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Received: 22 Dec 2024 Licensed medical examination assessment is a resource-intensive task that

requires significant expert involvement and time. Automating this process is

both critical and challenging due to the need to ensure reliable evaluation

Accepted: 28 Feb 2025  while minimizing manual effort. In this work, we introduce MEDX-FE
(Medical Exam Feature Extractor), a framework that leverages the semantic
understanding capabilities of large language models (LLMs) to extract
clinical features from patient notes written by medical students. Central to
our framework is the Matching Gate, a novel three-stage validation module
designed to mitigate LLM hallucinations and ensure that only text-grounded
features are retained. MEDX-FE combines instruction fine-tuning with few-
shot in-context learning to produce accurate extractions even under limited
supervision. Experiments on the United States Medical Licensing
Examination (USMLE) Step 2 Clinical Skills (CS) dataset show that MEDX-
FE achieves a micro F1 score of 0.96 using the full training set and maintains
strong performance (0.946) even when trained on as few dataset (10
examples per case). These results highlight the potential of integrating LLMs
with lightweight validation modules to enable scalable and trustworthy
assessment in medical education.
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INTRODUCTION

Medical education institutes around the world conduct a series of standardized assessments to license their students
to assure their ability to practice their knowledge based on high standards (Amaral and Norcini 2023). The United
States conducts a three-step examination to license their physicians. These exams are owned by the Federation of
State Medical Boards (FSMB) and the National Board of Medical Examiners (NBME) and are known as the United
States Medical Licensing Examination (USMLE)*. One of these three-step exams is the Step-2 Clinical Skills exam,
which assesses medical students' ability to recall clinical knowledge integrated with communication skills to provide
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a comprehensive written medical note documenting patient history, symptoms, and expected diagnosis. In this exam,
a set of patients, who are actually actors, present with specific symptoms to be described, then medical students need
to examine the actors by taking history and highlighting the leading symptoms to justify the diagnosis.

Conducting the Step-2 Clinical Skills exam requires extensive and expensive preparation by medical education
institutes. These preparations start by preparing the case scenarios and their associated symptoms, practicing with
patient actors, and allocating time for physicians to manually assess the written patient notes (more than 100
physicians required to assess 30,000 written patient notes every year) (Sarker et al. 2019), in addition to other
physical costs of conducting the exam itself. During the COVID-19 pandemic, which enforced some distance and
communication restrictions leading to exam suspension, and with all cost considerations, the CS exam was
discontinued in January 2021 (Tsichlis, Del Re, and Carmody 2021).

Many attempts have been conducted to reduce the cost by automating the assessment of written patient notes (Latifi
et al. 2016; Yim et al. 2019; Sarker et al. 2019). However, due to the sensitivity of the exam information, this led to
limited data sharing, which decreased the scale of community contribution to finding the best automated solution.

To address this shortage in data availability, in February 2022, the National Board of Medical Examiners (NBME)
launched a Kaggle competition2 with Step-2 CS exam data to push the boundary of automated assessment with recent
techniques inspired by community contributions around the world.

The earlier solutions were based on n-gram and fuzzy logic (Latifi et al. 2016; Yim et al. 2019; Sarker et al. 2019),
which demonstrated limited capability in capturing contextual meaning. Subsequently, solutions based on BERT
architectures emerged.

One of these solutions was provided by Zhou et al. (J. Zhou et al. 2022), which used weakly supervised training of a
BERT-based model relying on self-collected data along with USMLE data for medical entity extraction and matching.
Another solution was provided by Xu et al. (Xu et al. 2023), which used DeBERTa as a BERT-based model along
with pseudo labelling and masked language modelling. Lastly, Yaneva et al. (V. Yaneva et al. 2024) combined winner
solutions from the Kaggle competition along with traditional solution provided by Sarker et al. (Sarker et al. 2019).
Majority of earlier solutions relied on lightweight LLMs known as BERT-based pretrained models which adapt
bidirectional encoder-decoder architecture. However, these approaches are still limited in generalizing and capturing
unseen data.

Recognizing the advancement in the field of Large Language Models (Benitez et al. 2024) (autoregressive models)
and their significant performance in many fields, especially Natural Language Processing, we utilize LLM with recent
techniques to solve the patient note automation problem efficiently. We extend the capabilities of the Mistral NeMo
model to develop our models (Dubey et al. 2024). The details of our contributions as follows:

e Development of MEDX-FE (Medical Exam Feature Extractor) Framework: We have developed MEDX-FE, a
large language model trained on the USMLE Step-2 CS dataset using different training approaches using
different dataset splits.

o Expansion of Annotated Data: Leveraging the capability of Mistral NeMo, we have increased the annotated
data by training the model on annotated examples; the expanded dataset will be used to re-train the model.

e Demonstration the Efficiency of LLM Feature Extraction: Our research provides empirical evidence of Large
Language Models' capability to perform efficient feature extraction by deeply understanding the meaning
behind the context, which is essential for automated scoring.

e Implementation and Evaluation of Recent Training Approaches: We have employed recent approaches in
training our LLM and applied different training settings to quantify the impact of each setting.

e Development of Matching Gat Three-Step Validation: We propose a novel Matching Gate module to validate
extracted features, ensure the reliability of matched features, enhancing the overall accuracy and
transparency of the automated assessment.

e Comprehensive Error Analysis: An in-depth error analysis was conducted for further potential enhancement,

providing a roadmap for future improvement.
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Furthermore, we provide a complete pipeline to automate the assessment, potentially adapted for similar
examinations requiring the extraction of specific clinical features using the power of LLM combined with Matching
Gate for valid results.

Our research proves that using large language model for feature extraction shows remarkable results, even with
limited training dataset. The rest of the paper organized as follows: In Section (background), we will highlight the
background of each aspect used in previous related research, followed by the task description in Section (task
description). Then, we provide a detailed description of the MEDX-FE framework along with the Matching Gate
validation and the output evaluation in Section (MEDX-FE (Medical Exam Feature Extractor) Framework). Lastly,
we present the results and conclusion of this study in Sections (result and conclusion).

BACKGROUND

Automating the assessment of medical examination offers a transformative advancement in the medical education
system. Utilizing cutting-edge technologies can produce unbiased, reliable, and objective assessment of medical
knowledge (Margolis and Clauser 2020). This automation is multidisciplinary, combining three fields: computer
science, linguistics, and medicine, to develop a system with language understanding capability to handle complex
medical text. This background section represents the historical evolution of Automated Essay Scoring (AES), also
known as Automated Writing Evaluation (AWE), and its integration with clinical context, followed by highlight the
revolutionaries that influence the use of artificial intelligence and natural language processing in automate
assessment field.

2hitps://www.kaggle.com/nbme-score-clinical-patient-notes/

Automated assessment initially intended to measure the correctness of given text according to specific evaluation
metrics and based on appropriate features (C. Chen and Cheng 2008). The automation of text-based assessment
attracted researcher attention since the 1960s, when the first automated essay scoring system was invented even
before the emergence of desktop computers. This system, named Project Essay Grade (PEG), used linear regression
and was utilized in mainframe computers (Page 1966). The early systems of automation relied on rule-based
approaches to automate scoring, which required extensive manual work to cover all possible linguistics and analyses
of sentences and words. Then came bag of words and n-grams where the sentences represented as sequences using
statistical methods such as find the co-occurrence of words and their probability based on position in the sequence.
In this way, more context could be captured and analysed (Leacock and Chodorow 2003). One of the traditional
methods included the use of Term Frequency-Inverse Document Frequency (TF-IDF) to calculate the importance of
words in documents. It was used in automated scoring by aggregating pre-graded documents and calculating the
importance of each word by its occurrence (Miller 2003).

Machine Learning and Word Embeddings

With the advancement in artificial intelligence and machine learning, models can be trained on text with features
annotated by humans. Most automated systems rely on machine learning either as regression or classification tasks.
Regression tasks are used to score the text; Cummins et al. (Cummins, Zhang, and Briscoe 2016) trained models with
multiple features such as word unigrams and bigrams, parts of speech, overall essay length, grammatical
relationships, maximum word length, and sentence length. The model was then adapted to predict numerical scores
for each essay. On the other hand, classification tasks are used to classify answers. Sakaguchi et al. (Sakaguchi,
Heilman, and Madnani 2015) developed a support vector model to process responses using n-grams and Word2Vec
to assess sentence similarity through cosine similarity.

