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Abstract

Background: Preprocessing serves to standardize clinical documentation and create consistency throughout all clinical notes. An
essential aspect of this process is text normalization, which mainly entails recognizing abbreviations and translating them into
their full forms. A range of methods, including Natural Language Processing (NLP) and Machine Learning (ML) algorithms, are
employed to identify and interpret abbreviations found in clinical notes. Recently, fine-tuning Large Language Models (LLMs)
and applying prompt engineering techniques have been utilized to carry out various tasks involving clinical notes. Each method
presents its own set of benefits and drawbacks.

Objective: To utilize LLMs to detect and decipher abbreviations in clinical notes effectively and efficiently.

Methods: A framework is proposed for the detection and deciphering of abbreviations within clinical text, using LLMs. This
framework consists of four phases. First, the task and sub-tasks are identified. Second, the relevant properties of task and sub-
tasks within the designated domain are clearly defined. Third, these properties are utilized to generate optimized examples. The
fourth stage involves the application of these properties in LLMs, which can serve either as engineering prompts enhanced by
examples or be employed in the creation of a labeled dataset for fine tuning. Finally, two case studies are conducted; the first
involves prompt engineering enhanced by optimized examples is employed as input for ChatGPT utilizing the GPT-4 language
model, while the second experiment entails the fine-tuning of both GPT-2 and T5 models using the previously established
labeled dataset.

Results: The findings emphasize a distinct advantage of example-based prompts, whether examples are selected randomly or
through optimized selection, in comparison to basic prompts. The results indicate that basic prompts consistently yield lower
accuracy. Furthermore, prompts enhanced by the optimized selection of 5-shots examples demonstrate significantly superior
performance relative to those utilizing randomly selected examples. In contrast to the example-based prompt approach, the result
indicates that the T5 models, which are fine-tuned with the labeled dataset using the proposed framework, exhibit enhanced
performance when compared to the example-based prompt.

Conclusions: This research underscores the potential of LLMs for the proficient detection and interpretation of abbreviations
within clinical notes. This capability is particularly evident when optimized examples are utilized in the preparation of the
labeled dataset for the fine-tuning of T5 models, resulting in reduced costs and enhanced performance. Further investigation is
necessary to develop an LLM model specifically designed for the detection and interpretation of abbreviations in clinical notes.
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Abstract

Background: Preprocessing  serves  to  standardize  clinical  documentation  and  create
consistency  throughout  all  clinical  notes.  An  essential  aspect  of  this  process  is  text
normalization, which mainly entails recognizing abbreviations and translating them into their
full forms. A range of methods, including Natural Language Processing (NLP) and Machine
Learning (ML)  algorithms,  are  employed  to  identify  and  interpret  abbreviations  found  in
clinical  notes.  Recently,  fine-tuning  Large  Language  Models  (LLMs)  and  applying  prompt
engineering techniques have been utilized to carry out various tasks involving clinical notes.
Each method presents its own set of benefits and drawbacks. 

Objective:  To utilize LLMs to detect and decipher abbreviations in clinical notes effectively and
efficiently.

Methods:  A framework  is  proposed  for  the  detection  and  deciphering  of  abbreviations  within
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clinical text, using LLMs. This framework consists of four phases. First, the task and sub-tasks are
identified. Second, the relevant properties of task and sub-tasks within the designated domain are
clearly defined. Third, these properties are utilized to generate optimized examples. The fourth stage
involves the application of these properties in LLMs, which can serve either as engineering prompts
enhanced by examples or be employed in the creation of a labeled dataset for fine tuning. Finally,
two  case  studies  are  conducted;  the  first  involves  prompt  engineering  enhanced  by  optimized
examples is employed as input for ChatGPT utilizing the GPT-4 language model, while the second
experiment entails the fine-tuning of both GPT-2 and T5 models using the previously established
labeled dataset.

Results: The findings emphasize a distinct advantage of example-based prompts, whether examples
are selected randomly or through optimized selection, in comparison to basic prompts. The results
indicate that basic prompts consistently yield lower accuracy. Furthermore, prompts enhanced by the
optimized selection of 5-shots examples demonstrate significantly superior performance relative to
those utilizing randomly selected examples. In contrast to the example-based prompt approach, the
result indicates that the T5 models, which are fine-tuned with the labeled dataset using the proposed
framework, exhibit enhanced performance when compared to the example-based prompt.

Conclusions:  This  research  underscores  the  potential  of  LLMs for  the  proficient  detection  and
interpretation  of  abbreviations  within  clinical  notes.  This  capability  is  particularly  evident  when
optimized examples are utilized in the preparation of the labeled dataset for the fine-tuning of T5
models, resulting in reduced costs and enhanced performance. Further investigation is necessary to
develop an LLM model specifically designed for the detection and interpretation of abbreviations in
clinical notes.

Keywords: Large Language Model; Prompt Engineering; Fine-tuning; Abbreviation; Clinical note.

Introduction

Overview

In  recent  years,  Electronic  Medical  Records  (EMRs)  have  shown  significant  potential  for
advancing clinical research [1–4]. While they contain structured data like prescriptions, test
results,  and diagnosis codes,  a substantial  portion of clinical notes remains in unstructured
narrative text format. This unstructured data can make up as much as 80% of the Electronic
Health  Record (EHR) dataset. However, the time-consuming and labor-intensive nature of
processing and extracting information from  this data often leads to it being unused or
abandoned and a significant challenge in clinical research applications [5, 6].

Narrative  EMR data,  or  narrative  EHR data,  encompass  clinical  notes  that  comprehensively
detail various aspects of a patient’s record. This data contains a rich source of information that
can be leveraged through the utilization of Natural Language Processing (NLP) [7–10], Machine
Learning (ML) techniques [11–15], and large language models(LLMs) [16–18].  Such text
exhibits distinctive characteristics, including grammatical errors, shortened words, frequent
abbreviations, acronyms,  specialized characters with specific meanings, and occasional
misspelled words [19]. Consequently, one of the pivotal tasks for  utilizing clinical text is
preprocessing. Preprocessing aims to normalize clinical text and establish uniformity across all
clinical notes.

