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[bookmark: _9un2bh6awv4x]Abstract 
The growing adoption of precision oncology has significantly increased the complexity of Tumor Board decision-making, particularly concerning breast cancer prognostic evaluation. Despite recent advancements in medical artificial intelligence, there remains a critical lack of multimodal, end-to-end AI systems optimized for clinical oncology workflows. Current models predominantly focus on narrow, text-based classification tasks and fail to integrate the diverse data modalities required for comprehensive clinical reasoning.

To address this gap, this thesis proposes the development and evaluation of a fine-tuned, multimodal AI agent designed specifically for Tumor Board decision support and prognostic outcome assessment in breast cancer. The proposed approach implements Parametric Knowledge Injection (PKI) to adapt the MedGemma 1.5 (4B) foundation model. MedGemma is an open-weights medical foundation model developed by Google and pre-trained on clinical datasets, making it highly suitable for medical reasoning. PKI directly embeds specialized clinical knowledge and guidelines into the model weights using Low-Rank Adaptation (LoRA) and Quantized Low-Rank Adaptation (QLoRA) via the Unsloth optimization framework. LoRA injects small, trainable low-rank matrices into the network while freezing the base model, and QLoRA further reduces memory demands by quantizing the base model to 4-bit precision. The resulting system integrates clinical records, pathological findings, and mammography (radiological scans) to generate patient summaries, retrieve evidence, and assess prognostic outcomes.

Rather than functioning autonomously, the AI agent is deployed through an OpenWebUI platform as an advisory tool, operating within a strict physician-supervised feedback loop to ensure clinical safety. The system depends on mammography as the primary radiological imaging modality, using structured reports to evaluate disease staging and prognostic risk. The primary objectives of this research encompass the integration of structured breast cancer datasets, the development of the generative AI agent, and a rigorous evaluation of the model's clinical usefulness and prognostic agreement with expert physician decisions. Ultimately, this research contributes a multimodal AI framework that bridges the gap between state-of-the-art medical language models and real-world clinical deployment, aiming to enhance Tumor Board efficiency and precision oncology care.
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· AI: Artificial Intelligence
· BRCA: Breast Cancer Susceptibility Gene
· CT: Computed Tomography
· HRD: Homologous Recombination Deficiency
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· LLM: Large Language Model
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· NGS: Next-Generation Sequencing
· NLP: Natural Language Processing
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· PKI: Parametric Knowledge Injection
· QLoRA: Quantized Low-Rank Adaptation 
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· Figure 2.2: Schematic representation of the LoRA (Low-Rank Adaptation) fine-tuning architecture, showing frozen pre-trained weights alongside small trainable adapter matrices that capture task-specific knowledge.

· Figure 2.3: Conceptual diagram of a Multimodal AI Framework in Oncology, integrating genomics, clinical records, and imaging for Tumor Board Decision Support. 


· Figure 2.4: Mockup of the proposed Tumor Board AI Dashboard, featuring multimodal patient summaries, prognostic assessments, and physician-supervised decision support.
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[bookmark: _g0sa1fki4wzo]Chapter 1: Introduction 
[bookmark: _fsnc5kab016c]1.1 Overview
The growing adoption of precision oncology and the increasing use of diagnostic testing have highlighted a critical clinical need for interpretation support. Despite these advancements, there is a distinct lack of integrated clinical oncology AI systems. Current systems are not optimized for clinical oncology workflows and fail to accommodate the time constraints of Tumor Board meetings. This presents a research opportunity to build integrated oncology databases, support clinical Tumor Board workflows, and develop physician-supervised oncology AI. The proposed solution involves a fine-tuned multimodal AI agent utilizing MedGemma 1.5 to integrate clinical, pathological, radiological (specifically mammography), and genomic data. This system aims to support prognostic outcome assessment in breast cancer, ensuring that decision support remains advisory and physician-validated throughout the workflow. [7, 8, 12, 14]         

The development of this framework relies on globally accessible breast cancer datasets. For instance, histopathological and clinical records are sourced from the Cancer Genome Atlas Breast Invasive Carcinoma (TCGA-BRCA) repository, while mammographic imaging data is obtained from public archives such as the Curated Breast Imaging Subset of the Digital Database for Screening Mammography (CBIS-DDSM). Integrating these public datasets establishes a reproducible and robust foundation for fine-tuning the multimodal agent, demonstrating the feasibility of using globally open research resources to build clinical decision support tools. [1, 2]

Where is the dataset?
[bookmark: _a6amsv9aqik6]1.2 Problem Definition
While existing medical AI research has explored various applications such as medical question answering, clinical chatbots, imaging interpretation, and pathology classification, it largely focuses on narrow use cases rather than an end-to-end Tumor Board workflow. Few systems successfully integrate these diverse capabilities within a cohesive Tumor Board decision-support workflow. Furthermore, there is a significant gap in the availability of AI systems optimized for the specific clinical constraints and requirements of Saudi oncology practices.

The primary problem addressed in this thesis is the need for a comprehensive, physician-supervised AI agent that can effectively interpret breast cancer clinical features, radiological findings, and pathological records to support prognostic assessment and improve overall Tumor Board efficiency without assuming autonomous clinical decision-making authority.

[bookmark: _79cvgni4kn6w]1.3 Thesis Objectives
This study has a few main goals, which are:


Develop and evaluate a fine-tuned multimodal AI agent that supports Tumor Board discussions by integrating various data sources. The specific objectives are as follows:

1. Integrate Dataset: Integrate a structured breast cancer dataset by integrating publicly available clinical, pathological, and mammographical datasets. (same Patient)
2. Fine-tune Model: Fine-tune the MedGemma 1.5 (4B) model using the Unsloth framework with LoRA and QLoRA methods.
3. Develop Agent: Develop a Tumor Board AI Agent capable of summarizing patient cases, retrieving evidence, and generating discussion points.
4. Assess Prognosis: Support prognostic outcome assessment by categorizing risk (Low, Intermediate, High) based on cancer type, stage, BRCA status, and clinical variables..
5. Evaluate Agreement: Evaluate the system's agreement with physician decisions and its clinical usefulness through a structured feedback loop.

