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Abstract

The motivation of this thesis consists of three areas: clinical domain adaptation, long-
context adaptation, and local language model implementation. This thesis investigates the use
of language models in clinical applications where input documents are long and questions can
be complex and require advanced reasoning. The research aims and objectives in this thesis
contain two parts: one is to find and evaluate the appropriate solution that enhances the model
performance under clinical settings; the other one is to find the solution to modify the models
for better performance under this circumstance. Two approaches are developed to address the
problem, and experimental results show that the approaches address the key challenges related
to long contexts, complex questions, and the need to capture domain knowledge. Overall, this
thesis aims to explore the possibility of replacing cloud-based large language models with
local inference language models in specific professional domains.

In the first study, the RAPTOR framework extends a language model’s ability to make
sense of local and global information from long documents with its unique hierarchical tree
structure datastore. The approach may be beneficial where cloud-based large language models
(e.g. GPT-40) cannot be used due to data privacy or reproducibility issues. Specifically,
RAPTOR can be tailored to address clinical tasks including extracting critical patient inform-
ation and summarizing clinical notes from long documents. The aim was to benchmark and
optimize the RAPTOR framework using language models that can be implemented locally,
making it more practical and accessible for users who are concerned about data privacy and
want to use on-device models for application only. The study tested the RAPTOR framework
on the QUALITY dataset and a novel Clinical Trial Question and Answer (CTQA) dataset,
drawn from ClinicalTrials.gov, a registry that includes information about the design of more
than 500,000 clinical trials. Experiments compared RAPTOR across multiple configurations,
on simple questions and complex questions, two language models, four embedding models,
and three chunking strategies. This study also introduced and included a novel modified
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iv ABSTRACT

semantic and deep learning semantic chunking strategy that allows the text to be split based
on the semantic text embedding dynamically. The evaluation experiment used the GPT-40
model as the baseline comparison to illustrate the larger LLMs. The performance results show
that RAPTOR can outperform the GPT-40 model in complex questions of the CTQA dataset
with the (smaller) local language model but not for the QUALITY dataset, suggesting that
not all question complexity is the same. With the modified configurations in the study, the
RAPTOR framework may be a practical solution for the long context problem even when
constrained to locally implemented language models.

In the second study, I developed and tested an optimized language model that uses a con-
tinual pre-training process to incorporate domain knowledge with a Llama-3.1-8B language
model, with a novelly collected, organized and preprocessed Clinical Trial registration dataset
called CiTi. The dataset contains 358870 preprocessed clinical trial registration reports and
1401401 related publication abstracts. This study aimed to develop a language model that
adapts clinical trial registration data as its specialty domain and has more understanding
of this domain than general large language models. To demonstrate the performance im-
provement, I compared the original Llama-3.1-8B model, the CTLlIama-8B-demo model, and
the fully trained CTLlama-8B model on three publicly available medical and health domain
datasets. The result shows that the continual pre-training process has improved the model’s
performance on average from 0.317 to 0.432 in terms of F1 score in the evaluation, indicating
the importance of continual pre-training in building up a domain-specific model.

The two solutions evaluated in this thesis show that with the updated configuration, it is
possible to achieve state-of-the-art performance using locally implemented language models.
Future research should consider how specific configurations or auto-configurations better suit

simple and complex questions.
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CHAPTER 1

Introduction

1.1 Background

Electronic medical record data have brought up a significant shift in how healthcare pro-
fessionals document, access, and analyze patient information. Studies have demonstrated
that electronic medical record improves data management, communication, and healthcare
delivery between doctors and patients. While electronic medical record data is essential for
clinical care and provides valuable information, they often pose challenges for research due to
regional privacy regulations like HIPAA and GDPR [107, 28], which limit access and require

extensive de-identification [14, 20].

ClinicalTrials.gov is a registry of over 500,000 clinical trials [46]. It has commonalities
with electronic medical record data in that it includes medical jargon and requires contextual
medical knowledge to make sense of and answer questions about its content. It is an ideal
dataset because ClinicalTrials.gov registrations are public records of trials that are recorded
before the actual clinical trials start, and many also include summary results data after the trials
are finished. The purpose of ClinicalTrials.gov is to ensure the transparency, accountability
and accessibility of clinical trials. Compared to electronic medical record data, both systems
store information critical to healthcare. Electronic medical records capture patient histories to
support clinical care, while clinical trial registrations document study protocols, interventions,

and outcomes to ensure research transparency and reproducibility.

While both electronic medical record and clinical trial registration data play crucial roles in

the healthcare area, they also share similar challenges. Both electronic medical record and
1



2 1 INTRODUCTION

clinical trial registration contain a large amount of information in a single report, and each
report is fairly long in terms of size. Studies show that the length of the electronic medical
record data has continued increasing over the years [88] at different rates for different kinds
of notes. The average length of clinical notes in the MIMIC-IV dataset is stated as 2267
tokens [2]. Studies also indicate that 22% of patients did not know how to take medication
and 48% of patients with low health literacy, which could cause poor health outcomes and
health service costs [34]. Similar issues occur in the clinical trial registration data, where each
report presented in the ClinicalTrials.gov is multiple pages long with contrasting information.
Although the clinical trial registration data is stated as structured data, many columns are
just text descriptions that need to be further extracted. It is important to find an appropriate

solution to support and guide people in finding needed information from such text reports.

Recently, there has been an important breakthrough in the field of language models. Re-
searchers find that by dramatically increasing the model size to a level of billions, the GPT
model [82] seems to have emergent abilities of generalizability [111]. The resulting models
are called large language models, and those models have demonstrated remarkable capabilities
for summarizing text, information extraction, sentence completion and other tasks to process
text information [67]. There have been some studies in the medical field as well. Early studies
in the medical field are also promising. For example, researchers have evaluated the GPT-4 in
the medical examination in the study, and the result shows it can reach the passing score of
the United States Medical Licensing Examination [70]. Another study highlights the potential
healthcare applications such as dialogue summarization, electronic health record generation,

scientific research and more [108].

However, LLM integration in both clinical practice and academic research is not without
challenges. One major issue is the model hallucination, where the LLM would generate
incorrect or misleading information with blinded confidence. This is particularly concerning
in clinical and academic areas, where false information can lead to catastrophic results.
Another obvious challenge would be related to data privacy. The healthcare industry places a
high priority on protecting patient information and often requires that the data can only be

interpreted within local or protected environments. The related research databases are more
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diverse. For example, the MIMIC database clearly states the guidelines for building models
and creating datasets with strict privacy requirements. In a broader view, many countries and
regions worldwide have proposed regional data protection regulations such as the GDPR [107]
and HIPAA [28] to forbid and protect personal data and domain data from leaking out. Many
companies worldwide also implement internal LAN networks to prevent data leakage and

enhance security by limiting external access to sensitive information [29, 68].

Due to data security concerns and regional regulation constraints related to real patient data,
the research community have not yet been able to fully leverage the model’s performance in
clinical applications. One recent study raised concerns about the LLLM evaluation studies in
the medical domain because only 5% of the studies implemented real patient care data for
the evaluation [7]. This limitation will lead to bias and fairness issues; impacting the actual
performance of LLM applications in clinical settings. Thus, implementing the local language
model without privacy concerns can be a valuable opportunity to unlock the full potential of

real patient data.

1.2 Research Contribution

The Large Language Models (LLMs) are growing to show remarkable capabilities in in-
terpreting input context, processing complex logic and generating appropriate responses to
support healthcare professionals. Cloud-based models such as GPT-40 and Gemini have
gained significant attention because of their ability to solve problems across many application
domains. [70, 89]. However, these models are not ideal solutions for health and medical

domains with strict data privacy requirements and a focus on safety.

To address these gaps, I conducted an in-depth investigation of the local language models
and built a pipeline based on the Retrieval-Augmented Generation (RAG)-based framework
called Recursive Abstractive Processing for Tree-Organized Retrieval [90] (RAPTOR).

The RAPTOR framework constructed its datastore with a unique hierarchical tree where each

node summarises its child nodes. It could show large improvements in questions that involve
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complex reasoning because it could extract different summarized levels of information from

the original document.

The experimental evaluation involved two datasets. The first is the QUALITY dataset, a
multiple-choice question-answering dataset containing simple and complex questions in the
normal literature domain, with an average length of around 5000 tokens [75]. It labelled the
question as complex one if the human annotator cannot answer the question within 45 seconds.
The second is the novel CTQA dataset. The data was collected from the ClinicalTrials.gov
website, and the questions were constructed similarly to the QUALITY dataset format with
simple and complex questions, where the question would be labelled as complex if it requires
information retrieval and advanced reasoning. The data length in this dataset is ranging
from 2000 to 6000 tokens. Both datasets divided the questions into simple and complex
questions, aiming to test the model performance using different standards. This work could be
a solution for healthcare professionals to use LLM-based applications in the local environment
without relying on cloud-based servers. Besides that, I explore the practical performance and

limitations of the local language models and find the potential solution to fill the gaps.

In another direction, I’ve also conducted training on a local language model, Llama-3.1-
8B [17], and converted the model into a domain-specific LLM for clinical trial registration

data that could be inferred locally. My contributions in the research include:

e Benchmarking the RAPTOR framework on local environment: A key limitation
of the RAPTOR framework is that it had not been tested with local language model
configurations, despite its strong performance on complex questions in previous
evaluations. To address this gap, I’ve conducted a detailed evaluation of the RAP-
TOR framework on consumer-level hardware and the local language model, with a
public-available QUALITY dataset and a novel CTQA dataset collected from Clin-
icalTrials.gov, demonstrating that it can perform effectively within the constraints
of a local environment, offering meaningful and accurate text outputs to the preset
questions from the dataset, without requiring extensive computational resources.

e Optimizing semantic chunking strategy for RAPTOR framework: The original

RAPTOR framework employed a naive text chunking strategy, which limited its
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performance by failing to capture the full semantic meaning in text chunks. To
address this limitation, this research also developed a new semantic chunking strategy
called recursive moving percentile semantic chunking, which allows the text to
be split based on the semantic text embedding dynamically, to optimize the pre-
processing step in the RAPTOR framework. The new chunking strategy has shown
better performance than the naive text chunking strategy in all configurations tested
across different testing datasets.

e Developing New Model for Clinical Trial Domain Applications: Although gen-
eralized large language models have demonstrated remarkable capabilities, their
performance in clinical domains remains limited due to the lack of domain know-
ledge. To construct better domain uses of local language models, I’ve developed a
new domain-specific model called CTLlama-8B, on top of the successful Llama-3.1-
8B model by conducting a detailed continual pre-training process, to construct the
domain-specific model with a better understanding of the clinical trial registration
context. The training experiment used the CiTi dataset, which I novelly collected,
organized, and preprocessed from ClinicalTrials.gov and PubMed for the continual
pre-training process. I demonstrated the evaluation process using 3 datasets related to
medicine and health domains. The result showed that the new model can outperform

the original Llama-3.1-8B model in all 3 datasets.

1.3 Thesis Overview

This thesis explores the implementation and modification of using the RAPTOR framework
with local language models in local environment, intending to enhance how the local language
models can be practically applied in the healthcare domain. The work addresses both the
opportunities and challenges that come with integrating these advanced technologies into

everyday clinical practice.