Text normalization represents a vital preprocessing task that strives to achieve uniformity

https://preprints.jmir.org/preprint/74042 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Jafarpour et al

across all terms within the clinical text, converting it into a standardized and noise-free format.
This  task  involves  word  tokenization  and  normalization.  Word  tokenization  entails  the
identification  of  individual  words (or  phrases),  abbreviations,  and special  characters,  while
word normalization focuses on interpreting clinical abbreviations and special characters, and
establishing uniformity among similar terms within the clinical text. In the context of clinical
texts, an abbreviation is an acronym or a shortened form of a word or phrase used for efficiency
and brevity, often representing common medical terms or concepts. For instance, the sentence
“Pt is  65 yo m w/ -fx referred to pt for lbp” is transformed through the processes of text
normalization to read as “Patient is 65 years old male with no fracture referred to physical
therapy for low back pain.”.

LLMs are artificial  intelligence (AI) systems trained on vast text  datasets,  leveraging neural
networks  and  deep  learning  techniques  [20].  LLMs  aim  to  represent  complex  word
relationships and have shown promising applications in fields like medicine [21, 22]. In order
to effectively utilize a LLM as a facilitative tool, users must submit their requests based on
specific  prompts or engage in fine-tuning or training the LLM to cater to their particular
domain of interest.

Several researchers engage in the fine-tuning of LLMs to enhance their performance within
specific domains (e.g., [23–26]). Fine-tuning is defined as the procedure of taking a trained LLM
and subsequently tuning it on a targeted dataset, thereby adapting it to a particular task or
domain [27]. This process entails the modification of the model’s weights utilizing task-specific
data, frequently employing supervised learning methods. The fine-tuning process is
instrumental in enhancing performance for  specialized applications while leveraging the
extensive knowledge acquired during the initial pretraining phase.

This paper presents a framework designed to delineate the properties of the specified task,
which, in this study, pertains to the detection and decipherment of abbreviations within clinical
notes. The framework illustrates these properties through a series of examples pertaining to
the detection and decipherment of abbreviations. Subsequently, these examples, which
encompass all  relevant properties of the task, are incorporated into LLM, as an engineered
prompt that is enhanced by optimized samples or labeled dataset for fine-tuning LLMs. This
framework effectively narrows the gap between user requirements and LLMs by mapping the
properties of  task and sub-tasks into the LLMs either as engineered prompt or fine-tuning
LLMs. This method streamlines the execution of tasks utilizing LLMs, while also reducing the
necessity for labor-intensive, time-consuming, and costly efforts.

In alignment with the objectives of this paper, the research questions are delineated as follows:

1. In what ways are LLMs employed for the detection and decipherment of abbreviations
within clinical texts? 

2. How are the characteristics of the task defined? 
3. In what manner does example-based prompt facilitate the detection and decipherment of

abbreviations in clinical texts? 
4. How do fine-tuned LLMs effectively detect and decipher abbreviations in clinical texts?

The research hypothesis is as follows: “Employing LLMs detect and decipher abbreviations
within clinical notes in an effective and efficient manner.”

Background

Preprocessing is used to standardize clinical text and establish uniformity across all clinical
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notes. One key task in this process is text normalization, which primarily involves identifying
abbreviations and deciphering them by converting them into their complete forms.  Various
approaches, including NLP and ML algorithms, are used to detect and decipher abbreviations
in clinical notes. Fine-tuning LLMs and prompt engineering techniques have been recently
applied to perform various tasks using clinical notes. Each approach has its own advantages
and disadvantages.

NLP  approaches.  Numerous  clinical  NLP  systems,  including  tools  like  MedLEE  [28,  29],
MetaMap  [30,  31],  KnowledgeMap  [32],  MedTagger  [33],  and  MedEx  [34]  have  specific
modules  dedicated  to  abbreviation  detection  and  expansion.  The  majority  rely  on  NLP
approaches,  which are rule-based.   Indeed,  valuable repositories of  biomedical  vocabulary
such as the Unified Medical  Language System (UMLS) [35],  Systematized Nomenclature of
Medicine Clinical Terminology (SNOMED-CT) [36],  and RxNorm [37]  have  a repository for
abbreviations  and  their  expanded  forms.  However,  navigating  these repositories can be
complex and may require specific knowledge of their structure and tools to effectively
extract abbreviation data. Additionally, because these repositories rely on user expertise to
detect abbreviations in context, they may not always provide straightforward solutions.

ML approaches. With the increasing popularity of ML algorithms, numerous researchers
have sought to address challenges using these techniques. Rajkomar et al. employed an ML
approach to decode clinical abbreviations, utilizing a diverse set of data sources for training,
including public web data, synthetic snippets, CASI [38], MIMIC-III [39], and i2b2-2014 [40],
thus preserving data privacy [41]. In developing supervised ML algorithms, the preparation of
labeled data is fundamental. Many researchers have leveraged supervised ML algorithms to
detection and interpret of abbreviations and acronyms concepts [42–45]. Transformer is a
deep learning architecture that leverages the parallel multi-head attention mechanism [46].
Recently, some researchers  have  applied  the  BERT  transformer  model,  pre-trained  using
unsupervised learning, to disambiguate clinical abbreviations [47,  48]. While transformers
have revolutionized NLP and achieved state-of-the-art performance on various tasks,  they
also come with challenges and limitations.  In addition to computational  complexity and a
large memory footprint, fine-tuning requirements  and  data  constraints  remain  prominent
concerns.  Significant  volumes  of  data  are  often needed for fine-tuning to optimize
transformers to specific tasks. In turn, their performance may suffer under limited data for
fine-tuning. 

Prompt engineering.  Prior literature indicates that previous studies have focused on using
question-answering techniques with  untailored  prompts.  These  approaches  involve  cloze
prompts where a portion of the text is masked or removed, and the model is tasked with
filling in the missing information [49, 50].  Researchers have typically employed this cloze
prompt format and manually crafted templates for querying ChatGPT. While the creation of
manual templates is an intuitive strategy that can

address various tasks to some extent, it presents inherent challenges as follows:

1. Creating and experimenting with these prompts requires artistic skills, time, and experience,
particularly for complex tasks like semantic parsing [51].

2. Even experienced prompt designers discover the most optimal prompts manually. [52].

3. Prompt augmentation, which incorporates examples as part of the prompt, remains challenging,
with  results  varying  from  near  state-of-the-art  accuracy  to  near-random  guesses  [53].  In
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response  to  this  challenge,  [54]  and  [55]  employ  sentence  embedding to  choose  examples
closely related to the input in the embedding space. Mishra et al. assessed the generalizability of
pre-trained language models for new tasks by providing positive and negative examples
illustrating both desired outcomes and pitfalls to avoid [56].  However,  this  critical  question
remains unresolved: How can we effectively determine which examples should be included in
the prompt or as labeled data in a dataset to achieve optimal results?