[bookmark: _n0ihw3t7t71]1.4 Thesis Contribution
This research makes several significant contributions across clinical, technical, and research domains:

· Clinical Contributions: It helps doctors understand BRCA results, figure out tumor specifications , and gives support during Tumor Board meetings to make sure patients get the best care possible.
· Technical Contributions: Delivers a fine-tuned MedGemma oncology model, an OpenWebUI clinical research platform for clinical interaction, and a physician-supervised learning pipeline.
· Research Contributions: Research Contributions: Develops a BRCA oncology dataset, establishes a Tumor Board AI framework, and produces publishable scientific outputs.

[bookmark: _cb1z29s4zj2y]1.5 Thesis Organization
The rest of this thesis is organized as follows:
· Chapter 2 discusses the theoretical background, including BRCA alterations, precision oncology, and relevant applications of AI in medicine.
· Chapter 3 presents the proposed methodology, detailing data collection, the system architecture, and the fine-tuning pipeline.
· Chapter 4 analyzes the experimental results and evaluates the model's performance against physician judgment.
· Chapter 5 This final chapter wraps up the entire study, highlighting the key findings and takeaways. It also outlines the contributions made by the research and points to areas where future studies can build upon this work, potentially exploring its applications to other types of cancer.


[bookmark: _4c4xfut7oe8r]Chapter 2: Theoretical Background and Related Work 

[bookmark: _jqp7z2bf8n1]2.1 Introduction

The following section provides a comprehensive overview of the theoretical foundations and prior research relevant to the development of a multimodal AI agent for Tumor Board decision support in BRCA related oncology. It begins by introducing the essential biomedical concepts, namely BRCA gene biology, precision oncology principles, and the operational structure of multidisciplinary Tumor Boards. Subsequently, the key computational techniques that underpin the proposed system, including Large Language Models, multimodal architectures, and parameter-efficient fine-tuning methods, are presented and contextualized. 

As outlined in Chapter 1, the increasing volume and complexity of clinical, genomic, and radiological data generated in modern oncology practice have outpaced the capacity of traditional manual review processes. In parallel, recent breakthroughs in generative AI and foundation models have demonstrated that machine learning systems can encode extensive biomedical knowledge and assist with clinical reasoning tasks. However, the vast majority of existing efforts concentrate on narrow, single-modality applications, such as medical image classification or text-based question answering, rather than addressing the end-to-end, multimodal requirements of a Tumor Board workflow. 

Moreover, while substantial progress has been made in deploying AI within clinical settings, there remains a pronounced scarcity of tools that integrate multimodal workflows. This chapter therefore serves a dual purpose: it establishes the necessary theoretical groundwork and systematically reviews previous contributions to identify the research gaps that motivate the present investigation.

The chapter is structured as follows. Section 2.2 outlines the biological background of breast cancer susceptibility, precision oncology principles, Tumor Board operational workflows, and the parameter-efficient adaptation methods employed. Section 2.3 provides a detailed review of related studies, analyzing their technical methods, datasets, and limitations. Finally, Section 2.4 synthesizes the findings to establish the research gaps that motivate the proposed work.

Theoretical research in medical informatics highlights the need for architectures that balance computational efficiency with clinical accuracy. [3] DOI: 10.1038/s41591-023-02448-8

