.272 0.455 0.165 0.231 0.273 0.460 0.286 0.462 0.311 0.468

structured 0.287 0.436 0.361 0.542 0.306 0.594 0.353 0.563 0.360 0.563 0.264 0.483

Biomistral7B-MIMIC-FT general 0.279 0.499 0.306 0.490 0.351 0.500 0.260 0.480 0.259 0.481 0.277 0.449

structured 0.287 0.549 0.306 0.568 0.332 0.569 0.283 0.551 0.304 0.544 0.348 0.565

Table 2: We compared the performance of different models on zero-shot and few-shot tasks using
top-3, top-5, and top-10 results for F1 and MRR across both closed- and open-source LLMs. The
evaluation was conducted under three distinct settings: I. Vanilla models, including both closed-
and open-source models. II. Models fine-tuned on a portion of the dataset. III. Models fine-tuned
on 10,000 augmented data points generated from MIMIC-IV discharge notes. In many cases, open-
source  models  continued  to  outperform  closed-source  models.  The  specific  details  of  our
experiments are provided in the Materials and Methods section. The complete scores, along with
their 95% confidence intervals, are presented in Supplementary Table 5.

The highest-performing model  that  utilized our  data  augmentation  strategy was Llama 3.1-8B-
MIMIC-FT, achieving an F1 score of 0.400 (CI 95%: 0.414-0.387) in the top-10 medical jargon
extractions using zero-shot prompts. The highest MRR score, 0.746 (CI 95%: 0.762-0.730), was
achieved by Mistral7B-MIMIC-FT in the top-3 medical jargon extractions using few-shot prompts.
However, neither the F1 nor the MRR score achieved the highest performance among all models
that  used  the  data  augmentation  strategy.  In  most  cases,  the  F1 scores  indicated  that  the  data
augmentation  approach  led  to  higher  performance  compared  to  vanilla  models,  and  in  some
instances,  even  surpassed  the  performance  of  fine-tuned  models.  However,  the  performance
differences varied depending on the prompt settings. These findings will be further discussed in the
discussion section.

top3 top5 top10

F1 MRR F1 MRR F1 MRR

GPT2[83] 0.097 (0.108/0.087) 0.191 (0.208/0.175) 0.094 (0.105/0.083) 0.193 (0.212/0.174) 0.099 (0.116/0.081) 0.170 (0.197/0.142)

BioGPT[92] 0.145 (0.163/0.126) 0.192 (0.235/0.149) 0.169 (0.197/0.141) 0.196 (0.212/0.180) 0.174 (0.202/0.146) 0.166 (0.219/0.112)

Table 3: Performance of Baseline models

Table 3 presents the performance of the baseline models, which include commonly used language
models (LMs) for medical information extraction. As shown in Table 3, BioGPT [92] achieved the
highest F1 score of 0.174 (95% CI: 0.202-0.146) and the highest MRR score of 0.196 (95% CI:
0.212-0.180) among the baseline models. However, these values are significantly lower than those
achieved by the benchmark models, suggesting that LLMs generally outperform smaller models in
downstream tasks.

Models Prompt

Zero-Shot Few-Shot

top3 top5 top10 top3 top5 top10

F1 MRR F1 MRR F1 MRR F1 MRR F1 MRR F1 MRR

Mistral7B-10-MIMIC-FT general 0.261 0.492 0.289 0.486 0.291 0.463 0.288 0.613 0.287 0.577 0.327 0.529

structured 0.299 0.527 0.309 0.528 0.332 0.552 0.294 0.573 0.316 0.557 0.337 0.549

Mistral7B-100-MIMIC-FT general 0.319 0.527 0.315 0.590 0.323 0.524 0.346 0.691 0.401 0.700 0.405 0.639

structured 0.310 0.459 0.335 0.484 0.379 0.486 0.338 0.633 0.366 0.665 0.405 0.673

Mistral7B-1000-MIMIC-FT general 0.331 0.531 0.348 0.516 0.336 0.465 0.336 0.746 0.358 0.702 0.367 0.726
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structured 0.311 0.484 0.341 0.481 0.398 0.535 0.348 0.693 0.377 0.672 0.381 0.672

Llama3.1-8B-10-MIMIC FT general 0.335 0.602 0.381 0.583 0.395 0.610 0.304 0.610 0.352 0.614 0.394 0.634

structured 0.288 0.559 0.300 0.578 0.304 0.580 0.331 0.618 0.358 0.626 0.379 0.632

Llama3.1-8B-100-MIMIC-FT general 0.359 0.601 0.378 0.579 0.400 0.606 0.307 0.615 0.363 0.609 0.399 0.624

structured 0.287 0.570 0.301 0.576 0.295 0.560 0.324 0.592 0.355 0.636 0.376 0.648

Llama3.1-8B-1000-MIMIC-
FT

general 0.350 0.595 0.369 0.574 0.397 0.601 0.312 0.619 0.351 0.615 0.400 0.621

structured 0.297 0.564 0.301 0.587 0.311 0.581 0.323 0.601 0.362 0.620 0.389 0.632