Training  and  fine-tuning  LLMs:  Training  LLMs  from  scratch  to  effectively  perform  text
normalization in clinical notes necessitates considerable computational resources [57]. Fine-
tuning LLMs presents several challenges, including substantial computational requirements,
issues related to data quality, and complexities associated with model overfitting and
generalization. Secondly, the success of fine-tuning is contingent upon the availability of high-
quality, well-annotated datasets, which may be limited in specialized fields. Lastly, conducting
fine-tuning on minimal  datasets  can result  in  overfitting,  thereby diminishing the model’s
efficacy  when  exposed  to  previously  unseen  data.  Although  various  techniques,  including
dropout,  weight  regularization,  and  data  augmentation,  can  enhance  generalization,  these
approaches also require additional computational resources.

Gap identification Challenges associated with ML and the LLMs approach often arise from a
scarcity of effective labeled  data,  particularly  in  tasks  that  involve  limited  datasets.
Furthermore,  the  prompt  engineering  methods  require  extensive  experience in designing
effective prompts to achieve optimal results. This study proposes a framework that first
identifies the properties of a given task and sub-tasks and subsequently provides examples
that represent those properties. These optimized examples will either be incorporated into
LLMs to generate an optimized example-based prompt or utilized to create a dataset for fine-
tuning LLMs.

Methods

Proposed fine-tuning framework

We present a prompt engineering framework enhanced through optimized examples. Through
the development of this framework, we leverage question-and-answer approaches, to clarify
the user’s need in the prompt [58]. The proposed model is intended for situations where the
input comprises both a prompt and a block of text as a target text for ChatGPT to perform
actions on that text. Figure 1 demonstrates that the model consists of seven key components:
task  definition,  properties  identification, example selection, and utilizing LLMs. Each
component will be described in detail further.

Figure 1. The proposed model for generating learned multi-prompt.

Step 1: Task definition

The first step is task specification, which refers to the user’s need. A set of text-related tasks is
identified, which includes tasks such as text normalization and data extraction:
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{Task= text normalization, data extraction}

In general, each task encompasses two or more sub-tasks, and all the sub-tasks associated with a
specific task for a particular task X are detailed as follows:

XTask={sub-task1, sub-task2, sub-task3, …..}

Example: XTN={finding abbreviations(Abv), deciphering abbreviations}

Step 2: Properties identification

In general, each sub-task possesses one or more properties. A property is defined as a predetermined
attribute or principle that outlines the characteristics of a specific aspect of the task. These properties
must comprehensively address all  conditions pertinent to the task at  hand. In the context of this
study, the task involves the detection and conversion of abbreviations to their complete forms within
clinical notes. The properties associated with the task should encompass all relevant attributes for
both the primary task and its associated sub-tasks.

It is important to note that these properties may either intersect or remain independent of one another.
In this step, all properties that encompass the entirety of the tasks and sub-tasks are delineated.

 Property  1:  The  abbreviation  can  be  written  using  all  uppercase  letters  (e.g.,  “HTN”:
“hypertension”).

 Property  2:  The  abbreviation  can  be  written  using  all  lowercase  letters  (e.g.,  “htn”:
“hypertension”).

 Property 3: The abbreviation can be written with the first letter capitalized and the rest in
lowercase (e.g., “Pt”: “patient”).

 Property 4: The abbreviation can be a combination of lowercase/uppercase letters and special
characters (e.g., “h/o”: “history of”, “-f/c”: “no fever and/or chills”).

 Property  5:  The  abbreviation  can  be  a  combination  of  lowercase/uppercase  letters  and
numbers (e.g., “85f”: “85-year-old female”, “T4”: “Thyroxine”).

 Property 6: The abbreviation can be a combination of letters, special characters, and numbers
(e.g., “BP ↑ 140/90”: “blood pressure increased, with a systolic pressure of 140 mmHg and a
diastolic pressure of 90 mmHg”).

 Property 7: The abbreviation can have the same form but different meanings depending on
the context (e.g., “CA”: “Canada”, “CA”: “California”, or “CA”: “Cancer”).

Properties 1 and 7 intersect, meaning their combinations can be applied simultaneously. However,
some properties  are  mutually  exclusive  (e.g.  properties  1  and 2).  Regardless  of  this  overlap  or
exclusivity,  the  most  important  consideration  is  that  the  prompt  designer  fully  understands  and
defines all relevant properties related to the task and sub-tasks. This comprehensive understanding
aids in the identification of pertinent examples.

Step 3: Example selection

It  is  imperative to  select  relevant  examples that  align with the properties outlined in  the
previous step. The quantity of examples should be adequate, provided that they encompass all
specified properties.  Below are all  examples that  effectively illustrate these properties for
abbreviation detection and deciphering.

 Example 1: Example which covers properties 1, 3, 4, and 5: Pt is 85f with h/o HTN, asthma p/
w respiratory failure.

Expected output is:
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‘Pt’:‘patient’,  ‘85f’:‘85  years  old’,  ‘h/o’:‘history  of’,  ‘HTN’:‘hypertension’,
‘p/w’:‘presented with’

 Example 2: Example which covers properties 2, 3, and 7: Pt with copd, living in
CA, has history of CA.

Expected output is:

‘Pt’:’patient’,  ‘copd’:‘chronic  obstructive  pulmonary  disease’,
‘CA’:‘Canada/California’, ‘CA’:‘cancer’

Step 4: Utilizing LLMs

The examples extracted in Step  3 are utilized for the generation of
optimized example-based prompts or for the creation of datasets intended
for fine-tuning purposes.

 Optimized example-based prompt: The optimized example-based prompt,
an engineered prompt, is constructed by concatenating the responses to all
relevant questions (i.e., questions 1 to 9) formulated in previous steps.
Table 1 presents all the questions along with their template responses that
contribute to the creation of an engineered prompt. Any text highlighted
in blue must be closely associated with a specific task and purpose, and it
should be appropriately masked.

 Domain-specific fine-tuning: This approach utilizes the properties
identified in Step  2 to prepare a domain-specific  labeled dataset.
Subsequently, the fine-tuning of the LLM models is conducted using the
prepared dataset.

Table 1. Questions and responses to make the engineered prompt.

Questions Responses 

Q1: What is the nature of the task? R1: The task is the [Mask Task] in the below
text.

2:  What  is  the  main  subject  of  the
text?

R2: The below text is [Mask Text].

Q3: What concept is presented in the
text?

R3: The text [Mask Text Concept].

