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ABSTRACT:

The thesis explores the use of Large Language Models (LLMs) to assist in radiotherapy treatment
recommendations for patients with oral cancer, which is a subtype of head and neck cancer (HNC)
that involves a complicated process of clinical decision-making. The research thesis examines the
manner in which sophisticated LLM-based models could be used to support clinicians through
the analysis of structured clinical data and subsequent creation of guideline-congruent
treatment recommendations. Four LLMs, namely, BioGPT, Llama, GEMMA, and Meditron were
the chosen LLM architectures for radiotherapy treatment recommendations according to the
patient characteristics and tumour staging information. In the study, a quantitative experimental
design was adopted and anonymised clinical datasets were used. Ordered patient records have
been converted to natural language prompts, which can be used to interact with language
models. Quantized Low-Rank Adaptation (QLoRA) was used to implement parameter-efficient
fine-tuning, which enables the models to acquire task-related knowledge without having to
retrain the whole network. To assess the performance of model predictions, typical performance
metrics were used, such as accuracy, precision, recall, F1-score and confusion matrix analysis.
The findings show that LLM-based architectures are able to process structured clinical
information and provide precise treatment advice. It was revealed from the experiments that
Llama-3.1 showed the best predicting capacity among all the tested models with an accuracy
rate of about 93-94%, whereas BioGPT had good biomedical capabilities and provided
predictions with an accuracy rate of about 86-87%. The comparative analysis also revealed that
the performance in model architectures differed, thereby demonstrating the significance of
domain-specific training and prompt engineering. Ingeneral, the results are indicative of the fact
that the LLMs can be used as clinical decision-support systems in oncology. Even though such
systems cannot substitute professional judgment, they may improve the multidisciplinary
decision-making processes, helping clinicians to analyse the patient data and provide evidence-
based treatment.

KEYWORDS: Head and Neck Cancer; Oral Cancer; Fine-tuning LLM; Large Language Models,
Clinical Decision Support, BioGPT, Llama, Gemma, Meditron, Radiotherapy Prediction,
Artificial Intelligence in Oncology.
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1 Introduction

1.1 Head and Neck Cancer

Head and Neck Cancer (HNC) is one of the most significant health issues worldwide
(Deng et al., 2025). A recent review of precision medicine showed that HNC is the sixth
most common cancer in the world, with about 900,000 new cases and 460,000 new
deaths each year (Miserocchi et al., 2022). As such, it represents one of the most
prevalent types of cancer globally (Miserocchi et al., 2022). According to the National
Cancer Institute (NCI), HNC includes the larynx, throat, lips, mouth, and nose, along with
salivary glands (NCI, 2025). The site within the HNC includes the oropharynx,
hypopharynx, nasopharynx, oral and lip cavities, and larynx, along with salivary glands
(Miserocchiet al., 2022). In most cases, HNC arises from the mucosal lining of the upper
aerodigestive tract (Dunn et al., 2026; Johnson et al., 2020). Specifically, those that
originate from the mucosal epithelium of the oral cavity are referred to as HNSCC
(Johnson et al., 2020). HNSCC risk factors encompass exposure to carcinogens, including
tobacco and alcohol (Dunn et al., 2026; Johnson et al., 2020). Lifestyle factors and viral
risks also influence the etiology of HNSCC. According to Johnson et al., oral cavities and
larynx cancers are typically linked to tobacco use, alcohol abuse, or both, whereas
pharynx cancers are linked to HPV infection (Johnson et al., 2020). The most common
type of HNC is Squamous Cell Carcinoma (Miserocchi et al., 2022). Remarkably, head and
squamous cell carcinoma (HNSCC) are aggressive and presented at a late stage
(Miserocchietal., 2022; Jianget al., 2025). Owing to the presentation of HNSCC at a late
stage (Jiang et al., 2025), the treatment should be carefully planned to improve the

overall survival of the patients.

Over the past few years, treatment interventions have been developed in respect to
these patients (Tolley et al., 2023), including targeted therapies and immunotherapies
that aim to address the unique challenges posed by HNSCC, such as resistance to
conventional treatments and the need for personalised approaches based on Tumour

characteristics. Nonetheless, their overall survival has not turned out to be very



satisfactory (Jianget al., 2025), indicating a need for more effective treatment strategies
and interventions to improve patient outcomes. In recent years, machine learning (ML)
and deep learning (DL) predictive models have shown promising performance and can
enhance the overall management of HNSCC by performing several diagnostic and
prognostic tasks in medical oncology, such as improving early detection rates and
predicting treatment outcomes in patients with HNSCC (Makitie et al., 2023; Alabi et al.,
2021a; Alabietal., 2021c). With the advancements in computing capacity and availability
of medical data in several formats, large language models (LLMs) have been trained on
large textual data. In recent years, LLMs have shown promising performance in
recognising patterns in texts. This ability may be useful in summarising medical texts
which may supplement clinical decision-making for personalised medicine aimed at
improving the overall management of cancer. Thus, this thesis primarily seeks to

investigate the use of LLMs for treatment recommendations in patients with oral cancer.

1.2 Oral cancer

The most common form of oral cancer is the squamous cell carcinoma. Thus, oral
squamous cell carcinoma (OSCC), which falls under the broad category of HNSCC, is a
cancer that develops in the mucosal lining of the oral cavity and it is by far the most
common form of oral cancer, accountingforaround 90% of all oral cancers and affecting
everyday functions that most people take for granted, including speaking, swallowing,
tasting, and appearance (Tan et al., 2023). Lip and mouth cancer ranks as the 16th most
prevalent type of cancer worldwide, but the incidence rates have been increasing
steadily with each passing year (Kijowska et al., 2024). Annually, there are 389,000
reported new incidences of lip and mouth cancers around the world, and if current
trends are allowed to continue, the number will rise by as much as 65% between now
and 2050 (Coletta et al., 2024). In the U.S., there are 11.7 cases detected per 100,000
individuals annually while mortality rate is 2.7 per 100,000 (based on cases documented

from 2019 to 2023 and mortalities from 2020 to 2024) (NCI, 2025).



The problemis especially a concern given that oral cancer is an easily detectable type of
cancer. Unlike tumours buried deep inside the body, abnormalities in the mouth can
often be seen or felt during a routine visit to a dentist or doctor (Tan et al., 2023;
Gonzalez-Moles et al., 2022). And yet, most patients walk into their first meeting with
anoncologist already carrying advanced disease, not because the cancer was difficult to
find, but because nobody looked for it early enough (Gonzéalez-Moles et al., 2022). Once
the disease has reached an advanced stage, everything becomes harder. Treatment is
more intensive, side effects are more severe, and the chances of surviving the disease

drop considerably (Gonzalez-Moles et al., 2022).