BioMistral7B-10-MIMIC-FT general 0.270 0.459 0.295 0.453 0.321 0.464 0.241 0.473 0.257 0.488 0.276 0.464

structured 0.300 0.539 0.302 0.535 0.301 0.517 0.213 0.403 0.237 0.445 0.241 0.427

BioMistral7B-100-MIMIC-FT general 0.262 0.500 0.299 0.522 0.321 0.464 0.264 0.481 0.305 0.506 0.342 0.495

structured 0.311 0.531 0.339 0.535 0.360 0.558 0.277 0.502 0.303 0.501 0.335 0.531

BioMistral7B-1000-MIMIC-
FT

general 0.284 0.504 0.308 0.492 0.355 0.501 0.303 0.553 0.335 0.579 0.347 0.565

structured 0.259 0.496 0.295 0.516 0.348 0.528 0.218 0.405 0.254 0.471 0.282 0.496

Table 4: Performance comparison between different open-source LLMs trained on different sizes of
augmented data. We scale from 10 to 10,000 by multiplying 10. The results for using 10,000 are in
Table 2. The F1 and MRR tends to increase when the size of the augmented dataset increases.

We also examined whether increasing or decreasing the size of the augmented dataset impacts the
model’s overall performance (Table 4). The highest F1 score of 0.405 was achieved by Mistral 7B
when utilizing 100 augmented datasets with both general and specific prompts. The highest MRR
score, 0.746, was observed from Mistral 7B fine-tuned on 10,000 augmented data points using a
general prompt. A general trend was observed, indicating that utilizing larger augmented datasets
results in higher performance compared to models trained on smaller datasets. As the dataset size
increased, both the F1 and MRR scores improved; however, this trend was more pronounced for F1
than for MRR. In some cases, such as BioMistral7B in top-3 medical jargon extraction with zero-
shot prompts, higher MRR scores were achieved with smaller dataset sizes.

Figure 3: Case Study for Extracting the Top 3 Important Medical Jargons from Zero-shot and Few-
shot Prompts in Mistral 7B. The few-shot prompting strategy demonstrates greater robustness in
vanilla  models  compared to  zero-shot  prompting.  The highlighted  jargons  represent  terms that
overlap with the expert-annotated labels, emphasizing the alignment between the model’s outputs
and domain experts’ annotations.
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Discussion

Zero-shot vs. Few-shot When it  comes to prompting strategies,  across both closed- and open-
source models, fewshot prompts consistently outperformed zero-shot prompts in extracting relevant
medical information (Table 2). As illustrated in Figure 3, the choice of prompting strategy can lead
to different outputs, resulting in varying performance outcomes. This pattern aligns with findings
from  various  studies,  which  have  observed  that  few-shot  prompts  allow  models  to  leverage
examples  that  enhance  contextual  understanding  and  response  specificity.  For  example,  [89]
demonstrated that few-shot prompting improves the performance of language models in complex
tasks  by  providing  contextual  cues,  enabling  the  model  to  better  interpret  nuanced  queries—
particularly in medical and technical domains where specificity is critical. However, in cases where
the models were fine-tuned, these patterns  began to diminish,  with zero-shot  prompts  showing
comparable or even higher scores than few-shot prompts. This can be attributed to instruction fine-
tuning, which enhances a model’s ability to handle unseen data. As noted by [95], instruction fine-
tuning improves  the performance of LLMs in zero-shot tasks by equipping them with a  better
understanding of task-specific instructions.

General  vs.  Structured Prompts The  effectiveness  of  prompts  can  vary  across  models,  with
certain  prompt  styles  enhancing  performance  for  specific  models  (Table  2).  While  differences
between models were generally minimal, some models performed better with particular prompt
styles. Notably, for the Llama3.1 8B model, general prompts outperformed structured prompts in
F1 and ranking prediction. Whereas in Mistral7B, structured prompts show improved performance
to general prompts. This aligns with prior research suggesting that tailored prompts can optimize a
model’s performance in specialized tasks [96].  Thus, testing diverse prompt sets is  essential  to
maximize model specific performance.

Finetuning LLMs Fine-tuning LLMs using domain-specific data proved effective in enhancing
model performance, albeit with some limitations (Table 2). One possible explanation for this result
is that the size of the datasets used for fine-tuning was too small to yield substantial performance
gains.  Increasing  the  size  of  the  fine-tuning  dataset  is  likely  to  further  improve  the  model’s
performance  [97].  Additionally,  we  observed  that  zero-shot  prompts  outperformed  few-shot
prompts, particularly in fine-tuned scenarios. Figure 4 illustrates the impact of fine-tuning: while
vanilla models show limitations in extracting key points using prompts alone, fine-tuning enables
the  models  to  learn relevant  patterns,  leading to  improved performance.  Previous  research  has
similarly shown that fine-tuning on domain-specific data can significantly enhance performance by
adjusting model weights to reflect the unique characteristics of the target domain, such as better
handling of abbreviations, acronyms, and clinically relevant contexts [59]. 
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Figure  4:  Case  Study  for  extracting  Top  5  important  medical  jargons  from BioMistral7B and
BioMistral7B that was finetuned on some of the samples of the gold labeled dataset in Zero-shot
prompt settings. The finetuned model shows more robustness than vanilla models, especially in
Zero-shot prompts. The highlighted jargons are the ones that overlap with the expert-annotated
labels.