[bookmark: _rrxwfrm65fmi]2.2 Background

[bookmark: _rvczhzs94fz5]2.2.1 BRCA Gene Biology and Cancer Susceptibility
[bookmark: _jchlhvqouyxl]The Breast Cancer Susceptibility Genes, BRCA1 and BRCA2, are tumor suppressor genes that occupy a central role in preserving genomic integrity. Under normal physiological conditions, the protein products of these genes participate in the homologous recombination (HR) pathway, a high-fidelity mechanism responsible for repairing double-strand breaks (DSBs) in DNA. When either BRCA1 or BRCA2 carries a deleterious mutation, the HR repair pathway becomes compromised, forcing the cell to rely on alternative, error-prone repair mechanisms such as non-homologous end joining (NHEJ). This accumulation of unrepaired or incorrectly repaired DNA damage progressively drives genomic instability, which is a recognized hallmark of cancer development [4].
[bookmark: _pt87kcu4hitk]
[bookmark: _cm7ga2ib6vf9]Clinically, changes in the BRCA1 and BRCA2 genes are most closely linked to a higher risk of breast cancer over a person's lifetime. However, these changes also increase the risk of other malignancies, such as pancreatic and prostate cancer. It is essential to differentiate between germline and somatic BRCA mutations. Germline mutations are inherited and present in every cell of the body, which carries implications for hereditary risk assessment. Somatic mutations, by contrast, arise spontaneously within tumor cells and are detected through tumor tissue sequencing. Both categories have clinical implications, as tumors harboring BRCA mutations often respond better to platinum-based chemotherapy and to Poly (ADP-ribose) Polymerase (PARP) inhibitors [5].
[bookmark: _yi3pkq66miku]
[bookmark: _rt287f2hezgt]The concept of Homologous Recombination Deficiency (HRD) has emerged as a broader biomarker that captures not only BRCA1/2 mutations but also defects in other genes within the HR pathway (e.g., RAD51, PALB2, ATM). HRD scoring has become an increasingly important tool in clinical practice for identifying patients who may benefit from PARP inhibitor therapy, even regardless of BRCA mutational status. Understanding these molecular underpinnings is essential for the AI system proposed in this thesis, which must accurately interpret BRCA mutational status and its clinical ramifications within the context of Tumor Board deliberations [6].
[bookmark: _3i3xkmksm57p][bookmark: _xs6jgfwvl2b0]2.2.2 Precision Oncology and the Tumor Board Workflow
[bookmark: _pjrjvsk5u20g][bookmark: _623i1etz4yev]Precision oncology represents a paradigm shift in cancer treatment, moving away from uniform therapeutic strategies toward individualized treatment plans guided by the molecular and clinical profile of each patient's tumor. This approach is made possible by diagnostic profiling, which can identify specific alterations, receptor statuses, and clinical indicators that inform targeted therapy selection [7].
[bookmark: _8us4wqizr3w4][bookmark: _15ox47d637ag]At the operational core of precision oncology lies the Multidisciplinary Tumor Board (MTB), a structured clinical forum in which a panel of specialists collaboratively reviews complex cancer cases. A typical MTB comprises medical oncologists, surgical oncologists, radiation oncologists, pathologists, radiologists, geneticists, and increasingly, bioinformaticians. The standard workflow proceeds through several stages: (1) patient referral and case selection, (2) genomic profiling via NGS, (3) bioinformatic data processing and variant interpretation, (4) multidisciplinary case review and evidence deliberation, (5) formulation of treatment recommendations (which may include on-label targeted therapies, off-label drug use, or clinical trial enrollment), and (6) formal reporting and longitudinal follow-up [8].
[bookmark: _bn0yng6euxf9][bookmark: _a3y49m9agi1p]Tumor Boards are highly valuable in clinical settings, but they face mounting operational challenges. The volume of clinical data is growing rapidly, and treatment guidelines change frequently. Consequently, clinicians must review a large number of cases, which imposes significant time constraints on participating specialists. These challenges are compounded by the lack of infrastructure optimized for oncology AI, highlighting the need to align clinical workflows with patient care demands [8].
[bookmark: _hffm6srw8e6e][bookmark: _u1vyu42g9js6]2.2.3 Large Language Models and Medical AI
[bookmark: _wojwkzvzh210][bookmark: _hzz3td1dwt11]Large Language Models (LLMs) are deep neural network architectures, predominantly based on the Transformer design, that are pre-trained on massive text corpora to acquire general-purpose language understanding and generation capabilities. Models such as GPT-4, PaLM, LLaMA, and Mistral have demonstrated high proficiency across a wide range of natural language processing tasks, including text summarization, question answering, and conversational dialogue [9].
[bookmark: _7kmq54f5ls2m][bookmark: _7yyni5ee5ubl]In the field of medicine, researchers have evaluated general-purpose models on standardized examinations, achieving performance levels approaching or exceeding those of human physicians on certain benchmarks. Concurrently, domain-specific adaptations, such as Med-PaLM, BioMistral, and MedGemma, have been developed by further training foundation models on curated biomedical literature and clinical corpora [10, 11].
[bookmark: _q1ujo6deb7fg][bookmark: _v78uqnh7nbdn]Deploying LLMs in high-stakes clinical environments introduces unique challenges. The phenomenon of hallucination, where a model generates plausible-sounding but factually incorrect information, poses a significant clinical risk. Furthermore, most existing medical LLMs operate on textual data alone and lack the capacity to process or reason over heterogeneous data modalities, such as radiological scans or pathology reports, which motivates the multimodal approach [3].
[bookmark: _nn4oluqejpmh][bookmark: _y9kcexk1relc]2.2.4 Multimodal AI in Oncology
[bookmark: _d7khbmrtrhqy][bookmark: _tryxgmz9nnfa]Multimodal AI refers to computational systems designed to simultaneously process and integrate information from two or more distinct data types, such as clinical text, medical images, and genomic sequences, to produce unified analytical outputs. In oncology, this capability is valuable because comprehensive clinical decision-making requires the synthesis of heterogeneous information streams [12].
[bookmark: _4nw3dcx9i1y1][bookmark: _agjj7ple9zub]Studies have demonstrated that multimodal architectures can outperform their unimodal counterparts in cancer prognosis, treatment response prediction, and biomarker discovery. For instance, models that combine digital pathology with clinical variables have shown improved survival prediction accuracy compared to models relying on either modality alone. Similarly, frameworks that integrate radiological imaging with genomic profiles have been used to predict drug sensitivity and identify novel therapeutic targets [13].
[bookmark: _kgxb8t12hsuj][bookmark: _5ubfs0wf8jsq]Despite these advances, the translation of multimodal AI from research prototypes to clinical deployment remains challenging. Key barriers include the difficulty of aligning heterogeneous data formats, the computational cost of processing high-dimensional inputs, and the need for model outputs that are interpretable and actionable for practicing clinicians [14].
[bookmark: _pt9krvo9831z][bookmark: _vg1r8c5fggjg]2.2.5 Artificial Intelligence Technologies
[bookmark: _49jghmplexpi][bookmark: _fvqbk17skpg]Artificial intelligence (AI) has shifted from theoretical study to practical deployment largely due to advances in processing hardware. Machine learning, which underpins modern AI, evolved from rigid rule-based systems into deep learning architectures capable of handling complex, high-dimensional tasks. While often associated purely with computer science, AI draws heavily on statistics and cognitive science. These foundations allow current models to solve real-world problems that were computationally impossible just a decade ago [33].
[bookmark: _2eimbiw6ou57][bookmark: _3xlwst2olmja]2.2.6 Machine Learning
[bookmark: _5csbw8kfhrsk][bookmark: _6upl8ucwkao4]Machine learning enables systems to improve their performance through experience without explicit programming. It functions as the core analytical engine for modern automation, allowing applications to process large datasets and extract meaningful patterns. Algorithms generally fall into four categories: supervised, unsupervised, semi-supervised, and reinforcement learning. In a clinical context, supervised learning relies on labeled diagnostic data, while unsupervised approaches find hidden structures in patient cohorts [34].
[bookmark: _kbfmrj3k9ku0]
[bookmark: _acbdlomzbeg8]2.2.7 Large Language Models
[bookmark: _jdk3uxpxbuzd][bookmark: _fov0pio58gh7]Large language models (LLMs) operate on a different scale than earlier natural language processing systems. Their development involves several distinct phases: large-scale self-supervised pre-training to establish core language capabilities, followed by supervised fine-tuning and reinforcement learning to align the model with specific tasks. Once trained, these models utilize prompt engineering and in-context learning to interact with users and external tools. Deploying LLMs in specialized domains like oncology requires rigorous evaluation across reasoning, factual accuracy, and safety benchmarks to ensure they meet clinical standards [35].
[bookmark: _mhsfvogmemu6][bookmark: _tf3z3r2yv1fn]2.2.8 MedGemma LLM
[bookmark: _mfs4cpezodbs][bookmark: _8j1naifde62z]Healthcare applications demand models that can handle diverse, complex data while preserving privacy. MedGemma is a suite of medical vision-language foundation models built on the Gemma 3 architecture. It encodes deep medical understanding for both text and images, outperforming general-purpose models of similar size on clinical reasoning tasks. The framework includes MedSigLIP, a specialized vision encoder that processes medical imaging. Because it requires less task-specific tuning data than a model built from scratch, MedGemma serves as an efficient base for further fine-tuning in subdomains like breast cancer prognosis [36].
[bookmark: _2gsi3cvblz2d][bookmark: _5xr1orp1v8d1]2.2.9 Open WebUI
[bookmark: _atll1wb50u09][bookmark: _tcr8o47jekg3]Open WebUI provides a secure, self-hosted interface for deploying AI models. Because it can operate entirely offline, it aligns with the privacy and data residency requirements of healthcare environments. The platform acts as a provider-agnostic bridge, allowing clinicians to interact safely with locally fine-tuned models like MedGemma during a Tumor Board review [37].
Techniques with explain??