Treatment decisions depend largely on the stage of advancement of theillness. Indeed,
the Tumor Nodal Metastasis (TNM) staging, which considers the classification of a
tumour according to its size, cancer involvement of the lymph nodes and metastasis
elsewhere in the body, forms the foundation of most treatment decision-making
frameworks (Suri et al., 2024). Nonetheless, TNM staging was created to offer prognosis
for large groups of patients but not considering the uniqueness of each person. For
instance, it fails to take into account the general health status, genetic makeup,
responsiveness of a person to previous interventions and tolerance to intensive
therapies among others (Kang et al., 2025; Alabi et al., 2021c). As a result, there is an
increased need for alternative technologies. In recent years, artificial intelligence (Al)
subfields such as ML and DL have shown promising results for personalized

prognostication (Alabi et al., 2021a-c).

As stated in the previous part, ML and DL have proved themselves to be highly efficient
in HNC, and the same applies to the use of these technologies for detecting oral cancer
(Alabietal.,2021a). The early diagnosis of the disease is one of the most crucial aspects
of researchin the sphere, and it was exactly the limitation that led to greater interest in
the application of LLMs in practice (Hao et al., 2025). Thus, this thesis is focused on
analysing four different LLMs, namely, BioGPT, Llama, GEMMA, and Meditron, for
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generating treatment recommendations, especially, radiotherapy recommendation for

patients with oral cancer.
1.3 Objectives

The following are the objectives of the thesis:
1. To explore the use of four main LLMs for treatment recommendations for
patients with OSCC. The chosen LLMs are BioGPT, Llama, GEMMA, and Meditron.

2. The highest performing LLM is integrated as a web-based prognostic tool
1.4 Significance and expected contributions

The study is relevant for personalised medicine by leveraging LLMs’ ability to analyse
complex data and generate human-like text based on the data. These models are
intended as ancillary tools for clinical decision-making. Predicting overall survival in
patients with cancer is challenging due to different patient-related factors such as age at
diagnosis, gender, marital status, pathological grade, tumour characteristics, and
available treatment modalities. Traditionally, the American Joint Cancer committee
(AJCC) TNM staging system represents an important tool for staging and treatment
recommendations. However, the TNM staging has been criticized because it primarily
estimates prognosis at the populationlevel. For an individual patient, it is less effective
for estimating outcomes due to its inability to consider other tumour- and patient-
related risk factors (Alabi et al., 2021c), such as genetic mutations, overall health status,
and response to previous treatments. To this end, the LLM considers these factors

together to accurately predict patients’ outcomes for targeted treatment planning.
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2 Literature Review

The current medical treatment of oral cancer is founded on multimodal treatment
comprising surgery, radiotherapy and systemic therapy, based on staging, resectability
and expected functional results for the individual (Huang & O'Sullivan, 2013). The UK
National Multidisciplinary Guidelines on HNC suggest treatment of OSCC is managed by
a Multidisciplinary tumor (MDT) board with the purpose of maintaining oncological
control and ensuring patient speech, swallowing and eating function are preserved
(Homer & Winter, 2024). It is recommended treatment should be selected accordingto
tumour accessibility and preservation of oral function. Oncology control should be
maintained by a well-defined and evidence-based multidisciplinary approach (Homer &

Winter, 2024; Suri et al., 2024).

2.1 Current treatment approaches for oral cancer

Remarkably, radiotherapy is frequently administered using an intensity-modulated
radiotherapy approach and it represents a treatment modality of choice (Huang &
O'Sullivan, 2013). Accordingto Huangand O'Sullivan (2013), treatment strategy between
surgery and radiotherapy depends upon tumour extent along with expected functional
and cosmeticoutcome. Huang and O'Sullivan (2013) further indicated that the selection
of sole or combined modality is based on various considerations including disease
control probability, the anticipated functional and cosmetic outcomes, tumour
resectability, patient general condition, and availability of resources and expertise. In
more advanced oral cancer, concurrent chemoradiotherapy is now a normal non-surgical
organ-sparing approach (Huang & O'Sullivan, 2013). According to Suri et al. (2024),
surgery is the primary treatment for early-stage OSCC, while adjuvant radiotherapy or
chemoradiotherapy is incorporated for patients at higher risk of recurrence (Suri et al,
2024). In cases where the organ-preserving method is either ineffective or impossible,
total surgical resection with reconstruction is still a significant salvage or first-line choice

(Huang & O'Sullivan, 2013).



12

To allow for effective treatment planningand personalised treatment that can facilitate
enhanced decision-making, Al-based models have been explored. In a cross-model
comparison of Turkish oncology board examinations, Erdat and Kavak (2025) highlights
the performance difference in the oncological knowledge. The models Claude 3.5 Sonnet
along with ChatGPT 40 demonstrated good performance. On the other hand, Llama-3
and Gemini 1.5 demonstrated poor performance. This means there exists variability in
model performancein oncology related tasks. The results generated through Al models
in response to user queries suggest that the application of LLMs in education relating to
oncology is encouraging, yet they also reveal that the general-purpose models find it
hard to reach special reasoning, especially in such a limited field as HNC. The authors
found that Llama-3 showed limited accuracy (29.3%) for thoracic tumours and an
accuracy of 30.8% for HNC. These findings suggest that there exist limitations in domain
specific reasoning within LLM architecture (Lotfian et al., 2025). LLM-based decision

supportin oncology can be improved by accommodating disease specific parameters.

Some existingliterature has compared the LLMs to human expertsin oncology decision-
making. However limited research highlights specific tumour sites, like OSCC. The first
comparison of ChatGPT-40 and Llama3in otorhinolaryngology, as reported by Buhr et al.
(2025), showed good performance. The accuracy score of 84 and 92 per cent was
reported. They did not conduct research on real-world diagnostic records. They used
simulated cases. Furthermore, LLMs performancein distinguishing between the largely
similar oral cavity subtypes was not considered. These models reached a reasonable
consensus with human Tumour boards. The researchers highlight the need of supervised
clinical integration within LLM recommendations. Thus, leaving open questions
regarding whether further fine-tuning can eliminate the difference between human and

machine reasoning (Mathew et al., 2024).

Based on this, this thesis evaluates four language models, BioGPT, Llama 3.1 8B, Gemma
3 1B-IT, and Meditron 7B, using structured oral cancer patient records and parameter-

efficient fine-tuning with QLoRA. Each model is trained and evaluated using the same



13

prompt format, standardised treatment labels, and test dataset to compare its ability to
recommend radiotherapy or no radiation for oral cancer patients. Models will therefore
take the same patient scenarios, based on anonymised oral cancer datasets that contain
patient information, basic tumor-related characteristics, and treated parameters for
treatment recommendation. The experimental design of the study allows adaptationin
real time and reproducibility. With controlled fine-tuning instructions and responses
dependent on the model, it is possible to compare the effect of various architectures
and mechanisms of fine-tuningon diagnosticaccuracy and interpretability. In the study
by Erdat and Kavak (2025), which concluded that less specialised training data or smaller
models might not be ready yet to be used in the application that demands the use of
detailed medical knowledge. This work evaluates influence of structured prompts in

establishing reasoning stability across specialised oral cancer scenarios.