Moreover, ICL has been shown to improve the model’s zero-shot performance [95]. However, as
the  number  of  extracted  terms  increases,  the  performance  gap  between  vanilla  and  fine-tuned
models tends to narrow.

Data Augmentation We explored the impact of data augmentation using various sizes of MIMIC-
IV [90] discharge notes to enhance the robustness of LLMs (Tables 2 and 4). Data augmentation
simulated diverse scenarios within medical notes, enabling the LLM to generalize better across a
broader range of note types. Similar to fine-tuning, the performance gains from data augmentation
were marginal in few-shot prompt settings. However, in zero-shot prompts, the performance gain
was significant, even exceeding the performance of models that used the fine-tuning strategy (p <
0.05). As shown in Figure 5, by utilizing only the augmented dataset, we achieved performance
levels similar to those of fine-tuned models, and in some cases, even higher scores. These findings
align with prior studies [95, 98], which argue that using LLM-generated data can improve model
performance on downstream tasks. Additionally, studies have shown that while data augmentation
provides  benefits,  substantial  improvements  often  require  a  high  degree  of  variation  in  the
augmented data [99, 100]. In our case, data augmentation provided additional exposure to diverse
linguistic patterns in medical notes. However, the approach alone was insufficient to dramatically
outperform its counterparts, possibly due to the limited number of examples used in generating the
augmented datasets.

Incrementing the size of augmented dataset As demonstrated in Table 4, increasing the size of
the augmented dataset improves the overall performance of open-source LLMs, regardless of the
model. This result  aligns with findings from [101, 102], where increasing the size of synthetic
datasets significantly enhanced model performance compared to models trained on smaller real-
world datasets. However, we observed that MRR scores did not improve as much as F1 scores,
indicating that ranking important information remains a non-trivial task for LLMs. As shown in
Figure 5, while the model effectively captures important terms in the medical text, it still struggles
to match the rankings as defined in the true labels. One possible explanation is the lower quality of
the LLM-augmented dataset. Since we only used two examples for ICL and did not implement any
filtering techniques to ensure the quality of the curated dataset, this may have affected the overall
quality of the augmented dataset. We aim to address this limitation and improve performance in this
aspect in future studies.

Our research demonstrated that mimicking expert-level human annotation is a non-trivial task, even
for LLMs. While LLMs perform well in summarization and paraphrasing tasks, their recall drops
significantly  when  it  comes  to  identifying  and  prioritizing  domain  specific  terms.  Ranking
identified information adds another layer of complexity. We

https://preprints.jmir.org/preprint/73449 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Jang et al

Figure 5: Case Study for extracting Top 5 important medical jargons from Llama3.1 8B finetuned
and Llama 3.1 8B that was finetuned on the MIMIC-IV augmented dataset in Zero-shot prompt
settings. In many cases, augmented models shows comparable performance than vanilla models and
finetuned  models,  especially  in  Zero-shot  prompts.  The  highlighted  jargons  are  the  ones  that
overlap with the expert annotated labels.

have  shown that  utilizing efficient  fine-tuning and data  augmentation  can  help improve model
performance. Overall, our findings provide insights into the relative strengths and limitations of
different methods for enhancing LLMs in medical applications.

Limitations
This study has several limitations. First, we tested only a limited selection of available closed- and
open-source LLMs. Second, fine-tuning was not applied to closed-source LLMs. Third, despite the
improvements achieved through finetuning and data augmentation, the performance of the models
still falls short of human annotation. Future research will aim to address these challenges.

Conclusion
We evaluated both closed- and open-source LLMs for identifying and prioritizing medical jargon
using  expert-annotated  EHR  notes,  demonstrating  that  fine-tuning  and  data  augmentation
significantly enhance performance. Comprehensive case analyses further validated our findings,
highlighting the effectiveness of these methods for extracting and prioritizing important medical
jargon for patients.
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Appendix

Performance Analysis on F1, MRR, Precision and Recall Score

Close-Source and Open-Source Models

Models Prompt

Zero-Shot Few-Shot

top3 top5 top10 top3 top5 top10

F1 MRR F1 MRR F1 MRR F1 MRR F1 MRR F1 MRR

Close-Source LLMs

GPT-4 Turbo general 0.306±0.009 0.562±0.033 0.359±0.016 0.601±0.029 0.432±0.007 0.640±0.04 0.324±0.018 0.600±0.0325 0.368±0.013 0.626±0.032 0.433±0.015 0.621±0.0305

specific 0.317±0.012 0.643±0.0265 0.347±0.016 0.668±0.04 0.370±0.0085 0.691±0.0305 0.362±0.0155 0.673±0.0245 0.398±0.0135 0.705±0.0125 0.424±0.0135 0.691±0.0255