[bookmark: _e5kfbm7dm5k0]2.3 Related work

AI has produced a large volume of oncology research, but most of it addresses one task at a time: either image-based diagnostics, or LLM-driven text generation, or genomic classification. Studies that fuse these sources are relatively uncommon. The following works are examined individually for what they achieved and where they fell short, since understanding those gaps is what motivates the multimodal approach in this thesis.

Sorin et al. (2023) [21] tested ChatGPT as a support tool during breast tumor board meetings at a single cancer center. They fed the model anonymized case summaries from 50 consecutive patients and asked it to suggest management plans, then compared those suggestions against the board's actual decisions. Agreement rates reached 73% for surgery and 77% for systemic therapy recommendations. The model handled straightforward cases reasonably well but struggled with ambiguous presentations and produced occasional factual errors. Being a single-center, text-only proof-of-concept with no imaging or genomic input, the study cannot say much about how the approach would scale.

Author:  Sorin et al. |  Year:  2023 |  Technique:  GPT-3.5 (ChatGPT) zero-shot prompting |  Title:  Large language model (ChatGPT) as a support tool for breast tumor board |  Dataset:  50 breast cancer case summaries (single cancer center) |  Accuracy:  73% agreement (surgery), 77% (systemic therapy) |  Limitation:  Single-center, text-only input, no multimodal or genomic data integration.

Leibig et al. (2022) [2] tested whether routing mammography studies through an AI triage layer could reduce radiologist workload without lowering cancer detection rates. Working with 1.19 million retrospective mammography studies, the system handled high-certainty cases on its own and passed uncertain cases to a radiologist. Detection held steady while radiologist workload dropped by about 30%. The finding is useful for screening volume, but the model used only one AI vendor's system and no pathological or genomic data, so it offers nothing for prognostic discussions in a Tumor Board.

Author:  Leibig et al. |  Year:  2022 |  Technique:  Decision-referral deep learning AI (uncertainty-based triage) |  Title:  Combining the strengths of radiologists and AI for breast cancer screening |  Dataset:  1.19 million mammography studies (retrospective, single vendor) |  Accuracy:  ~30% radiologist workload reduction with equivalent cancer detection rate |  Limitation:  Single AI vendor system; no pathological, clinical, or genomic data integration; cannot support Tumor Board prognostic decisions.

Wang et al. (2024) [22] developed DeepClinMed-PGM, a multi-modal deep learning model that integrates clinicopathological features with gene expression data from the TCGA-BRCA cohort to predict disease-free survival. On an independent test set the model outperformed single-modality baselines, with a concordance index of 0.79. Fusing molecular and clinical data does improve prognostic precision. The gap is interpretability: the model produces a survival score with no accompanying explanation, making it hard for clinicians to interrogate the output during a Tumor Board discussion.

Author:  Wang et al. (incl. Ouyang, W.) |  Year:  2024 |  Technique:  Multi-modal deep learning fusion (DeepClinMed-PGM) |  Title:  Deep learning-based multi-modal data integration enhancing breast cancer disease-free survival prediction |  Dataset:  TCGA-BRCA (clinicopathological + gene expression data) |  Accuracy:  C-index = 0.79 (disease-free survival prediction) |  Limitation:  No narrative output; model is not interpretable for clinicians; cannot generate explanations usable in Tumor Board discussions.

Singhal et al. (2023) [23] fine-tuned the PaLM architecture on MedQA and a large PubMed corpus to build Med-PaLM, a model aimed at medical question answering and clinical reasoning. The system passed medical licensing exam thresholds, confirming that large foundation models can encode and recall complex biomedical facts at a useful level. The model is text-only and was designed as a general medical assistant, so it cannot handle radiological images, pathology slides, or genomic data. That gap is significant in an oncology Tumor Board context where decisions depend on all three.

 Author:  Singhal et al. |  Year:  2023 |  Technique:  Instruction-tuned PaLM (Med-PaLM) |  Title:  Large language models encode clinical knowledge |  Dataset:  MedQA benchmark + PubMed biomedical literature corpus |  Accuracy:  >67% on MedQA (exceeded medical licensing exam passing threshold) |  Limitation:  Text-only inputs; generalist design; no multimodal support for radiological, pathological, or genomic data required by oncology Tumor Boards.