Q4: What sub-tasks are involved? R4: The sub-tasks are [Mask Sub Tasks].

Q5:  What  is  the expected format  for
the responses?

R5:  The  response  must  be  in  [Mask
Response].
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Q6: What are the properties for each
subtask?

R6:  All  examples  related  to  the  properties
for subtasks are identified as follows: 

Q7: What are the examples that cover
all the properties?

R7:  The  examples  are  [Mask  Example
Selection].

Q8:  What  response  shape  should  be
adhered to the target text?

R8:  Please  provide  the  response  in  [Mask
Response] [Mask Response Shape].

Q9: What is the context of the target
text?

R9: The  [Mask Text]  that  must be used is
here: [Mask Target Text].

Masking the model for normalizing clinical notes is available in Appendix 1.

Results

Dataset

This  paper  utilizes  the  Clinical  Abbreviation  Sense  Inventory  (CASI),  a  publicly
available collection of abbreviations and acronyms, each associated with possible
meanings [38]. However, the publicly available dataset was insufficient for our
specific  purpose,  so  the  author  expanded  the  CASI  dataset  by  incorporating
additional  abbreviations,  acronyms,  and shortened words.  Random clinical notes,
including social history, history of present illness, past medical history, past surgical
history, discharge diagnosis, and hospital course, were selected from the CASI
dataset.

To  enhance  the  dataset,  the  author  developed  and  applied  a  comprehensive
guideline (See Appendix 2.). This guideline enabled the identification and inclusion
of additional abbreviations, acronyms, shortened words, and their expanded forms
that were not originally part of the CASI dataset. These new entries were added to
the expanded CASI dataset as a new column.

The datasets are publicly available in the “Supplementary File” attached to this
paper (See Appendix 3.). Metadata regarding the dataset can be found in Table 2.

The table reveals notable variations in sentence and word counts across different
clinical  note  categories.  Overall,  the  dataset  includes  1,292  notes  with  6,925
sentences and 94,389 words.

Table 2. Metadata for the dataset.

Clinical note Note count Sentence
count

Word count Abbreviation
count

Social history 209 1,202 14,838 192

History of present illness 240 981 18,289 214
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Past medical history 244 1,614 18,009 191

Past surgical history 163 1,025 11,150 148

Discharge diagnosis 177 918 12,385 212

Hospital course 259 1,185 19,718 234

Total number 1,292 6,925 94,389 1,191

Configurations for LLMs

1. Configurations for example-based prompt approach: The experiments were
conducted to evaluate the prompts using the GPT-4 language model. For these
evaluations, the temperature parameter was set to zero in order to minimize the
randomness in the responses generated by the model.

2. Configurations for fine-tuning approach:

 LLMs  variants:  In  this  experimental  investigation,  two  distinct  transformer
models  are  utilized:  GPT-2  [59],  encompassing  small,  large,  and  extra-large
variants,  and  T5  [60],  which  similarly  includes  small,  large,  and  extra-large
versions. The terms “extra-large”, “large”, and “small”, as employed in the
extant literature, correspond to the parameter sizes of each model. Parameters
denote  the  adjustable  weights  within  the  neural  network  that  undergo
optimization during the training process to accurately forecast subsequent words
within a given sequence.  This study leverages these two models for the
interpretation of clinical text. The configurations and characteristics  of  each
transformer model are elaborated upon in the following sections.

a. GPT-2 (small): Decoder transformer model with 124 million parameters,
12  layers,  12  attention  heads,  embedding  size  of  768,  vocabulary  of
50,257 tokens, and maximum token length of 512 (by default this value
is 1024).

b. GPT-2 (large): Decoder transformer model with 774 million parameters,
36 layers,  20 attention heads,  embedding size of 1280, vocabulary of
50,257 tokens, and maximum token length of 1024.

c. GPT-2 (extra-large, 1.5B): Decoder transformer model with 1.5 billion
parameters,  48  layers,  25 attention  heads, embedding size of 1600,
vocabulary of 50,257 tokens, and maximum token length of 1024.

d. T5 (small): Encoder-decoder transformer model with 60 million
parameters, hidden size of 512, 6 layers, 8 attention heads, feed-forward
size of 2048, vocabulary of 32,128 tokens, and maximum token length of
512.

e. T5 (large): Encoder-decoder transformer model with 770 million
parameters, hidden size of 1024, 24 layers,  16  attention  heads,  feed-
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forward size of 4096, vocabulary of 32,128 tokens, and maximum token
length of 512.

f. T5 (extra-large, 3B): Encoder-decoder transformer model with 3 billion
parameters,  hidden  size  of  1536,  24 layers, 32 attention heads, feed-
forward size of 6144, vocabulary of 32,128 tokens, and maximum token
length of 512.

 Parameters settings:  The transformer models, configured with default settings,
have been applied for fine-tuning to detect the abbreviations and discern them
from the clinical text.  The batch size has been established at 8, accompanied by

a  learning  rate  of  1×e−6.  This  configuration  was  consistently  employed
throughout  the  training process. A total of six models were developed,
comprising three models utilizing GPT-2 and three models utilizing T5. During
the training process, both the training and validation losses were closely
monitored as Figure 2 illustrates.

 Train, validation, and test set: The dataset is divided into three distinct subsets:
the train set, the validation set, and the test set. The test set comprises 70% of the
total data, while both the validation set and the test set each constitute 15% of
the overall  dataset.  During the training process,  a  10-fold cross  validation is
employed. The monitoring of training and validation losses is conducted for each
fold and at each epoch throughout the training phase. The Gaussian Error Linear
Unit (GELU) activation function, employed in all LLMs.

The cross-entropy loss function applicable to text-to-text transformer [60] is

formally defined as follows:

                                           L=
1
N
∑
i=1

N

∑
t=1

T

y i t log ( y ˆ i t )                                   (1)

In Equation  1,  N  represents the total number of sequences in the batch,  T
denotes the is the max sequence length after padding. Indeed, yit is the one-
hot encoded ground truth token at position t in sequence i. yˆit signifies the
model-predicted probability for the correct token at position t,  obtained via
softmax. Furthermore, the padding token IDs within the target sequence are
excluded  from  consideration  by  the  loss  function.  In  both  PyTorch  and
TensorFlow, this can be achieved by substituting these IDs with -100, which
serves as the ignore index for the cross-entropy loss [61]. Finally, the sum
runs over all target tokens, and the loss is averaged over the batch. This loss
function is designed to penalize incorrect predictions by calculating the
negative logarithm of the probability. Consequently, it encourages the model
to yield probabilities that closely align with the established ground truth.