GPT-4o Mini general 0.320±0.015 0.617±0.026 0.355±0.016 0.667±0.026 0.392±0.008 0.691±0.014 0.329±0.007 0.664±0.015 0.369±0.0075 0.700±0.0335 0.383±0.012 0.708±0.049

specific 0.303±0.012 0.620±0.0185 0.329±0.0115 0.617±0.0245 0.335±0.006 0.610±0.041 0.328±0.017 0.666±0.0285 0.363±0.0085 0.668±0.0315 0.381±0.0075 0.684±0.023

GPT-3.5 Turbo general 0.261±0.018 0.478±0.023 0.308±0.006 0.582±0.0155 0.324±0.0055 0.602±0.026 0.343±0.0155 0.649±0.029 0.359±0.009 0.655±0.0245 0.378±0.0125 0.669±0.02

specific 0.303±0.0035 0.575±0.0045 0.329±0.0045 0.573±0.0115 0.343±0.013 0.572±0.021 0.354±0.0195 0.661±0.017 0.367±0.017 0.633±0.0385 0.398±0.01 0.661±0.0055

Claude 3.0 Sonnet general 0.289±0.003 0.554±0.016 0.328±0.0075 0.556±0.029 0.355±0.0095 0.557±0.033 0.308±0.0095 0.596±0.028 0.345±0.0075 0.598±0.0305 0.399±0.0065 0.639±0.027

specific 0.304±0.009 0.666±0.024 0.317±0.007 0.673±0.013 0.323±0.0115 0.668±0.027 0.354±0.013 0.683±0.026 0.357±0.012 0.684±0.0145 0.371±0.0105 0.692±0.021

Claude 3.0 Haiku general 0.284±0.0065 0.613±0.0255 0.320±0.0065 0.629±0.015 0.345±0.013 0.620±0.02 0.320±0.025 0.672±0.023 0.358±0.009 0.690±0.018 0.387±0.0075 0.683±0.0235

specific 0.248±0.011 0.584±0.0315 0.271±0.009 0.591±0.0265 0.281±0.0065 0.614±0.0275 0.357±0.0115 0.668±0.018 0.364±0.0135 0.715±0.016 0.349±0.0065 0.693±0.0185

Claude 3.0 Opus general 0.340±0.015 0.707±0.034 0.365±0.0135 0.698±0.0185 0.390±0.0055 0.713±0.023 0.316±0.019 0.615±0.027 0.359±0.0085 0.661±0.019 0.412±0.011 0.709±0.023

specific 0.289±0.009 0.617±0.027 0.344±0.011 0.643±0.0295 0.387±0.008 0.664±0.035 0.319±0.0115 0.646±0.0275 0.331±0.0135 0.551±0.013 0.387±0.006 0.680±0.013

Open-Source LLMs

Mistral-7b general 0.293±0.0115 0.527±0.029 0.337±0.0155 0.563±0.0275 0.363±0.0075 0.557±0.0255 0.303±0.0155 0.582±0.02 0.348±0.0075 0.579±0.026 0.394±0.01 0.565±0.0285

specific 0.252±0.0095 0.572±0.0345 0.268±0.0085 0.552±0.029 0.276±0.008 0.539±0.022 0.359±0.011 0.669±0.0195 0.375±0.0105 0.677±0.017 0.402±0.0065 0.694±0.019

Mistral-7b-FT general 0.342±0.0065 0.603±0.0165 0.350±0.0075 0.631±0.0035 0.332±0.008 0.661±0.019 0.287±0.008 0.418±0.018 0.325±0.007 0.536±0.0255 0.355±0.004 0.603±0.015

specific 0.291±0.023 0.557±0.033 0.310±0.017 0.570±0.0295 0.321±0.0085 0.544±0.026 0.366±0.017 0.677±0.0185 0.370±0.0105 0.692±0.0115 0.388±0.023 0.715±0.019

Mistral-7b-MIMIC-FT general 0.328±0.003 0.539±0.023 0.336±0.010 0.512±0.026 0.340±0.009 0.488±0.030 0.340±0.007 0.746±0.016 0.358±0.008 0.731±0.008 0.380±0.008 0.713±0.016

specific 0.336±0.012 0.524±0.032 0.339±0.008 0.508±0.030 0.390±0.005 0.542±0.023 0.351±0.008 0.681±0.014 0.367±0.007 0.674±0.022 0.389±0.006 0.676±0.029

Llama 3.1-8b general 0.358±0.018 0.585±0.017 0.376±0.015 0.588±0.017 0.413±0.013 0.611±0.020 0.313±0.010 0.585±0.014 0.370±0.008 0.644±0.037 0.399±0.011 0.652±0.036

specific 0.282±0.015 0.572±0.033 0.296±0.013 0.569±0.021 0.299±0.005 0.576±0.029 0.325±0.006 0.589±0.030 0.297±0.010 0.437±0.016 0.354±0.010 0.594±0.029