[image: ]


Figure 2.3: Conceptual diagram of a Multimodal AI Framework in Oncology, integrating genomics, clinical records, and imaging for Tumor Board Decision Support.


Benary et al. (2023) [24] tested GPT-4 on 140 molecular tumor board case reports from a German cancer center and compared the model's suggestions to what the actual board decided. The model identified at least one relevant therapeutic option in 63% of cases and fully matched the board's recommendation in 35%. Those numbers rule out autonomous deployment. The study is still useful in that it maps where current LLMs fall short: ranking competing options and accounting for patient-level contraindications.

 Author:  Benary et al. |  Year:  2023 |  Technique:  GPT-4 zero-shot prompting |  Title:  Leveraging Large Language Models for Decision Support in Personalized Oncology |  Dataset:  140 molecular tumor board case reports (German cancer center) |  Accuracy:  63% relevant option identification; 35% full board recommendation match |  Limitation:  Cannot prioritize competing options or handle contraindications; not suitable for autonomous clinical decision-making.

Tayebi Arasteh et al. (2024) [25] fine-tuned BioMistral with LoRA adapters on MIMIC-IV oncology notes to extract tumor staging codes, drug names, and biomarker annotations. The model reached an F1-score above 88% on a held-out test set and trained in under eight hours on a single consumer GPU. That is a practical result: parameter-efficient fine-tuning can produce clinically useful extraction models without specialized hardware. The gap is geographic scope. All training data came from English-language Western records, and performance on Arabic or differently formatted clinical notes is untested.

 Author:  Tayebi Arasteh et al. |  Year:  2024 |  Technique:  LoRA fine-tuning on BioMistral (PEFT) |  Title:  Fine-tuning Open-Source LLMs for Clinical Information Extraction with LoRA on MIMIC-IV Oncology Notes |  Dataset:  MIMIC-IV oncology clinical notes (English-language, Western academic center) |  Accuracy:  F1-score > 88% (tumor staging, drug, and biomarker extraction) |  Limitation:  Trained solely on English-language Western EHR records; generalizability to Arabic or non-Western clinical documentation is untested.

Kang et al. (2023) [26] pooled data from six randomized controlled trials to examine how homologous recombination deficiency (HRD) status predicts benefit from PARP inhibitor maintenance therapy in ovarian cancer. HRD-positive patients consistently showed longer progression-free survival regardless of BRCA mutation status. The analysis is a useful reference for AI models designed to predict therapeutic response, since it identifies which genomic subgroup actually benefits. The source data is entirely from ovarian cancer trials, and applying those findings to breast cancer requires additional validation.

 Author:  Kang et al. |  Year:  2023 |  Technique:  Systematic review and meta-analysis of RCT data |  Title:  Homologous Recombination Deficiency in PARP Inhibitor Maintenance Clinical Trials: A Systematic Review |  Dataset:  Six randomized controlled trials (ovarian cancer, HRD-positive and HRD-negative cohorts) |  Accuracy:  HRD-positive patients showed significantly longer progression-free survival across all included trials |  Limitation:  Restricted to ovarian cancer trial data; findings cannot be directly applied to breast cancer without additional validation.

Qi et al. (2024) [27] trained a gradient-boosted classifier on genomic scarring scores and mutational signature features from non-small cell lung cancer cohorts with varying HRD levels. The classifier reached an AUC of 0.82 for identifying patients likely to respond to PARP inhibitors, which suggests that scarring-based features can flag candidates even in tumor types where standard BRCA testing is not routine. The model was not validated in breast cancer populations, so it cannot be used in a breast oncology decision support setting without further testing.

 Author:  Qi et al. |  Year:  2024 |  Technique:  Gradient-boosted classifier on genomic scarring and mutational signature features |  Title:  Genomic scarring score predicts the response to PARP inhibitors in non-small cell lung cancer |  Dataset:  Non-small cell lung cancer cohorts with varying HRD levels (genomic sequencing data) |  Accuracy:  AUC = 0.82 (PARP inhibitor response prediction) |  Limitation:  Validated only in non-small cell lung cancer; breast cancer-specific validation absent; cannot yet inform breast oncology decision support.

Jahangir et al. (2025) [28] built LLaMA-XR by connecting a DenseNet-121 image encoder to LLaMA 3.1 and fine-tuning the combined model with QLoRA. On the IU X-ray benchmark it scored a ROUGE-L of 0.433, and the full training run finished in about twelve hours on a single GPU. Those results confirm that QLoRA makes large-model fine-tuning accessible without specialized hardware. The system is limited to chest radiographs and does not handle mammography, histopathology slides, or genomic data, all of which are needed in a complete Tumor Board workflow.

 Author:  Jahangir et al. |  Year:  2025 |  Technique:  QLoRA fine-tuning of LLaMA 3.1 with DenseNet-121 image encoder (LLaMA-XR) |  Title:  LLaMA-XR: A Novel Framework for Radiology Report Generation using LLaMA and QLoRA Fine Tuning |  Dataset:  IU X-ray benchmark (chest radiograph-report pairs) |  Accuracy:  ROUGE-L = 0.433 |  Limitation:  Handles chest radiographs only; no support for mammography, histopathology, or genomic modalities needed for comprehensive Tumor Board assessment.

Ouyang et al. (2023) [1] combined digitized whole-slide pathology images with clinical metadata from the TCGA-BRCA repository to predict breast cancer survival. A Multimodal Transformer trained on this data reached a concordance index of 0.78, a meaningful improvement over single-modality baselines. Processing full-resolution whole-slide images through a Transformer is computationally expensive, and the model produces a risk score rather than an explanation. Clinicians cannot easily interrogate why the model ranked a given patient at a particular level, which is a problem in any time-constrained clinical setting.

