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Abstract

Pulmonary embolism (PE) is a serious and life-threatening condition caused by an artery
blockage in the lung. The prevalence of PE varies significantly, ranging from 0.14% to as
high as 61.5%, depending on the patient population and medical setting. Mortality rates
for those who develop PE are also concerning, with between 40% and 69.5% of patients
dying from the condition. Particularly alarming is the case-fatality rate following surgery,
where approximately 60% of patients who develop PE do not survive. Computed tomography
pulmonary angiography (CTPA) is the standard imaging method for PE detection. The
scans generates hundreds of images which need to be manually reviewed, making it time-
consuming and prone to overdiagnosis. In Kenya, this issue is further exacerbated by a
significant shortage of radiologists with only 1 radiologist for every 270,000 people, far
below the recommended 10-12 radiologists per 100,000 people. This deficit delays diagnosis
and significantly raises the risk of adverse outcomes, including higher mortality rates for
patients. Artificial intelligence (Al) offers a promising solution by automating the image
analysis process, reducing diagnostic delays, and supporting radiologists in decision-making.
This study presents a deep learning-based pipeline for automated PE detection and radiology
report generation. Our system integrates a CT-ViT (Vision Transformer for 3D Medical Image
Processing) model to extract features from CTPA scans, followed by the Medltron-7B Large
Language Model (LLM), which translates extracted insights into structured radiology reports.
Additionally, a Visual Question Answering (VQA) module enhances clinical interpretability
by enabling contextual queries on detected abnormalities. Evaluation metrics indicate strong
model performance in structured text generation, with peak ROUGE-1 recall reaching 1.0,
while BLEU-1 and BLEU-4 scores of 0.35 and 0.22, respectively, highlight challenges in
maintaining linguistic coherence. The results indicate the potential of Al-driven diagnostic
tools in improving PE detection efficiency, reducing radiologist workload, and enhancing

diagnostic accuracy.

KEY WORDS: Pulmonary Embolism, PE, CTPA, CTViT, Deep Learning, LLM, Radiology.
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Chapter 1

Introduction

1.1 Background to the Study

Pulmonary embolism (PE) is a critical medical emergency characterized by blockage of
the pulmonary arteries by blood clots, typically originating from deep vein thrombosis in
the lower extremities. This condition significantly affects lung function, leading to a varied
severity of symptoms and potentially fatal outcomes. PE represents a substantial global
health burden, ranking as the third most common cause of cardiovascular death after stroke

and myocardial infarction (Raskob et al., 2014; Wendelboe and Raskob, 2016).

The global impact of PE is evident, with more than 300,000 deaths per year reported in the
United States alone (Raskob et al., 2014). Worldwide, PE is associated with a 20% 90-day
mortality rate (Khan et al., 2022), highlighting its severity and the urgent need for better
management strategies. The situation in Africa is even worse, with mortality rates ranging
between 40% and 69.5% (Danwang et al., 2017), significantly higher than global averages.
This disparity highlights the unique challenges facing healthcare systems in African countries,

including limited resources, delayed diagnosis, and inadequate treatment facilities.

In Kenya, a study conducted at Kenyatta National Hospital (KNH) revealed a mortality rate
associated with PE of 28% among 128 patients (Ogeng’o et al., 2011). Although lower than
the continental average, this figure still represents a significant health burden and emphasizes
the critical need for improved diagnostic and treatment capabilities in the Kenyan healthcare

system.



1.1.1 Diagnosis of Pulmonary Embolism

The diagnosis of PE is a complex process that integrates clinical assessment, risk stratification,
and imaging studies. Clinical decision support rules, such as the Wells score or the Geneva
score, are often used as initial screening tools to assess the probability of PE (Zantonelli et al.,
2022). However, these rules are subjective and can be influenced by variability in human
interpretation and laboratory output, potentially lowering the clinical pretest probability

(Khan et al., 2022).