 Early stopping criteria:  For all models, the early stopping criteria for training
are established based on two specific  conditions.  The training process will  be
terminated if either of the following occurs: 1) the average validation loss across
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all folds in a single epoch falls below 0.05. This threshold is chosen based on
Prechelt’s  findings  in  [62],  which  indicate  that  an  average  loss  below
approximately 0.04 results in increased costs and diminished generalizability for
the model; 2) the validation loss does not exhibit an improvement of at least 0.01
over three consecutive epochs, which suggests that the patience parameter is set to
3.

Evaluation metrics

Clinical abbreviation disambiguation can be conceptualized as a form of
translation, wherein abbreviations are systematically clarified [41]. Assessing text
similarity is imperative in NLP tasks, including translation and text generation. Two
prevalent metrics utilized for the evaluation of these tasks are ROUGE and BLEU
[59,63]. Therefore, this study will employ the following evaluation metrics:

 ROUGE (Recall-Oriented Understudy for Gisting Evaluation):  ROUGE is
primarily used for evaluating text generation models by comparing generated
text with reference summaries [64]. It focuses on N-gram overlapping. Common
variants include ROUGE-N and ROUGE-L. ROUGE-N measures n-gram
overlap (e.g., ROUGE-1 for unigrams, ROUGE-2 for bigrams) and ROUGE-L
uses the Longest Common Subsequence (LCS) to measure similarity. ROUGE is
recall-focused, meaning it rewards systems that generate text similar to reference
in terms of content overlap.

 BLEU (Bilingual Evaluation Understudy): BLEU is  an  evaluation  metric
mainly used for machine translation and measures precision-based  n-gram
overlap [65]. Unlike ROUGE, which prioritizes recall, BLEU emphasizes
precision, ensuring that the generated  text does not include excessive or
irrelevant content. BLEU uses n-gram precision (e.g., BLEU-1 for unigrams,
BLEU-2 for 2-grams (up to 4-grams)). Indeed, it includes a brevity penalty to
prevent short outputs from getting high scores.

In contrast to the ROUGE metric that the LCS can be calculated automatically, the
user must define the number of N-grams in the BLEU metric. In literature, the
BLEU metric is applied for the translation task and the ROUGE metric for the
summarization task [59]. Since detecting and deciphering the abbreviations is a
mix of summarization and translation, both metrics are applied in this study.

Case Study 1: Results of example-based prompting

The  proposed  framework  facilitates  the  generation  of  prompts,  which  are
subsequently  utilized  as  engineered  prompts  for  GPT-4.  An  evaluation  of  the
proposed framework is presented in Table 3.

Table 3. Evolution across clinical notes categories using different prompting methods and
different metrics a.

Prompt method Evaluation
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B-1 B-2 R-1 R-2 R-l

Basic prompt 0.024 0.006 0.048 0.008 0.045

1-shot  example  optimized
selection (proposed method)

0.367 0.304 0.450 0.322 0.383

3-shots  examples  optimized
selection (proposed method)

0.354 0.296 0.461 0.329 0.387

5-shots  examples  optimized
selection (proposed method)

0.413 0.347 0.549 0.390 0.463

3-shots example random selection 0.219 0.158 0.280 0.171 0.244

5-shots example random selection 0.360 0.295 0.480 0.331 0.400

a In the evaluation column, the designations “B-1”, “B-2”, “R-1”, “R-2”, and “R-l” correspond to BLEU-1,
BLEU-2, ROUGE-1, ROUGE-2, and ROUGE-L, respectively. All scores presented are F1 scores.

Basic prompt: The basic prompt consistently demonstrates lower accuracy when
compared to the application of example-based prompts, including both optimized
example selection and random example selection, across all evaluation metrics.
This  observation underscores the premise that the incorporation of examples
within the prompts substantially improves the model’s performance.

Optimized  example  selection  (proposed  method):  Among  the  various  strategies
evaluated, the 5-shots optimized example selection method demonstrates consistently
superior accuracy across all assessment metrics. This finding indicates that increasing
the  number  of  examples  to  five  within  the  optimized example  selection  framework
yields the most effective performance.

Random example selection:  When employing random example selection, there
exists  a  notable advantage between the 3-shots  and 5-shots  approaches in  this
method.  However,  a comparison between the randomly selected 3-shots and 5-
shots samples, as well as the optimized 3-shots and 5-shots samples, indicates that
the optimized sample selection yields superior performance.

Case Study 2: Results of fine-tuning model

The models have been fine-tuned using a single instance of GH200 (96 GB), which
includes 64 CPU cores, 463.9 GB of RAM, and a 4.4 TB SSD. Figure 2 illustrates the
fine-tuning process involving GPT-2 and T5, with distinctions made between
training  and  validation  losses  for  each  epoch.  Detailed  information  regarding
training, testing, losses, and associated computational costs is provided in  Error:
Reference source not found and Table 5.
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.

(a) Model = GPT-2 (small) (b) Model = GPT-2
(large)

(c) Model = GPT-2 (extra large)

.

(d) Model = T5(small) (e) Model = T5 (large) (f) Model = T5 (extra large)

Figure 2. The fine-tuning of the GPT-2 and T5 models

Table 4. Cross-entropy loss metric for various variants of GPT-2 and T5 models.

Train Validation Test GPU/hr

Models

GPT-2 (small) 0.342   0.208 11.334 9.578

GPT-2 (large) 0.240 0.198 10.171 10.833

GPT-2 (extra large) 0.249 0.206 9.767 11.216

T5 (small) 0.237 0.097 0.400 3.866

T5 (large) 0.150 0.066 0.254 4.263

T5 (extra large) 0.083 0.035 0.163 4.341
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Table 5. Performance of various variants of GPT-2 and T5 models a

Train Test

Models B-1 B-1 R-1 R-1 R-l B-1 B-1 R-1 R-1 R-l

GPT-2 (small) 0.614 0.576 0.674 0..604 0.674 0.039 0.019 0.054 0.019 0.054

GPT-2 (large) 0.719 0.673 0.754 0.682 0.754 0.040 0.022 0.056 0.024 0.056

GPT-2  (extra
large)

0.664 0.616 0.714 0.638 0.714 0.034 0.018 0.046 0.019 0.045

T5 (small) 0.911 0.856 0.920 0.842 0.920 0.789 0.721 0.803 0.702 0.808

T5 (large) 0.926 0.878 0.934 0.896 0.934 0.835 0.766 0.855 0.747 0.854

T5 (extra large) 0.736 0.707 0.946 0.883 0.946 0.709 0.666 0.878 0.785 0.879
a In the train and test  columns, the designations “B-1”, “B-2”,  “R-1”,  “R-2”,  and “R-l” correspond to
BLEU-1, BLEU-2, ROUGE-1, ROUGE-2, and ROUGE-L, respectively. All scores presented are F1 scores.