Llama 3.1-8b-FT general 0.343±0.015 0.605±0.022 0.373±0.007 0.593±0.016 0.404±0.008 0.621±0.020 0.312±0.013 0.589±0.024 0.360±0.009 0.620±0.021 0.403±0.012 0.624±0.013

specific 0.289±0.008 0.558±0.016 0.301±0.010 0.571±0.024 0.294±0.012 0.575±0.022 0.332±0.012 0.589±0.033 0.353±0.009 0.630±0.031 0.386±0.012 0.649±0.024

llama 3.1-8b-MIMIC-FT general 0.355±0.020 0.605±0.023 0.369±0.008 0.596±0.021 0.400±0.013 0.614±0.016 0.311±0.010 0.597±0.021 0.363±0.009 0.624±0.025 0.399±0.012 0.643±0.026

specific 0.296±0.015 0.568±0.031 0.304±0.010 0.566±0.036 0.295±0.005 0.557±0.042 0.316±0.007 0.591±0.020 0.346±0.013 0.597±0.034 0.381±0.009 0.637±0.041

Biomistral-7b general 0.165±0.013 0.250±0.030 0.212±0.021 0.433±0.036 0.232±0.013 0.423±0.024 0.228±0.005 0.529±0.029 0.227±0.005 0.510±0.028 0.232±0.007 0.510±0.024

specific 0.245±0.012 0.452±0.009 0.297±0.013 0.586±0.022 0.267±0.013 0.548±0.017 0.262±0.007 0.500±0.037 0.321±0.014 0.567±0.026 0.288±0.018 0.529±0.034

Biomistral-7b-FT general 0.254±0.011 0.439±0.036 0.272±0.019 0.455±0.021 0.165±0.039 0.231±0.052 0.273±0.017 0.460±0.039 0.286±0.014 0.462±0.034 0.311±0.011 0.468±0.020

specific 0.287±0.061 0.436±0.101 0.361±0.034 0.542±0.048 0.306±0.026 0.594±0.061 0.353±0.011 0.563±0.035 0.360±0.021 0.563±0.023 0.264±0.021 0.483±0.038

Biomistral-7b-MIMIC-FT general 0.279±0.010 0.499±0.030 0.306±0.007 0.490±0.038 0.351±0.012 0.500±0.036 0.260±0.004 0.480±0.016 0.259±0.007 0.481±0.025 0.277±0.006 0.449±0.020

specific 0.287±0.010 0.549±0.026 0.306±0.015 0.568±0.025 0.332±0.007 0.569±0.033 0.283±0.007 0.551±0.026 0.304±0.005 0.544±0.023 0.348±0.007 0.565±0.019

Table 5: Performance comparison between different models on zero-shot and few-shot tasks with
top-3, top-5, and top-10 results with 95% confidence interval for F1 and MRR in closed and open
source LLMs.

Models Prompt

Zero-Shot Few-Shot

top3 top5 top10 top3 top5 top10

P R P R P R P R P R P R

Close-Source LLMs

GPT-4 Turbo general 0.449±0.012 0.231±0.007 0.445±0.013 0.300±0.018 0.404±0.016 0.463±0.014 0.489±0.023 0.243±0.015 0.478±0.010 0.300±0.014 0.415±0.013 0.452±0.022

specific 0.296±0.011 0.343±0.016 0.305±0.014 0.403±0.023 0.282±0.007 0.539±0.017 0.345±0.013 0.381±0.020 0.354±0.010 0.455±0.021 0.335±0.010 0.579±0.021

https://preprints.jmir.org/preprint/73449 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Jang et al

GPT-4o Mini general 0.449±0.021 0.249±0.013 0.430±0.012 0.303±0.017 0.356±0.004 0.437±0.018 0.358±0.011 0.304±0.007 0.389±0.007 0.351±0.010 0.338±0.006 0.441±0.013

specific 0.283±0.008 0.325±0.017 0.289±0.011 0.383±0.018 0.257±0.003 0.482±0.021 0.300±0.017 0.362±0.019 0.311±0.007 0.437±0.018 0.306±0.009 0.508±0.020

GPT-3.5 Turbo general 0.406±0.023 0.192±0.014 0.370±0.010 0.265±0.011 0.281±0.008 0.384±0.003 0.361±0.018 0.327±0.019 0.358±0.008 0.361±0.012 0.350±0.008 0.412±0.023

specific 0.284±0.008 0.324±0.007 0.285±0.004 0.390±0.010 0.267±0.011 0.478±0.020 0.349±0.015 0.360±0.024 0.335±0.016 0.406±0.022 0.342±0.008 0.476±0.016

Claude 3.0 Sonnet general 0.391±0.010 0.229±0.002 0.375±0.010 0.292±0.007 0.326±0.007 0.389±0.016 0.440±0.011 0.237±0.011 0.421±0.005 0.293±0.011 0.371±0.010 0.432±0.007

specific 0.272±0.012 0.346±0.013 0.265±0.003 0.395±0.017 0.238±0.011 0.502±0.011 0.330±0.018 0.382±0.010 0.307±0.011 0.426±0.015 0.285±0.013 0.530±0.015