Computed Tomography Pulmonary Angiography (CTPA) has emerged as the gold standard
imaging modality for PE diagnosis, demonstrating high sensitivity (94%) and specificity
(98%) (Patel et al., 2020). CTPA provides detailed visualization of the pulmonary arterial

tree, with contrast-enhanced scans being significantly more effective than non-contrast scans.

Figure 1.2: PE in the segmental artery
posterior of the basal segment of the right
lower lobe. (Key, n.d.)

Figure 1.1: PE in the segmental artery
anterior of the basal segment of the right
lower lobe. (Key, n.d.)

Non-contrast CTPA is occasionally used to detect hyperdense thrombi, but its diagnostic
utility is limited as it cannot reliably differentiate between vascular occlusion and normal
blood flow (Kaykisiz et al., 2018). In contrast, contrast-enhanced CTPA uses iodinated
contrast to opacify the pulmonary arteries, allowing emboli to appear as dark filling defects
within the bright vessel lumen (Wittram et al., 2004). This enhances sensitivity and specificity

for detecting PE while also providing insights into right heart strain and clot burden.



Figure 1.3: Contrast vs Non-contrast scan. (Key, n.d.)

As demonstrated in the provided images, a non-contrast scan (a) may reveal high-attenuation

emboli, but a contrast-enhanced scan (b) confirms their presence with greater clarity.

1.1.2 Artificial Intelligence in PE Detection

The application of Artificial Intelligence (Al) in medical imaging, particularly in PE detection,
has shown promising results. A systematic review and meta-analysis on Al-supported PE
detection on CTPA revealed that Al systems achieved a yield rate of 14.6%, compared to
a radiologist yield rate of 13.1%, with an overall PE prevalence of 15.8% (Cheikh et al.,
2022). This suggests that Al systems can perform at least on par with human radiologists in

detecting PE.

A study on Al in pulmonary embolism detection using 11,736 CTPA scans demonstrated
major advancements in diagnostic accuracy and efficiency. Al reduced detection time 60-fold
and achieved high performance metrics: 91.6% sensitivity, 99.7% specificity, 99.9% negative
predictive value, and 80.9% positive predictive value. These results highlight AI’s potential
to enhance medical imaging interpretation, reduce errors, and accelerate diagnosis.(Topff

et al., 2023).

These advancements in Al-enabled PE detection offer the potential to significantly improve

the efficiency and accuracy of PE diagnosis. By automating the initial screening of CTPA



scans, Al systems can prioritize cases with a high likelihood of PE, allowing radiologists to
focus their expertise on the most critical cases and reducing the time to diagnosis for urgent

conditions.

1.1.3 AI Adoption in Kenya

While Al-enabled PE detection is gaining momentum in Europe and America, its implemen-
tation in Africa, including Kenya, remains limited. This lag is primarily due to challenges in
local healthcare data availability and infrastructure (Colak et al., 2021; Musa et al., 2023).
The Kenyan healthcare system faces unique challenges that make the adoption of Al-assisted

diagnostic tools both promising and challenging.

Kenya is grappling with an acute shortage of radiologists, with only 1 radiologist for every 1
million people, far below the recommended 10-12 radiologists per 100,000 people (Insights10,
2023). This shortage is particularly pronounced in rural and remote areas. Consequently,
many rural hospitals with X-ray departments lack on-site radiologists, necessitating the
practice of "teleradiology," where scan images are sent to referral and academic institutions
for reporting. While this approach improves access to radiological expertise, it also leads
to an overwhelming influx of scans at central institutions, straining the already limited

radiologist capacity.

Additionally, many healthcare facilities in Kenya, particularly in rural areas, face significant
resource constraints, including limited access to advanced imaging equipment and inadequate
IT infrastructure necessary for implementing Al systems. Another potential challenge is
that developing Al models require large, diverse, and high-quality datasets, but the limited
availability of standardized digital medical imaging data in Kenya poses a significant chal-
lenge to the development of locally relevant Al models. These factors collectively hinder the

widespread adoption of Al-assisted diagnostic tools in the Kenyan healthcare system.