Chapter 2 provides a comprehensive literature review on integrating LLLMs into healthcare

applications and academic research environments. It discusses the specific requirements



6 1 INTRODUCTION

and reasons for deploying LLLMs in healthcare, including the strategy of optimizing the
current model using prompt engineering and RAG frameworks and modifying the model with

continual pre-training and fine-tuning processes for better domain-specific task performance.

Chapter 3 dives into a RAG-based framework called RAPTOR. This framework could extend
the language model’s ability to understand long context documents efficiently with local and
global information with its unique hierarchical tree structure datastore. In this chapter, I've
conducted detailed benchmarking experiments to see how the RAPTOR framework could
perform in local, cloud and hybrid settings and where the gap would be. I've also proposed a
new semantic chunking strategy to fill the gap inside the RAPTOR framework. The result
shows that the new chunking strategy improved the performance of the RAPTOR framework
in both the QUALITY and CTQA datasets compared to the original one.

Chapter 4 addresses the challenges and solutions related to working with clinical trial registra-
tion data from ClinicalTrials.gov. In this chapter, I've demonstrated a new fine-tuned model
called CTLlama, which contains complete domain knowledge from over 500,000 reports
extracted from the website API and their related publications extracted from PubMed API.
It offers insights into how the domain-specific model performs compared to the generalized

ones with the minimum downstream task training process.

Chapter 5 explores the future potential of LLMs in clinical settings, considering ongoing
developments and future directions. It also presents a detailed conclusion of the studies
conducted, supported by evaluations and analytical results, providing a clear understanding of

the impact and implications of this research.



CHAPTER 2

Literature review

2.1 Introduction to Large Language Models

The current mainstream large language models are developed based on the generative pre-
trained transformer (GPT) model architecture [82]. The study has demonstrated that the
GPT model architecture can offer serval benefits, including parallel processing, contextual
understanding and scalability. Researchers found that the GPT-based models can "emerge"
with unexpected performance when they scale up the model parameter size above 10 billion [8],
and there are more follow-up studies discussing the "scaling-law" behind it [97, 42]. In
summary, the studies show that the model could act surprisingly intelligent when the model

size is large enough.

Thus, the development of the GPT-based language models encounters two obstacles: These
language models are required to be trained using the really large scale of the collected text
datasets, and these models are required to be trained on expensive hardware due to the
expanding model size. For example, Llama models [104] were trained on an astonishing 1.4T
tokens of unlabeled text data, and the most recent Llama-3 models [17] have kept pushing this
limit to 15T tokens. The report also states that the Llama-3 model training requires 16,000
pieces of H100 GPUs.

LLMs are trained on publicly available content like websites, social media, and textbooks [58].
While there is a range of early examples of the use of modern LLMs in clinical tasks [70],
there is no clear evidence that general-purpose language models can meet the requirements

for solving complex clinical tasks like clinical decision-making and information retrieval and

7
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summarization without modification, and researchers have expressed the safety concerns for
the LLMs in the clinical domain [56, 32]. The potential solutions to such questions can be

divided into 3 directions: prompt engineering, fine-tuning, and continual pre-training.

2.2 Prompt Engineering for Domain Adaptation

The prompt engineering is done by optimizing input prompts for the language model [8]. It
serves as a straightforward method to adjust the language model for optimizing the perform-
ance in targeted domains and downstream tasks. Because it does not require adjustment to the
model parameters, it potentially avoids the high cost and makes it a cost-effective method in

model domain adaptation.

The general goal of prompt engineering is to provide clear, simple, and focused prompts to
utilize the model’s performance in downstream tasks. The original GPT-3 study suggested
that, by training the model with the large-scale dataset, the model will emerge with the ability
called "in-context learning" without modifying the model parameters. It indicates that the
model will show extensive performance gain in the downstream tasks using examples in the
input prompt. Other studies also contributed to the prompt engineering area and show that

LLMs can greatly benefit from prompt-provided information.

As the GPT-3 paper states, the LLMs have a really impressive ability for in-context few-shot
learning. However, it is time-consuming to build up the middle steps, and the traditional
prompts do not perform well in the STEM-related questions and the tasks that require extensive
logical reasoning. Chain-of-thought reasoning [110] (CoT), was born to fill this gap until
today. It suggested that the users should add the description for the reasoning workflows in the
few-shot examples. Each example should contain 3 parts: the question, the reasoning chain
and the final answer. The model will emulate the given examples and generate its own version
of the reasoning chain to answer the initial question. The whole idea is to simulate how
humans would think and answer when facing a complex question. This study also pointed

out that, the ability of CoT is directly related to the model size. The models contain more
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than 100B parameters could have significant performance gain compared to the traditional

few-shot prompting.

The follow-up study [45] dived deep into the CoT approach and proposed the zero-shot CoT.
It is a really simple pipeline. By just saying, "Let’s think step by step", the model would
generate some thinking and reasoning process, encouraging the model to generate responses
with more rationales. The author also tried on different sentences for the direct comparison

on the GPT-3, and turns out the above one is the most optimal one for the GPT-3 model.

The ReAct framework [121] is more complex. Based on the few-shot CoT, it divides the
few-shot example into 2 sections: Reasoning and Action (an additional section could be
observation). By incorporating external database search results like Google search, the related
reasoning is produced, and then action is taken based on the generated reasoning. The example
prompt template could be: "Thought: xxx Action: Search[xxx] Observation: xxx". This idea

demonstrates how LLMs could be working in the area of active Al assistants or robotics.

Microsoft has also proposed a prompt engineering framework called self-verification [27],
which targets the clinical information extraction task. Based on the idea of few-shot prompting
and CoT, it divides the task pipeline into 4 steps: original extraction, omission, evidence and
prune. Each step will use the result from the last step to deliver the target result in the current
step, and the model will eventually generate the final result after all steps are completed.
Like the ReAct framework, the self-verification framework also shows the trade-off between
the computational cost and targeting task performance. The existing studies in ReAct and
self-verification explain that the researchers anticipate the model inference cost will decrease

to an affordable level in the future.
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2.3 Retrieval-Augmented Generation in Professional

Domains

It is clear that the LLMs can perform in-context learning and generate better responses based
on the external information from input [45], but this simple approach is not optimized when

the users are trying to adapt more information externally.

The Retrieval-Augmented Generation (RAG) framework [52] takes a step further in this
direction. Besides directly injecting knowledge into the model and modifying the parameters,
RAG framework demonstrated an external solution to the area. The essential idea of RAG
was proposed by Meta in early 2021, where the model could improve its performance using
the retrieved related information in the external knowledge base. This idea suggests that the
developers will not need to train the model from scratch for each task. They could attach an
external knowledge base to the model, and improve the task accuracy. This idea is suitable

for tasks that require a large amount of knowledge.

In conclusion, the RAG framework contains 2 steps:

e Using encoder models like SentenceBERT [84] to find the related documents or
knowledge.

e Using the language model to generate the response based on the related context.

Previous study has defined this kind of RAG framework as naive RAG framework [25],

distinguishing it from more advanced RAG-based frameworks.

The benefits of the naive RAG framework are as follows. One is to improve the accuracy of
the results and reduce false information. Since it relies on the external knowledge base, it
could be quickly swapped in and out with new information. Also since the model generates
responses based on the context in the naive RAG framework, it could provide interoperability

to the user. Therefore, it could give more control regarding data safety and privacy concerns.

There are also some concerns about it. Since the naive RAG framework does not change

the model parameter, it cannot adapt to the new domain immediately. For example, if the
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model is only been trained on the English contents, then it would be really hard for the model
to understand French or Spanish documents. The researchers also find that the naive RAG
frameworks could suffer from unrelated or incomplete context information while retrieving
the knowledge base, leading to incorrect or unrelated responses. The real situation could
be even more complex. For example, the data in the knowledge base could not be in the
question-and-answering format at all and would require pre-processing, chunking and other

processes to make it work. This leads to the advanced RAG frameworks.

The previous study have stated that the advanced RAG frameworks are designed to address
the limitations of the naive RAG framework [25]. The improvements of advanced RAG

frameworks generally follow the 2 directions: pre-processing and retrieval process.

The naive RAG framework only contains the most basic pre-processing processes. It splits the
raw documents into text chunks with a maximum number of characters or tokens. This kind of
method could cause incomplete semantic meaning in each text chunk. Larger chunks would
contain more complete information, but they also contain more noise information that reduces
the model performance in the downstream tasks. The ideal number of chunking lengths could
vary for different domain tasks. One step up from that would be to split the texts via special
characters like the newline character with the maximum character/token limit. However, it

still cannot ensure the completeness of the information inside each text chunk.

To solve the issues, one study proposed a specific chunking strategy for the financial do-
main [122]. It introduces a method that chunks financial reports based on structural elements
(e.g., tables, titles, narrative texts) rather than a standard paragraph or token-based naive
chunking. This approach shows better results in document understanding and question-
answering tasks for the RAG tasks of financial reports. The problem with this study is that
it only focuses on the financial domain, and the proposed method clearly involves many
rule-based processes. Additionally, a similar study has also been conducted in the legal
domain [22], where the chunking process can be utilized based on the general structure of the
legal document. These studies are focused on the chunking strategies in one particular type of

text.
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To chunk information semantically in a more general domain or within multiple domains,
the developers begin to adapt the text embedding models into the chunking process called
semantic chunking [1]. The essential idea is to find the "difference" breakpoints between
sentences by comparing the text embeddings of each adjacent sentence, and the breakpoint
occurs when the cosine distance goes over a human-set threshold value. This allows the
chunking strategy to produce more precise text chunks semantically. The concern is that the
human-set unified threshold value lacks scientific support, and the different text embedding
models would have huge performance gaps. No studies are trying to solve this issue directly,
but similar studies are in the text segmentation area. One study proposes the idea of using a
BERT-based embedding model to convert sentences into sentence embeddings, then using
those as inputs to a transformer model to identify breakpoints in the sentence embedding [61].
Another study proposes using a moving window inside the BERT model structure [124]. A

PoNet-based model [99] extended the context length from 512 tokens to 4096 tokens.

The retrieval process is straightforward in the naive RAG framework. It compares the user
query with each text data row stored in the knowledge base using a text embedding model
and cosine distance calculation and keeps the most similar ones for reference. The goal of the
studies in this direction generally focuses on retrieving the correct information that directly
helps answer the question. A recent study proposed the CRAG framework [119]. It attached a
lightweight TS5 model after the retrieval process to identify whether the retrieved information
is related to the question or not; and if the model is unsatisfied with the information, it would
attempt to retrieve information from external data sources like Google Search via agent-based
framework. Another study introduced the self-RAG framework [5] in a similar but different
direction. Instead of taking all retrieved information simultaneously, the self-RAG framework
takes one retrieved information per time and generates a sub-response, then asks an evaluator
model to "critique" each piece of information; the model will then generate responses based

on the best subset of all the retrieved information based on the "critique" evaluation.