Since the emergence of word embeddings, they have revolutionized fields that need to capture more semantics from
text. Word embeddings represent words in a dense, continuous vector space, which is rich in context and
computationally efficient. The vector space uses the principle of distributional semantics, which posits that words
appearing in similar contexts tend to have similar meanings (Dong and Zhang 2016).
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Deep Learning and Transformer Models

Since the emergence of deep learning neural networks, the field of automated assessment, as well as other fields, has
improved dramatically due to Deep Neural Networks' ability to mimic human brain function by applying deep
computational layers with backpropagation mechanisms that allow the neural network to learn from errors without
human intervention (Uto 2021). Recurrent neural networks were invented with the ability to keep memory for longer
sentences by looping output back into input. Taghipour et al. (Taghipour and Ng 2016) used RNN to train models to
learn the relationship between essays and their scores without any annotated features by using comprehensive word
embedding and hierarchical structure. Then convolutional neural networks emerged with the ability to use fewer
parameters and filter features based on local patterns. Dong et al. (Dong and Zhang 2016) used hierarchical CNN
where the lower model processes sentence structure while the upper layer processes essays as sets of sentences,
allowing the model to weigh different parts of the essay differently.

Recently, attention mechanisms applied to neural networks allow models to capture longer sentences and deep
descriptive semantics because, the attention consists of encoder and decoder heads able to capture the characteristics
of the most important words in sentences through multiple attention heads working in parallel to capture different
text dependencies. These models, known as transformer models, which are able to train efficiently on large data and
capture more context due to their structure. Since the emergence of transformers, many models have used this
architecture and trained on very large corpora to capture knowledge that solve specific tasks efficiently (Vaswani,
Shazeer, and Parmar 2017). Sung et al. (Sung, Dhamecha, and Mukhi 2019) used the BERT model and achieved state-
of-the-art results with few examples.

Large Language Models

After the success of transformer-based models, this field became active, which led to the emergence of Large
Language Models (LLMs) where the parameter size ranges in billions rather than in millions as in BERT-based
models. With increased numbers of parameters and training data, these LLMs' capability to capture context from
very large texts approaches human-like performance. As with any field using LLMs, the medical field has gained high
attention from researchers, with many LLMs trained on biomedical data to perform various tasks serving the medical
domain (Thirunavukarasu et al. 2023). The LLM tasks in medicine can be divided into two main categories (H. Zhou
et al. 2023):

e Discriminative Tasks: These tasks don't require generating new text but require reasoning and
understanding to classify, categorize, or extract data from text. The input required involves electronic health
records, medical questions, medical scientific papers, and medical documents. The expected output can be
information retrieval, relation and entity extraction, named entity recognition, question answering, and
labelling.

¢ Generative Tasks: These tasks require models to generate new text, such as summarization, generation,
and simplification. The input involves medical reports, hospitalization records, medical education texts, and
patient education materials. The expected output includes summarized medical documents or reports,
summarized educational content, simplified educational textbooks, simplified hospitalization records, and
generated educational content either for medical students or for patients to understand their health
conditions.

Our task belongs to Discriminative Tasks, where features need to be extracted from free-text patient notes based on
different semantic representations, making text understanding mandatory prior to extraction. Since the emergence
of LLMs and as an active research area, many methods and approaches have been conducted to maximize LLM
performance. These approaches can be categorized into four steps (H. Zhou et al. 2023; Liu et al. 2024):

e Pre-Training: This step involves training base large language models from scratch using huge general or
domain-specific datasets to train neural network, the objectives of training can be varying such as next token
prediction, next sentence prediction, or masked language modelling. The more data used to train model the
more context and semantics can be captured by model. Due to the high cost and complexity related with
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training base model it is done by big companies involve team of research. Many pretrained open-source
models are publicly available, while others are commercially available require use of their paid APIs.

e Continual Pretraining: A common practice to avoid the cost associated with new training. We can use
knowledge saved in model weight and add the new knowledge by autoregressive continual pretraining using
data related to the task with next token prediction objective in this way the model can keep both previous
knowledge and knowledge from task data.

¢ Fine-tuning: To use the model knowledge and adapt it to perform specific task, we can Fine-tuning the
model by training it to solve specific task using specific task dataset. This fine-tuning change the model
learned weight to adapt to new task it can be done in three different ways: training use label data known as
Supervised Fine-Tuning (SFT); training use instruction-response pair known as Instruction Fine-Tuning
(IFT); and to avoid loss of earlier saved knowledge in parameter the model can train using only subset of
model parameters this training known as Parameter-Efficient Fine-Tuning (PEFT). Xiao et al. (Xiao et al.
2024) proved that fine-tuned LLMs in automated essay scoring outperform few-shot and zero-shot
approaches.

e Prompting: This is another effective way to utilize LLMs for different tasks without consuming
computational power while utilizing knowledge inherited in LLM weights. This approach doesn't change the
weights of the model rather than use the concept of In-Context Learning (ICL), here the prompt of task
instructions provided to the model to fulfil the task based on these instructions these is known as zero-shot
learning, or few examples of task can be provided along with instructions which is known as few-shot
learning. Stah et al. (Stahl et al. 2024) explored the effect of various prompts on LLM results in automated
essay scoring.

In this section, we discussed the evolution phases of automated assessments starting from early statistical techniques
to modern Large Language Models.

Figure 1 shows the development milestones that have affected the field of Automated Essay Scoring (AES). Starting
with pioneering work in automated assessment in the 1960s and progressing to the sophisticated application of Large
Language Models in the 2020s that mimic human-like understanding, each milestone represents a significant
advancement toward refining the precision and capabilities of automated assessments.

A
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(PEG) 4 Machine Learning Transformer Model
Pioneering automation . Word Embeddings Deep text insights
AN ST Context-rich text through attention b
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Figure 2 Historical evolution affecting Automated Essay Scoring (AES) Development.

Related Work

The assessment of medical written exams, such as the USMLE Step 2 CS, is a very specific domain task, and there are
few works done in this field. Starting with a similar system developed in 2016 (Latifi et al. 2016), machine learning
was used to automate the scoring of the Medical Council of Canada Qualifying Examination. They trained a machine
learning classification model using decision-tree maximum likelihood estimation, which split the features and chose
the split with specific features appearing in it.
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Yim et al. (Yim et al. 2019) used simple feature extraction using n-gram followed by a BERT-based system for
embedding the features and comparing rubrics in patient notes. In 2019, the Intelligent Clinical Text Evaluator
(INCITE) was developed; this system relied on semi-supervised techniques that basically used traditional word
statistics such as Levenshtein ratio and lexicon-based matching (Sarker et al. 2019).

Suen et al. Suen et. al. (Suen et al. 2023) used a BERT-based model with contrastive representation learning training
to correlate similar text after embedding. This approach fits with extracting the correct answers of short answers by
feeding the model with wrong and right examples. Zhou et. al. (J. Zhou et al. 2022) utilized the BERT-based model
with weakly supervised and multi-level transfer learning where the patient note searches for exact features; if not
found, it uses BioWordVec embedding similarity. The BioWordVec was designed for embedding medical words
regardless of their position in the sentence, so it is considered static embedding.

The latest published work (V. Yaneva et al. 2024) merge notable Kaggle competition winner solutions in addition to
the INCITE sequence module developed by Sarker et al. (Sarker et al. 2019), which is discussed in details:

e INCITE system: Sarker et al. developed the Intelligent Clinical Text Evaluator (INCITE) system to
automate patient note assessment. It passe the patient notes through a series of modules to extract required
features from text. These modules work sequentially; if any feature is extracted in one module, it will not be
passed to the remaining modules, so these modules work as complementary to each other. These modules
start with lexicon-based exact matching, where the lexicon of features is used to match the exact features
appearing in text. Then, to capture more variant text including misspelled words, fuzzy matching using
Levenshtein ratio measures the similarity between two strings. The Levenshtein ratio find similarity between
two words by (insert, delete, or substitute) single character required to transform one word to the other. They
also apply fixed and dynamic thresholds of Levenshtein ratio as high thresholds can capture shorter features
and low thresholds can capture longer features. This method provides high performance with less
computation, but it is impractical to build huge lexicons for more patient notes, as huge lexicons will increase
the search space. This method is limited in its ability to capture semantics, especially for long sentences and
negative phrases.