2.2 Treatment recommendation challenges

Although several treatment choices exist but there are various constraints that have
been found in the treatment of OSCC. For example, functional outcomes, toxicity, and
the quality of life may be affected (Ahmadsei et al., 2022). Similarly, Li et al. observe that
although there have been improvementsin the treatment procedure but still the overall
survival rate is low. The treatment is adversely affected as factors like poor targeting and
low bioavailability causes low accuracy (Li et al., 2024). Traditionally,the TNM staging
forms a cornerstone for treatment recommendations. Despite accuracy of the TNM
staging to a reasonable extent still itis not suitable for personalised oncology. Owingto
the need to consider other Tumour- and patient-related risk factors, the TNM may not
represent an intuitive approach (Alabi et al., 2021c). This indicates the importance of
integrating multidimensional clinical variables within decision support framework
beyond traditional systems. In this thesis, LLMs are explored as decision-support models
that may integrate multiple clinical variables for radiotherapy-related treatment

recommendation in a structured experimental setting.
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Ah-thiane et al.(2025) compared the performance of LLMs with expert multidisciplinary
team choices in oncology (Ah-thiane et al., 2025). They found a high concordance rate.
The accuracy of the model was also significant. The results indicate accuracy of 86.6 in
tasks treatment recommendations. Guideline-based therapies showed a notably better
performance by LLMs, which means that they have a good command of organised clinical
reasoning. Thus, there exists a need of controlled implementation of LLM
recommendations in complex clinical scenarios. Ahn et al. (2025) show that the
application of LLMs in ENT is becomingincreasingly popularin clinical decision support,
research support, and medical education (Ahnetal., 2025). Large-scale pre-trainingand
instruction tuning can give general-purpose LLMs a benefit over smaller domain-specific
models. However, inconsistencies within benchmarking methodologies causes issues
within reliable assessment of LLM performancein oral oncology applications. Buhret al.
(2025) made a direct comparison of the recommendations of LLMs with human MDT
decisions in HNC oncology and presented concordance rates of 84% with ChatGPT-40
and 92% with Llama 3 (Buhr, 2025). Both models proved useful in identifying the
strategies of curative and palliative, and MDT members expressed the likelihood of the
benefits of the decision support. The results produced by LLMs closely matched MDT
recommendations, however they must be used for assistance rather than replacement

of clinicians.

In the specific context of oral cancer, Karuppan Perumal et al. (2025) highlight that Al-
driven clinical decision support systems hold genuine promise for improving the quality
and consistency of early diagnosis and treatment planning. Their review notes that
improvements in patient survival remain fundamentally tied to how quickly and
accurately the disease is detected and treated, an area where LLM-based tools are
increasingly being explored (Hao et al., 2025). Similarly, Alabi et al. (2021b)
demonstrated that deep ML applied to OSCC pathological images achieved diagnostic
accuracies of between 77.89% and 97.51%, establishing a strong evidence base upon

which LLM-based approaches can now build.
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2.3 Comparing LLMs for treatment recommendations

This thesis investigates whether fine-tuned LLMs can support radiotherapy-related
treatment recommendation for oral cancer patients. Having a prior model for treatment
recommendation can facilitate positive outcomes. This is quite important considering
the complex nature of the management of oral cancer. Oncology treatment planning
tasks with LLMs have shown growth as shown by recent studies. The article by Sarker
(2024) highlights the ability of LLMs in assisting within complex clinical environment.
Despite the promising potentials of LLMs, there are concerns, such as hallucinations and
ethical concerns, that should be carefully considered and addressed prior to
implementation (Chen et al., 2025a). The study by Benary et al. (2023) investigated the
role of LLMs in enhanced clinical decision-making by comparing treatment
recommendations by LLMs with those of a human expert molecular Tumour Board
(Benary et al., 2023). The authors engaged ten fictional and clinically realistic cancer
cases and evaluated four LLMs based on the number of treatments as well as their

relevancy that they generated.

The experiment suggested that a single LLM showed low overlapping with expert advice,
as the Fl-scores of 0.04, -0.19, and that the combination of the products of several
models showed insignificant enhancement in performance (F1 = 0.29). Despite the
situation where, in some cases, LLMs suggested some novel or potentially useful
treatment options, their recommendations were not often supported with enough
clinical reasoning and could be readily recognised as the Al form of recommendation.
This study highlighted the limitations of LLM-generated treatment recommendationsin
oncology. Their results emphasize that recommendations of the treatment that are
generated by LLM are frequently overly reliant on prompt formulation and do not
necessarily consider clinical individual limitations and this may lead to uncritical
implementation in high-stakes clinical care settings. The finding of this research indicates
that there is a need of supervision over LLM recommendations before use in clinical

applications.
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Although Chen et al. (2025b) acknowledge the practical constraint associated with
clinical deployment. Even though the authorsstate that LLM can be used to complement
decision support systems by extracting and synthesising information about electronic
health records and biomedical literature, they point out that, nevertheless, such
applications are not well-validated. The key challenge exists in terms of evaluation
framework specific to disease specificoncology related applications (Dusin et al., 2023).
In the context of oral cancer specifically, Hao et al. (2025) conducted a systematicreview.
LLM integrationsin cancer decision-making reported an average overall accuracy of 76.2%
across cancer types. While this evidence base is encouraging, the authors caution that
performance varied considerably across different cancer types and clinical tasks,

reinforcing the need for disease-specific evaluation of LLMs in oral oncology settings.

2.4 Research gap and contribution summary

The literature survey highlights the performance gap that exists corresponding to general
purpose LLMs. This exists especially in case of specialized oncological tasks. This was
reflected in detection of HNC using Llama-3 that yield accuracy of 30.8% only (Lotfian et
al., 2025). This indicates that general purpose LLMs generally have limited domain
specific precision. Furthermore, it also indicates that they have limited applicationin
clinical decision making. Although previous studies have examined LLMs in oncology
education, tumour board simulation, and general treatment recommendation tasks,
limited research has focused specifically on oral cancer treatment recommendation
using disease-specificstructured patient records. Existing studies often evaluate general-
purpose models using simulated cases, examination-style questions, or broad oncology
tasks, while fewer studies compare biomedical and general-purpose LLMs under the
same dataset, prompt structure, fine-tuning method, and evaluation metrics (Benary et

al., 2023; Buhr et al., 2025; Hao et al., 2025).

This thesis addresses this gap by showingthat fine tuning LLMs on structured oral cancer
datasets can significantly improve performance of prediction. The models are evaluated

using standardised patient records, binary treatment labels, and parameter-efficient
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fine-tuning with QLoRA. The contribution of this work is not to replace clinical decision-
making, but to examine whether fine-tuned general-purpose or biomedical LLMs can
provide consistent decision-support outputs in a controlled oral cancer prediction task.
This supports future research on safe, interpretable, and clinically supervised Al-assisted

treatment planning.
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3  Methodology

The study design is aimed at a comparative evaluation of general-purpose and medical-
adapted LLMs in terms of radiotherapy treatment recommendations. Rather than using
justasingle LLM, this research aims to demonstrate comparison between multiple LLMs
than just a single-model assessment approach. The chapter describes the research
design and rationale, research philosophy, flow of proposed work, data collection, label
standardisation, prompt engineering, model selection, parameter-efficient fine-tuning
using QLoRA, model training procedure, inference on the test dataset, performance
evaluation, comparative model analysis, experimental environment, reproducibility and
implementation structure, reliability and validity, ethical and data protection
considerations, and integration into a web-based prognostic tool. Such an approach
ensures a holistic way of assessing the quality of LLMs. The focus on the rationale of
model choice, the fine-tuning discipline, prompt engineering rigor, and the clinically
based assessment make the outcomes of the current study at once scientific and

practical.