 Author:  Ouyang et al. |  Year:  2023/2024 |  Technique:  Multimodal Transformer (whole-slide image + clinical metadata fusion) |  Title:  Deep learning-based multi-modal data integration enhancing breast cancer disease-free survival prediction |  Dataset:  TCGA-BRCA (whole-slide histopathology images + clinical records) |  Accuracy:  C-index = 0.78 (survival prediction) |  Limitation:  High computational cost for whole-slide image processing; no interactive output for clinicians; impractical for real-time Tumor Board use.
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Figure 2.4: Mockup of the proposed Tumor Board AI Dashboard, featuring multimodal patient summaries, prognostic assessments, and physician-supervised decision support.




Benary et al. (2023) [24] tested GPT-4 on 140 molecular tumor board case reports from a German cancer center and compared the model's suggestions to what the actual board decided. The model identified at least one relevant therapeutic option in 63% of cases and fully matched the board's recommendation in 35%. Those numbers rule out autonomous deployment. The study is still useful in that it maps where current LLMs fall short: ranking competing options and accounting for patient-level contraindications.

 Author:  Benary et al. |  Year:  2023 |  Technique:  GPT-4 zero-shot prompting |  Title:  Leveraging Large Language Models for Decision Support in Personalized Oncology |  Dataset:  140 molecular tumor board case reports (German cancer center) |  Accuracy:  63% relevant option identification; 35% full board recommendation match |  Limitation:  Cannot prioritize competing options or handle contraindications; not suitable for autonomous clinical decision-making.

Tayebi Arasteh et al. (2024) [25] fine-tuned BioMistral with LoRA adapters on MIMIC-IV oncology notes to extract tumor staging codes, drug names, and biomarker annotations. The model reached an F1-score above 88% on a held-out test set and trained in under eight hours on a single consumer GPU. That is a practical result: parameter-efficient fine-tuning can produce clinically useful extraction models without specialized hardware. The gap is geographic scope. All training data came from English-language Western records, and performance on Arabic or differently formatted clinical notes is untested.

 Author:  Tayebi Arasteh et al. |  Year:  2024 |  Technique:  LoRA fine-tuning on BioMistral (PEFT) |  Title:  Fine-tuning Open-Source LLMs for Clinical Information Extraction with LoRA on MIMIC-IV Oncology Notes |  Dataset:  MIMIC-IV oncology clinical notes (English-language, Western academic center) |  Accuracy:  F1-score > 88% (tumor staging, drug, and biomarker extraction) |  Limitation:  Trained solely on English-language Western EHR records; generalizability to Arabic or non-Western clinical documentation is untested.

Kang et al. (2023) [26] pooled data from six randomized controlled trials to examine how homologous recombination deficiency (HRD) status predicts benefit from PARP inhibitor maintenance therapy in ovarian cancer. HRD-positive patients consistently showed longer progression-free survival regardless of BRCA mutation status. The analysis is a useful reference for AI models designed to predict therapeutic response, since it identifies which genomic subgroup actually benefits. The source data is entirely from ovarian cancer trials, and applying those findings to breast cancer requires additional validation.

 Author:  Kang et al. |  Year:  2023 |  Technique:  Systematic review and meta-analysis of RCT data |  Title:  Homologous Recombination Deficiency in PARP Inhibitor Maintenance Clinical Trials: A Systematic Review |  Dataset:  Six randomized controlled trials (ovarian cancer, HRD-positive and HRD-negative cohorts) |  Accuracy:  HRD-positive patients showed significantly longer progression-free survival across all included trials |  Limitation:  Restricted to ovarian cancer trial data; findings cannot be directly applied to breast cancer without additional validation.

Qi et al. (2024) [27] trained a gradient-boosted classifier on genomic scarring scores and mutational signature features from non-small cell lung cancer cohorts with varying HRD levels. The classifier reached an AUC of 0.82 for identifying patients likely to respond to PARP inhibitors, which suggests that scarring-based features can flag candidates even in tumor types where standard BRCA testing is not routine. The model was not validated in breast cancer populations, so it cannot be used in a breast oncology decision support setting without further testing.

 Author:  Qi et al. |  Year:  2024 |  Technique:  Gradient-boosted classifier on genomic scarring and mutational signature features |  Title:  Genomic scarring score predicts the response to PARP inhibitors in non-small cell lung cancer |  Dataset:  Non-small cell lung cancer cohorts with varying HRD levels (genomic sequencing data) |  Accuracy:  AUC = 0.82 (PARP inhibitor response prediction) |  Limitation:  Validated only in non-small cell lung cancer; breast cancer-specific validation absent; cannot yet inform breast oncology decision support.

Jahangir et al. (2025) [28] built LLaMA-XR by connecting a DenseNet-121 image encoder to LLaMA 3.1 and fine-tuning the combined model with QLoRA. On the IU X-ray benchmark it scored a ROUGE-L of 0.433, and the full training run finished in about twelve hours on a single GPU. Those results confirm that QLoRA makes large-model fine-tuning accessible without specialized hardware. The system is limited to chest radiographs and does not handle mammography, histopathology slides, or genomic data, all of which are needed in a complete Tumor Board workflow.

 Author:  Jahangir et al. |  Year:  2025 |  Technique:  QLoRA fine-tuning of LLaMA 3.1 with DenseNet-121 image encoder (LLaMA-XR) |  Title:  LLaMA-XR: A Novel Framework for Radiology Report Generation using LLaMA and QLoRA Fine Tuning |  Dataset:  IU X-ray benchmark (chest radiograph-report pairs) |  Accuracy:  ROUGE-L = 0.433 |  Limitation:  Handles chest radiographs only; no support for mammography, histopathology, or genomic modalities needed for comprehensive Tumor Board assessment.