e Kaggle competition approaches: 1,471 teams participated in the Kaggle competition, contributing
28,049 code submissions. Many good insights and advanced techniques were used by top-ranked shared
solutions. Most winners relied on transformer-based models which use attention mechanisms that can
process longer sentences. These models are deep neural networks trained on massive text by masking some
tokens to be predicted by the model; in this way, the model can capture the context and meaning from text.
Bidirectional Encoder Representations from Transformers (BERT) follows the same transformer
architecture but in a bidirectional way, so the word will be predicted based on right and left words. Since the
emergence of BERT, many models have been developed based on BERT architecture, known as BERT-based
models. One of these models is DeBERTa, which separates word content and position calculation to capture
meaning and placement, which ultimately leads to deeper understanding of text. Most Kaggle teams used
DeBERTa as their backbone model due to its performance. In addition to using DeBERTa, these are the
highlighted techniques used by top winners (V. Yaneva et al. 2024):

o MLM training: Utilize unannotated data to make the model more context-aware of the domain data.
This is done through Domain Adaptive pretraining and task adaptive pretraining. These two
approaches are unsupervised training using data belonging to the medical domain and/or task itself
by masking some words to be predicted by the model. This training is known as masked language
modelling (MLM) training. The primary goal of such training is to make the model more aware of
domain and/or task semantic representation.

o Increase annotation: In the Kaggle dataset, the annotated patient notes were limited to almost 1,000
compared to unlabelled annotated patient notes of almost 14,000. To take advantage of these
unannotated data in the training process, pseudo labelling and meta pseudo labelling were used to
create more annotated data. It is semi-supervised training where the model trains on annotated data

to produce unannotated data to be used for further training.
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o Multi-task learning: Train the model to do two tasks jointly. First task, predict the feature. Second
task assigning weight to the beginning and end of feature to be detected accurately.

o Other techniques: Various technique used to prevent overfitting such as dropout and cross-
validation. Many teams ensemble different trained models then use knowledge distillation to provide
smaller final models.

All these advanced solutions were produced before the realm of large language models (autoregressive models), so it
is worth trying to solve the task with the power of large language models that can better generalize compared to
BERT-based models (encoder-decoder model) (Yang et al. 2024).

TASK DESCRIPTION

USMLE Step 2 clinical skill exam was one of the exams required for licensing medical students in united states. This
exam was designed to evaluate patient-focused clinical skills of medical students. In this exam, medical students
rotate through different encounters with patients who are actually trained actors, each describing specific symptoms.
The medical student has 15 minutes to communicate with the patient and conduct proper physical examination along
with taking patient history. Then, in the last 10 minutes, the medical student must document the information in a
patient note. Every patient note is rated by a physician rater, and if it is below the passing score, another rater is
assigned to re-rate the patient note. The rating or scoring is based on the presence of specific features associated with
each case; these features are decided before the exam by a committee of physicians (Sarker et al. 2019; Victoria
Yaneva et al. 2022). The task to automate the assessment process is to determine whether these specific features are
present or absent in the patient note.

Token-Level vs Binary Evaluation

All works have been done to solve this task, can be categorized as either token-level evaluation (Ganesh and Bansal
2023; B. Long, Tan, and Newman 2023; J. Zhou et al. 2022; Sarker et al. 2019). In token-level evaluation, which
followed by the majority of previous works whether using neural networks or traditional NLP and fuzzy logic, the
decision of features to be detected depends on the span. The span corresponds to a feature's character start and end
position in the patient note. It is a pair or set of pairs representing the position of features, and these spans exist in
ground truth to be compared with predicted spans using F1 score. The data is labelled as BIO (Beginning, Inside,
Outside), which is widely used in part-of-speech tagging tasks (Ramshaw and Marcus 1999).

The evaluation process categorizes features as follows: if a feature is within both a ground-truth and a predicted span,
it's considered a true positive (TP); if it's within a ground-truth but not a predicted span, it's a false negative (FN);
and if it's within a predicted span but not a ground truth, it's a false positive (FP). These categorizations are then
aggregated to calculate the F1 score. On the other hand, binary evaluation is a straightforward high-level evaluation
that only decides if a feature is present or not in the patient note without much reliance on the precise location in the
text, which is practically what real physicians do. They set a threshold of confidence equal to 50% to decide if the
feature present in patient note.

In our approach, we will follow binary evaluation. Despite the power of LLM's to deep understand the context and
recognize features expressed in various ways, they can't be trained to predict the exact span of the text. This limitation
makes binary evaluation the optimal choice, allowing for broader generalizability and scalability which aligns with
practical evaluation conducted by physicians. In our work, to calculate the F1 score, semantic matching must be done
to evaluate the similarity between ground-truth features and predicted features. Semantic similarity and evaluation
are covered in detail in section (error analysis).

Problem Notation

To address automated assessment by extracting medical features from patient notes, we systematically represent the
key elements of this problem using formal notation. This notation allows us to identify the components of our system
as a foundation for discussing the extraction and evaluation process.
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o (C ={cy,cy05 ... ,c}as set of cases represent specific medical problem described by patient. Each case

associated with:

o Set of features F;;, = {fix, faror farr -

case number and k is index of features.

o Set of patient notes P;; = {py, P}, D3, --

j is index of patient note.
So, we have Automated assessment function A: P! x Ft —» {0,1}/%¢

A(pij'fik) = {

1 if feature f; present in p;;.
0 otherwise.

Objective: for each p;; € P; associated with case C;:

o Find all the features associated with this case f;, = {fix, far, f5 jr oo

e Comopile the results into a binary vector of length k.

Dataset

Jfork=12,..,K

, fi}, and evaluate them A(p;}, fix)-

, fi2} these features need to be found in each patient note. i represent

, Diz} written by medical student. i represent case number and

The data were collected from 2017 to 2020 from 35,156 medical students at testing locations in the United States.
The dataset consists of 43,985 patient notes, with each note belonging to one of ten clinical cases. The annotated
patient notes, where features and spans are specified for model training, comprised approximately 2,840 notes (284
patient notes per case), as illustrated in Figure 3.

Ten expert annotators were divided into five pairs to annotate the features in patient notes. To ensure quality 29
notes for each case were double-annotated, and F1 agreement for those double annotation was calculated to
determine the feature spans within each case. The overall F1 agreement score across all cases was 48%. Additionally,
the binary feature detection agreement, which determines whether a feature exists or not, was calculated across all
cases and reached 97%. More information about the data annotation process is presented in (Victoria Yaneva et al.

2022).

Figure 3 Annotated patient note sample illustrating features mapping
with associated case-feature (case 7) and corresponding span positions.
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Patient Note

HI@_’;S yo F@@cavy uternine bleeding. Last normal period \@ 6 month ago.
LMF v.@ heavy b]eedi months ago. No clots.

Changes tampon every few hours, previously 4/day. Menarche at 12,

Minimal cmmpu@Never been pregnent, tried previously but unsuccesful.

Two adopted children and fed 7 )fatigued at home.

Last PAP 6 months ago was normal, never abnormal.

Sained 10-15 Ibs past few months, eating out more though.

Hyperpi
SH: state social worker; no smoking or drug use; beer or two on weekends;

sexually active with boyfriend of 14 months, ucnndumq at first bm) longer uses them.

gmented spots on hands and LT neck that she noticed 1-2 years ago.

Features assosiated with the case | | Matched features and span from patient note

@ 35-year '35 yo'l 5107

@ Female [F] [z

DI e T

@ symptoms-for-6-months ['6 month'] [66 73]

@ Weight-Gain ['Gained 10-15 Ibs'] ['365 381

® w]“““)jl'“r““l’::ﬁf'@ ['LMP 2 months ago'] [7982:103 115]

@ Fatigue [fatigued] ['297 305

@ Unprotected-Sex [‘condoms no longer uses'] [746 753:767 781']
Infertility-HX- ['Never been pregnent, tried . g

® OR-Infertility-history previously but unsuccesful’] [211 264]
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The number of features associated with each case varies, as shown in Figure 4.

Case 9
Case 8
Case 7
Case 6
Case 5
Case 4
Case 3
Case 2
Case 1
Case 0

Cases

T
0 5 10

Number of Features

15 20

Figure 4 Number of features associated with each case.

To find easy and difficult features captured by medical students, we combined the annotated features for all patient
notes that have specific features and detect the most empty and non-empty features, so if a feature is easy to capture
by students, such as gender and age, it appears in all patient notes (284 times). Some features can be represented in
limited synonyms such as (gender, age, vomiting, fever), while other features can be represented using a wide range
of synonyms. We combined features from annotated patient notes, then dropped the duplicated features and kept
unique representations of features, as shown in Figure 5 shows the feature with more than 200 synonyms or different
representations of features which make this feature more difficult to capture, some feature captured more than one
time in same patient note for those who have more than 284 unique representations.

From students’ perspective some features captured by most of students such as gender and age, while other features
missed by most of students, Figure 6 shows the features with empty annotation greater than 200, empty annotations

means it is not written by medical students in patient note.