1.2 Problem Statement

Despite its efficacy, the interpretation of CTPA scans presents several challenges. The
process is time-consuming. A single study can comprise hundreds of images, each requir-
ing a meticulous review by radiologists before writing a detailed report. This completely
manual process is particularly problematic in resource-constrained settings with limited
radiological expertise. Additionally, the high sensitivity of CTPA can lead to the detection of
small, clinically insignificant emboli, increasing the risk of overdiagnosis and resulting in
unnecessary anticoagulation therapy (Weikert et al., 2020). The increasing use of imaging
in clinical practice has also led to growing workloads for radiologists, which can result in
longer turnaround times for diagnoses and potentially higher error rates due to fatigue or

time pressure.

In addition, the absence of a standardized and efficient workflow for interpreting and priori-
tizing CTPA scans leads to suboptimal resource utilization and potential delays in identifying
and treating critical cases. Lastly, the limited implementation of advanced diagnostic tools is
a significant barrier. The challenges related to infrastructure, data availability and adapta-
tion to local healthcare contexts hinder the integration of Al technologies into the Kenyan

healthcare system.

There is a pressing need for an innovative solution that can improve the accuracy and
efficiency of PE detection from CTPA scans while alleviating the burden on radiologists.
By developing and implementing an Al-assisted PE detection system, it may be possible
to significantly improve the efficiency of radiological services in Kenya and ultimately

contribute to better patient outcomes.



1.3

Research Objectives

1.3.1 General Objective

The main objective of this study is to develop and evaluate a machine learning-based system

for the automated detection of PE from CTPA scans, with the goal of reducing radiologist

workload and enhancing the efficiency of PE diagnosis and treatment.

1.3.2 Specific Objectives

L

II.

I1I.

IV.

1.4

II.

I1I.

IV.

To review existing machine learning models in detecting pulmonary embolism (PE)

from CTPA scans.

To design a multimodal deep learning system integrating 3D Vision Transformers and

large language models.
To automate the generation of radiologist reports that summarize key findings

To deploy the system in a web application, making it available for use.

Research Questions

How accurately can a machine learning model detect PE in CTPA scans compared to

traditional radiologist evaluations?

Can the automated system generate reliable and clinically useful radiologist reports

that summarize key findings such as clot size, location, and severity?

How does the machine learning model’s sensitivity, specificity, and overall accuracy

compare to current diagnostic methods for detecting PE in CTPA scans?

To what extent can the use of a machine learning-based system reduce overdiagnosis

and diagnostic errors in the evaluation of CTPA scans for PE?



1.5 Scope/Limitations

1.5.1 Scope

This research focuses on developing and evaluating deep learning architectures PE detection
in CTPA imaging. The project encompasses three primary components: implementing 3D CT
Vision Transformers for volumetric analysis of CTPA scans, deploying CT-CLIP multimodal
models for enhanced feature extraction, and integrating large language models for automated
radiological report generation. The scope includes binary classification of PE presence or
absence in CTPA studies, localization of embolic clots within pulmonary arterial segments,
and generation of structured clinical reports summarizing diagnostic findings. The research
evaluates model performance using Natural Language Generation metrics and validates
findings against expert radiologist interpretations. The study specifically targets CTPA
imaging modality and excludes other pulmonary imaging techniques such as ventilation-
perfusion scintigraphy or chest X-rays. Model development utilizes the INSPECT dataset
for training, with performance assessment conducted on both annotated validation sets and

unannotated clinical cases to evaluate real-world generalizability.

1.5.2 Limitations



Chapter 2

Literature Review
2.1 Introduction

This literature review provides an overview of the models developed to date, the advancements
in computer vision, and their application in medical imaging, particularly in PE detection
using CTPA scans. A significant interest in applying Al to medical imaging emerged in the
early 2000s as deep learning techniques, such as convolutional neural networks (CNNs),
began demonstrating superior performance across various image analysis tasks. These
breakthroughs have led to the formulation and application of various models, including
traditional machine learning models, deep learning architectures, and hybrid approaches.
This review examines key studies, compares the effectiveness of different approaches in
the context of PE detection, and highlights their ability to provide accurate and reliable

diagnostic results.