The RAPTOR framework [90] has demonstrated a hybrid direction of utilizing both the
chunking strategy and the retrieval process. It formulates a tree structure datastore with serval

steps in the pre-processing. First, it splits the raw documents into text chunks (nodes) with
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the naive chunking strategy. Then, it clusters similar nodes via text embeddings, summarizes
the nodes within the cluster and produces a new parent text node. By repeating this process
recursively, the RAPTOR framework will eventually get a root node with highly summarized
text of all nodes. It would be obvious to see that the nodes in the higher layers will have
more contrast summaries to the document information, whereas the nodes in the lower layers
will contain more detailed information. This allows the RAG framework to retrieve different

levels of information from different aspects and complete the context in the retrieval process.

The recent popular Graph-RAG framework [18] shows a similar story as well. It utilized the
knowledge base by formulating a knowledge graph using LLLM automatically, so it could

retrieve highly relevant information in the retrieval process.

2.4 Continual Pre-training of LLLMs on Domain-specific

Data

Studies indicate that when the continual post-training process again cannot fulfil the require-
ment, we should consider the continual pre-training to the model as the starter point [115, 76,
106]. This is significantly important for the clinical domain models because normal general-
ized models are not trained on the clinical text, and therefore, there is a lack of knowledge,
which can cause a decrease in the model performance in the clinical domain, or the tokenizer
of the model would require extra tokens to formulate the clinical-domain vocabulary, which

could cause unwanted additional computational cost.

The domain knowledge and information in the clinical domain tend to be relatively long in
the context size. For example, the previous study indicated that the median of the patient
record length was around 4300 words, whereas the mean in their collected dataset is 16826
words [95]. Another study also states that the average length of their EHR notes is around
1200 words [37]. These numbers indicated that the models should be capable of processing

long text data to be implemented in clinical applications.
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Large language models are not born to be capable of processing long inputs. For example,
the original Llama models [104] are only capable of dealing with the text input within 2048
tokens, which is already really impressive at the time. The successors of the Llama models,
the Llama-2 series [103] and the Llama-3 series [17], are expanding the context length for

more and more urgent needs.

2.5 Optimizing LLMs with Supervised Fine-Tuning

As suggested in the GPT-3 paper, only a select few large-scale generative LLLMs can fully
harness the power of prompt engineering. In domain-specific studies, many works have
expressed concerns, noting that generative LLMs like GPT-40 or the Gemini models do not
perform optimally in professional medical and clinical settings [64, 38, 87]. In cases where
prompt engineering techniques fail to meet the needs of domain tasks, model post-training
becomes essential. Unlike prompt engineering, continual post-training of LLMs involves
supervised fine-tuning and reinforcement learning, aiming to improve model performance by
adjusting the model’s parameters. While prompt engineering may represent the upper limit of

LLMs, post-training can be viewed as a way to ensure a more reliable baseline.

Supervised fine-tuning (SFT) is the most common post-training process for the pre-trained
models on the labelled dataset. In the LLM area, we often use instruction fine-tuning [112]
to refer to the specific supervised fine-tuning process for the LLMs. This involves using
questions and answers to group the training dataset and using special tokens from pre-trained
base models to distinguish the question/instruction, the responses, and where to stop. The
goal is to adapt the pre-trained model to better handle the new task, improving its performance
on domain-specific tasks like medical diagnosis or sentiment analysis. Supervised fine-tuning
allows the model to better generalize to tasks for which it was not explicitly trained during

pre-training.

Studies have demonstrated that the supervised fine-tuning can enhance model performance
in the clinical domain, and enable smaller models to compete with larger ones [120, 13, 26].

This fine-tuning process uses labelled clinical datasets—such as medical records, diagnosis
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codes, or clinical notes—to teach the model to better handle healthcare-specific tasks like
symptom analysis or diagnostic predictions. Instruction fine-tuning [112], a specific form
of supervised fine-tuning, structures the training data using medical questions and answers.
Special tokens from the pre-trained model are used to differentiate the question, response,
and where to end the output. This process enables models like LLaMA-3 and GLM to better
generalize to clinical tasks for which they were not explicitly trained, such as patient triage,

disease classification, or generating treatment recommendations.

Many clinical and medical domain LLMs [116] [13] use clinical text data to instruct fine-tune
base models like LLaMA-3 or GLM. Studies show that the models could achieve better
clinical task performance with significantly less clinical training data. For the comparison,
the original LLama-3 models were trained using over 15T tokens, whereas the MED42-V?2
model only uses around 1 million rows of data to convert the original Llama-3 model into

medical domain LLM.

It is worth noticing that different base models have different model sizes. In the conventional
way of fine-tuning the model, developers need to train and modify all parameters of the model
to produce their domain-specific fine-tuned model, and that is nearly irrational to implement
for large-scale models like Llama-3-70B or Llama-3-400B in terms of the overall training
cost. Recent studies has denoted a new strategy to avoid the out-of-control training cost called
Parameter-Efficient Fine-Tuning (PEFT) [118]. It is a set of fine-tuning strategies which
helps the developer fine-tune the base model with significantly less parameter update, and
help the developers lower the training cost and time cost with minimum performance drop.
There are two popular PEFT-related studies that are particularly useful: low-rank adaptation
of large language models training (LoRA) [36] and quantized pre-trained language model

into low-rank adapters training (QLoRA) [16].

As the name indicated, the essential idea behind the LoRA training strategy is to use fewer
parameters for training to achieve similar performance as the full parameter tuning, with
less computational cost in the end. In more detail, the LoRA training strategy freezes the
pre-trained weights from the base model and only targets certain layers for modifications. It

modifies the linear layers in the model by factorizing the weight updates into two smaller
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matrices. If the original weight matrix has the dimensions of m x n, LoRA represents the
weight update as a product of two low-rank matrices, A and B, where A’s size is m X r and
B’s size is 7 x N. This reduces the number of trainable parameters while still capturing
the important information needed to adapt the model. It is also might worth noticing that,
the LoRA strategy adapts the idea of the "adaptor", which means, the model could choose
whether it wants to use the domain-trained LoRA adaptor for the tasks. On top of that, it also
provides the possibility to import multiple LoRA adaptors at the same time for cross-domain
downstream tasks. Over the experiments, the LoRA strategy shows that the model could
achieve over 95% of full-size training performance with only 10% parameters being trained

in the instruction fine-tuning stage.

The QLoRA strategy builds on top of the vanilla LoRA framework with minor changes. For
the vanilla LoRA-trained model that normally runs on 16-bit, if we want to further compress
and quantify the model from BF16 to INT8 or INT4 numerical types, we would see the
performance losses due to the datatype downgrading. The study of the QLoRA strategy
is here to fill the gap and resolve the performance drop issue. It uses a 4-bit NormalFloat
numerical type, which evolved from the FP4 and Int4 numerical types. In practice, the QLoRA
will "expand" the parameters back to 16 bits when required in the training and inference but
store and load it as 4 bits, which saves the computational cost as a result. The experiment
shows that a model like Llama-65B could reduce the GPU memory consumption from 780

GB to 48 GB.

Another important aspect of the continual post-training process is the reinforcement learning
from human feedback (RLHF) [73]. Generally speaking, the ultimate goals for LLMs are
to be helpful, real, and harmless. Since the LLMs are pre-trained on relatively generalized
text datasets compared to the target downstream tasks, they could fall short on all three
goals at some levels; and the instruction fine-tuning could help with those shortages, but
it cannot align the model response with human preference; and therefore, the purpose of
RLHF is to align the LLM response with human-preferred reaction. In practice, almost
all well-established large conversational language models on the market have been trained

using RLHEF, including OpenAl ChatGPT [72], Google Gemini [100], Anthropic Claude, and
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more. The essential idea of RLHF revolves around training the reward model. Specifically, it
uses human feedback to generate a human-preference dataset, which is then used to train a
reward function that represents the desired outcomes for a specific task. This reward model
is then used to iteratively improve the supervised fine-tuned model through reinforcement
learning algorithms like Proximal Policy Optimization (PPO) [91] altering its internal text
distribution to the sequences which are preferred by humans. The reward model serves
to introduce "human preference bias" into the original supervised fine-tuned model. The
resulting model would then generate responses that are closer to the human-preferred logic
or format. The downside of implementing such a training process is the requirement of

additional human-generated data that are expensive and difficult to produce in a large amount.

There are a few directions to further optimize the RLHF workflows. The first one is to replace
the expensive human feedback with other trained models, which means using the model to
generate human preference and guide the model for the training. This idea is what we call
reinforcement learning from Al feedback (RLAIF) [49]. The RLAIF process consists of two
main phases: supervised training and reinforcement learning. In the first stage, supervised
training, the model initially responds to harmful questions, producing answers that may
contain inappropriate content. The model then performs self-evaluation based on predefined
principles, adjusting its responses iteratively until they meet the desired standards. This
refined set of responses is used to fine-tune the model, resulting in the "SL-CAI" (Supervised
Learning Constitutional AI) model, which is capable of providing both safe and useful
answers. The second stage involves reinforcement learning, where the model generates pairs
of responses to harmful questions. A feedback model selects the better response based on
established principles, and these selections are used to train a reward model. The final step
involves employing this reward model as the basis for reinforcement learning, further refining
the model into the "RL-CAI" (Reinforcement Learning Constitutional AI) model, ensuring
that it can appropriately handle harmful queries while delivering safer and more effective

responses.

The second direction would be more feasible to implement. Instead of training the reward

model and using the reward model for preference learning, the study of direct preference
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optimization [83] proposes implementing a binary selection for the preferences, a positive
sample and a negative sample, to replace the reward models and simplify the RLHF process.
Like existing algorithms, DPO relies on a theoretical preference model (such as the Bradley-
Terry model) to measure how well a given reward function aligns with empirical preference
data. However, while current methods define preference loss based on the preference model
to train the reward model and then optimize a policy using the learned reward model, DPO
defines preference loss directly as a function of the policy through a change in variables.
Given a dataset of human preferences for model responses, DPO can, therefore, optimize the
policy using a simple binary cross-entropy objective without the need to explicitly learn a

reward function or sample from the policy during training.

2.6 Summary

This chapter traces back to the beginning of the modern large language models and introduces
the evolution from generalized models to ones that fit personalized requirements for different
users. It highlights the essential feature of the modern GPT-based "large language models" -
predicting the next token, and demonstrates that it is curial to optimize this feature in order to

obtain better performance in downstream tasks.

This chapter then explores prompt engineering as a cost-effective strategy to adapt the
generalized large language models for personalized requirements. And then it shift to retrieval-
augmented generation (RAG) - a special prompt engineering framework that adopted the idea
of auto configuration in the prompt engineering direction. Both ideas demonstrate that it is
possible to optimize the performance of the generalized large language models by providing

appropriate text inputs before asking model to generate the response.

Finally, the discussion shifts assuming the prompt engineering direction cannot fulfill the
requirements. The focus in this direction is to adapt the models into specialized domains such
as the clinical domain. By using efficient methods like LoRA and QLoRA, it is possible to

modify only a small proportion of model parameters and achieve the domain adaptation.



CHAPTER 3

Strategies for Efficient Retrieval-augmented Generation in Clinical

Domains with RAPTOR

3.1 Introduction

Language models have been used in various clinical applications [114, 71, 89, 48]. Challenges
that are common but not exclusive to clinical applications include requirements related to
data privacy [105, 15], robustness and requirements for generating stable and repeatable

results [63], and the cost efficiency of using models as a service [10].