3.1 Research design and rationale

The research design implemented in the study is a quantitative and comparative
experimental design focused on evaluating LLMs within a controlled clinical reasoning
task. The proposed project aims to determine whether LLMs can support treatment
recommendations for oral cancer by analysing heterogeneous clinical information.
Unlike conventional ML approaches that process numerical feature, this study
conceptualises LLMs as text-based reasoning systems that can be used to support
clinicians by organising information, promoting factors of interest, and proposing
treatment options. A comparative design was selected in order to make sure that the
disparity in model performances could be linked to architectural design and training data,
and not the experimental bias. The same clinical cases, prompt structures and evaluation
criteria were used to evaluate all the models, to facilitate fair and reproducible

comparison. The design is a direct response to limitations found in the existing literature,
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with most studies testinga single model in isolation or testing generic NLP benchmarks

that are not specifically for medical applications.

3.2 Research philosophy

The study has a positivist philosophy as a cornerstone because it is assumed that
clinically significant patterns can be objectively learnt based on data. Philosophical
viewpoint provided above is suitable for Al application in the field of oncology studies
where the quality of model functioningis evaluated based on objective criteria, such as
accuracy and predictability. However, the pragmatism concepts should also be
considered in terms of safety and feasibility of clinical application since the
implementation of the model into the real life is more about confidence and reliability

than merely technical performance.
3.3 Flow of proposed work

This section (Figure 1) explains methodological approach used in proposing work. The
crucial issues that are discussed in this section involve designing, implementing, tuning,
and assessing transformer-based LLM system. Proposed approach is used to predict
radiation therapy requirements for patients suffering from oral cancer and combines
structured clinical data with instruction fine-tuning strategies. In addition, it involves
parameter-efficient tuning approaches to create an effective and computationally
efficient prediction system. Overall methodological frameworks given within following
Figure 1. The methodology follows a systematic workflow with different phases. These
include dataset preparation, label standardisation, prompt engineering, model selection,
QLoRA-based fine-tuning, supervised training, inference generation, and comparative
evaluation. Four transformer architectures including BioGPT, Llama-3.1-8B, Gemma-3-
1B, and Meditron-7B were fine-tuned to test performance of each on oral cancer dataset.
The benchmarking using identical preprocessing pipelines was applied to ensure
experimental consistency. These models were selected for evaluation due to their

advance architecture and complimentary capabilities in biomedical language
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understanding and clinical reasoning performance. The implementation of each model

is done in Python and mentioned in Appendix A.

1. Data Collection
oral_cancer_train.csv
oral_cancer_test.csv

v
0 2. Label Standardization

Normalize labels to 2 classes:
Radiotherapy / No radiation

v

N 3. Prompt Engineering
E Convert each patient record to an
instruction prompt (input) with

expected output:
Radiotherapy / No radiation

v

4. Model Selection
Select pre~trained LLMs
« BioGPT
« LLaMA-3.1-8B
» Gemma-3-1B-IT
* Meditron-7B

v

E : : 5. Fine-Tuning with QLoRA (4-bit)

* 4-bit Quantization (nf4)
+ LoRA Adapters (trainable)
* Parameter-efficient Training
* Fine-tuned Model
I

v : v
6. Model Training 7. Inference on Test Set
/J', * Train on peepared dataset - « Predict oo test records
(Prompts + Labels) =(Z) * Generate output:
* Save training logs Radiotherapy / No radiation
* Save predictions to CSV
L J
2

8. Performance Evaluation

« Compare predictions with true labels

« Metrics: Accuracy, Precision, Recall, Fi-5core

» Visualizations: Distributions, Confusion Matrix,
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Figure 1: Flow of proposed work.
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3.4 Data collection

The collective structure of oral cancer datasets is stored in CSV format, and it begins with
the experimental workflow. Two datasets were used in this study. These include
oral_cancer_train.csvand oral_cancer_test.csv. Training dataset was used to fine-tune
the transformer models. The testing dataset on the other hand was reserved exclusively
for evaluating prediction performance. These datasets contain clinically approved
characteristics describing tumour characteristics, treatment indicators, and diagnostic
variables associated with oral cancer management. These characteristics altogether
support binary classification of treatment recommendations into radiotherapy and
none-radiotherapy categories. Before training, preprocessing routines verify dataset
integrity, which is implemented in Appendix A, ensuring that all models received

identical input structures.

3.5 Model selection

The proposed work compares four LLMs that were chosen to reflect various degrees of
generality and medical specialisation. These models include BioGPT,Llama 3.1, GEMMA
3, and Meditron-7b. These models have been divided to cover two general purpose
models and two medical-specific models. The reason for the selection of these LLMs is
that they either represent a general-purpose model or have been trained specifically on
biomedical or clinical data. Such a mix makes it possible to comparatively assess the
effects of various training goals on clinical knowledge and the quality of the
recommendations of treatment for patients with oral cancer. The comparison of these
models with each other enables comparison between general-purpose and medical-
specific models in their predictive abilities of the radiotherapy treatment
recommendations by using patient clinical features (Figure 2). This comparison highlights

the impact of different model architectures on predictive performance
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General purpose Medical-specific
model model

—  Llama 3.1 — BioGPT

—  Gemma3 Meditron-7b

Figure 2: Types of General Purpose and Medical Specific Models

3.5.1 Model Parameters

The model parameters include max length sequence, batch size, and dropout rate. Max
sequence length used within this model is 256 and batch size of 4-16. The dropout rate
of 0.05. Overall, this configuration is used for avoiding overfitting and controlling context

windows for clinical predictions.

3.5.2 General-purpose LLMs

This work compares a collection of general-purpose LLMs, such as Llama 3.1 and
GEMMA 3. They are general-purpose LLMs that are sophisticated for reasoning tasks.
Both general-purpose and biomedical NLP models are driven by the complementary
properties of the two models. General-purpose LLMs are good at high-level clinical
reasoning, reading between the lines and understanding guidelines, which are key to
generating coherent and clinically meaningful treatment advice. Nevertheless, their
accuracy might be reduced when dealing with specialised biomedical terms. Biomedical
NLP models overcome this limitation by offering a correct and consistent processing of

the domain-specific clinical language.
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3.5.3 Llama

Thisis a general-purpose transformer-based model which is not specifically trained over
biomedical literature and was created by Meta. However, it has strong adaptability and
can be trained over biomedical data set to make accurate decisions regarding health
conditions (Phadtare et al., 2026). This model is selected for comparative analysis and
evaluates the validation and accuracy of other modelsin clinical decision support tasks.
Anisuzzamanet al.in 2025 suggested that LLMs can be fine-tuned over medical datasets
to improve early detection along with risk assessment. Furthermore, its domain specific
adaption makes LLMs more accurate in clinical decision making (Anisuzzaman et al.,

2025).