Claude 3.0 Haiku general 0.398±0.014 0.220±0.004 0.395±0.017 0.270±0.005 0.313±0.013 0.384±0.013 0.463±0.023 0.245±0.024 0.458±0.009 0.294±0.011 0.365±0.004 0.413±0.015

specific 0.222±0.010 0.281±0.013 0.225±0.010 0.341±0.010 0.210±0.006 0.425±0.008 0.322±0.016 0.399±0.010 0.302±0.010 0.459±0.022 0.257±0.007 0.544±0.021

Claude 3.0 Opus general 0.386±0.013 0.271±0.012 0.373±0.011 0.297±0.016 0.337±0.006 0.455±0.016 0.438±0.025 0.249±0.028 0.375±0.011 0.344±0.008 0.359±0.012 0.486±0.019

specific 0.273±0.007 0.307±0.015 0.309±0.012 0.389±0.016 0.309±0.010 0.518±0.009 0.312±0.011 0.374±0.025 0.320±0.013 0.426±0.016 0.306±0.007 0.538±0.013

Open-Source LLMs

Mistral-7b general 0.431±0.014 0.223±0.011 0.376±0.018 0.305±0.015 0.333±0.005 0.398±0.013 0.455±0.019 0.227±0.013 0.433±0.010 0.291±0.008 0.385±0.013 0.404±0.008

specific 0.216±0.007 0.303±0.015 0.215±0.007 0.355±0.013 0.197±0.007 0.460±0.008 0.351±0.009 0.367±0.015 0.322±0.010 0.449±0.013 0.301±0.005 0.604±0.008

Mistral-7b-FT general 0.394±0.014 0.303±0.004 0.329±0.005 0.374±0.018 0.276±0.005 0.416±0.015 0.311±0.014 0.267±0.006 0.312±0.007 0.340±0.015 0.335±0.007 0.378±0.008

specific 0.251±0.019 0.345±0.030 0.253±0.013 0.401±0.028 0.236±0.006 0.505±0.017 0.357±0.018 0.375±0.017 0.332±0.010 0.419±0.014 0.310±0.012 0.520±0.009

Mistral-7b-MIMIC-FT general 0.308±0.011 0.351±0.013 0.269±0.012 0.448±0.013 0.305±0.013 0.387±0.018 0.261±0.007 0.488±0.014 0.281±0.010 0.497±0.006 0.304±0.009 0.507±0.011

specific 0.376±0.017 0.304±0.013 0.351±0.006 0.327±0.011 0.345±0.006 0.449±0.011 0.325±0.006 0.383±0.014 0.310±0.004 0.450±0.015 0.308±0.007 0.528±0.014

Llama 3.1-8b general 0.301±0.018 0.444±0.035 0.334±0.012 0.431±0.023 0.330±0.016 0.551±0.017 0.286±0.011 0.346±0.010 0.337±0.010 0.409±0.010 0.331±0.010 0.503±0.018

specific 0.231±0.010 0.362±0.023 0.234±0.009 0.403±0.022 0.205±0.002 0.551±0.014 0.308±0.004 0.345±0.013 0.297±0.010 0.437±0.016 0.287±0.008 0.585±0.026

Llama 3.1-8b-FT general 0.287±0.019 0.428±0.019 0.326±0.011 0.436±0.017 0.320±0.012 0.550±0.028 0.286±0.015 0.344±0.014 0.332±0.003 0.393±0.019 0.335±0.007 0.507±0.025

specific 0.238±0.006 0.367±0.017 0.235±0.007 0.417±0.017 0.202±0.009 0.536±0.020 0.312±0.010 0.355±0.017 0.295±0.007 0.439±0.015 0.286±0.010 0.592±0.023

llama 3.1-8b-MIMIC-FT general 0.300±0.025 0.439±0.023 0.328±0.010 0.423±0.016 0.322±0.015 0.529±0.015 0.283±0.011 0.346±0.009 0.329±0.007 0.405±0.016 0.332±0.015 0.498±0.008

specific 0.246±0.013 0.371±0.016 0.240±0.007 0.415±0.020 0.203±0.005 0.540±0.005 0.298±0.012 0.338±0.014 0.288±0.011 0.434±0.019 0.284±0.008 0.579±0.009

Biomistral-7b general 0.336±0.035 0.109±0.008 0.536±0.040 0.132±0.013 0.548±0.018 0.147±0.010 0.654±0.025 0.137±0.005 0.683±0.019 0.136±0.003 0.673±0.015 0.140±0.005

specific 0.538±0.013 0.158±0.010 0.692±0.017 0.189±0.009 0.673±0.022 0.166±0.009 0.673±0.024 0.163±0.006 0.740±0.024 0.205±0.010 0.721±0.028 0.180±0.012