Ouyang et al. (2023) [1] combined digitized whole-slide pathology images with clinical metadata from the TCGA-BRCA repository to predict breast cancer survival. A Multimodal Transformer trained on this data reached a concordance index of 0.78, a meaningful improvement over single-modality baselines. Processing full-resolution whole-slide images through a Transformer is computationally expensive, and the model produces a risk score rather than an explanation. Clinicians cannot easily interrogate why the model ranked a given patient at a particular level, which is a problem in any time-constrained clinical setting.

 Author:  Ouyang et al. |  Year:  2023/2024 |  Technique:  Multimodal Transformer (whole-slide image + clinical metadata fusion) |  Title:  Deep learning-based multi-modal data integration enhancing breast cancer disease-free survival prediction |  Dataset:  TCGA-BRCA (whole-slide histopathology images + clinical records) |  Accuracy:  C-index = 0.78 (survival prediction) |  Limitation:  High computational cost for whole-slide image processing; no interactive output for clinicians; impractical for real-time Tumor Board use.

Figure 2.4: Mockup of the proposed Tumor Board AI Dashboard, featuring multimodal patient summaries, prognostic assessments, and physician-supervised decision support.

Kresevic et al. (2024) [29] reformatted EASL hepatology guidelines into structured chunks, indexed them in a vector database, and used retrieval-augmented generation to answer clinical questions. Compared to a standard GPT-4 baseline without retrieval, the RAG system cut factual error rates by more than half. Grounding an LLM in authoritative documents is a practical strategy for reducing hallucination. The study covers hepatology guidelines only, all in English, so adapting the approach to oncology protocols or Arabic-language clinical guidance would require building a separate domain corpus.

 Author:  Kresevic et al. |  Year:  2024 |  Technique:  Retrieval-Augmented Generation (RAG) with vector database over structured guideline chunks |  Title:  Optimization of hepatological clinical guidelines interpretation by large language models |  Dataset:  EASL hepatology clinical guidelines (English-language, structured corpus) |  Accuracy:  >50% reduction in factual error rate vs. baseline GPT-4 without retrieval |  Limitation:  Covers hepatology guidelines only; no oncology or Arabic-language support; requires domain corpus extension for breast cancer Tumor Board use.

El Hajj et al. (2024) [30] built MedAraBench, a dataset of 10,000 Arabic-language clinical questions, and used it to evaluate several LLMs on medical knowledge tasks. The best-performing model reached 72% accuracy, which shows how poorly current models handle regionally specific clinical language. The benchmark covers multiple-choice question answering only and does not test whether models can reason through a multi-step clinical case, the kind of reasoning a Tumor Board actually requires.

 Author:  El Hajj et al. |  Year:  2024 |  Technique:  LLM benchmark evaluation across multiple models on Arabic medical QA |  Title:  MedAraBench: Large-Scale Arabic Medical Question Answering Dataset and Benchmark |  Dataset:  MedAraBench (10,000 Arabic-language clinical MCQs) |  Accuracy:  72% baseline accuracy (best-performing evaluated model on localized nuances) |  Limitation:  Restricted to multiple-choice QA; does not assess multi-step clinical reasoning or prognostic deliberation required in Tumor Board settings.

Rajpurkar et al. (2022) [31] reviewed AI progress across radiology, pathology, and genomics and examined what it would take for clinical AI to move from research into routine use. Human-in-the-loop validation, prospective trials, and interpretability are consistent requirements in high-stakes settings. The review also notes that models trained on Western datasets tend to perform worse on cohorts from other regions, a direct concern for any oncology system deployed outside Western hospitals.

 Author:  Rajpurkar et al. |  Year:  2022 |  Technique:  Narrative review across radiology, pathology, and genomics AI case studies |  Title:  AI in health and medicine |  Dataset:  Multi-domain case study review (radiology, pathology, genomics AI literature) |  Accuracy:  N/A (review article) |  Limitation:  No primary performance data; findings are generalized and do not address oncology-specific Tumor Board workflows or non-Western clinical deployment in detail.

Kim et al. (2024) [11] evaluated open-weight medical foundation models, focusing on MedGemma 1.5, across a set of clinical NLP benchmarks. Zero-shot, the 4-billion-parameter MedGemma variant reached 81% accuracy, putting it close to much larger proprietary models. The study stops at general benchmarks and does not test the model on precision oncology tasks. BRCA-related prognostic risk stratification was not evaluated, so how the model performs on the specific reasoning needed for Tumor Board support is unknown.

 Author:  Kim et al. |  Year:  2024 |  Technique:  Zero-shot evaluation of open-weight medical foundation models (MedGemma 1.5 4B) |  Title:  Evaluating Open Medical Foundation Models (MedGemma) on Clinical NLP Tasks |  Dataset:  Established medical NLP benchmarks (MedQA, MedMCQA, PubMedQA) |  Accuracy:  81% zero-shot accuracy across clinical NLP tasks |  Limitation:  No domain-specific fine-tuning for precision oncology; BRCA-related prognostic risk stratification not evaluated; performance on specialized Tumor Board tasks is unknown.

Kehl et al. (2020) [32] used a BERT-based pipeline to extract cancer response outcomes from unstructured medical oncologist notes in a real-world dataset. The model identified disease progression, response, and stable disease events with an F1-score of 0.82, well above rule-based approaches. Structured EHR fields rarely capture nuanced disease trajectory, so automated extraction from clinical text fills a real gap in real-world evidence generation. The work was done at a single US academic center, and whether the model generalizes to other healthcare systems or languages has not been tested.