3.5.4 Gemma

Gemma-3 is lightweight LLM created by Google deep mind. It was designed especially
for providing efficient performance that reduces computational complexity as compared
to other models. This model, however, is not exclusively trained over biomedical datasets.
However, it can be fine-tuned corresponding to healthcare data sets and patient level
summarisation can be derived. This model is useful in evaluating the tradeoff between
the model size and computational efficiency. This model provides knowledge extra ction
along with NLP deployment support within medical field (Kasa et al., 2026). The study
conducted by Anil et al. in 2023 showed that overfitting and underfitting in LLMs like
Gemma can be handled by optimised parameter tuning (Anil & Singh, 2023). This is

applied in fine tuning of Gemma.

3.5.5 Medical-specific LLMs

There exit medical-specific LLMs as well including BioGPT and Meditron. These models
are designed to process biomedical and clinical text more accurately. General-purpose
LLMs may not be that accurate as compared to medical specific LLMs. These models are

pretrained on domain-specific datasets. These include PubMed articles, clinical notes,
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treatment guidelines, and electronic health records (Saha et al., 2026). The training on

these datasets enables LLMs to better understand medical terminology and context.

3.5.6 BioGPT

BioGPT is transformer based LLM which was created by Microsoft research. This model
was created exclusively in biomedical literature which is sourced from PubMed abstracts.
This model can understand specialised medical terminologies. It can be able to assess
biomedical relationships as well as clinical reasoning patterns (Luo et al., 2022). This
model was selected as it hasthe advantage after reading medically coherent responses

that are aligned with the scientific technology.

3.5.7 Meditron

Meditron is an open-source medical LLM. This model is designed for clinical reasoning
along with healthcare interpretation. This model is derived from Llama-2 and trained
using curated clinical datasets. The main objective associated with this model is to
improve safety and reliability decision making within medical environment. It is pre-

trained and useful for guideline aligned responses for medical field (Chen et al., 2024).

3.6 Label standardisation

To convert heterogeneous treatment annotations into a consistent binary classification
format label standardisation is performed. Set feature variables were normalised to two
categories: “Radiotherapy” and “No Radiotherapy”. It guarantees compatibility with the
instruction-tuned transformers and minimizes potential confusion in the supervised
learning process. The categorical inconsistencies and missing data points were sorted
out using structured filtering techniques in the data processing module as specified in
Appendix A. Normalisation of the predicted labels contributed to consistency in
achieving convergence through different LLM architectures, ensuring that the
classification was consistent. Normalisation was usefulin connecting the structured data

points in the datasets with instruction-led responses.
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3.7 Prompt engineering

Prompt engineeringformed a central component of the methodology. Itis necessary as
LLM-based instruction tuning requires textual task representation rather than
conventional numerical feature matrices. Each patient record was converted into a
structured instruction-response format. It explicitly described the prediction objective.
For each instance of dataset, clinical attributes were embedded within a standardised
instruction template. They requested the model to determine whether radiotherapy was
required. The expected output was restricted to a binary textual response. These
correspond to the standardised labels defined earlier. The prompt construction logic
implemented for each transformer model is defined within Appendix A. This
transformation allowed structured tabular medical data to be interpreted by LLM
architecture as contextual reasoning tasks. However, it does not represent conventional
classification inputs. The models learned semantic associations between clinical
indicators as a result. The treatment recommendations more effective using prompt

engineering as compared to feature-vector-only pipelines.
3.8 Parameter-efficient fine-tuning using QLoRA

Fine-tuning large transformer architectures usually require significant computational
resources. To address this issue, QLoRA was applied to enable memory-efficient
parameter updates while preserving predictive capability. QLoRA has quantising
pretrained model weights into 4-bit representations which reduces training complexity,
while introducingtrainable QLoRA adapter matrices within attention layers (Dettmers et
al.,, 2023). Instead of updating all model parameters, only lightweight adapter
components are optimised during training. This strategy significantly reduces GPU
memory requirements and training time without compromising classification
performance. The QLoRA configuration used in this study including quantisation setup,
adapterinjection, and optimiserinitialisationis implemented in Appendix A. By applying
identical adapter configurations across all the transformer architectures guarantee

fairness in comparative evaluation.
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3.9 Model training procedure

Following dataset preparation and adapter configuration, supervised fine-tuning was
performed using instruction-formatted clinical data. During training, the transformer
models learned relationships through gradient-based optimisation. The learned
relationship was between patient attributes and treatment recommendations. Each
training pipeline consists of loading pretrained tokenizer weights, applying 4-bit
guantisation, inserting QLoRA adapters, and executing supervised fine-tuning using
labelled prompts. this process saved Model checkpoints generated during this process
for later inference and evaluation. Overall, this training mechanism helps in reducing the

training loss.

3.10 Inference on the test dataset

After completing fine-tuning, each LLM evaluated using the independent testing dataset
to measure generalisation capability. During inference, the trained adapters were
reloaded. It will be applied to unseen patient records formatted usingthe same prompt
structure adopted during training. Each model generated predicted treatment
recommendations corresponding to radiotherapy or no radiotherapy classes. These
predictions were exported into structured CSV files for further evaluation. The inference
pipelines used to generate these outputs are included in Appendix A. Using a separate
test dataset ensured that reported results reflect real predictive performance rather

than memorisation of training samples.
3.11 Performance evaluation

Several classification metrics were employed to calculate the model performance in
order to assess its predictive quality comprehensively. For assessing the accuracy of
prediction correctness, accuracy was utilised, while for assessing the reliability of
prediction, precision was utilised. Recall assessed the ability of each model to correctly
identify patients requiring treatment, and the Fl-score provided a balanced measure

combining precision and recall. The confusion matrix and classification report were
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created to depict the distribution of predictions and misclassification patterns. The
process was done for each LLM in Appendix A, where predictions are combined from all
transformer models and performance measures are calculated comparatively. The use
of multiple metrics guaranteed reliable assessment of the predictive accuracy of models

without using one particular metric.
3.12 Comparative model analysis

Comparison studies were conducted to find the best-suited transformer architecture for
clinical decision-support predictions. Performance metrics generated during evaluation
were aggregated and analysed to identify differences in classification behaviour across
models. Ranking of LLM’s architecturesin terms of their performance was possible using
the comparative methodology provided in Appendix A. In addition to the numerical
assessment of the models by comparison, it also assisted in the qualitative inter pretation
ofthe weaknesses and strengths of the models. Such a systematic benchmarking process
ensured that empirical evidence was used to make final model selection and not by

architectural assumptions.
3.13 Experimental environment

Oracl_cancer_train and oral_cancer_test datasets were used in the testing of different
models. The clinical features present within dataset and used in implementation are

given in table 1.