Due to these challenges, cloud-based language models may not be suitable for clinical
applications where the data needs to be stored on a local machine and requires a local
implementation of the language model [98, 89]. This also means that language models often
need to be implemented on consumer hardware, limiting the size of the models that can be
used. This sentiment is echoed by Mesko and Topol [63], who explain that locally hosted
models enhance both the privacy and robustness of clinical language models. Language
models such as Mistral-7B-Instruct-v0.2 [39] and Llama-2-7b-chat-hf [102] can be deployed

on consumer hardware (Table 3.1) but are affected by the long context problem.

Several approaches have been developed to address the issues of handling longer documents
in text summarisation and generation for local language models. LonglLoRA [12] and Infini-
attention [66] modify the attention mechanism and fine-tune the models to enhance the model
capability of handling long texts up to 500K tokens in length. However, both of them require
additional fine-tuning in the training phase and extra memory during inference for additional

texts. Others including CFIC [81] and BGE Landmark Embedding [62], introduce special
19
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layers or embedding models to select partial information without breaking down the long
contents. Similar to the above, these two methods also require additional training for the
model to run properly, and they are limited to either 32k token max length or the max model

context length, respectively.

Retrieval-augmented Generation (RAG) framework [53], which works by setting up an
external knowledge datastore to keep the long contents in chunks, and retrieving partial
information from the preprocessed datastore as a reference text when generating a response.
It could be adapted by both cloud-based and local language models since it is an external
framework that works outside the model inference. It could reduce the overall cost by token
counts for cloud-based language models and increase the capability for relatively smaller
local language models that are focusing on. While it is cost-effective and able to deal with
long content for the local language models, it comes with the obvious drawback of potential

information losses during the text retrieval process.

Recursive Abstractive Processing for Tree-Organized Retrieval (RAPTOR) [90] extends from
RAG and is an efficient method for language models to handle long text contents and reduce
model hallucination without any internal model modifications. Different from the naive RAG
framework [53], it implements a tree-structured datastore to preprocess and retrieve both
relevant local and overview information from the datastore to support model generation. It can
be more reliable when the user query requires information from a distance, e.g., the question
requires the patient information located in the first section of a 6k token-long discharge
summary, the Laboratory results in the middle, and admission medication in the last two

sections to answer the question.

Other tree-based RAG-based frameworks include T-RAG [23] and RAGAR [44]. The RAP-
TOR framework implements the tree structure directly, and the retrieved text can contain
complete overview information as support. In contrast, T"-RAG implements the tree structure
to modify the user query for organisational-related entities, and RAGAR uses the tree structure
to generate sub-questions for the original user query. None of them are capable of dealing the

overview information loss like RAPTOR does.
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RAPTOR has been shown to achieve state-of-the-art performance on the QuUALITY data-
set [75], which is a question-answering dataset aiming for long-context scenarios. While
RAPTOR has achieved strong results, it was evaluated on the cloud-based GPT-4 model. To
the knowledge, its ability to work with smaller language models like Mistral-7B-Instruct-v0.2

has not been validated.

The aim of this study was to benchmark the RAPTOR framework and design the pipeline for
clinical question-answering applications, using language models that can be implemented

locally. The contributions of this study are as follows:

e Benchmarking the response accuracy of the RAPTOR framework using efficient
locally implemented language models and evaluating the result with the cloud-based
model, investigating differences between simple and complex questions.

e Constructing a new semantic chunking strategy that makes use of semantic rela-
tionships between texts and evaluating the performance changes to the RAPTOR

framework.

3.2 Background and related work

3.2.1 RAPTOR framework

The processing procedure of the RAPTOR framework comprises the following steps to

produce a tree structure:

e The document text is split into a set of chunks.

e An embedding model is used to convert each chunk into sentence embedding,
and Uniform Manifold Approximation and Projection for Dimension Reduction
(UMAP) [51] is used to reduce the dimensionality.

e Unsupervised clustering is used to cluster the chunks using the Gaussian Mixture

Model [86] with Bayesian information criterion.
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e Chunked text in each cluster is concatenated, and a language model is used to
generate a detailed summary.

e The above steps are followed recursively until the final root node is reached.

Once the tree structure has been constructed, the model is able to either follow the tree
structure to retrieve relevant information at any step or collapse the tree structure to gather
relevant information directly. This means the RAPTOR framework can potentially use both
overview and local information as a reference during the inference process when generating a

response to a query.

3.2.2 Chunking strategies in the RAPTOR framework

In the RAPTOR framework, methods for splitting the document into chunks can affect the
performance of the model. Chunking methods include character chunking and semantic

chunking.

3.2.2.1 Chunking by character

The standard RAG chunking strategy uses a regular expression to split text using characters in
the text (e.g. “.” or *;”") under the preset maximum length limit. This is the standard chunking
strategy used in the RAPTOR framework. This approach is efficient in both execution time and
computational cost. Because it does not consider semantic context, it can split semantically

similar sections of text into multiple chunks, which may result in information loss.

3.2.2.2 Chunking by semantic information

One approach for improving chunking is to make use of semantic differences over the length
of the document. This unsupervised approach converts sentences into embedding vectors,
calculates the cosine distance between adjacent sentences, and then splits the document into
chunks using a threshold value for the cosine distance. This approach can be used directly

within the RAPTOR framework in the first step.
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Research from a related domain focuses on adapting deep learning models to support text
segmentation. One example proposes using a BERT-based embedding model to convert
sentences into sentence embeddings, then using those as inputs to a transformer model to
identify breakpoints in the sentence embedding [61]. Another study proposes the use of a
moving window inside the BERT model structure [124]. A PoNet-based model [99] was able
to extend the context length from 512 tokens to 4096 tokens. Note that while these approaches
were not designed specifically for use within the RAG framework, the goal is the same and

the methods can be adapted for use with RAPTOR.

3.2.2.3 Chunking by language model

A relatively recent set of approaches consider the use of language models to support chunking.
One example proposes splitting a document into chunks called ‘propositions’ and using
prompt engineering pipelines to group propositions together using a node-tree structure [11].
Another example proposes the use of language models as decision-making machines that
select different text chunks for RAG-based tasks [80]. While these approaches represent
elegant solutions for chunking, the current limitation is the computational and time costs,
which may make them less practical for downstream tasks and especially for application

domains where consumer-level hardware is a constraint.

3.2.3 Embedding models in the RAPTOR framework

Embedding models can have a major impact on the performance of downstream tasks. RAP-
TOR uses embedding models in the construction of the tree and in the information retrieval
process before the response generation. A recent study compared the performance of several
embedding models for downstream tasks in the health domain, including general embedding
models and specialised models trained using text data from health application domains [21].

The results show large variations in performance across the embedding models.

The context lengths of models can also affect performance on downstream tasks, even when

used within an RAG framework. For example, BioBERT [50] is a popular model trained on
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TABLE 3.1: Language model availability and size

Model Name Open- Parameter
source Size

GPT-40 No Not Pub-
lished

GPT-4 [3] No Not Pub-
lished

Gemini 1.5 Pro [89] No Not Pub-
lished

GPT-3.5-Turbo No Not Pub-
lished

GPT-3 [8] No 175 Billions

Llama-3-8B- Yes 8.03 billion

Instruct [4]

Mistral-7B-Instruct- Yes 7.24 billion

v0.2 [39]

Llama-2-7b-chat- Yes 6.74 billion

hf [102]

the biomedical text and has a maximum context length of 512. This compares to the more
recently developed models jina-embeddings-v2-base-en (Jina) [30], BGE-M3 (BGE) [9], and
text-embedding-ada-002 [69], which have a maximum context length of 8,192. The way
this can affect performance is when shorter context length embeddings cut off sentences that

exceed the maximum context length, leading to information loss.

Language models with between 1 billion and 10 billion parameters are considered to be
‘medium scale’ [65]. In 2024, the most powerful consumer-level GPUs available on the
market have 24GB of GPU memory. This limits the scale of language models that can be
implemented comfortably to these models with 10 billion parameters or fewer. The Llama-2-
7B and Mistral-7B-Instruct-v(0.2 models each have approximately 7 billion parameters (Table
3.1). Compared to large-scale models like GPT-4 and Gemini Pro, medium-scale models are

more practical for use in application domains where local computing resources are required.
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TABLE 3.2: Examples of simple & complex questions in the QUALITY and
CTQA datasets

Question Type | Question Content

QuALITY, Simple | Which of the following most closely fits the theme of this article?
QuALITY, Com-| What does the author likely think will happen if democracy does not
plex evolve?

CTQA, Simple In the results of this trial, how many participants had serious adverse
events in each study arm?

CTQA, Complex | In the design of this study, what intervention was used in the control
arm?

3.3 Methodology

3.3.1 Datasets

Benchmarking was performed using two datasets. The QUALITY dataset [75] is commonly
used to evaluate approaches in the RAG framework. This study introduce the Clinical Trials
Question and Answer (CTQA) dataset as an example of a large dataset from biomedical
application domains. Both datasets include opportunities to ask simple and complex questions
(see examples below). Note that QUALITY has multiple-choice questions and answers and

CTQA has short-answer questions and answers.

3.3.1.1 QuALITY dataset

QuALITY [75] is one of the three question-answering datasets used in the original evaluation
of the RAPTOR framework [90]. The dataset includes three main sections: the main text
documents, questions and correct answers. QUALITY was used as three subsets: training,
development, and testing. The development subset included 230 article and multiple-choice
questions, where each question was labelled as simple or complex 3.2. The length of the
main text documents ranges from 2000 tokens to 6000 tokens. In the original study where the
author proposed the QUALITY dataset, it states that the difficulty of the questions is labelled
manually where the question is labelled as hard/complex question if the human annotator

cannot answer the question within 45 seconds.



263 STRATEGIES FOR EFFICIENT RETRIEVAL-AUGMENTED GENERATION IN CLINICAL DOMAINS WITH RAPTOR

3.3.1.2 CTQA dataset

ClinicalTrials.gov is a registry for clinical trials and includes information about more than
500,000 trials and other studies, designed to provide public information about the design of
studies before the study begins [96, 79]. Each study includes sections of text with a summary
of the study, the population, interventions or exposures, and outcome measures. Some studies
on ClinicalTrials.gov also include tables with numerical data describing the summary results
of the study after it is completed. With a similar structure to the QUALITY dataset, CTQA
includes main text documents (the registry entry), and pairs of short answer questions with

their answers.

The simple question for the CTQA dataset was focused on information extraction, and the
complex question requires both information extraction and to generate an appropriate response

using contextual information (Table 3.2).

The CTQA dataset is useful because it is large and growing over time, has a complex structure
including structured and unstructured data, and is an application domain representing a very
large and expensive industry domain. Downstream tasks include those related to improving
the efficiency of trial designs to avoid redundancy and avoid termination, synthesis and
meta-analysis of trials that answer the same clinical question, and checking for reporting bias

when results in published trial articles do not match what was registered.

For the simple question, the correct answer can be extracted at scale from studies in Clin-
icalTrials.gov that include a structured results section. The answer can be found under a
structured result section labelled ‘seriousNumAffected’, which should indicate the number
of patients that were analysed for serious adverse events. The complex question requires a
contextual understanding of whether the trial is an interventional study, the structure of the
trial design, including the number of study arms, and identifying which of the study arms is
most likely to be used as a comparison for the intervention under investigation. It is often, but

not always, a placebo, sham, or treatment as usual.
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FIGURE 3.1: Overall structure diagram of the framework and evaluation process.