Biomistral-7b-FT general 0.341±0.033 0.204±0.018 0.330±0.034 0.231±0.012 0.167±0.042 0.164±0.038 0.278±0.020 0.272±0.039 0.321±0.019 0.259±0.018 0.317±0.020 0.306±0.011

specific 0.471±0.116 0.207±0.041 0.603±0.060 0.258±0.025 0.288±0.023 0.329±0.040 0.592±0.033 0.252±0.011 0.580±0.055 0.262±0.012 0.278±0.023 0.256±0.041

Biomistral-7b-MIMIC-
FT

general 0.428±0.015 0.207±0.008 0.398±0.005 0.249±0.008 0.361±0.013 0.343±0.012 0.276±0.005 0.246±0.007 0.265±0.006 0.253±0.008 0.285±0.009 0.270±0.005

specific 0.329±0.010 0.255±0.010 0.344±0.014 0.277±0.015 0.324±0.011 0.340±0.007 0.367±0.008 0.230±0.009 0.360±0.007 0.264±0.006 0.338±0.007 0.358±0.009

Table 6: Performance comparison between different models on zero-shot and few-shot tasks with
top-3, top-5, and top-10 results with 95% confidence interval for Precision (P) and Recall (R) in
closed and open source LLMs.

Baseline Models

top3 top5 top10

P R P R P R

GPT2[83] 0.102 (0.111/0.093) 0.094 (0.109/0.080) 0.108 (0.119/0.097) 0.085 (0.099/0.070) 0.095 (0.113/0.076) 0.105 (0.124/0.085)

BioGPT[92] 0.339 (0.393/0.284) 0.092 (0.103/0.081) 0.411 (0.464/0.358) 0.106 (0.125/0.088) 0.414 (0.464/0.363) 0.110 (0.130/0.090)

Table 7: Precision (P) and Recall (R) for Baseline models

Impact  of  Augmented  Data  Scale  on  Open-Source  Language
Model Training

Models Prompt

Zero-Shot Few-Shot

top3 top5 top10 top3 top5 top10
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P R P R P R P R P R P R

Open-Source LLMs

Mistral 7b 10MIMIC FT general 0.367±0.020 0.202±0.011 0.337±0.014 0.253±0.013 0.278±0.004 0.305±0.016 0.362±0.019 0.240±0.010 0.344±0.014 0.246±0.011 0.349±0.011 0.308±0.011

specifi
c

0.336±0.015 0.270±0.012 0.344±0.012 0.281±0.011 0.321±0.013 0.343±0.011 0.396±0.014 0.233±0.008 0.376±0.012 0.273±0.009 0.365±0.009 0.314±0.010

Mistral 7b 100MIMIC FT general 0.307±0.020 0.332±0.010 0.243±0.014 0.450±0.008 0.289±0.013 0.367±0.009 0.314±0.017 0.386±0.008 0.380±0.010 0.423±0.014 0.369±0.018 0.451±0.015

specifi
c

0.371±0.017 0.267±0.014 0.350±0.012 0.321±0.017 0.361±0.009 0.399±0.006 0.339±0.008 0.337±0.011 0.321±0.006 0.425±0.013 0.338±0.005 0.506±0.016

Mistral 7b 1000MIMIC FT general 0.314±0.013 0.350±0.008 0.280±0.006 0.460±0.012 0.298±0.008 0.384±0.018 0.253±0.010 0.501±0.011 0.287±0.011 0.475±0.004 0.293±0.010 0.492±0.012

specifi
c

0.376±0.017 0.304±0.013 0.351±0.006 0.327±0.011 0.345±0.006 0.449±0.011 0.325±0.006 0.383±0.014 0.310±0.004 0.450±0.015 0.308±0.007 0.528±0.014

Llama 3.1 8b 10MIMIC FT general 0.271±0.014 0.439±0.033 0.339±0.013 0.435±0.015 0.320±0.007 0.516±0.016 0.280±0.010 0.333±0.011 0.322±0.003 0.389±0.015 0.328±0.008 0.496±0.010

specifi
c

0.239±0.014 0.362±0.016 0.235±0.012 0.413±0.018 0.211±0.004 0.547±0.022 0.308±0.014 0.360±0.028 0.300±0.014 0.445±0.013 0.283±0.009 0.578±0.014

Llama 3.1 8b 100MIMIC FT general 0.303±0.017 0.439±0.007 0.337±0.014 0.433±0.013 0.321±0.013 0.530±0.016 0.283±0.020 0.335±0.016 0.332±0.011 0.400±0.006 0.330±0.004 0.507±0.021

specifi
c

0.240±0.011 0.357±0.017 0.237±0.003 0.413±0.014 0.204±0.004 0.529±0.013 0.302±0.008 0.351±0.025 0.297±0.009 0.443±0.013 0.278±0.005 0.580±0.016