Table 1: Clinical features used in the work

Feature Description

Age Patient age at diagnosis

Sex Patient gender

Marital status Marital status at diagnosis
Primary site Anatomical location of tumour
Grade Histological tumour grade
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T stage Tumour size and invasion level
N stage Lymph node involvement
M stage Distant metastasis

The train dataset contains 13 attributes or features and there are 7551 records within

the dataset. The characteristic of dataset is given in table 2.

Table 2: Train Dataset Characteristics

Parameter Value

Train Shape (7551, 13)

Number of Rows 7551

Number of Columns | 13

Features prompt, target

Dataset Type HuggingFace Dataset

Table 2 indicates first stage of the model training process. The output confirms that the
training dataset 7,551 patient records was effectively loaded into the Hugging Face
dataset framework, with two main features the prompt, which is the structured clinical
input and the target, which is the label of the treatment. The implementation of the
suggested methodology was performed within a Jupyter Notebook with Python as the
programminglanguage fortrainingthe transformers. The stackincluded PyTorch to load
model and conduct the extensive DLtraining procedures, Hugging Face Transformers for
importing the pretrained models, BitsAndBytes for supporting 4-bit quantisation, and
PEFT for implementing the QLoRA adapters. Data preprocessing and evaluation were
done using Pandas, NumPy, and Scikit-learn. After the fine-tuning stage, the selected
models were evaluated on the test data set, which was composed of new patients. All
source codes related to the data set preparation, prompt design, QLoRA implementation,

training procedure, inference, and evaluation can be found in Appendix A.



29

3.14 Reproducibility and implementation structure

Reproducibility was ensured through keeping constant preprocessing pipelines, standard
prompt templates, adapter setup and using different test sets in each of the models
examined. Each step in the process from dataset generation to benchmarking was
implemented as a scriptable notebook to facilitate experimentation. The details of the
implementation pipeline is provided in Appendix A. The dataset was proprietary to a

research institute in Finland.
3.15 Reliability and validity

Reliability in this study was achieved through a consistent experimental setting applied
across all models. Training and testing operations involved the use of the same dataset
partition, the same prompts format for all models, and the use of identical evaluation
metrics to compare models' performance objectively. Moreover, consistency was
guaranteed by processing data with similar procedures, including missing value handling
and standardising of input variables. The same training and evaluation operations
provided the basis of minimising variability to enable the direct comparison of
performances of the models. Regarding the validity, clinically relevant input variables,
such as demographicand Tumour-related ones, were selected based on their relevance
to oncology decision-making practices. Moreover, in order to ensure the relevance of
the prediction problemin the clinical field, the predicted values were restricted only to

Radiotherapy and No Radiotherapy categories.

As the input features involve TNM staging, Tumour characteristics, among others, the
construct validity was guaranteed. Realistic variables and treatments categories also
provide an indication that external validity has been achieved in this study, since
prediction is close to clinical practices involving risk factors identification. Despite having
imbalanced data, no specific class balancing operation was performed during model
training. This ensured that the models were trained on the original, unmodified data

distribution, butit also introduced a potential source of bias that could affect predictions.
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Therefore, model performance was evaluated using precision, recall, F1-score, and

confusion matrix analysis in addition to accuracy.

3.16 Ethical and data protection considerations

Ethical adherence was also one of the fundamental elements during the research. No
personally identifiable patient information was employed because all data were
anonymised. The approach complies with the regulations of data protection, including
the GDPR, and adheres to responsible Al principles. The proposed system is clearly
presented as a decision-supporttool that is meant to support, and not to substitute,

professional judgment.
3.17 Integration into a web-based prognostic tool

The best performing model is integrated as a web-based prognostic tool. This is to
facilitate testing by other multicentre institutions. Additionally, this is intended to
Essentially, the web-based tool will allow clinicians to input either real or systematised
patient data for treatment recommendations and evaluate if it reflects the known
recommended guidelines. Remarkably, the web-based tool is intended as a clinical
decision support system. Therefore, the treatment recommendations should be
considered with caution. The final decision regarding treatment recommendation is

based on the clinicians’ judgement and multidisciplinary tumour board discussions.
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4 Results

4.1 Dataset description

The dataset used in this experiment consisted of structured oral cancer patient records
stored in CSV format. The data included two main files:

e oral_cancer_train.csv

e oral_cancer_test.csv
One of which isa trainingfile and the otheris a test file. The training set contained 7,551
cases (patient records) and the testing set contained 944 cases. In terms of the target
outcome (radiotherapy treatment recommendation), the distribution is presented in
Figure 3 (5860 no radiation cases, 1691 Radiotherapy cases). However, 15 records were
used as sample for testing the models. All treatment labels were categorised into two

main categories, namely radiotherapy and non-radiotherapy

Number of Samples

No radiation Radiotherapy
Class

Figure 3: Class imbalance in the radiotherapy dataset

Figure 3 presents the class distribution in the training dataset regarding radiotherapy
treatment labels. Thus, 5,860 patients received no radiotherapy treatment, while 1,691

patients received it. The above means that class imbalance occurs since the number of
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samples belonging to “No Radiotherapy” is significantly higher compared to
Radiotherapy.

Class imbalance affects model evaluation because it can produce high accuracy if the
model predicts the majority class. It means that additional metrics should be taken into

account such as precision, recall, F1-score, and confusion matrix.
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Figure 4: Training loss progress

Figure 4 shows the values of training losses in the process of the BioGPT model fine-
tuningbased on the QLoRA method of adaptation. The loss decreases significantly from
0.7174 at step 25 to around 0.3117 and step 425. It demonstrates that the model able
to capture domain specific contextual relationships that are present within the data.
There are minor fluctuations at certain steps 200, 300 and 450. These variations are
considered normal, especiallyin case of transformer-based LLMs. These variations exist
due to batch level optimisation along with data set complexity. To simplify testing,

validation and result interpretation, 15 records out of 944 were used.
4.2 Fine-tuning BioGPT results

The proposed evaluation starts by observing trainingloss as given in following figure 5.
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Figure 5: Training loss during BioGPT fine-tuning

It shows the trainingloss curve, which decreases steadily during BioGPT fine-tuning using
QLoRA method. It drops sharply from about 0.72 to 0.44. After that it stabilises around

0.31 to 0.34. This trend indicates shows stable convergence when QLoRA based fine

tuning is applied across epochs.
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Figure 6: BioGPT model prediction output for test records

Figure 6 shows the results of prediction usingthe fine-tuned BioGPT model on unknown
patient records in the test dataset. A prediction generation was done on a GPU device

(CUDA), which allowed the inference process to run faster. A group of 15 patient records



were picked from the test dataset and evaluated. The model analysed features in each
prompt. It produced treatment recommendations corresponding to two predefined
categories using constraint decoding. The predictions were subsequently stored in a CSV

file where the performanceis again to be evaluated, and the accuracy is to be checked.