3.3.2 Chunking strategy configuration setup

The three chunking strategies included a character-based chunking strategy, a new semantic

chunking strategy, and a chunking strategy that uses a deep learning method.

3.3.2.1 Naive character chunking

The default chunking strategy used in the RAPTOR framework is the naive character chunking
strategy (character chunking), as the RAPTOR framework was not focused on this aspect. In
this study, the default character-splitting chunking strategy will also be tested on both CTQA
and QuUALITY datasets as the reference.

3.3.2.2 Recursive moving percentile semantic chunking

This study introduces a modified semantic chunking strategy named Recursive Moving
Percentile Semantic Chunking (RMP chunking). Rather than using a globally fixed value for
the breakpoint between text sections, then calculate the threshold value dynamically with the

moving percentile. The process is divided into the following steps:
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e The character chunking algorithm is used to split the original document into the
minimum chunks.

e Chunks are converted into sentence embedding vectors via a preset embedding model
and calculate the cosine distances for each adjacent piece with the context padding.

e The moving percentile values are calculated based on the cosine distance with the
preset window size and the preset percentile threshold value. All critical indices that
are over its moving percentile threshold value are labelled.

e The document is broken into chunks where the moving percentile threshold value is
exceeded, recursively, until there are no more indices within chunks that are over the

moving percentile threshold value.

3.3.2.3 Deep learning based semantic chunking

PoNet [99] is a chunking strategy that uses a deep learning model and comes from the research
area of text segmentation. While text segmentation models like hierarchical BERT [124] and
PoNet were not designed to fit the needs of the chunking strategies in RAG-based frameworks,
their motivations and structures are similar and can be used as chunking strategies in RAG-

based frameworks.

3.3.3 Embedding model configuration setup

Four embedding models were used in the experiments 3.3. The default ‘baseline model is the
text-embedding-ada-002 (OpenAl Embedding) model from OpenAl with 8192 context length
on paper, and it is cloud-based deployed in the OpenAl servers. Since there is a potential need
for the embedding model to deal with longer text, 2 local embedding models with long context
length are introduced into the experiment: the BGE-M3 (BGE) Embedding model and the
jina-embeddings-v2-base-en (Jina) Embedding model; where the BGE Embedding model is
utilized for the RAG implementation according to their technical report, and Jina Embedding
model has also been utilized to extend the context length from 512 to 8192 tokens. On top
of all that, a traditional but biomedical domain embedding model, the BioBERT Embedding

model, is also introduced to the experiment as well for comparison.
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3.3.4 Language model configuration setup

For the summarisation and generation experiments, the more cost-effective GPT-35 model
was tested as the baseline model to demonstrate the basic result. Language models GPT-35
and Mistral-7B-Instruct-v0.2 model (Mistral-7B) were used in the experiments. These 2
models should be able to represent both “very large language models” and “medium language
models” accordingly, and these 2 models are also good examples of closed-source LLMs and

open-source language models in the generalized domain.

To simulate a realistic low-setting environment, the experiments all used the 4-bit QLoRA

quantization setting for the local models Mistral-7B.

3.3.5 Overall configuration setup

The RAPTOR framework contains 3 key components: the chunking strategy, the embedding
model and the summarization/generation model. All combinations of the 3 components
presented in Table 3.3 were implemented for both the CTQA and the QUALITY datasets as
presented in Figure 3.1. Additionally, this study tested GPT-40 directly for both datasets to
demonstrate the performance in terms of the task accuracy of the latest cloud-based language
model. All experiments are implemented with respect to the zero-shot performance of the

language models with the minimum hint.

3.3.6 Language model and rule-based evaluations

Since the model responses do not always match the correct format in terms of verbosity, even
though they may still be correct (e.g., a response of “neither study arm had any serious adverse
events” vs. the expected “Arm 1: 0; Arm 2: 0”), the pattern matching could be inaccurate,

and the manual process would be time-consuming.

To overcome these issues, this study designed an LLM-based approach using LLM for format
extraction and rule-based pattern matching for accuracy scoring. While the LLM evaluation is

consistent to others [33], in that this study use LLM to judge the results using questionnaires
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TABLE 3.3: Component Configurations

Component Type | Name | Abbreviation
Chunking Strategy | Naive Character Chunking Character Chunking
Recursive Moving Percentile Se-| RMP Chunking
mantic Chunking
PoNet Semantic Chunking PoNet Chunking
Embedding Model | text-embedding-ada-002 OpenAl
BGE-M3 BGE
jina-embeddings-v2-base-en Jina
BioBERT BioBERT
summarization GPT-3.5-Turbo GPT-35
and  generation
model
Mistral-7B-Instruct-v0.2 Mistral-7B

and collect scores in rule-based evaluation, the method is able to work for both MCQs and
short QAs since this study focus on if the response matches the answer. The result confirmed
that the LLLM-based approach was accurate with a manual assessment of 500 examples of
MCQ from the QUALITY dataset and 500 short QA examples from the CTQA dataset,

achieving a match rate of 98.8%. The process is as follows:

e Generate model responses using the prompt templates provided in ZeroSCROLLS [93]
and the framework described in the methodology section.

e Prompt the GPT-40 model to extract the well-formatted answer from the original
model response in the previous step, using 3-shot prompt templates to provide
formatting examples presented as table.1 in the Appendix section.

e Compare the extracted answer with the ground truth from the dataset using rule-based

pattern matching and evaluate the accuracy.

Accuracy has been implemented as the evaluation metric for both datasets in this study.
Although the F1-score may be better suited for an MCQ dataset like the QuALITY dataset, it
cannot be used in the evaluation process for the short answer questions in the CTQA dataset
since there are no "true positive" or "false negative" cases in this scenario. Therefore, accuracy

is implemented as the sole evaluation metric for the purpose of direct comparison.
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3.4 Results

3.4.1 Experimental results for the CTQA dataset

The varied across chunking strategies, embedding models, language models, and across

simple and complex questions for the CTQA dataset (Table 3.4 and Figure 3.2).

In the experiment of the simple question, the results with the GPT-35 model show that the
PoNet chunking strategy consistently outperformed the other two strategies 3/4 times with
an average lead of 8.46% improvement, whereas the experiment results using the Mistral-
7B model show that the RMP chunking strategy has outperformed the other two chunking
strategies, with a difference of 10.88% in accuracy. In the complex question, the results in
both models show that the PoNet chunking strategy can perform better compared to the other

two with the leading average of 1.42% and 9.89%.

TABLE 3.4: Task accuracy of the RAPTOR framework for various configura-
tions with the CTQA dataset

Simple Question (c=400, n=400) Complex Question (c=400, n=400)
Language Embeddin Character RMP PoNet Average Character RMP PoNet Average
Model & Chunking Chunking Chunking & Chunking Chunking Chunking &
GPT-35 OpenAl 63.44 64.37 54.05 60.62 75.87 73.17 77.12 75.39
BGE 56.37 64.25 78.48 66.37 70.38 77.70 74.52 74.20
Jina 36.12 50.42 54.61 47.05 48.78 69.32 72.55 63.55
BioBERT 37.00 21.59 51.34 36.64 63.41 67.82 69.48 66.90
Average 48.23 50.16 59.62 52.67 64.61 72.00 73.42 70.01
Mistral-7B OpenAl 55.05 64.21 29.37 49.54 68.42 74.23 74.03 72.23
BGE 58.79 72.27 70.36 67.14 52.04 54.21 69.53 58.59
Jina 39.52 50.75 35.81 42.03 45.62 52.11 59.35 52.36
BioBERT 6.00 15.79 23.96 15.25 53.41 60.53 56.12 56.69
Average 39.84 50.76 39.88 43.49 54.87 60.27 64.76 59.97
GPT-40 - - - - 93.25 - - - 52.26

*Value c indicates the number of long reports contained in the dataset, whereas value n indicates the number of questions
contained in the dataset.
*Bold values show the highest value across the 3 chunking strategies with the same configurations; Underline values show
the highest value across the 4 embedding models with the same configurations.

Among the 4 embedding models in the experiments, result values in both simple and complex
questions show that the highest values are either coming from the OpenAl embedding model

or the BGE embedding model. On average, the result of the simple question shows that, The
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GPT-35 model with OpenAl and BGE embedding model scores at 60.62% and 66.37% on
average, and the Mistral-7B model with the OpenAl and BGE embedding model scores at
49.54% and 67.14% on average; the result of the complex question shows that, The GPT-35
model with OpenAl and BGE embedding model scores at 75.39% and 74.20% on average, and
Mistral-7B model with with OpenAl and BGE embedding model scores at 72.23% and 58.59%
on average. All results showed that the OpenAl embedding model and BGE-embedding
model outperformed the Jina embedding model and BioBERT embedding model.

In terms of the direct comparison between the GPT-35 and Mistral-7B models in the RAPTOR
framework (and with the separate GPT-40 model), the results for the simple question show
that the GPT-40 substantially outperformed the RAPTOR framework configurations. GPT-40
reached 93.25% accuracy, compared to an average of 52.67% for the GPT-35 model and
43.49% for the Mistral-7B model across the different configurations. The result was different
for the complex question, where the GPT-40 mode achieved 52.26% accuracy, compared to
an average of 70.01% for the GPT-35 model and 59.97% for the Mistral-7B model across the

set of tested configurations within the RAPTOR framework.

3.4.2 Experimental results for the QUALITY dataset

In the QUALITY dataset experiments, the GPT-40 model outperformed RAPTOR with both
model configurations in the simple and complex questions by around 30% (Table 3.5 & Figure

3.2).

The performance difference between the two models within the RAPTOR framework is
relatively small for both questions. Accuracy for the simple question was 67.24% for the
GPT-35 model and 66.87% for the Mistral-7B model. Accuracy for the complex question was
49.36% for the GPT-35 model and 48.86% for the Mistral-7B model. Performance across
the chunking strategies showed relatively consistent differences. RMP chunking generally
outperformed other strategies in the simple and complex questions, and with both GPT-35
and Mistral-7B language models. Average accuracy for the simple question using the RMP

chunking strategy was 68.27% for GPT-35 and 68.12% for Mistral-7B. Average accuracy
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TABLE 3.5: Task accuracy of the RAPTOR framework for various configura-
tions with the QUALITY dataset

Simple question (c=115, n=1021) Complex question (c=115, n=1065)

Language Embeddin Character RMP PoNet Averace Character RMP PoNet Average
model £ Chunking Chunking Chunking £ Chunking Chunking Chunking g
GPT-35 OpenAl 69.44 70.03 69.79 69.90 49.86 51.27 51.97 51.03
BGE 67.68 68.27 67.87 67.94 50.42 52.96 50.05 51.14

Jina 68.95 68.66 68.17 68.59 50.23 50.33 47.98 49.51

BioBERT 61.51 66.11 60.33 62.65 44.79 49.30 43.19 45.76

Average 66.90 68.27 66.57 67.24 48.83 50.97 48.30 49.36

Mistral-7B OpenAl 68.66 69.64 69.70 69.33 48.64 52.58 47.17 49.46
BGE 67.48 67.68 66.70 67.29 50.33 52.77 49.30 50.80

Jina 66.90 69.93 68.95 63.59 49.39 51.36 48.83 49.86

BioBERT 60.72 65.23 60.82 62.26 43.47 48.26 44.23 45.32

Average 65.94 68.12 66.54 66.87 47.96 51.24 47.38 48.86

GPT-40 - - - - 95.00 - - - 83.29

*Value c indicates the number of long stories contained in the dataset, whereas value n indicates the number of questions
contained in the dataset.
*Bold values show the highest value across the 3 chunking strategies with the same configurations; Underline values show
the highest value across the 4 embedding models with the same configurations.

for the complex question using the RMP chunking strategy was 50.97% for the GPT-35
model (2.14% higher than the second best performing chunking strategy) and 51.24% for the
Mistral-7B model (3.28% higher than the second best performing chunking strategy).