The evaluation results presented in Error: Reference source not found and Table 5
unequivocally indicate that all  GPT-2 models exhibit pronounced overfitting. This
phenomenon is evidenced by the substantial discrepancy observed between
training and test across all variants of GPT-2.  For example,  GPT-2  (small) attains
elevated BLEU and ROUGE scores during training (e.g., BLEU-1 = 0.614, ROUGE-L =
0.674); however, these scores experience a significant decline when assessed on the
test set (BLEU-1 = 0.039, ROUGE-L  = 0.054). A similar pattern is evident in both
GPT-2 (large) and GPT-2 (Ex-large), wherein test performance remains consistently
low, despite the enhancements noted in training metrics. The exceedingly high test
loss values reported for the GPT-2 models (e.g., 11.334 for GPT-2 (small) and 9.767
for GPT-2 (Ex-large)) further corroborate the issue of overfitting, as these models
demonstrate an inability to generalize effectively to previously unseen data.

In  contrast,  the  T5  models  demonstrate  significantly  superior  generalization
capabilities. T5 (small) is able to maintain relatively high test scores (e.g., BLEU-1 =
0.789, ROUGE-L = 0.808), which closely align with its training performance. This
trend persists across T5 (large) and T5 (Ex-large), where test performance remains
robust, and the gap between training and test loss is minimal. Notably, T5 (Ex-
large) registers the lowest test loss (0.163), underscoring its stability and
robustness.

Furthermore, the computational efficiency of T5 models is noteworthy. While the
GPT-2 models necessitate over 9 GPU hours for completion,  T5 models achieve
superior  performance  with  substantially  reduced  computational  costs  (e.g.,  T5
(small) at 3.866 hours and T5 (Ex-large) at 4.341 hours). This data suggests that
T5 not only outperforms GPT-2 in terms of effectiveness but also demonstrates
greater efficiency for the task at hand.
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In summary, these findings strongly advocate for the preference of fine-tuning T5
over GPT-2 for detecting and deciphering the abbreviations in clinical notes that
require robust generalization capabilities.

Test the model with the internal dataset

The error analysis for this study is conducted in two distinct parts as outlined below:

1. Error analysis for the proposed framework: The error analysis demonstrates
that the basic prompt exhibits sub-optimal performance across all metrics, as
indicated by low BLEU and ROUGE scores. This deficiency can be attributed to
the absence of contextual examples to inform the model’s responses. In contrast,
the implementation of optimized example selection methods—specifically the 1-
shot,  3-shots,  and  notably  the  5-shots  approaches—significantly  enhances
performance,  with  the  5-shots  method  yielding  the  highest  results  across  all
evaluated  metrics.  This  underscores  the  critical  role  of  providing  multiple
relevant examples. Although random example selection also leads to improved
performance compared to the basic prompt, it fails to achieve the effectiveness
seen with optimized examples, likely due to the presence of irrelevant or poorly
aligned examples.  Overall,  the findings highlight that the careful selection of
task-specific examples is essential for maximizing model performance in the
generation of clinical notes.

2. Error analysis for fine-tuning LLMs: This error analysis underscores a
significant concern regarding overfitting in GPT -2 models while highlighting
the impressive generalization capabilities of T5 models.

 GPT-2: A significant source of error observed in the GPT-2 models is their
inadequate generalization capabilities,  as  evidenced  by  the  considerable
decline in test  scores relative to  training scores.  This trend indicates that
GPT -2 models may tend to memorize training data rather than acquiring
generalizable patterns. The elevated test loss values (e.g., 11.334 for GPT-2
(small)) further confirm that these models encounter challenges when
processing unseen data, resulting in notable performance degradation.
Several factors may contribute to this issue: 1) Insufficient pretraining on
diverse  sequences:  GPT -2  models  may  excessively  depend  on  specific
token dependencies encountered during training. 2) Autoregressive nature:
As a unidirectional model, GPT -2 faces difficulties in effectively capturing
bidirectional dependencies, which can hinder performance on complex text
generation tasks. 3) Limited data efficiency: In contrast to T5, which
benefits from a denoising objective, GPT -2 models may necessitate more
extensive fine-tuning to achieve improved generalization.

 T5: Although T5 models demonstrate strong generalization capabilities, they
still  exhibit  a  decline  in  performance  when  evaluated  on  test  data  as
compared to training data. For example, the T5 (Ex-large) model achieves
notable training metrics (BLEU-1 = 0.736, rouge-L = 0.946), yet the
corresponding test scores are lower (BLEU-1 = 0.709, rouge-L = 0.879).
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This suggests that while the model does not exhibit extreme overfitting akin
to GPT-2, some degree of overfitting persists. Potential contributing factors
include:  1)  Exposure bias:  Exposure Bias  refers  to  the disparity  between
training and inference phases in sequence generation models. Specifically,
the  model  is  trained using ground-truth  previous  tokens (through teacher
forcing),  but during inference,  it  relies on its  own predicted tokens.  This
reliance can lead to a cascade of errors if initial predictions are inaccurate.
Since T5 is an encoder-decoder transformer, its encoder employs  a
bidirectional  approach;  however,  its  decoder  operates  autoregressively,
generating  each  token  based  on  previously generated tokens. This
mechanism can result in cumulative errors during the generation of longer
sequences. 2) Data distribution shift: The training dataset may encapsulate
patterns that do not entirely generalize to the test set, particularly evident in
smaller  datasets,  which  can  lead  to  minor  but  discernible  performance
declines.  3)  Over-reliance  on  training  patterns:  Despite  the  bidirectional
nature of its encoder,  T5 may develop biases toward frequently observed
patterns within the training data, thereby compromising its adaptability to
previously unseen variations.

Test the T5 models with external MIMIC-III dataset

To assess the generalizability of the three T5 models, a dataset comprising 184 history of
present illness notes was randomly selected from the MIMIC-III database. This dataset
is entirely unseen to the models, as they have not been trained on this particular data.
This dataset includes 2,396 sentences, 42,522 tokens, and 865 distinct abbreviations.
Two evaluation approaches were employed: first,  the history of present illness notes
were directly input into the model and subsequently evaluated (shown in  Table 6 as
MIMIC-IIItext );  second, sentence segmentation was applied to the history of present
illness notes before inputting each sentence into the model for evaluation (shown in
Table 6 as MIMIC-IIIsentence). The results of this analysis are presented in Table 6.