Count

Radiotherapy No radiation
Class

Figure 7: Distribution of true labels in the test dataset

Figure 7 shows the distribution of the true treatment labelsin the selected test data of
15 records. There are 6 radiotherapy and 9 no radiation cases as shown in bar plot. Such
a distribution implies that the assessment sampleis a little more represented by the no
radiation category. The performance of the model can be understood by looking at true
label distribution. The figure offers the background to the further assessment outcomes,

such as the confusion matrix and performance metrics that were obtained while testing.
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Figure 8: Distribution of predicted labels in the test dataset

Figure 8 demonstrates how the BioGPT model would label most of the predicted
treatments on the selected test set of 15 records. As indicated in the chart, the figure of
4 cases was predicted to be radiotherapy, and 11 cases were predicted to be no radiation.
Most of the predictions fall within no radiation category as predicted by model. To
determine the success of the model in identifying each category of treatment in the

prediction process, the figure can be compared with the actual distribution of labels.

Radiotherapy

True label

No radiation

Radiotherapy No radiation
Predicted label

Figure 9: Confusion matrix for radiotherapy prediction
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Figure 9 shows the confusion matrix. It shows strong classification performance. The
model correctly identified 4 radiotherapy and 9 no radiation cases. The degree of
misclassification is only 2 and no false positives occurred for radiation. Overall, high
specificity and reliable detection of non-radiation cases have been predicted with the

model.

Score

Accuracy Precision Recall Fl-score

Figure 10: Performance metrics of the BioGPT model

The performance evaluation metrics of the BioGPT model are provided in Figure 10. The
model achieved an accuracy of approximately 0.87. This metric shows total correct
predictions generated by model. Precision value of 1.00 suggest it does not predictany
false positive cases of radiotherapy. The recall value of 0.67 shows that the model
correctly identifies positive cases. The balance between the precision and recall is
represented by the resulting F1-score of about 0.80. These results indicate model has

strong predictive power.
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4.3 Fine-tuning Llama results

When the predictions were compared to the original labels of treatment in the dataset,
the model yielded a high level of accuracy of about 93.34 percent on the sample that
was evaluated. The Llama training loss curve is used during the training process to

indicate how prediction error decreases across training steps.
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Figure 11: Llama fine-tuning training loss

Figure 11 shows the trainingloss curve of the Llama model over several training steps of
the fine-tuning. This loss first oscillates at 0.31 but decreases steadily as training
advances to about 0.26 at later training steps. These variations show that the model is
learning patterns based on the data. The general decreasing tendency proves that
convergence is stable, and the efficiency of the model learningis enhanced, indicating
that the fine-tuning procedure managed to optimise the Llama model on the

radiotherapy prediction task.
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Figure 12: Performance of Llama model

The performance of Llama model indicates that the accuracy is more than 90% indicating
correctly classified cases. The precision is 100%. This metric is crucial as it indicates
positive cases predicted through the model were correct. Recall as well as F1-score are

also significantly higher and are above 80%.

Radiotherapy
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No radiation

Radiotherapy No radiation
Predicted label

Figure 13. Confusion matrix for Llama



39

Figure 13 shows the confusion matrix. Strong classification performance has been

predicted. The model correctly identified 5 radiotherapy and 9 no radiation cases. The
degree of misclassification is only 1 and non-radiation treatment cases were correctly

predicted, and there were no false positives for radiotherapy. The findings clearly

indicate that the model successfully predicts non-radiation cases with high specificity.

4.4 Fine-tuning Meditron results

The training loss curve result is given in Figure 14, indicating that training loss is
gradually decreasing.
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Figure 14: Meditron-7B fine-tuning training loss

There is a steep decline in the loss, i.e., 1.0 at the first stage and almost 0.14 after the
first few training steps, which demonstrates that the parameters are learned quickly and
adjusted. The loss levels after this first decrease and has only slight variances, indicating
that the model has converged. This trend indicates efficient learning and partially

validates the success of the fine-tuning process in the case of medical prediction
exercises.
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Figure 15: Meditron model performance metrics

Figure 15 shows the metrics used for the Meditron model i such as accuracy, precision,
recall, and Fl-score. The findings demonstrate moderate accuracy. Precision indicating
correctness of positive cases was almost 0. Furthermore, recall values was 0, which
means that it is difficult to identify cases of relevant radiotherapy predictions correctly.
The reduced precision and recall indicate that the model has false positives or missed
predictions. Such outcomes indicate that optimisation of training and refining of
datasets or optimisation of model architecture is needed in order to achieve better

predictive reliability.

Figure 16 gives the confusion matrix. This model successfully classified nine observations
into the “no radiation” category. However, it failed to correctly classify even one
observation within the “radiotherapy” category. This indicates that there is a high rate
of misclassification in the “radiotherapy” category, with six false negatives and zero false

positives.
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Figure 16: Meditron confusion matrix

4.5 Fine-tuning GEMMA results
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Figure 17: GEMMA fine-tuning training loss



This curve shows how the GEMMA model loses training on fine-tuning. The loss begins
at a higher value of around 1.8 and declines at a high rate in the initial training steps,
which represents better learning. Following this, loss levels reached at 0.17, implying
convergence and the optimisation of the parameters. The gradual loss trend justifies that
the fine-tuning mechanism is effective in enhancing the learning ability of the GEMMA

model and makes it ready to predict, although reliability varied (Figure 17).

Score

Accuracy Precision Recall Fl-score

Figure 18: GEMMA model performance metrics

This figure 18 shows the performance of the GEMMA model in terms of accuracy,
precision, recall, and Fl-score. The findings show excellent recall rates, which is the
reason why the model can identify most positive cases in the data. The precision and
accuracy were moderate. This indicates that there exist false positive predictions. The

balanced Fl-score is an indicator of the precision and recall trade-off.
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Figure 19: Confusion matrix of Gemma

The confusion matrix of Gemma model is shown in Figure 19. All six observations, which
were associated with radiotherapy, have been predicted accurately by the model. Model
however not able to predict non-radiation cases accurately leadingto nine false positive

errors, while none of the true negatives could be identified.