The OpenAl and BGE embedding models outperformed Jina and BioBERT embedding models
across all but one of the configurations (Table 3.5). Overall differences between OpenAl and
BGE are relatively small, suggesting that the choice of embedding model between the two is

less important than the choice of language model and chunking strategy.

3.5 Discussion

The results show that differences in the choice chunking strategy, embedding model, and
the complexity or type of questions each appear to have an impact on performance within
a RAPTOR framework. These choices are likely to be especially important in scenarios
where implementation is restricted to local machines and access to high-performance cloud

computing is restricted.
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FIGURE 3.2: Task accuracy for the CTQA (left) and QuALITY (right) data-
set across simple and complex questions and using GPT-35 and Mistral-7B,
showing differences in performance compared to a GPT-40 baseline.

3.5.1 Chunking strategy

The results show that for a given model, semantic and deep learning chunking strategies
generally improve the performance relative to standard character-level chunking in the CTQA
dataset. These differences appeared for both simple and complex questions. The chunking
strategy result may seem counterintuitive because the RAPTOR framework is designed to
‘connect’ all the information together in a tree structure. However, the main benefit of
chunking strategies in the RAPTOR framework may come from improved summarisation in
the leaf nodes, and this improvement then flows through the local and global information in

the tree structure.

Lower performance was found for the PoNet chunking strategy using the OpenAl embedding
model with both GPT-35 and Mistral-7B models in the simple question of the CTQA dataset.
Because the PoNet chunking does not have a hard upper limit in the maximum chunk size, it
could have larger initial chunks. This suggests that the OpenAl embedding model may not

perform as well as the BGE embedding model in the long context embedding task.
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3.5.2 Language model

Despite the relatively large performance difference between the GPT-35 model and the
Mistral-7B model, the results show that the Mistral-7B model is able to reach the same level
of performance as the GPT-35 with the BGE embedding model and the semantic chunking

strategies.

GPT-40 outperformed all configurations of RAPTOR for the QUALITY dataset and for the
simple question in the CTQA dataset, but did not perform as well for complex questions
in the CTQA dataset. Note that when experts answer the complex CTQA question, they
typically make use of the information from the title, brief and detailed summary, and con-
textual information about the structure and design of the trial. This suggests that the ability
to synthesise local and global information is particularly important for the question, and
may explain performance differences between GPT-40 and the top-performing RAPTOR

configuration.

3.5.3 Embedding model

In terms of the embedding models, the results show that the text-embedding-ada-002 em-
bedding model (OpenAl embedding model) from OpenAl and the BGE embedding model
achieved similar performance, with few exceptions. The BGE model was designed to handle
RAG-related tasks natively, which may explain the generally strong performance. When
choosing an embedding model for use with the RAPTOR framework, the BGE embedding
model appears to perform at least as well as the OpenAl embedding model and it is feasible

to fine-tune the BGE model for domain adaptations.

3.5.4 Future work

The results suggest that applications of the RAPTOR framework and appropriate choices
for language models, chunking strategies, and embedding models may still be relevant even

as larger language models are developed. New evidence suggests that models with much
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longer context lengths may still suffer degradation in performance [35, 57], which suggests
that RAPTOR and other tree-structure frameworks could increase performance for applied
tasks not only in environments with constrained computing resources, but also more broadly

in larger models.

Another interesting aspect of this work was the use of simple and complex questions. An
underlying assumption is that the RAPTOR framework may be better suited to questions that
need to make use of local and global information to produce correct responses. Questions
labelled as ‘complex’ in the QUALITY dataset do not always represent this same type of
complexity. New datasets and question-answer pairs that examine this type of complexity in

more detail are likely to be useful for future investigations.

ClinicalTrials.gov is underutilised. It is a large and public dataset, with a broad range of
downstream tasks [60, 109, 19]. Many of these downstream tasks may benefit from RAG-
based methods to support information extraction, synthesis, and classification. The CTQA
dataset may be of value to the community for further benchmarking and used as test cases for

the development and evaluation of new methods.

3.6 Conclusion

This benchmarking study showed that the RAPTOR framework varies in performance de-
pending on configuration and the types of questions it is used to answer. The results showed
that language models with fewer than 10 billion parameters can be used with the RAPTOR
framework to overcome the long context problem, and these configurations are a feasible
solution in scenarios where larger language models cannot be used. The results also showed
that the use of a semantic chunking method improved the results compared to the standard

character chunking method.



CHAPTER 4

CTLIlama: Clinical Trial Specific Domain Open-source Large Language

Model for Research

4.1 Introduction

ClinicalTrials.gov is a registry for clinical trials and includes information from more than
500,000 trials and other studies, developed to provide public information about the design of
studies before the study begins [96, 79]. The goal is to explore how LLMs can improve the use
of this data. While many studies have focused on clinical trial prediction and data mining with
traditional methods like Random Forest, XGBoost or Logistic Regression models [109, 19,
59]. Recent work has shifted towards LLMs implementation for the ability to generalize across
different downstream tasks. One work conducted and implemented based on the existing
off-the-shelf LLMs [85] like GPT-4. Another work combined with external knowledge-graph-
based RAG framework to optimize the performance [47]. Recent studies have not yet touched

on how to optimize the LLM itself for the ClinicalTrials.gov database.

This study proposes a new pre-trained domain-specific model called CTLlama-8B. The
objective of the CTLIama-8B model is to create an optimized open-source model that can be
inference locally to understand and generate insights from clinical trial registration content.
The model builds on the Llama-3.1-8B model and is continually pre-trained on over 100
billion tokens from the newly collected and preprocessed clinical trial registration dataset
named CiTi, which focuses on the clinical trial registration data and their related publication

abstract contents. The contributions to this study are as follows:
37
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e Collected and preprocessed a large clinical trial registration dataset, named the CiTi
dataset, consisting of 358870 clinical trial registration reports converted from JSON
data to human-readable reports. The dataset also contains 1401401 PubMed abstracts
mentioned in clinical trial registration data as background studies, result publications
or related publications. Those studies are mentioned in citation format, and their
abstract can be downloaded from PubMed. The dataset can use these abstracts as
additional domain knowledge for the motivation or outcomes of the clinical trials,
and extending the knowledge base from pure clinical trial context to the medical and
health domain.

e Produced the domain-specific CTLlama-8B model using domain-adaptation con-
tinual pre-training for a better understanding of the clinical trial registration content
and relevant medicine and health domain content. Additionally, a CTLlama-8B-
demo model was produced during the experiment to fully demonstrate the impact of

the continual pre-training on the language models.

4.2 Related Work

4.2.1 Open-source LLMs

The industry divided the LLMs into closed-source LL.Ms and open-source LLLMs. The
close-source LLLMs are the GPT-4 [72], Claude-3.5 [78], Gemini [101] and other LLMs that
only provide service by the founder company without providing the model parameters. The
open-source LLMs like Mistral [39], Qwen [6] and Llama [4] have published the model
parameters and welcome other researchers for downloading. More comparisons are listed in

Table 3.1.

Using the Llama model series as an example of open-source LLMs, it has an extremely clear
and transparent development roadmap. It started its journey from the original Llama model

series in 2023 to the Llama-3.2 model series, released recently in September 2024. It also
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covers a wide range of selections from 3 billion parameters to 405 billion parameters for

different purposes.

Many studies are built successfully on top of those foundational open-source models for
evaluation [125, 13, 55], domain shifting, and developing new strategies. For those interested
in shifting these generalized LLMs into domain-specific models like biomedical or clinical
domains, their main converting strategies are either implementing instruction fine-tuning
for the downstream tasks or conducting continual pre-training for the domain knowledge

injection.

4.2.2 Instruction fine-tuning

The concept of instruction fine-tuning was introduced in 2021 by the study of zero-shot
learning [112]. It is a special training process that involves training the model using the
instruction and output from the dataset. The instruction indicates the human instruction or the

user query, and the output represents the desired output from the model developer.

Instruction fine-tuning can help the model to generate better results in the downstream tasks
with appropriate instruction datasets. Many studies have adapted this idea to build their version
of the domain-specific model from the open-source ones. ChatDoctor [55] is an excellent
example of how only instruction fine-tuning could modify the generalized LLMs, such as
the Llama model, into a medical domain model. It uses 100,000 patient-doctor dialogues as
the instruction dataset for the training process to implement instruction fine-tuning, and the
result shows that it outperformed the ChatGPT in a wide variety of novel medical tasks in
question-answering scenarios. The ChatDoctor model demonstrated what a fine-tuned model
could achieve in its target domain, and it used a large dataset, which consumed a relatively

large computational resource during training.

In reality, not everyone can afford the resources to conduct full-size training on the model,
and it is not cost-effective to do that for a large dataset. Therefore, a more efficient fine-tuning
strategy is required to optimize the training process. Low-rank adaptation [36] (LoRA) is one

of the most popular training strategies in the area. The idea behind the LoRA strategy is to
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first freeze the model parameters, then construct and train the new parameters to the target

model layers on the side of the model and adapt the new parameters to the original model.

The most obvious advantage of the LoRA strategy is the significantly lower cost compared to
the full-size training. The original LoRA study indicated that the model could achieve 95%
of full-size training performance with only 10% of parameters being trained. Another study
shows that it has a relatively small catastrophic forgetting issue compared to full-size training
and freeze-layer training. Besides that, because the LoRA strategy adopted the idea of the
adaptor, which means the new parameters are stored separately from the model, it can be
quickly swapped in and out for different domains and tasks, reducing the performance decrease
by cross-domain. The Med42 [13] has demonstrated the LoRA strategy implementation in
the instruction fine-tuning process. With limited resources, it can still surpass the GPT-3.5

model in multiple medical datasets.

4.2.3 Domain adaptation continual pre-training

Instruction fine-tuning can help the LLMs generate better responses to downstream tasks
by training them on the relevant instruction dataset. However, it is not so helpful when the
model lacks domain knowledge. For example, a pre-trained LLM can only be trained using
the English dataset, and it would be hard for the model to understand the Spanish instruction;
or if the model had only been trained on the general domain texts, it would not be optimal for

the clinical domain tasks after.