*heavy-periods-OR-irregular-periods'
‘Irreqular-flow-OR-Irregular-frequency-OR-Irregular-intervals'
‘Lack-of-other-thyroid-symptoms'

‘Prior-normal-periods’

‘Increased-stress'
‘Difficulty-with-sleep’
‘No-relief-with-Motrin-OR-no-relief-with-tylenol'
‘No-depressed-mood*
‘Increased-frequency-recently*
‘'Son-died-3-weeks-ago'
‘Stress-due-to-caring-for-elderly-parents'
‘Minimal-to-no-change-with-Tums'
‘Worse-with-deep-breath-OR-pleuritic'

Features

0

100

200 300 400 500

Number of Unique Annotations

Figure 5 The features and their unique representation in patient note (how many synonyms can represent the

feature?)

Hallucinations-after-taking-Ambien
Stress
Meningococcal-vaccine-status-unknown
Unsuccessful-napping
No-premenstrual-symptoms

No-rash

No-caffeine-use
Fatigue-OR-Difficulty-concentrating
Shares-an-apartment
Sleep-disturbance-OR-Early-awakenings
No-vaginal-discharge

Caffeine-use

Myalgias

Last-Pap-smear-I-year-ago
tossing-and-turning

Features

282
281
279
267
264
255
233
231
224
221
205
205
201
201
201

T
100

200 300

Empty Features (not written by medical studens)

Figure 6 Number of non-exist features (how many students miss this feature?).
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There are two data splits known as public and private. The total number of annotated patient notes is 2,839, almost
284 notes per case. In the public dataset split, as was the case in the Kaggle competition, the total number of
annotated patient notes available publicly was only 1,000 (100 patient notes per case). These 1,000 records were used
to develop and test models before final submission. After final submission, the remaining 184 patient notes per case
(total 1,839 patient notes) were used to test models to determine the competition leaderboard. In the private split, all
2,839 notes can be used for training and testing. We follow both divisions for fair comparison with previous work in
the competition and in this work (Yang et al. 2024).

Dataset preprocess

Raw text data can't directly handle by LLM models, it must be preprocess and transform into a format that can be
understood by LLMs. In this paper, we apply minimal text preprocessing for a more generalized solution, utilizing
LLMs' ability to handle case sensitivity, abbreviations effectively, and other common preprocess steps. Below are the
steps involved in preparing the dataset:

1. Merge Data:
Data is represented using different files: the features and their spans in a train file, and the corresponding
full patient note text in a patient note file. The preprocessing involves aggregating all associated features for
each patient note into a single array of features.
Then, these features are merged with the corresponding patient note text. This integration step creates a
comprehensive representation of each patient note. After merging and combining, the train file was
converted from 40,596 rows—each row representing a single feature—to 2,839 rows, with each row
representing an entire patient note and its features. To enhance the context and properly guide the model,
we appended reference features associated with each case, along with the case number, into a single file.

2. Data Templating:
For fine-tuning, we need to construct the data in a specific way by including the instruction and response as
pair for each data entry. The instruction clarifies how the LLM should approach the data for accurate feature
extraction. The response is used to demonstrate the desired output from the LLM; it is a dictionary of key-
value pairs where the key is the feature number, and the value is the feature itself. Instructions and responses
pair aggregated with remaining contextual information such as patient note text, reference features
associated with the case, and the case number. This structure of data allows LLM to easily finetuned and
follow the instructions associated with all necessary data to understand the task and feature context.

3. Tokenize Data:
Text data to be used in any neural model must be represented as numerical values. This conversion knows as
tokenization, each LLMs has its own tokenization approach. Deploying textual data into model-specific
numerical tokens is an essential first step. We have developed a custom tokenization function to iterate
through each data entry and construct a unified string representation. Each string entry contains
instructions, inputs (patient history and reference features), and expected responses (set of annotated
features). The contents of each data entry separated by special markers (e.g., ###patient_history:), to clarify
boundaries between different components of the input. At the end of each data entry, end-of-sequence (EOS)
token is appended, which help the model separate each data entry.

MEDX-FE (MEDICAL EXAM FEATURE EXTRACTOR) FRAMEWORK

The task of extracting features from a patient note requires a sophisticated level of semantic comprehension. A large
language model has the ability to capture complex semantic meanings; utilizing this ability to perform this task
inspired us to develop the MEDX-FE (Medical Exam Feature Extractor) framework Figure 7. This framework is a
novel approach that leverages the strengths of LLMs for precise feature extraction from medical texts. MEDX-FE
consists of two main phases: training and inference. In the training phase, the model's weights are changed to fit this
task. The inference phase involves guiding the model to create the required output by providing examples of tasks
and then validating the results using Matching Gate Validation steps. This integrated approach combines the
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semantic understanding of LLMs with a robust validation mechanism, potentially improve medical text analysis. The
detailed processes described in the subsequent sections.

= @Insimcl Finetuning
- Instruction |.... <..}s Respone [....Output....] ./O\.
- Instruction |....( ...l Respone [....Output...) |  / \ Tralning
Instruction |....( -+ Respone ....Outpat...| [0 LLM /O
Instruction |... «.:] s Respone |....Output...| .\O’.
Instructions
Annotated Patient Note

@Fw Shot Learning (ICL) )

p Inference

Matching Gate
Validation New-annotated
Patient Note

'

Un-annotated

Patient Note -

Used for Re-training

Figure 7 MEDX-FE (Medical Exam Feature Extractor) Framework.

Phase-1: Training

Since the emergence of large language models, this area has become an active field of research, and many efforts have
been made to produce open-source models for the public to further research. These LLM models are known as
foundation models, and they require high computational power and rigorous data preparation. Many researchers use
these foundation models and build their solutions on top of them with additional enhancements (Kamath et al. 2024;
Liu et al. 2024; Thirunavukarasu et al. 2023). To utilize the knowledge captured by LLMs and tune it to specific tasks,
open-source LLMs can be fine-tuned to learn the knowledge required to complete specific task, by modifying the
model weight to capture the knowledge of task in addition to previous knowledge of base model.

During instruction fine-tuning, the model is train with the objective of minimize the cross-entropy loss between the
predicted token probability and the input token probability. Formally, the probability of generating the token y, at
time step t is defined as:

Py (yely < t,x)
where:

e xisthe input: (instruction, patient note, and features associated with case).
e y < trepresent the previously generated sequence,
e 0is Mistral model trainable parameters.

The training objective is to reduce cross entropy loss of target output sequence of length

T
Log = = ) logPy (nly < £,%)

t=1

Minimizing this loss encourage the model to learn and provide the better output align with input. The ability of LLMs
to handle specific tasks better than others depends on many factors including, the initial training objectives, the
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quality and variety of data used for training, and the architecture of the model itself. The Large Language Model
Selection section highlights the procedure followed to select the best LLM to perform the feature extraction task.

Large Language Model Selection

Determining the most suitable LLM for our task requires running a small experiment using 200 data samples (20
per case) and following the MEDX-FE (Medical Exam Feature Extractor) framework. To maintain simplicity, the
training phase is excluded from the framework. This experiment provides insight to see which LLM has the potential
knowledge to provide the best feature extraction. The evaluation metric used is the micro F1 score. We use general
and medical open-source large language models with a parameter size that less than 20 billion; the results are
presented in the table below:

Table 1 Comparing the performance of general and medical language models using few-shot learning

Category Model F1 Time/
Score hour
Llama General Llama-3.1 8B 0.783 1:29:24
Models Llama-3.1 8B Instruct 0.886 0:57:39
(Dubey et al. 2024) Llama-3 8B 0.787 2:20:47
Llama-3 8B Instruct 0.872 1:24:44
Mistral General Mistral NeMo 12B 0.818 2:33:18
Models Mistral NeMo Instruct 12B 0.932 1:14:08
(Mistral 2024) Mistral-7b-instruct-vo.3 0.805 1:04:13
Meditron-3 8B (Z. Chen et al. 2023) 0.764 3:38:11
BioMistral 7B (Labrak et al. 2024) 0.744 1:40:59
Medical Models Medical Llama3s 8B (Vsevolodovna 2024) | 0.825 2:50:01
BioMedical Llama-3 8B (ContactDoctor | 0.826 1:10:53
2024)

We focus in our experiment on two important factors. First is the computational efficiency, represented as the time
required to process 200 samples. Second is task-specific performance, represented as F1 score. We chose the two
most state-of-the-art open-source models (Hou and Lian 2024): Llama and Mistral. We also tried 4 medical domain
LLMs (Meditron, BioMistral, Medical Llama3, and BioMedical Llama), which are pretrained on medical data.