4.6 Comparative analysis

The comparison chart evaluates BioGPT, Llama-3.1, Gemma, and Meditron for
radiotherapy prediction. Llama-3.1 demonstrates the strongest overall performance. It
achieves high accuracy (0.93). The perfect precision (1.00), strong recall (0.86), along
with the highest F1-score (0.91), is achieved by Llama-3.1. This indicates balanced
classification capability. BioGPT also performs well with perfect precision. However, it
has a lower recall (0.67). This indicates missed radiotherapy cases. Gemma achieves
perfect recall (1.00). However, it has weaker precision and accuracy. This indicates false
positives are on the higher side. Meditron shows moderate accuracy (0.60). However, it

shows limited reliability overall. Based on comparative analysis, it is shown that Llama-
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3.1 is the most consistent and effective model for radiotherapy prediction tasks (Figure

20).
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Figure 20: Performance comparison of different language models for radiotherapy prediction

Although BioGPT showed strong biomedical knowledge representation due to its
training on biomedical literature, Llama-3.1 achieved superior overall model
performance, indicating that it is the most suitable architecture for experimental

decision-support applications in this study.
4.7 Testing with a smaller training and test size

LLMs required heavy computation and in case large dataset, they will consume large
amount of time to training as well as testing. To handle this situation, size of the dataset
both for trainingand testing was limited to 7551 samples and 15 samples. This strategy
enabled the model to be trained faster and yet sufficient data to test the performance
of the model. The reduced dataset experiment was aimed at studyingthe performance
of the LLM when it is trained with small amount of data. These experiments can be
appliedin reallife, where, in some cases, large clinical records are not always accessible.
Through testing the model in these conditions, it is possible to test the strength and

flexibility of the suggested method.
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The link to web based prognostic tool is given as follows

https://radiotherapyclassifer.netlify.app/



https://radiotherapyclassifer.netlify.app/
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5 Discussion

5.1 Evaluation

This thesis explored the use of four main LLMs (BioGPT, Llama, GEMMA, and Meditron)
for radiotherapy treatment recommendations in patients with OSCC. Additionally, the

LLMs were compared and the highest-performing LLM was integrated as a web-based
prognostictool for treatment recommendation. This thesisshowed that LLM fine-tuning
is a productive method of specialising pretrained biomedical models to specific tasks.

This is because QLoRA only changes very few parameters. Therefore, it makes the
training process efficient. Additionally, the use of prompt engineering ensured that the
fine-tuning process was successful, such that the model became capable of being
incorporated into domain-specific problems, like in medical decision-making. Llama
achieved experimental accuracy of 0.93 (93%). BioGPT showed good performance with

0.86 (86%) accuracy score in limited evaluation environment. However, Gemma and
Meditron showed weaker performance in terms of accuracy with 0.4 and 0.6 for patients
with OSCC. This suggests significance of prompt engineering and LLM fine-tuning in
improving decision-making for clinicians.

Limitingthe decodingstrategy led to a high degree of prediction. This decoding strategy

helps in reducing the number of outcome possibilities. This causes models to focus on

relevant patterns only and hence degree of misclassification reduces significantly. The
output of generative models can be erratic and cannot be easily assessed without this

mechanism. The limitation of the space of outputs of the model provided consistency of
the predictions with the selected categories of treatment. It is possible that LLMs can

assist oncologists in their analysis of patient data and coming up with initial treatment

recommendations. Nevertheless, these systems must be considered as decision-support,
but not alternatives to clinical experience. Human supervision is still necessary,
especially in complicated medical cases where various modes of treatment have to be

taken into account. To facilitate testing of these models by researchers and clinicians, the

highest performing model was integrated as a web-based tool. This can facilitate the

introduction of such tools into a workable clinical decision-support environment.
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Accordingto the results of the comparative evaluation, the most efficient model, which
was Llama, was developed into a prototype web-based tool of prognostics used to help
clinicians analyse patient data and provide treatment options. The system enables a
structured entry of clinical parameters by clinicians and thus the model is able to
manipulate patient specifications and offer guideline-congruent treatment

recommendations.

5.2 Limitations

In spite of the encouraging outcomes, this thesis has some limitations that should be
properly considered in the interpretation of the results presented in this thesis. First, the
test data is relatively small. A future study that will explore the use of large test data is
warranted. Second, the model used basic clinicopathological characteristics of the
patients. It did not consider otherimportant characteristics such asimaging parameters,
pathological reports, clinical notes, sociodemographic parameters, or genome-based
information. Incorporating these other data sources would enhance the quality of
prediction and further produce a model that is representative of the patients’
characteristics. Third, LLMs are probabilistic in nature. This implies that the treatment
recommended by these models can change slightly with prompt format or decoding
hyperparameters. Even though constrained decoding minimises this variability,
additional appraisal is necessary to guarantee the similarity of performance under
various clinical settings. Additionally, there was a class imbalance in the dataset that had
an implication, probably causing a biased model. Future studies should consider an

approach to handling data imbalance to achieve a model that is generalisable.
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6 Conclusion

This thesis examined the possibility of clinical decision-support systems based on LLMs
to enhance treatment decision-makingin the management of OSCC. The main aim was
to determine whether LLMs could analyse structured patient data for radiotherapy
treatment recommendations. The thesis examined four different LLMs (BioGPT, Llama,
GEMMA, and Meditron) and concluded that these LLMs have the potential for treatment
recommendations. From the experiment results, it is evident that the LLMs under
consideration can predict credible radiotherapy treatment suggestions and interpret
structured clinical features. The experiments revealed that both Llama and BioGPT had
high prediction performances in their respective classifications in radiotherapy.
Nonetheless, Llama-3.1 had the best overall prediction performance compared to other
models, thus making it a strong candidate for clinical decision support systems. The
training loss curve declines throughout the fine-tuning process, indicating convergence

and learning of clinical patterns.

Moreover, the similarities and differences between multiple LLMs have been shown by
the comparison of the language model’s architectures. This happens as training of
models is done iteratively. The loss that occurred in the previous iteration was reduced
through the learning mechanism. Factors such as model scale, transformer depth and
attention mechanisms affect how the model captures the complex insights within clinical
data. One possible explanation for Llama model’s better performance is its strong
architecture and generalisation to a wide range of inputforms, regardless of the fact that
this is general-purpose LLM. The primary reason for its better performance includes
strong contextual understandingand improved fine-tuning efficiency. Furthermore, self-
supervised learning used in Llama helps in extracting useful patterns from dataset for
accurate predictions. In contrast, Meditron, which is trained on biomedical literature,
showed strong domain-specific knowledge representation but was comparatively

limited in adapting to structured classification for clinical prediction tasks.
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Additionally, domain-specifictraining helps to enhance contextual cognition by allowing
models to acquire medical-specificvocabulary and clinical reasoning style. Nonetheless,
the findings of this research indicate that domain training does not suffice to ensure the
best performance. Rather, it is more down to the combination of a strong architecture
and fine-tuning techniques. This underscores the fact that with a combination of fine-
tuningand directing general-purpose models, they can perform as well as or better than
domain-specific models. On the whole, these results highlight the value of striking a
balance between the architectural capabilities and domain adaptation in the creation of
Al systems used in healthcare. The choice of an appropriate model must also, however,
take into account its training domain as well as its structural ability to learn and
generalise on clinical data. In conclusion, LLMs have great potential to enhance clinical
decisions in the management of OSCC. Given adequate fine-tuning and guided by
intentional prompts, LLMs can analyse complex data about patients and generate
treatment suggestionsthat align with clinical reasoning. Nevertheless, these tools are
supposed to be considered assupportive toolsinstead of substitutes for medical experts.
As more validation is achieved, with increased balanced datasets and better
interpretability systems, LLM-based decision support systems could become an integral

part of future intelligent healthcare frameworks.
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