Table 6. Evaluation of the T5 models with external MIMIC-III dataset a.

Dataset Models Evaluation

B-1 B-1 R-1 R-1 R-l

MIMIC-IIItext T5 (small) 0.317 0.194 0.357 0.166 0.348

MIMIC-IIItext T5 (large) 0.383 0.269 0.437 0.235 0.430
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MIMIC-IIItext T5 (extra large) 0.388 0.273 0.439 0.238 0.431

MIMIC-IIIsentence T5 (small) 0.619 0.516 0.644 0.512 0.642

MIMIC-IIIsentence T5 (large) 0.620 0.526 0.659 0.522 0.658

MIMIC-IIIsentence T5 (extra large) 0.654 0.559 0.686 0.552 0.685
a In the train and test  columns, the designations “B-1”, “B-2”,  “R-1”,  “R-2”,  and “R-l” correspond to
BLEU-1, BLEU-2, ROUGE-1, ROUGE-2, and ROUGE-L, respectively. All scores presented are F1 scores.

The  findings  presented  in  Table  6 indicate  that  the  generalizability  of  the  models  is
enhanced by varying the size of the input sequence. A notable performance improvement
is  observed  when  employing  MIMIC-IIIsentence as  opposed  to  MIMIC-IIItext across  all
model sizes, including T5 small,  large, and extra-large. This observation suggests that
shorter  input  sequences,  specifically  sentences,  facilitate  more  effective  attention
mechanisms.  The  limitation  of  the  context  window  in  transformer  models  mitigates
information dilution and enhances focus on pertinent content. The consistent trend across
different model sizes reinforces the notion that shorter contexts optimize performance by
enabling more precise token-to-token dependencies within the attention mechanism.

Discussion

This study proposes a framework for identifying the properties associated with each
task, followed by the selection of examples that exhibit these properties. Subsequently,
these  chosen  examples  are  utilized  by  LLMs  through  two  distinct  approaches:  an
optimized example-based prompt, which is an engineered prompt, and the fine-tuning of
LLMs. The findings of this study highlight certain advantages and align with specific
drawbacks that will be discussed in the following sections.

Findings

1. Basic prompt: The comparative analysis between the basic prompt and example-
based prompts  reveals  important  insights into the effectiveness of prompting
strategies with and without providing examples for clinical notes. The results
demonstrate a clear advantage of example-based prompts over the basic prompt,
as the basic prompt consistently yields  lower  performance  across  all  other
categories. This finding underscores the limitations of using the basic prompt
and  highlights the value of incorporating examples to enhance model
performance.

2. The example-based random selection: The evaluation of random example
selection demonstrates consistent improvements when transitioning from a 3-
shots to a 5-shots approach. While the 3-shots random example selection yields
superior performance compared to the basic prompt, it remains inferior to the 3-
shots  optimized  example  prompt.  This  relatively  low  performance  can  be
attributed to the inherent randomness of the examples provided, as they do not
introduce new knowledge for enhancing ChatGPT’s learning capacity. Notably,
the  5-shots  random  example  selection  achieves performance levels that are
comparable to those of the 3-shots optimized example selection.
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It  should  be  noteworthy  that  previous  research  has  highlighted  several
challenges associated with incorporating examples as part  of  the prompt
[53].  In  response  to  these  challenges,  several  approaches  have  been
proposed.  For  instance,  [54]  and [55] leverage sentence embeddings to
identify examples closely aligned with the input within the embedding
space.  Meanwhile,  [56]  explores  the  generalization  capabilities  of  pre-
trained language models by including both positive and negative examples.
Despite these advancements,  a critical question remains unresolved: How
can  we  effectively  determine which examples should be included in the
prompt to achieve optimal results? The optimized example selection
approach provided in this study increases the performance rather than
random example selection, but the performance is still low.

3. The example-based optimized selection: The 5-shots optimized examples
selection method is the most effective among all example-based prompts. The
superior performance observed with this method suggests that carefully chosen
examples significantly improve the model’s performance across all the example-
based methods. This optimized approach allows the model to understand better
and generalize from the examples provided, leading to increasing performance.
However, this  model still performs less than fine-tuning LLMs with the T5
model.

4. Domain-specific fine-tuning with GPT-2: The GPT models have decoder-only
architectures that use causal attention, meaning they only generate tokens based
on past context [66]. This structure is unsuitable for applications like detecting
abbreviations and deciphering, categorized as machine translation tasks [41, 59].
Therefore, all the models that are fine-tuned with GPT-2 models in this study are
over-fitted, meaning that they have appropriate performance in the train set and
low performance in the test set, which is unseen data. In this case, if the GPT
models want to be chosen for translation tasks,  they should be fine-tuned as
instructional  fine-tuning  [57],  which  is  prompt-based  tuning  or  based  on
question answering, which is the same method that the current GPT models
work.

5. Domain-specific fine-tuning with T5: The T5 model is characterized by its
encoder-decoder architecture, functioning  as  a  sequence-to-sequence  model,
which implies that both inputs and outputs are sequences of text. In contrast to
GPT,  which employs a  decoder-only causal  language modeling  approach,  T5
demonstrates  superior  effectiveness  for  tasks  that necessitate comprehensive
input understanding, including translation, summarization, and question
answering [60]. T5 is pretrained utilizing a span corruption denoising objective;
during this process, random spans of text are masked, and the model is trained to
predict these spans.  Conversely,  GPT generates predictions for the next token
sequentially without an explicit encoder. This fundamental distinction renders T5
more suitable for the specific task of abbreviation detection and its subsequent
deciphering. The results in Error: Reference source not found and Table 5 reveal
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a trade-off between performance metrics and loss values for T5 (large) and T5
(Ex-large). T5 (large) demonstrates superior BLEU and ROUGE scores on the
test  set, indicating better lexical and structural alignment with target outputs.
However, T5 (Ex-large) achieves significantly lower training, validation, and test
loss, suggesting a more stable learning process with reduced overfitting. While
T5 (large) excels in producing fluent and coherent sequences, the lower loss of
T5 (Ex-large) implies stronger generalization.  These  findings  highlight  the
importance of selecting models based on specific task requirements, balancing
generation quality and optimization stability. Additionally, the findings presented
in Table 6 indicate that, except when the model is  either  fine-tuned or  only
minimally tuned, shorter input sequences, particularly sentences, lead to more
effective  attention  mechanisms.  The  constraint  of  the  context  window  in
transformer models reduces information dilution and improves focus on relevant
content. The consistent pattern observed across various model sizes supports the
idea that shorter contexts enhance performance by allowing for more accurate
token-to-token dependencies within the attention mechanism.