General foundation models come with different versions, either in parameter size or training objectives. In our
experiment, we evaluated two versions of Llama model, Llama 3 and Llama 3.1, with parameter sizes of 8 billion and
7 billion respectively. We avoided 70 billion parameter models due to their higher computational demand.

Many open-source LLMs introduce an "instruct” version of their base model. The instruct version is derived from the
base version by finetuning on instruction datasets. Instruction finetuning approach shows improvement in
performance and increases the ability of large language models to follow instructions. Chung et al. (Chung et al. 2024)
prove that using multitask instructions data increases the model's generalization to handle different tasks. This is the
case with Llama and Mistral, as both provide instruct versions of their base models to better follow human
instructions, showing better performance on different benchmarks compared to base models, as corroborated by our
experimental findings (Touvron et al. 2023; Jiang et al. 2023).

Our experiments show that Mistral Nemo 12B achieves superior performance, with an F1 score of 84%, and the ability
to process two patient notes per minute, which is comparable to Llama-3.1 8B instruct that can process three and a
half patient notes per minute with an F1 score of 79%. Considering the choice between these two models, we
prioritized performance over time because the time difference was almost 17 minutes with performance improved by
5%.

Interestingly, medical LLMs which are further trained on biomedical data show lower performance. Transfer learning
of medical domain to these general LLMs by adapting continual pretraining of general LLMs over biomedical data
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can show improvement in performance over tasks related to the same medical domain data, such as question-
answering (Z. Chen et al. 2023; Labrak et al. 2024). Due to the complexity and nature of medical text, transfer
learning can have negative impact due to domain shift and catastrophic forgetting. Catastrophic forgetting is a
common problem in many LLMs where the oldest learned weights from initial training are lost after further training
on other complex tasks; considerable research efforts have been conducted towards mitigating this effect (Haizhou
et al. 2024; Tobias 2024).

Mistral NeMo Instruct

In the late of 2023, Mistral team release Mistral 7B large language model that outperformed existing LLMs. The
Mistral model added the inference cost in 2-D scaling law, which already considered: model capabilities cost and
training cost, so it turns to be 3-D scaling law. Two main contributions that make the model cost-effective in inference
are Grouped-Query Attention (GQA) and Sliding Window Attention (SWA).

GQA reduces computational cost by batching multiple queries as groups before processing. This batching allows
fewer attention calculations, which indeed reduces the memory and computational cost and allows for processing
larger batches of data at once. SWA localizes attention of tokens by considering a fixed-size window rather than the
entire sequence, so each token computes attention only within its local window. SWA not only reduces the cost but
also increases the model's ability to handle longer sequences.

Through the implementation of these two techniques, the complexity of the model is reduced from 0(n?) to 0 (%),

where input query is replaced with patch of queries g, and entire sequence is replaced with a window of sequence w.
These reductions allow efficient inference and enhanced performance with reduced cost.

In mid of 2024, the Mistral AI team released Mistral NeMo 12B. The notable improvement in this model compared
to previous version is larger context window (128k token). Mistral NeMo used quantization-aware training (QAT),
which reduce the precision data during training and preserve the model performance.

For tokenization, Mistral NeMo introduces "Tekken," which is based on Tiktoken. Tiktoken, trained on over 100
languages and used in OpenAl models. It is 30% more efficient for text compression. Mistral collaborates with
NVIDIA by using NeMo (Neural Modules) Framework, which is a platform designed to create, customize, and deploy
new generative Al models, with advanced features such as Parameter-Efficient Fine-Tuning and Model Alignment
(Gerald et al. 2024; Mistral 2024).

Instruct Finetuning

Early language models such as BERT-based models must be trained on labelled data of specific tasks to perform those
tasks. This is known as supervised fine-tuning (T. Zhang et al. 2020). Then came the era where models could follow
instructions written by humans as natural language (Avia and Omer 2020; Mishra et al. 2021).

Following this era, the approach used the base model with further finetuning on instruction data, known as
instruction tuning or instruct finetuning, where the large language model is trained on pairs of instructions and
responses. This approach showed better alignment with user requirements (Yuntao et al. 2022; O. Long et al. 2022).

Many LLMs are trained to perform multitasking by using instruction tuning. This approach improves model
generalization and the ability to follow instructions (Chunting et al. 2023; Chung et al. 2022). Significant efforts have
been made to produce a variety of instruction datasets to enable LLMs to generalize to new tasks. Many open-source
LLMs introduce instruct versions of their base models by finetuning on these instruction data, with examples such
as P3, Flan 2021, and LIMA (Shengyu et al. 2023).

Each LLM has its own instruction template to follow when implementing instruct finetuning. This template depends
on how the LLM was originally instruct finetuned and the nature of the task. The template differs from one LLM to
another. As we will use Mistral NeMo, we will follow their template to prepare data before it is tokenized and used
for training. This template consists of instructions, input, and output. For our task, instructions are a set of guidelines
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that direct the model how to extract features from text. The input consists of two parts: patient notes and features
associated with the case. The output is the annotated features by experts.

Parameter Efficient Finetuning

Despite the evolution of large language models to solve many tasks, the nature of LLMs and their billion-size
parameters make finetuning these large models with their full parameter size an obstacle in terms of time and
computational cost. Deploying and using these huge models requires high-cost computation, so research has turned
attention to deploying smaller models with comparable performance.

Parameter-efficient finetuning (PEFT) is a set of approaches used to reduce the cost of LLM training while
maintaining high performance (Eric 2020; Clifton et al. 2023). This reduction in cost is associated with reduction in
parameters and can be done from different perspectives including addition-based, specification-based, and
reparameterization-based approaches. The addition-based approach introduces additional components or layers to
improve performance or reduce size (Eric 2020). The specification-based approach finetunes models on a selectively
limited set of parameters while keeping the rest unchanged, allowing targeted adjustments for new tasks (Ben Zaken,
Shauli, and Yoav 2021). In reparameterization-based approaches, the parameters transfer into more parameter-
efficient forms, such as using low-dimensional subspace to represent the parameters (Tianci, Ziqi, and Heng 2023).

One reparameterization-based PEFT approach is Low Rank Adaptation, or LoRA. LoRA freezes the pretrained model
weights and uses low dimension decomposed extra weights to train the model. The smaller the decomposition ranks,
the fewer parameters used for training (Hu et al. 2021).

Model quantization is also a PEFT approach. It is a compression technique that maps high-precision values of weights
and activations of LLMs into low-precision format, for example, converting data representation from FP32 precision
to 16-bit, 8-bit, or 4-bit. Quantization can reduce the memory and computation required but may sacrifice some
accuracy. Quantization can be applied in different phases of developing LLMs, either during training, known as
quantization-aware training (QAT), or after training, known as post-training quantization (PTQ) (Amir et al. 2021).

Quantized low rank adapter (QLoRA) combines the LoRA approach with model quantization by freezing the
pretrained model weights and using low dimension decomposed and quantized extra weights to train the model.
QLoRA allows LLMs to be trained and deployed on a single GPU. In our model, we use QLoRA for Mistral NeMo,
which is provided by the Unsloth bitsandbytes librarys3.

Phase-2: Inference

In this phase, the learned weights of the model will not change. The inference guides the model performance to meet
the requirements of this task. The inference here can be divided into two parts. The first one (few-shot in-context
learning) relates to guiding the model with few examples, and the second (Matching Gate validation) is a module to
prevent hallucinations caused by LLMs.