Llama 3.1 8b 1000MIMIC 
FT

general 0.285±0.013 0.454±0.017 0.332±0.016 0.416±0.021 0.324±0.009 0.513±0.021 0.287±0.012 0.340±0.020 0.324±0.014 0.384±0.009 0.335±0.009 0.497±0.009

specifi
c

0.244±0.012 0.381±0.017 0.238±0.009 0.409±0.006 0.216±0.005 0.553±0.012 0.303±0.006 0.346±0.005 0.305±0.012 0.444±0.024 0.288±0.010 0.598±0.016

BioMistral 7b 10MIMIC FT general 0.398±0.015 0.204±0.007 0.369±0.008 0.246±0.007 0.331±0.009 0.313±0.005 0.249±0.006 0.233±0.011 0.266±0.008 0.248±0.008 0.283±0.006 0.269±0.009

specifi
c

0.358±0.010 0.258±0.010 0.333±0.006 0.277±0.011 0.298±0.004 0.304±0.007 0.285±0.020 0.170±0.011 0.291±0.011 0.200±0.011 0.296±0.012 0.204±0.006

BioMistral 7b 100MIMIC 
FT

general 0.400±0.033 0.195±0.009 0.395±0.012 0.241±0.007 0.378±0.013 0.340±0.010 0.319±0.007 0.226±0.010 0.332±0.011 0.282±0.008 0.352±0.010 0.334±0.009

specifi
c

0.387±0.010 0.260±0.009 0.408±0.005 0.290±0.003 0.403±0.008 0.326±0.009 0.325±0.003 0.242±0.008 0.343±0.005 0.272±0.009 0.349±0.006 0.323±0.006

BioMistral 7b 1000MIMIC 
FT

general 0.419±0.014 0.215±0.011 0.386±0.009 0.256±0.010 0.367±0.010 0.343±0.011 0.310±0.008 0.296±0.018 0.337±0.011 0.333±0.016 0.351±0.012 0.344±0.010

specifi
c

0.406±0.019 0.190±0.013 0.406±0.015 0.232±0.012 0.404±0.010 0.306±0.008 0.257±0.007 0.190±0.010 0.281±0.007 0.231±0.011 0.314±0.010 0.257±0.004

Table 8: Assessing the Impact of Augmented Data Sizes (respectively trained on 10, 100, and 1000
MIMIC notes)on
Open-Source LLM Training: Precision (P) and Recall (R)
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Prompt Structure

Figure 6: Structured Prompt

Figure 7: General Prompt

### Instruction:
You are a helpful assistant, an expert in the medical domain.Extract top 3 main diagnosis/symptoms or conditions
mentioned in the medical note. Following the diagnosis/symptoms or conditions, identify the medical tests related to it. If
there aren’t any medical tests related to it, just start listing the next important diagnosis/symptoms or conditions. If there
are no additional diagnoses/symptoms or conditions that you can identify, just list the existing ones and finalize the output.
Don’t write no symptoms, or any indication that there is no other diagnosis/symptoms or conditions. Do not modify or
abbreviate what is written in the notes. Just extract them as they are. Make sure the highest priority is assigned with a
smaller number. We give you an example, do follow as below. The format should be as follows:

1. key symptom or condition
1.1medical test related to1
1.2medical test related to1
2. key symptom or condition
2.1medical test related to2
3. key symptom or condition
3.1medical test related to3
3.2medical test related to3

### Context:
{context}

### Response:

### Instruction:
You are a helpful assistant, an expert in medical domain. Extract top 3 key terms mentioned in the medical note that are
important for the patient. If you think they are of same importance, they can have the same ranking. Do not write no
symptoms, or any indication that there is no other diagnosis/symptoms or conditions. Do not modify or abbreviate what is
written in the notes. Just extract them as they are. Make sure the highest priority is assigned with a smaller number. We
give you an example, do follow as below. The format should be as follows

1. key term
1. key term
2. key term
2. key term
3. key term
3. key term

### Context:
{context}

### Response:
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Figure 8: Prompt used for querying GPT-3.5 Turbo for data augmentation

### Instruction : You are a helpful assistant, an expert in medical domain. Extract top 10 main diagnosis/symptoms or
conditions mentioned in the medical note. Following the diagnosis/symptoms or conditions, identify the medical tests
related to it. If there isn’t any medical tests related to it, just start listing the next important diagnosis/symptoms or
conditions. If there are no additional diagnosis/symptoms or conditions that you can identify, just list the existing ones and
finalize the output. Don’t write no symptoms, or any indication that there is no other diagnosis/symptoms or conditions.
Do not modify or abbreviate what is written in the notes. Just extract them as they are. Make sure the highest priority is
assigned with a smaller number. We give you an example, do follow as below. The format should be as follows

1. key symptom or condition
1.1medical test related to1
1.2medical test related to1
2. key symptom or condition
2.1medical test related to2
3. key symptom or condition
3.1medical test related to3
3.2medical test related to3
4. key symptom or condition
4.1medical test related to4
4.2medical test related to4
4.3medical test related to4
5. key symptom or condition
5.1medical test related to5
6. key symptom or condition
6.1medical test related to6

[2examples from the gold label dataset]
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