6. Comparison between example-based prompt and fine-tuning approaches:
The findings of this study indicate that the fine-tuning approach outperforms the
example-based prompt method. However,  Table  7 provides a detailed
examination  of the respective advantages and disadvantages associated with
each approach.

Table 7. Comparison between example-based prompt and fine-tuning approach

Type Advantages Disadvantages

Example-based
prompt

 There  is  no  requirement
for  expertise  in  large
language  models  or  fine-
tuning techniques.

 Users need only to
comprehend the specific
task at hand.

 The  method  is  readily
accessible to all.

 The  study  necessitated  a
substantial  number  of  input
tokens,  totaling 35,179,649,
which included additional
examples. The  output tokens
were recorded at 2,475,600 a.

 There were significant costs
associated with the model’s
usage.

 The  performance  in  detecting
and  deciphering  abbreviations
was found to be suboptimal.

Fine-tuning  Exceptional performance.
 Reduced  costs  in

comparison  to  prompt-
based  methodologies.  In
this  study,  for  all  six

 The  performance  of  models  is
significantly  influenced  by
domain-specific data collection.

 There exists a risk of overfitting
when  training  is  extended  for
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models,  44  GPU/hr  is
employed b.

 Facilitates  reusability
across various systems.

prolonged periods.
 Hyperparameter  tuning  is  a

requisite,  which  presents
considerable challenges.

a Based on the OpenAI, the unit price for GPT-4 for each input token is 0.00003 USD and
for each output token is 0.00006 USD on March 5, 2025.
b GPU model: GH200 (96 GB), which includes 64 CPU cores, 463.9 GB of RAM, and a
4.4 TB SSD. Based on Lambdalab price, which is used in this study, the price for this
GPU is 1.49/hr USD.

In conclusion,  Table 7 illustrates that the fine-tuning approach presents a lower cost and
superior  performance compared to  the  example-based prompt method.  However,  it  is
essential for users to possess technical knowledge of LLMs to effectively develop this
methodology.

Limitations

This study has several limitations that should be considered.

 Example dependency for example-based prompt: The effectiveness of the example-
based prompt is influenced by the quantity of examples utilized. This dependence on
a larger number of examples to encompass all  relevant properties may limit  the
capacity to ascertain the optimal number of examples necessary for achieving peak
performance. Furthermore, this requirement is likely to increase costs, as the volume
of input tokens will expand accordingly.

 Dataset size and diversity: Although the model has been evaluated across various
clinical notes, it is essential to acknowledge that the dataset utilized was constrained.
Further assessment with a more extensive and diverse dataset, encompassing a range
of clinical note types, is required to ensure the model’s consistent efficacy across
different categories of clinical texts.

 Abbreviation  limitation:  This  study detects  abbreviations  in  various  formats  and
deciphers them; however, individual special characters that can be interpreted as an
abbreviation or are used as mathematical symbols, such as “+”, can be interpreted as
a mathematical symbol or can be an existing symptom for the patient, are excluded
from this analysis. Therefore, the individual special characters are not included in
this study.

 Generalization  across  other  LLMs:  Due  to  financial  budget  constraints,  the
framework  was  evaluated  solely  using  GPT and  T5.  Future  research  endeavors
should investigate its applicability and performance with additional large language
models,  such  as  LLaMA  2,  LLaMA  3,  and  BART,  in  order  to  assess  its
generalization capabilities across a wider array of models.

Conclusions

In this study, a framework is proposed for detecting and deciphering abbreviations within
clinical text, employing LLMs. This framework is structured into four distinct phases:
task definition, properties identification, example selection, and the application of LLMs
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through either a fine-tuning approach or an optimized example-based prompting method.
The  results  demonstrate  that  the  fine-tuning  approach  for  LLMs  yields  superior
performance at  a  lower  cost  compared to  the  optimized example-based prompt.  This
finding indicates that fine-tuning LLMs effectively and efficiently facilitates the detection
and deciphering of abbreviations in clinical notes. Further research is warranted to fine-
tune additional LLMs with larger and more diverse datasets of clinical notes, aiming to
develop a generalized model for this specific task.
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Appendix 1
In this section, the objective is to implement masking in the proposed model for
preprocessing  the  clinical  note.  To  commence  the  masking  process,  the  initial
questions presented in  Table 1 should be addressed. Responding to each of these
questions, a comprehensive engineered prompt will be constructed. Therefore, in
this case the task is “text normalization” and the sub tasks  are  “finding
abbreviations and their associated complete form”. The response format is “JSON”
and the example selection method is “one-shot or few-shot examples”. During this
process, the prompt is constructed as follows.
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(R1) The task is the  text normalization of narrative electronic medical record data  in
the below text. (R2) The below text is a history of present illness section in a discharge
summary note, which is nar- rative electronic medical record data.  (R3)  providing a
comprehensive  account  of  the  current  illness,  which  is  full  of  shortened  words,
abbreviations,  acronyms,  and  special  characters.  (R4)  The  sub-tasks  are  finding
abbreviations and their associated complete form. (R5) The response must be in JSON
for- mat.  (R6) All examples related to the properties of all subtasks are identified as
follows:
(R7)  The  examples  are:
Example (1) 
Example (2)
Example (3)
(R8)  Please provide the response in  JSON format  only with the mentioned key and

value. No subkeys are allowed.  (R9) The history of present illness text that must be used
is here:  Target text.

Appendix 2.
This paper is accompanied by two datasets. The first dataset contains 1,292 clinical notes
that have been randomly selected from the CASI dataset. The CASI dataset comprises
abbreviations that share identical structures but pertain to different concepts. The attached
dataset enhances the CASI dataset by incorporating additional abbreviations and their
meanings as found within the clinical notes. The second dataset includes 184 history of
present  illness  notes,  also  randomly  selected,  from  the  MIMIC-III  dataset.  In  both
datasets, the complete forms of each abbreviation are provided, in accordance with the
guidelines outlined in Appendix 3.

Appendix 3
The guidelines for identifying abbreviations and converting them into their full forms are
included in the attached document.
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