¢ Few-shot in-context learning (ICL)

Ta ntiliza tha bnauldadaa hald he TT Mo urithant nchanaina tha model WEightS, a few examples of the task can

3 https://huggingface.co/unsloth ywn as in-context learning (ICL) (Brown et al.
2020). In this way, the LLM model can be instructed using natural language prompts and a set of examples
(few-shot) or even a single example (one-shot) pair as instructions to perform the task, with in-context
examples as responses.
Combining ICL with instruct finetuning can improve performance (T. Chen et al. 2024). In our task, we use
few-shot in-context learning by providing the model with 4 examples from each case. This approach allows
the model to see different examples of the required task before execution, helping it to better adapt to the
output. In our model, we combine the power of instruct finetuning with ICL to achieve better performance
for this specific task.
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e Matching Gate Validation
Despite the power of LLMs and their ability to solve many tasks in different domains, the problem of
hallucinations persists. LLM hallucinations occur when unfaithful or false information is generated (Ji et al.
2022).
LLM hallucinations can take various forms, ranging from minor factual incorrectness, which is less harmful,
to moderate distortions such as blending related facts, to major fabrications where the model creates
unrealistic or irrational content. LLM hallucinations can fall under one of these four categories: contextual
disconnection where the output mismatches the context of input, factual inaccuracies when the model
produces misleading or false information, semantic distortion where the model misrepresents the underlying
meaning of the input, and content hallucination where the model generates absent features from the input
(Sahoo et al. 2024).
These hallucinations in medical field applications can lead to serious consequences that must be addressed.
In our model, applying LLMs to extract features from patient notes can result in two types of issues: first,
content hallucination where the model extracts non-existent features from patient notes; second,
terminology variation, which is not explicitly considered a hallucination but rather a case where the
semantics match but are not exactly represented in text (for example, the output "women" versus the written
"female").
Understanding the root cause of hallucinations is beyond the scope of this research, but the issue can be
related to the data, training, or inference phase. This field has been actively explored by many researchers,
with significant effort devoted to mitigating these limitations (Tonmoy et al. 2024). In our case, the complex
nature of medical terminologies, along with different synonyms, context-dependent meanings of features,
and abbreviations represented in the text, makes it challenging for LLMs. Another limitation is overfitting,
which is common when the dataset is very small, as in our case.
For our model, we tried different techniques to prevent hallucinations. Starting from training the model, we
tried different instructions to emphasize the accuracy of features extracted. We also used the same
instructions for few-shot in-context learning after training. These two modifications increased performance
by almost 10%. After prediction, we match the predicted features with the existing features in patient notes.
The key challenge is matching semantic features when they are represented differently. Semantic matching
is core to our task and is fundamental to many natural language processing tasks such as information
retrieval and question-answering systems.

@ Exact Matching @ [NonConsecutive Matching] @ [ Overlap Matching }
P

~ 7
regex (exact): TFIDF Sentence Segment: TFIDF Dynamic Window
'cannot take naps' 'denies smoking tobacco, alcohol Segment:
'cannot take naps' use or drug use' . .
P g 'drinks 3-4 cups of coffee per night and 1-2 energy
Levenshtein distance (misspelling): Word by Word Matching: drinks'
dri casionallv' 'denies smoking tobacco, alcohol use
dnﬁks occasionally : g . , Word by Word Matching:
'drinks ocasionally' or drug use. )
\ J v v e A
denies drug use "drinks 3-4 cups of coffee per night and 1-2 drinks'
[835.841]  [874,878]  [867.870] vy
[879, 882] drinks coffee  and  drinks drinks

Depth First Search (enforce [381, 386] [399. 404] [416, 419] [381, 386][424, 429] [431, 436]

sequance): Sort (non-enforce sequance):
'denies drug use' 'drinks coffee and drinks'
[835, 841; 874, 882] [381, 386; 399, 404; 416, 419; 381, 386; 424, 436 ]
. A /

Figure 8 Matching Gate: three validation steps with examples.

In our approach, we rely on the power of LLMs to extract features, then apply a combination of matching
approaches which rely on a hybrid of statistical term-weighting and fuzzy string-matching methods. This
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comprehensive combination was built gradually as a result of iterative experiments to cover most matching
possibilities that appear in feature extraction. This Matching Gate module consists of 3 main sub modules as
shown in Figure 8, The three steps illustrated below:

o Exact and Approximate String Matching: For simplicity, as most of the predicted features exist
exactly in the patient note, we use regular expressions (regex) built into Python modules to match
the predicted feature with patient note text, then locate the span accordingly. Exact match using
regex span detection:

Matchoyge: (f,T) =Trueif fET
As is common practice with LLMs, the predicted feature is free of misspelled words, which is not the
case in real patient notes. To avoid this problem, we use the Levenshtein distance algorithm, which
calculates the required edits in text (delete, insert, substitute) to transform it to other text, with the
threshold set to 76%. Approximate match using Levenshtein similarity:
] EditDistance (f,s;)
Simyey (f,8) =1 - max(U1, [5:) 27

where s; € Tis a segment of the note and 7; = 0.76 is a threshold empirically determined. Sometimes
it is required to match nonconsecutive words separated by non-predicted words; in this case, exact
matching and Levenshtein distance can't find the match. For this reason, we need to separate the
patient note text into segments as described in steps 2 and 3.

o Non-Consecutive Matching: For non-consecutive words matching, we need to narrow the patient
note text to easily capture the non-consecutive words in a single segment. In this approach, we apply
sentence-level segmentation by dividing the patient note text into segments based on full stops and
some recurrent patterns noticed in the patient notes, including new lines and some predefined
sections (FH:, Med:, ROS:). Then, we need to find the most similar segment to the predicted feature.
We use Term Frequency—Inverse Document Frequency (TF-IDF), which was originally invented for
document classification, document ranking, information retrieval, and keyword extraction. It simply
multiplies Term Frequency (TF) (how frequently a term appears in a corpus) by Inverse Document
Frequency (IDF) (how important a term is in a corpus). Based on different experiments, TF-IDF
shows the most effective way to bring the most similar sentence, which is why it is used for the third
step as well. Let V; and V;be the TF-IDF vectors of the predicted feature and sentence segment
respectively:

. V. Vs
simree(28) = v

Then, we match every word in the predicted feature with every word in the patient note using
Levenshtein distance with 70% as the threshold. A dictionary of matched words, similarity scores,
and corresponding spans is passed to depth-first search to filter out the matched words by
prioritizing those with the highest similarity scores and shortest paths between spans, as illustrated
in Figure 8. This approach is comprehensive and enforces the order of spans, so in cases of
overlapping spans, it will not pass this step. Sometimes it is challenging to specify the sentences as a
single segment, as some sentences are very long or very short, which requires another segmentation
approach as illustrated in step-3.

o OQuerlap Matching: The third step divides the sentence using dynamic window sizes based on the
length of the predicted feature, where the window size is larger (key length + 2) if the key is large
(greater than 10); otherwise, the window is equal to the length of the key multiplied by 2. This
approach narrows the segment by searching the entire patient note using dynamic window sizes. The
segments are compared with the predicted feature using TFIDF, and the most similar sentence is
selected. We follow the same procedure for word-by-word matching between segments and predicted
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e Evaluation:
For evaluation, we follow the previous work where micro F1 score is used along with precision and recall for
measuring the final performance score of the model (Ganesh and Bansal 2023; B. Long, Tan, and Newman
2023; J. Zhou et al. 2022; Sarker et al. 2019; V. Yaneva et al. 2024). F1 score is the harmonic mean between
precision and recall. Precision represents the model's ability to accurately predict the correct features (how
many correct features are predicted?). Recall represents the model's ability to completely predict all features
(Does the model capture all key features?). To calculate F1, precision, and recall, we need to compare the
predicted features with ground truth features which are annotated by experts. We must count True Positives
(TP), False Positives (FP), and False Negatives (FN) as shown in the equations below:

features along with their spans. The final words are sorted but without enforcing span sorting, which
allows overlapping. This step solves two shortcomings from the previous step: first, the length of
short sentence segments, and second, overlapping matches due to non-enforced span ordering.

True Positives (TP)
True Positives (TP) + False Positives (FP)

Precision =

True Positives (TP)
True Positives (TP) + False Negatives (FN)

Recall =

Precision X Recall

F1S =
core Precision + Recall

The process of matching predicted features with ground truth features consists of two primary stages:

First, three-step validation Matching Gate, which prevents the hallucination caused by LLM and
finds the predicted features in the text using a hybrid of statistical term-weighting and fuzzy string
matching methods techniques illustrated in the Matching Gate module section.

Second, once Matching Gate validates and matches the existence of predicted features in patient
notes, the predicted features are semantically compared with ground truth using a sophisticated
combination of matching techniques. The best and most accurate semantic similarity can be
calculated using embedding. The embedding converts text into vectors in high-dimensional space,
with each model having its own embedding technique. The semantic similarity goes through three
sequential similarity steps:

Using base LLM embedding: In this case, using the embedding of the same model already
loaded in memory (Mistral), which can produce fast comparison. The similarity is calculated
using cosine similarity, which calculates the angle between two embeddings. These angles
are represented using direction and size of vectors in high-dimensional space (Bojanowski
et al. 2017).

After observation, we set a high threshold to accept the similarity, especially with models
trained with less data such as 6-shot instruct fine-tuning. Matching under 94% shows more
obvious mistakes in calculating similarity, so 94% is set to be the threshold of Mistral LLM
cosine embedding matching. The remaining features proceed to step 2.