The continual pre-training process can be more helpful in this scenario. It represents the
pre-training process on top of the already pre-trained model [31]. Some empirical studies [43,
123] discussed the importance of the continual pre-training process when constructing the
domain-specific models. PMC-Llama [113] demonstrated a good example of the continual pre-
training process. It conducted the continual pre-training process first as a step of knowledge
injection, then performed the instruction fine-tuning process to target the downstream tasks
and the ability to "communicate". It stated that the continual pre-training process is essentially

a process of knowledge injection, which helps the LLM develop more potential in the future.
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In its comparison, it surpassed the ChatGPT in multiple medical-related tasks, and it also

outperformed the previously mentioned Chat-Doctor by over 20% in those tasks.

The concerns of the continual pre-training process are similar to those of the instruction fine-
tuning. The most obvious one is the requirement of an extensive number of computational
resources for full-size training. Since continual pre-training and instruction fine-tuning are
both casual model training, it is common to use similar strategies, i.e. LoRA training, to
deal with resource consumption. The second issue is the catastrophic forgetting problem
mentioned by multiple studies [54, 94]. The continual pre-training process would cause
the model to perform worse in the previously trained domain while it gains better results
in the new domain. These studies conclude that there is no good solution to completely
solve the catastrophic forgetting problem. however, some studies have provided comments
and solutions to mitigate the issue. For example, RationaleCL [117] proposed a contrastive
rationale replay to deal with the problem. Similarly, Contunual-TO [92] designed a memory
buffer to replay the previous task. Also, a LoRA-based approach CURLoRA [24] is designed

to stabilise the model performance.

4.3 Methodology

4.3.1 Dataset

I have collected and organized two main datasets for the continual pre-training in this study.

The first dataset collected is the clinical trial registration (CTR) dataset, which includes
all clinical trial registrations that can be downloaded from ClinicalTrials.gov until March
2024. ClinicalTrials.gov is a registry website that stores over 500,000 detailed clinical trial
registration data that could be in the states of proposing, ongoing, finished or termination. It is
run by the United States National Library of Medicine at the National Institutes of Health and

holds data from 221 countries. The total number of reports collected and included is 358870.
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As demonstrated in Table 4.1, the original data are in the JSON format string. Compared to
the website-displayed version, the JSON data contains extra unnecessary data like the keys
and ids and it is different from the human-readable text. This study have analyzed all reports
and compared them with the website-displayed version. I then preprocess the raw data and
construct the text reports based on the JSON data. The final dataset for the clinical trial reports
is the preprocessed version that looks like the website-displayed version, and they are much
more readable compared to the original data. More details and comparisons are shown in

Table 4.1.

TABLE 4.1: Comparison of clinical trial report between before and after preprocessing

Category | Report Content

Before {’protocolSection’: {’identificationModule’: {’nctld’:
"NCTO04207931°, ’orgStudyldInfo’: {’id’: *IRB00043796’},
‘organization’: {’fullName’: "Wake Forest University Health Sci-
ences’, ‘class’: "OTHER’}, ’briefTitle’: *Treatment Results for
Patients With Central Centrifugal Cicatricial Alopecia (CCCA):
a Multicenter Prospective Study’, ’officialTitle’: ’Treatment
Results for Patients With Central Centrifugal Cicatricial Alopecia
(CCCA)

After # Introduction

Title: Treatment Results for Patients With Central Centrifugal
Cicatricial Alopecia (CCCA): a Multicenter Prospective Study
ClinicalTrials.gov ID: NCT04207931

Information provided by: Wake Forest University Health Sciences
Information Provider: Wake Forest University Health Sciences
Last Update Posted: 2024-01-30...

The second dataset collected is the related publication dataset. It is noticeable that for some of
the clinical registration reports, there is a related publication section that contains citations of
background, derived results, and unlabeled studies related to clinical trial registration. Each
related publication contains its PMID, which can be used to retrieve the abstract content from
the PubMed website directly. There are in total, 1401401 related publications collected in the
dataset for this study. I also converted the available data from the original clinical trial data

into human-readable content. The detailed comparisons are listed in Table 4.2.



4.3 METHODOLOGY 43

TABLE 4.2: Comparison of Related Publication Between Before and After Preprocessing

Category \ Report Content

Before ‘referencesModule’: {’references’: [{"pmid’: *1739290’, "type’:
"BACKGROUND?, “citation’: "Sperling LC, Sau P. The follicular
degeneration syndrome in black patients. "Hot comb alopecia’
revisited and revised. Arch Dermatol. 1992 Jan;128(1):68-74."},

After BACKGROUND Reference - Abstract: Arch Dermatol. 1992
Jan;128(1):68-74.

The follicular degeneration syndrome in black patients. 'Hot
comb alopecia’

revisited and revised. ...

The final dataset used in the continual pre-training process is the concatenated dataset from the
above two datasets. I merged the clinical trial registration report with the related publication
together based on their acid and separated them by special tokens which represent the
beginning of reference content and the ending of the reference content: <begin_of_ref> and
<end_of_ref>. I hope the model can identify the difference between the target report and the
reference context from the training process. I named the final dataset the CiTi dataset. The

example of the collected data is presented in Table 4.3.

TABLE 4.3: Final Organized CiTi Dataset Lookup

Category | Content

Report # Introduction

Title: Treatment Results for Patients With Central Centrifugal
Cicatricial Alopecia (CCCA): a Multicenter Prospective Study
ClinicalTrials.gov ID: NCT04207931

Information provided by: Wake Forest University Health Sciences
Information Provider: Wake Forest University Health Sciences
Last Update Posted: 2024-01-30...

Publication <begin_of_ref>BACKGROUND Reference - Abstract: Arch Der-
matol. 1992 Jan;128(1):68-74.

The follicular degeneration syndrome in black patients. *Hot
comb alopecia’

revisited and revised. . . .

<end_of ref>
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During the instruction fine-tuning process, I implemented one dataset called alpaca-gpt4-
en [77] for all 3 models. It is a public-available instruction dataset containing 52000 conver-
sational instructions for training purposes. It is a general-purpose instruction dataset, and it

does not contain any medical instruction.

During the evaluation process, I implemented 3 datasets for all 3 models. These 3 datasets are
also public-available datasets implemented by the previous studies for training and evaluation

purposes.

The first evaluation dataset is the PubMedQA dataset [41]. It is a biomedical research question-
answering dataset collected from PubMed abstracts. It contains 1000 True or False questions
in the evaluation subset. The speciality of this dataset is that it contains the context section.
Therefore, the model could perform in-context learning from the information provided. The

questions in this dataset are highly related to the CiTi dataset.

The second dataset is the MedQA dataset [40]. It is a multiple-choice question dataset
collected from the professional medical board exams which is related to the medical domain.
Only the test subset is used for the evaluation process. The test subset contains 1270 multiple-
choice questions. Each question contains 4 options, and only one is the ground truth answer.
The ground truth label is presented as A, B, C and D. It does not provide the related context

for the question. Therefore, the model response relies on the model itself.

The second dataset is the MedMCQA dataset [74]. It is a multiple-choice question dataset
collected from the AIIMS & NEET PG entrance exam, which is related to the healthcare and
medical domain. I took the first 500 samples of its validation subset for the evaluation process.
It contains over 4180 multiple-choice questions. Each question contains 4 options, and only
one is the ground truth answer. The ground truth label is 0, 1, 2 and 3. Similar to the MedQA
dataset, it does not have the context as well. Therefore, the model response also relies on the

model itself for this dataset.
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4.3.2 Training details

45

This study has implemented two steps in the training process: continual pre-training towards

domain adaptation and instruction fine-tuning, as shown in Figure 4.1.

Instruction Fine-Tuning

Downstream Dataset:
Alpaca-gpt4-en

Instruction
Fine-Tuning

Continual Pre-Training

CTLlama-8B-demo CTLlama-8B-
Foundation Model Instruct-v0.1-demo

*Only 3.64% CiTi
Dataset Were Used

Meta’s Llama-3.1-
8B

i *Conversation & Tasks
Foundation Model
Self-supervised
- Learning
CiTi Dataset:

Instruction Fine-Tuning
- 360K Clinical o
Trials Reports; Training with LoRA Strategy CTLlama-8B Downstream Dataset:
-1.4M related Foundation Model Alpaca-gptd-en

PubMed abstracts; *100% CiTi Dataset
Were Used

Instruction
Fine-Tuning

CTLlama-8B-
Instruct-v0.1

*Conversation & Tasks

FIGURE 4.1: Model Training Pipeline

The base models used in this study are Llama-3.1-8B. Compared to its predecessor, the

Llama-3-8B model, the Llama-3.1-8B has expanded the context length from 8K to 128K

natively. Therefore, there is no need for us to implement progressive learning to further

expand the context length to fit the clinical trial registration reports and potentially related

publications. However, it is still a question whether the model can fully adopt the long context

length after training.

This study implemented the novel CiTi dataset mentioned above for the continual pre-training

process. The main purpose of the continual pre-training process is to inject knowledge into

the model so that the model has a better understanding of the clinical trial domain. The

trained model should perform better in the medicine and health domains and inference more

efficiently.
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To address the high training cost and catastrophic forgetting, the LoRA strategy was imple-
mented and adjusted the training epoch to 1 in the continual pre-training process. The training
log suggested that the total trainable parameters for the Llama-3.1-8B model are around 9.1
billion, and the LoRA strategy reduced the workload to around 1 billion parameters with
only 11.8% of the total model parameters. It provides a feasible solution to therequirement in
this study without any significant drawbacks. More details of training hyperparameters are

presented in Table 4.4.

In the training experiment, I first selected a small portion of data from the CiTi dataset by
setting "Max Sample" as 50,000. The selected subset represents only 3.64% of the whole CiTi
dataset. This subset is then be used to construct a demo model named "CTLIama-8B-demo".
Then, the full dataset was applied to the continual pre-training process and produced the fully

trained model named "CTLlama-8B".

The purposes of this training process are one, to demonstrate the impact of the continual
pre-training process due to the model; two, to provide a more detailed experiment result in
the later evaluation process; and last, to test and make sure the training framework is working
and compatible with the training platform.

TABLE 4.4: Model training hyperparameters during continual pre-training process

Training Parameter \ Demo model \ Full model
Fine-tuning Method LoRA LoRA
Target Layers all all

Max Samples 50000 100000000
Cutoff Length 8192 8192

Initial Learning Rate 0.00001 0.00001
Learning Rate Scheduler cosine cosine
Training Epochs 1 1

This study used the cloud-based AWS platform as the hardware environment for all training
processes. The instance used for the continual pre-training process is the AWS ml.p4de.24xlarge

instance includes 8 A100 GPUs.

Then I conducted the instruction fine-tuning process for all three models. The purpose of the

instruction fine-tuning process is to give the model the ability to "communicate" with the users.
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I did not collect the instruction question-answering dataset for the study because the purpose
of this study is to construct the base model. However, it is essential to run the instruction
fine-tuning process for evaluation. Therefore, I used the public-available Alpaca-gpt4-en
dataset [77] for the instruction fine-tuning process in this study. The result models can conduct
communications with users and generate human-readable responses accordingly. Because I
only conducted the most basic instruction fine-tuning process, the evaluation result does not
reflect the absolute performance of any of those models; instead, it could demonstrate the
relative comparison between the models. The instance I use for the instruction fine-tuning

process is the AWS ml.g5.12xlarge instance with 4 A10G GPUs.