 Author:  Kehl et al. |  Year:  2020 |  Technique:  BERT-based NLP pipeline for clinical outcome extraction |  Title:  Natural Language Processing to Ascertain Cancer Outcomes From Medical Oncologist Notes |  Dataset:  Medical oncologist notes from a single US academic cancer center (real-world EHR) |  Accuracy:  F1-score = 0.82 (disease progression, response, and stable disease event detection) |  Limitation:  Trained and tested at a single US academic center only; not validated across different healthcare systems, languages, or non-Western clinical documentation formats.
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The studies reviewed in this chapter demonstrate that artificial intelligence, spanning Large Language Models, multimodal deep learning, and parameter-efficient fine-tuning techniques, has become an increasingly valuable instrument in precision oncology and Tumor Board decision support. A variety of approaches have been explored, including zero-shot LLM prompting, CNN-based imaging analysis, LoRA/QLoRA-based model adaptation, multi-agent collaborative frameworks, and RAG-enhanced guideline retrieval. Collectively, these studies confirm that AI can deliver strong performance when applied to specific clinical decision support, prognostic assessment, and medical text generation tasks.

Table 2.1 provides a comparative summary of the principal studies reviewed in this chapter. It contrasts the specific methodologies, dataset structures, performance outcomes, and primary limitations of prior efforts, highlighting how each relates to the proposed research.

	Ref
	Author 
	Year 
	Technique Used  
	Performance 
	Dataset
	Limitations 
	Comparison with This Research 

	[1]
	Chen et al 
	2024
	GPT-4 Prompting 
	~85% consensus 
	Retrospective TB cases 
	Text-only; hallucinations
	Uses fine-tuned MedGemma with physician validation

	[2]
	Alotaibi et al 
	2023
	CNN(SAMIA) 
	92% accuracy 
	Saudi Mammogram Dataset

	Radiology-only; no genomics
	Integrates multimodal data for Saudi patients


	[3]
	Wang et al 
	2024
	MultimodalDL	 
	88% AUC	TCGA-BRCA 
	TCGA-BRCA
	Black-box; no summaries

	Generates readable discussion points

	[4]
	Singhal et al 
	2023
	PaLM Fine-Tuning 
	~86% accuracy 
	MedQA / PubMed
	General-purpose; not oncology-specific

	Focuses on BRCA oncology tasks

	[5]
	Tomasve et al 
	2024
	Multi-Agent LLMs 
	High efficiency 
	Simulated cases
	No real-world validation
	Addresses clinical reasoning for BRCA

	[6]
	Zheng et al 
	2024
	LoRA (Mistral) 
	90% F1 
	MIMIC-IV / Oncology Notes
	Western clinical notes only
	Customizes for Saudi datasets

	[7]
	Alshahrani et al 
	2023
	Predictive ML 
	~87% precision 
	KFSH Registry
	Unimodal structured data
	Uses end-to-end multimodal LLM

	[8]
	Huang et al 
	2024
	RF + Deep Learning 
	84% accuracy 
	Clinical Trial Genomics
	Single drug class focus
	Synthesizes multiple data streams

	[9]
	Wu et al 
	2024
	QLoRA (LLaMA) 
	High ROUGE 
	Radiology Reports
	Single modality (radiology)
	Incorporates radiology + pathology + NGS


	[10]
	Ouyang et al 
	2023
	Multimodal Transformer 
	C-index 0.78 
	TCGA Breast Cancer
	Computationally expensive
	Uses efficient LoRA/QLoRA via Unsloth

	[11]
	Gupta et al 
	2024
	RAG + Generative AI 
	94% factual 
	NCCN Guidelines
	Not adapted for Saudi guidelines
	Tailors to Saudi oncology practices

	[12]
	El Hajj et al 
	2024
	Arabic Benchmarking 
	72% baseline 
	MedAraBench 
	Basic QA only
	Develops agentic multi-step framework

	[13]
	Smith et al 
	2023
	RLHF Decision Support 
	89% agreement 
	Institutional TB Data
	Hard to scale
	Uses PEFT on MedGemma for scalability

	[14]
	Kim et al 
	2024
	MedGemma 1.5 Baseline 
	81% zero-shot 
	MedQA / MIMIC
	No oncology fine-tuning
	Fine-tunes for BRCA prognostic risk

	[15]
	Alqahtani et al 
	2024
	Clinical NLP 
	85% extraction 
	Saudi EHR Data 
	Extractive only; no generation 
	Introduces generative advisory agent 




Table 2.1: Comparison oIf related studies in Oncology AI and Tumor Board Support







Despite the encouraging outcomes reported across these studies, a number of substantive challenges persist within the field of oncology AI. While many current models deliver satisfactory performance on narrowly scoped tasks, whether image-based tumor classification or rudimentary text mining, they frequently fall short of providing insight into the robustness and stability of their predictions under varying clinical circumstances. Moreover, critical dimensions such as model transparency, the suppression of hallucinated outputs, and the cohesive fusion of disparate data types (encompassing clinical notes, pathological assessments, radiological scans, and genomic profiles) remain inadequately addressed within the majority of existing frameworks.

A further concern is that the preponderance of oncology AI research draws upon datasets originating from Western institutions, which do not necessarily capture the clinical operational norms and diagnostic patterns encountered in global patient populations. The continued absence of public, multi-institutional breast cancer datasets containing radiological reports, histopathology scans, and clinical notes in a unified structure impedes the practical utility of even the most advanced models when deployed in diverse hospital environments. Additionally, variations in the structure and time pressures of regional Tumor Board proceedings introduce further complications for model integration and dependability.

In light of these observations, a clear and pressing need exists for a comprehensive framework that transcends simple tumor categorization or textual summarization. What is required is an approach that simultaneously addresses multimodal data consolidation, generative clinical reasoning, and stringent physician-supervised validation within a unified architecture. It is precisely this gap that provides the impetus for the present research, which seeks to design and evaluate a fine-tuned, multimodal AI agent built upon the MedGemma 1.5 foundation, expressly tailored for Tumor Board operational workflows and prognostic outcome evaluation.

Therefore, this thesis aims to develop a fine-tuned, multimodal AI agent using MedGemma 1.5 (4B) through an integrated framework that combines parameter-efficient adaptation (LoRA/QLoRA via Unsloth), multimodal data synthesis (clinical, pathological, radiological, and genomic), and physician-supervised deployment (via OpenWebUI) in one cohesive setting.
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