We use an efficient and lightweight model designed to generate high-quality sentence
embeddings (Wang et al. 2020). It uses contrastive training on sets of sentence pairs,
enabling it to produce embeddings that capture not just keyword overlap but deeper
conceptual relations in text. The similarity is calculated using cosine similarity as well, and
the threshold is set to accept similarity at 50%. All features below the threshold are passed
to step 3.
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After finishing two important steps: validating the existence of features using Matching Gate, then comparing the
similarity between the predicted features and ground truth using the three mentioned steps. The next step is to pass
the results into a classifier to count TP, FP, and FN as shown in (feature match classifier) algorithm 1:

Algorithm 1 Feature Match Classifier
Input:
PN - Patient Note: A text representation of patient medical records or notes.
PF - Predicted Feature: The feature predicted by the model.
GTF - Ground Truth Feature: The actual feature confirmed by medical experts.
AF - Associated Feature: Basic features associated with each case in general.

Output:

A string indicating the classification of the predicted feature:

"TP" - True Positive: Correctly identified is the predicted feature is present.

"TN" - True Negative: Correctly identified that the predicted feature is not present.
"FP" - False Positive: Predicted feature is incorrectly identified as present.

"FN" - False Negative: Predicted feature is incorrectly identified as not present.

1: procedure MATCH _PREDICTED_FEATURE(PN, PF, GTF, AF)
2 if not PF and not GTF then

3 return "TN"

4: end if

5: if PF and GTF then

6: span «+MATCHING_GATE(PN, PF)

7 sim + CALCULATE SIMILARITY(PF, GTF)

8 if span and sim >0.5 then

9

: return "TP"
10: else
11: return "FN"
12: end if
13: end if
14: if PF and not GTF then
15: span «+MATCHING_GATE(PN, PF)
16: sim +— CALCULATE_SIMILARITY(PF, AF)
17: if span and sim >0.5 then
18: return "TP" o Annotation mistake
19: else
20: return "FP"
21 end if
22: end if

23: end procedure

In this classifier the predicted feature is considered as true positive if the feature exist and the ground truth feature
exist as well, then two conditions must be satisfied the Matching Gate span detected and similarity greater than or
equal to 50%, otherwise it will be considered as false negative.

For comprehensive evaluation to overcome missing annotation from expert, as the ability of LLM to capture feature
consider very high as we will see in error analysis, we use the associated feature with each case as annotated feature
if there is no annotated feature and the model predicts feature. The associated feature and the predicted feature go
through same process as ground truth features annotated by experts.

RESULT
The results of the experiment are highlighted in Table 2. For fair comparison, we used the same data division. The
total annotated patient notes are approximately 2,840 patient notes belong to 10 cases only 284 annotated patient
notes per case (total 2840). There are two types of data: public and private. In the public dataset used in the Kaggle
competition, only 1,000 annotated patient notes are available to the public; the remaining 1,840 are used for testing
after users submit their notebooks. In the private dataset setting, the whole annotated data of 2,840 patient notes is
available. We use public and private division for fair comparison with Yaneva et al.'s work (V. Yaneva et al. 2024).
Table 2 summarizes the results of our models compared to Yaneva et al.'s results. Yaneva et al. conducted different
experiments: INCITE, which uses traditional effective NLP approaches already used by Sarker (Sarker et al. 2019);
DB = DeBERTa, which is used as a base model and trained on data; MLM = DeBERTa + Masked Language Modeling
(MLM), where MLM is used as a pretraining step in which the model masks 15% of words in patient notes to better
capture the context (in this case, non-annotated data is used to pretrain the model); and MTL = DeBERTa + Multi-
task Learning, where the model trains on two tasks jointly—the primary task handles the token boundary (whether
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it is inside or outside the span), and auxiliary tasks determine the boundaries of features. This approach showed the
best results in their work. We ran different training approaches to see the capability and effect of each approach as
follows:

* Few-shot learning: Here, we didn't train the model and no weights of the model changed, only
utilizing the knowledge of the model itself with guidance by providing few examples of what the response
should look like. We provided approximately 6 examples per case. Even though the result is not bad,
with an F1 score of almost 82% in private and public datasets with zero training, this indicates that the
model can already handle the task effectively.

* Few-shot instruct tuning (6 examples): We instruct-finetuned the model using only 6 examples
from each case, which means a total of 60 examples. After finetuning, the model was also given few-shot
learning examples to provide more guidance after training. Even with this small training set, the result
improved to almost 93%, which is competitive considering the effort required for this task.

* Few-shot instruct tuning (10 examples): We also instruct-finetuned the model using only 10
examples from each case, which means a total of 100 examples, the same as public data in the Kaggle
competition. After finetuning, the model was also given few-shot learning examples to provide more
guidance after training. This result highlighted the power of LLM and how it can deeply understand
semantics properly. The F1 score result exceeds the benchmark of previous work at almost 94%.

* Full data instruct tuning: Here, we followed the same setting as previous work but included standard
data training division, which is 80% for training and 20% for testing. The result surpassed all previous
results, though it was not significantly higher than the 10-example few-shot approach.

= Automate annotated data: As per the effort from Kaggle users, we tried to create more annotated
data using a model finetuned on 2,000 annotated records and 3,000 automated patient notes, but the
result was not as expected, possibly due to the quality of automated annotation of patient notes and
parsing challenges during training.

Table 2 Performance comparison of different models on public and private datasets showing

Public Private
P R F1 P R F1
INCITE .0962 .818 .883 | .961 .828 .888
(V. Yaneva et DB 950 .962 .956 | .951 .963 .957
al. 2024) DB + MTL .947 .961 .954 | .053 .963 .958
DM + MLM .952 .961 .957 | .961 .956 .958
Few-shot Learning 870 789 .828 | .866 .758 .824

Few-shot_instruct tuning 6 samples .953 .923 .938 | .954 .928 .941

Our Models Few-shot_instruct tuning 10 samples .970 .928 .949 | .971 .934 .952
Full data instruct tuning 979 .952 .965 |.974 .952 .963

New annotated data & original data .009 .952 .929 | .916 .932 .924

These different training approaches demonstrate the capabilities of large language models to capture deep semantic
meaning in patient notes. Even with no training, the model was able to achieve an 82% F1 score on both private and
public datasets. Moving to minimal training by fine-tuning the model with 6 samples per case, the score jumped
significantly to 93%, proving that minimal training can produce notable improvements. Increasing the training
samples to 10 per case improved the result to 94%. Providing more examples to train the model by using 80% of data
resulted in the best performance at 96%. Lastly, using LLMs to produce more training data led to a drop in
performance due to many challenges in producing annotated data where the spans were not consistent, and the
parsing of annotated data was quite complex; the quality and accuracy of annotated data affected the performance of
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the large language model. All these results attest to the fact that LLMs can effectively adapt to tasks where semantic
understanding is highly required.

ERROR ANALYSIS

In this section we dive deep into the model prediction errors to provide a comprehensive view of model behaviour
and what is the possible causes of these errors. This analysis can help in many directions: it can improve the model
performance, distinguish between model limitations and data related issues, and provide insight for future research
in same area. Based on our observation we divide the error into five categories as follows:

1. Prediction Failure: This is the fundamental error that show the model failure to predict the corresponding
feature it is appear in three different ways:

a. Missing features: The required feature not predicted (empty).

b. Hallucinated features: The fact that LLM can hallucinate and predict feature similar to the feature
associated with case itself but not actually exist in patient note. This is the reason we develop and
use Matching Gate validation so only exist feature pass this validation step.

c. Irrelevant features: The model predict non-correct and non-related feature which is another form
of LLM hallucination This error and its types considered as false negative FN in the feature match
classifier algorithm.

2. Boundary Discrepancies: Decide specific boundary where the feature starts and ends form a challenge
even for medical experts, who’s assigned to do the data annotation. So, this challenge is confusing for human
themselves. The annotators follow specific guideline and conduct regular meeting to discuss ambiguous
annotation such as “visual hallucinations” feature, should be captured with visual or hallucinations
sufficient? 18% of the data was double checked by annotators and the remaining notes were single rated. The
boundary discrepancy appears in model behaviour in two ways:

a. Extended Boundaries: The boundary of predicted feature include longer phrase than the ground
truth annotated feature.

b. Partial Boundaries: The boundary of predicted feature exclude phrase that exist in the ground truth
annotated feature.

These discrepancies exist in ground truth data agreement the boundary not set to be accurate 100%, but after
observation it reflect the required meaning of the features.