Similar to the continual pre-training process, I implemented the same instruction fine-tuning
process for the original Llama-3.1-8B model, the CTLlama-8B-demo model and the CTLlama-
8B model. The purpose of repeating this step is to provide a fair and direct comparison of the

model in the evaluation phase.

4.3.3 Evaluation

The evaluation process was implemented in the local environment that consisted of 1 RTX
3090 GPU with 24 GB of VRAM. The 4-bit quantization configuration was added to all
models in the inference phase to eliminate the VRAM consumption overflow during the
evaluation process. Since this evaluation aims to observe the relative performance differences
among the three models, the performance drop due to the 4-bit quantization configuration
is negligible in this case. The evaluation is then conducted for all three models using the
PubMedQA, MedQA and MedMCQA datasets with F1-score as the evaluation metric. Similar
to the previous study in Chapter 3, I also encountered the issue where the model response is
not in the exact form I expected. Therefore, this study again implemented the same LLM-
based evaluation for all evaluation results to extract and organize the answer in the desired

form (Yes/No for PubMedQA dataset, and A/B/C/D for MedQA and MedMCQA datasets).
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4.4 Results

The evaluation results of each model are presented in Table 4.5. The numbers represented
the model performance in terms of accuracy in each evaluation dataset between the baseline

Llama-3.1-8B model, the CTLlama-8B-demo and the CTLlama-8B model.

The result shows a stable relationship across different datasets and the 3 models. The continual
pre-trained CTLlama-8B model has achieved the highest accuracy in all 3 datasets among
the 3 models. The slightly trained CTLlama-8b-demo model reached second place in all 3

datasets. The baseline Llama-3.1-8B model only scores the lowest results in all 3 datasets.

Compared to the base model Llama-3.1-8B, the continual pre-training process provided
a performance gain of 57.9%, 3.3% and 75% for the CTLlama-8B model with respect to
the PubMedQA, MedQA and MedMCQA datasets. On average, it provided a 36.3% of

performance gain to the CTLlama-8B model.

TABLE 4.5: Result Demonstration Across 3 Models

Model* PubMedQA | MedQA MedMCQA | Average
Marco-F1 Marco-F1 Marco-F1 Marco-F1
Llama-3.1-8B 0.228 0.459 0.264 0.317
CTLIama-8B-demo | 0.327 0.459 0.377 0.388
CTLIama-8B 0.360 0.474 0.462 0.432
* All models have implemented 4-bit Quantization for the inference to save the GPU memory
consumption.

4.5 Discussion

4.5.1 Result discussion

Overall, the result supports the assumption of the importance of the continual pre-training
process. The result presented a clear positive relationship between the number of samples used
in the continual pre-training process and the accuracy score presented in the table. The results

also indicate that the CTLlama-8B model outperforms the original Llama-3.1-8B model in
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the PubMedQA evaluation. The 3 models have shown similar gaps in the MedMCQA dataset,
where the baseline Llama-3.1-8B model slightly falls behind the CTLlama-8B model. A
similar situation is presented in the MedQA dataset, but the gaps between the 3 models are

smaller.

The CTLlama-8B-demo model presented a closer result to the CTLlama-8B model in the
PubMedQA dataset and a closer result to the other two datasets. This relationship indicates
that even a small amount of continual pre-training could help the model gain better results
in in-context learning. However, more knowledge is still needed in scenarios of zero-shot
learning like MedQA or MedMCQA. The result in these two datasets demonstrated that there
is a notable improvement for the CTLlama-8B-demo compared to the Llama-3.1-8B by only
using 3% of the CiTi dataset in the training process, but the overall result reflected that it still

needs more knowledge injection to fully adapt the clinical trial registration content.

The CiTi dataset contains information collected from ClinicalTrials.gov and PubMed web-
sites. However, the alpaca-gpt4-en dataset does not contain medicine and health domain
information, and the instruction fine-tuning process was implemented with the same training
hyperparameters on all 3 models. Therefore, the evaluation process in this study has presented
a fair comparison of the relative performance between the 3 models, and the increasing
accuracy shown in the result can only come from the continual pre-training process, indicating

its importance for domain-specific models.

4.5.2 Future works

The result indicates that continual pre-training is an important phase in formulating the
domain-specific model. However, instruction fine-tuning is still highly relevant to the actual
task performance of the models. Another interesting finding is that the result indicates
that the model only needs a small amount of continual pre-training to benefit from the in-
context learning. The future opportunity could be to evaluate the balance between training
and performance so that the models can gain better results in the retrieval argumentation

generation frameworks.
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4.6 Conclusion

This study proposes a new domain-specific LLM for this study to better understand the
clinical trial data. This study shows that generalized LLMs can benefit from continual pre-
training in domain-specific tasks. The result indicates that the continual pre-training does
look like a knowledge injection stage for the model because two out of three datasets are not
directly related to the training dataset, and for the one dataset, PubMedQA, that is related
to the training dataset, I did not fully collect the data from PubMed website as well. The
evidence has suggested that continual pre-training is a great learning opportunity for the

domain-specific model.



CHAPTER 5

Discussion

5.1 Summary of aim and findings

The primary aim and objectives of this thesis consist of three main areas. Firstly, it addresses
the challenges of designing LLLM-based clinical applications for local language models to
process long clinical content. Secondly, the work explores the methods and pipeline of RAG
frameworks, mainly through the RAPTOR framework. Additionally, this thesis wants to
tackle and examine the insight of constructing a domain-specific language model for better

and more efficient clinical application.

Chapter 3 introduced an external solution for the local language model implementation,
which modified the existing RAG-based framework RAPTOR with new chunking strategies
and embedding models to optimize the scenarios of adapting local language models to the
framework. The experiment result in this study showed that, by modifying the chunking
strategy, the framework improved 2-3% of accuracy on average for both the cloud-based
GPT-3.5-Turbo model and the local inference Mistral-7B-Instruct-v0.2 model. For the result
in complex questions of the CTQA dataset, it even surpasses the GPT-40 model by 7-8% of

accuracy on average.

Chapter 4 explored the internal solution to the question by constructing a new domain-
specific model, CTLIama-8B, that has a better understanding of the clinical trial registration
data. The evaluation result indicated that the continual pre-training process in the study
successfully helped the original model adapt to the domain knowledge. The number showed

that the average accuracy of CTLlama-8B in the evaluation result is doubled compared to the
51
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original Llama-3.1-8B. It presented the importance of the continual pre-training process when

constructing a domain-specific large language model.

5.2 Implications of future research

This thesis has discussed and demonstrated a clinical question-answering framework modified
from the RAPTOR framework for better local language model implementation. It also show-
cased a new domain-specific model optimized for the clinical trial registration data. A future
opportunity would be first to continue the instruction fine-tuning and reinforcement learning
procedures for the model to build a complete conversational large language model based on
the successful continual pre-trained CTLlama-8B, and then proceed to the development of

external RAG-based framework for quickly updating the domain information and knowledge.

The results in Chapter 3 showed that the RAPTOR framework with a locally implemented
open language model outperformed the much larger general GPT-4, but only in certain
complex questions. This was likely because of how RAPTOR synthesizes local and global
information in a hierarchical form. Investigations into performance differences across different
types of simple and complex questions are largely unexplored. Chapter 3 only proposed the
fundamental way of distinguishing simple and complex questions, where the questions that
take more steps in human logic would be considered complex questions. Future research
could consider classifying the complexity of questions with more details before determining
the specific configuration that is most suitable, where complex questions are answered using

different configurations.

Chapter 4 showcased the language model that combines the existing generalized LLM with
the data from ClinicalTrials.gov, and the evaluation result indicated that it could demonstrate
some exciting performance in medicine and health domain questions. ClinicalTrials.gov,
as an underutilised but important data source, would be an important future opportunity by
itself. The development of LLMs based on it will have a huge potential to improve the design,

efficiency, and synthesis of clinical trials.



CHAPTER 6

Conclusion

This thesis explored and discussed the challenges and solutions for building and optimizing
local language models for domain applications using RAG-based frameworks and domain-
specific LLMs. The introduction provides a general background of the electronic medical
record data and the clinical trial registration data. It also discussed the challenges and
opportunities of dealing with these databases, where researchers and general users would
benefit from the LL.Ms to simplify messages, extract information and generate insights from
the original data, but they would require the model as the local language model or "on-device

AI" due to data privacy concerns or limited internet access in the workplace.

A clinical question-answering framework based on the existing RAPTOR framework was
introduced in the study. It is designed to extract information and generate insights for complex
questions using the local language models or "on-device Al", providing a suitable solution
for users who have limited access to the cloud-based LLMs and who have concerns about
violating the data safety agreement. During the experiment, the RAPTOR framework was
deployed and tested locally to demonstrate the capability of local language models within the
limited environment that prioritize data security issues and are disconnected from cloud-based
LLMs. The study also introduced a new chunking strategy to the RAPTOR framework and
switched the supported embedding models to the BGE-M3 model, optimized for RAG-related
retrieval tasks. The benchmarking results showed that the modified RAPTOR framework
achieved efficient retrieval of clinical information from the novel clinical trial registration
dataset while maintaining high accuracy that surpass the GPT-40 in the complex questions. It
also showed that the new chunking strategy and embedding models could help the RAPTOR

framework achieve better results in both clinical and normal literature domains.

53
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In the next study, I proposed a new modified model named CTLlama-8B. It is a domain-
specific model specially designed and trained to target the clinical trial registration data. It
was built on top of the existing Llama-3.1-8B model, where the continual pre-training process
was implemented in the study to build the new model. The dataset used in this study was
novelly collected and preprocessed from the ClinicalTrials.gov and PubMed websites. The
evaluation was conducted using 3 public-available datasets that cover medicine and health
domain questions related to the training dataset without duplication. The results showed that
continual pre-training could help the model achieve domain adaptation without question, and

it should be considered a necessary step to build a domain-specific LLM.
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1 Appendix

1.1 Evaluation Prompt Templates

Table .1 shows examples of 3-shot prompt templates used for response formatting and

extraction purposes. These are demonstrated with 1 example for illustrative purposes; other

examples are replaced by example #N in the table.
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1 APPENDIX

TABLE .1: 3-Shot prompt template examples

Task |

Prompt

CTQA

You are a helpful assistant who can extract information. Response "NaN’
if answer is not existed. You always answer the question in the simplest
way possible without adding any extra information.

User: For the text below related to the Clinical Trials, What is the number of
participants who experienced serious adverse events in the first arm/study?
Text Content: In the results of this trial, no participants had serious adverse
events in either study arm. Answer: Assistant: 0

example #2

example #3

For the following text in the bracket which related to the Clinical Trials,
What is the number of participants who experienced serious adverse events
in the first arm/study? Text Content: {response} Answer:

QUALITY

You are a helpful assistant who can extract information. Response "NaN’
if answer is not existed. You always answer the question in the simplest
way possible without adding any extra information.

User: Given the following model response and Options, I need you to
extract the actual model response for me. The multiple choose question
only have 4 answers: A,B,C,D. Model Response: "Answer: 6"; Options:
[’8,°3%,°67,°10’]; Answer: Assistant: C

example #2

example #3

User: The multiple choose question have 4 answers: A,B,C,D. Given the
model response and the options, I need you to extract the actual model re-
sponse for me. Model Response: {response}; Options: {options}; Answer:
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