3. Disordered predicted Feature: This type of error occurs once the model able to predict the required
feature but, it fails to maintain the exact order of feature, so when feature pass to Matching Gate 3 steps it is
failed to match unordered features. Even this error is less frequent, but it affects the order of the features.

4. Inference Limitations: Despite significant efforts invested in inference pipeline and after many
experiments to cover all possibilities by applying different techniques there are very little errors

a. Matching Failure: Matching Gate validation steps occasionally fail to match the exact portion in the
text with predicted feature.

b. Similarity Failure: Once apply feature match classifier, it fails to detect the similarity using either
embedding cosine similarity or BERT sentence cosine similarity.

The feature with similarity or matching failure, once passed to classifier it is classified as false negative
prediction.

5. Annotation Divergence: This type of error shows the power of LLM in capture deep meaning in the text.
Here the model captures similar feature, but it doesn’t match the ground truth in these two cases:

a. Annotation Errors: The predicted feature exists as it is in other patient note belong to the same case,
so in this case it is considered as annotation error.

b. Unrecognized Correct Predictions: The semantic similarity between predict feature and feature
associated with case is clear but can't be decide by non-medical expert.
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Table 3 shows representative examples of these errors observed in the prediction of our models. These examples are
represented based on the categories and subcategories discussed earlier. The table lists the predicted feature along

with real annotation annotated by expert and feature associated with the case itself.

Catego Subcatego Predicted Real Annotated Feature associated
gory gory Feature Feature with case
Hallucinated *denies weight
.. features , & "Weight stable’ "Weight stable’
Prediction loss
Failure —
during , , , . ,
Irrelevant features . , feels nauseous Associated nausea
episodes
'8/10 ’Sharp OR stabbin
Extended / P 8
: INTENSITY o OR 7
Boundaries 8/10 .
WITH to 8 out of 10 on pain
Boundary Case 6 C ,
. ) respiration scale
Discrepancies ’abdominal pain began
. . a ,
Partial Boundaries , , P & 8 to 10 hours of acute
8-10 hrs 8-10 hrs 8 to 10 hours .
Case 1 . pain
of acute pain
Inference Match Failure ’aches’ achy ’Myalgias’
Limitations I : ; . ; ; ; > >
Similarity Failure SOB’, ’SOB SOB Shortness of breath
. "denies "No shortness of
Annotation Errors , - )
) dyspnea breath
Annotation 0 ed h
. nrecognize
Divergence & as gotten ‘Increased frequency
Correct worse’ - recently’
Predictions Y
120
100
80
60
40
20
0
Annotation Boundary Disordered Inference Prediction
Divergence Discrepancies predicted Limitations Failure
Feature
—8—0 Samples —#=10 Samples Full dataset

Figure 9 Detailed error analysis distributions on three models: instruct tuning (6 samples),
instruct

The error analysis was conducted on three models with different size of training data: few-shot instruct tuning
with 6 examples, few-shot instruct tuning with 10 examples, and full data instruct tuning, using public dataset
splits. As shown in Figure 9.

, the pattern of errors appears on three distributions show relationships with the size of training data. Prediction
Failure form 70% of the errors observed in the model tuned with full data, while other error types occur less
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frequently. This indicates that more training data means more accurate prediction, when it shifts it tends to
complete prediction failure rather than other errors. on the other hand, smaller training dataset tends to produce
other than fail prediction error, but even though the model still able to capture the meaning and fulfil the task in
satisfied accuracy.

consider broader view of these errors we can categorise it into 3 categories as shown in Figure 10:

1. Terminology Variations: The variation of terminologies in any language is a fundamental challenge
for many NLP tasks. This challenge is the key to be resolved in this specific task. Representing the meaning
using different synonyms and capturing this variation by understanding deep meaning is not a simple
task. This type of error appears in the predicted features as annotation divergence and boundary
discrepancies. In these errors, as discussed earlier, the model is almost able to predict the meaning, but
either the boundary is not accurate, or the annotation is not accurate.

2. Disordered and Inference Limitations: This category does not belong to LLM prediction errors but
rather to the inference pipeline when we validate predictions against hallucination. We use Matching Gate
validation steps and then measure similarity using cosine similarity. In addition to inference failures, we
have disordered features if the LLM predicts correct features but not in their proper order; in this case,
they cannot be captured as correct features. This category is the least occurring error in prediction results.

3. Content Hallucination: This type of error is the highest captured type among all where the model
couldn’t predict the feature an all or predict non-exist or non-correct feature. This type of error is major
drawback of LLM and take significant attention by researchers to resolve this issue.

by observing the Figure 10, we can notice two behaviours:

» Training Data Impact: More data used to train model less prediction failure occurs.

» Error Distribution Pattern: Content hallucination is highest score among other error categories, this error
category reflects the model ability to predict. This insight drives us to focus more on improve the model
ability to predict in future.

120
100
80
60
40

20

Terminology Variations Disordered and Content Hallucination
Inference Limitations

—o—0 Samples —e—10 Samples Full dataset

Figure 10 High-level error analysis distributions on three models: instruct tuning (6 samples), instruct
LIMITATION AND ETHICAL IMPLICATIONS

The dataset used in this work is relatively small, and all samples belong to only 10 cases. The goal of building Matching
Gate matching steps is to use the fastest result by a hybrid of statistical term-weighting and fuzzy string-matching
methods which is time efficient matching. These steps can be replaced by using a lightweight model trained on
synonyms for this task; similarly, we aim to build a more generalized solution to serve further cases in the future. We
avoid using lexicons or dictionaries to make the work more generalized and prove that LLMs are able to perform such
feature extraction with minimal guidance. This task is challenging due to the variety of annotations, and the ability
to specify exact start and end of features can be ambiguous and variable. Decisions that affect medical students'
careers are very sensitive; expert involvement is required, and this model can be used as an aid to the automated
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scoring process. This automation is only part of the complete exam evaluation, as aspects such as communication
skills must be fulfilled by expert examiners, so a hybrid approach of automated and manual evaluation is required.
Using a large language model, which is not an interoperable model as it acts as a black box, may affect the
transparency and interpretability of the scoring process, which can affect the stakeholders' understanding and trust
in this technology.

CONCLUSION

In this paper we produce MEDX-FE (Medical Exam Feature Extractor) framework, to automate the evaluation of
licensed medical exams (USMLE step-2 CS). Our framework revels transformative capability of large language model
to automate this process with remarkable performance (F1 score: 0.96), outperform previous work with minimal
training data. This accomplishment represents considerable progress in the automation of medical assessment tools.

The most notable founding of our framework is its ability to achieve remarkable results even with limited training
data (F1 scores of 0.94 with 10 examples and 0.93 with 6 examples per case). These results demonstrate the power
of LLM utilize pretraining knowledge to resolve specialized medical task.

Our Matching Gate 3-steps validation module ensure reliable feature extraction and mitigate LLM hallucination by
applying combination of matching techniques (exact, non-consecutive, and overlap matching). Matching Gate not
only increases the accuracy but introduces transparency to the assessment process by matching each predicted
feature withs its equivalent in the patient note.

We conducted comprehensive error analysis on three of our models. This analysis reveals insights into the behavior
of models along with their limitations. The three significant results of this analysis are: As the training data increased
the result improved, the LLM ability to capture meaning may exceed the human annotation process, and the content
hallucination in addition to non-predicted feature remain the challenging error that need to resolve in the future.

National Board of Medical Examiners realize the importance of providing more efficient and resilient evaluation
system, especially after the discontinuation of the USMLE Step 2 CS exam after COVID-19 pandemic. NBME in 2022
lunched a Kaggle computation to push the boundary of this automation process. MEDX-FE prove that LLM- based
model can fill this gap. Despite that our framework designed for USMLE Step 2 CS examination, but the development
was with aim of genialized and scalable solution that can be used by other medical educational institute conduct
similar examinations.

With new era of AI many Al-based solution invented and used in medical education field. Our framework proves that
autoregressive modern model like LLM can be used to the task were traditionally handled by bidirectional encoder-
decoder model architecture. These traditional models have classification ability by understanding context in both
directions, but LLM with its huge size and training parameters have deeper semantic understanding with limited
token classification ability that can be resolved by Matching Gate validation steps.

The future directions of this research can be viewed from different directions. Use continual pretraining to train
model on medical exam data either in form of MCQ or free text (Cossu et al. 2024). Use hybrid model LLM and
BiLSTM or encoder-decoder model perfect to find the boundary. Adapt LLM self-training approach by augment or
annotate training data then retrain model (D.Zhang et al. 2024). Lastly train LLM on many Medical exam tasks such
as reasoning and solve multiple short answer questions.
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