2.1.1 Computer Vision and Advancements in the Field

Computer vision has undergone a remarkable transformation in recent years, driven largely
by advancements in deep learning and neural networks. The field has evolved from simple
edge detection and image segmentation to complex tasks such as object recognition, scene
understanding, and even image generation. One of the most significant breakthroughs came
with the introduction of Convolutional Neural Networks (CNNs). In 2012, (Krizhevsky et al.,
2012) demonstrated the power of deep CNNs with their AlexNet architecture, which signif-
icantly outperformed previous methods on the ImageNet Large Scale Visual Recognition

Challenge. This marked the beginning of the deep learning era in computer vision.



Since then, numerous architectures have been proposed, each pushing the boundaries of
what’s possible in computer vision. (Simonyan and Zisserman, 2014) introduced in 2014
demonstrated that depth is crucial for good performance. GoogLeNet (Inception) (Szegedy
et al., 2015) developed in 2014 introduced the concept of inception modules, allowing for
efficient computation and deeper networks. Residual Networks proposed in 2015 (ResNet)
(He et al., 2016) allowed for the training of incredibly deep networks through the use of skip
connections. DenseNet (Huang et al., 2017) introduced in 2017 proposed an architecturethat
connects each layer to every other layer in a feed-forward fashion, strengthening feature
propagation and encouraging feature reuse. These advancements have not only improved
accuracy but also efficiency, allowing for real-time applications on mobile devices and
embedded systems. More recently, attention mechanisms and transformer architectures,
originally developed for natural language processing, have been successfully applied to
computer vision tasks. Vision Transformer (ViT) (Dosovitskiy et al., 2020), showed that
a pure transformer applied directly to sequences of image patches can perform very well
on image classification tasks. Another significant advancement is the development of self-
supervised learning techniques. Methods like SImCLR (Chen et al., 2020) and MoCo (He
et al., 2020) have shown that visual representations can be learned without requiring large
amounts of labeled data, making this approach especially valuable in fields where labeled

data is limited or costly to acquire.

2.1.2 Applications in Medical Imaging

The advancements in computer vision have had a profound impact on medical imaging.
These technologies are being applied across various modalities including X-rays, CT scans,
MRI, and ultrasound. One of the earliest and most successful applications has been in the
detection of diabetic retinopathy. In 2016, (Gulshan et al., 2016) demonstrated an algorithm
that could detect diabetic retinopathy in retinal fundus photographs with sensitivity and
specificity on par with human experts. This work showed the potential for Al to assist in
screening programs, particularly in areas with limited access to ophthalmologists. In breast

cancer screening, Al has shown promise in reducing false positives and false negatives. A



study by (McKinney et al., 2020) in 2020 showed that an Al system could reduce false
positives by 5.7% and false negatives by 9.4% compared to human experts in mammography
interpretation. For brain imaging, Al has been applied to tasks such as tumor segmentation,
stroke detection, and Alzheimer’s disease prediction. In 2018, (Chilamkurthy et al., 2018)
developed a deep learning algorithm that could detect critical findings in head CT scans,
including intracranial hemorrhage and midline shift, with high accuracy. Lung nodule
detection and classification has been one of the most studied areas in CT imaging . In 2017,
(Ardila et al., 2019) demonstrated a deep learning algorithm that could detect lung cancer on
low-dose chest CT scans with a performance matching or exceeding that of expert radiologists.
The system could predict the risk of lung cancer with an AUC of 0.94, potentially improving
the efficiency and accuracy of lung cancer screening programs. In abdominal imaging, Al
has been applied to tasks such as liver lesion detection and characterization. A study by
(Yasaka et al., 2018) in 2018 showed that a deep learning model could differentiate between
three types of liver masses (hepatocellular carcinoma, metastatic tumors, and hemangioma)
with an accuracy of 84%. For neuroimaging, Al has been used for tasks such as intracranial
hemorrhage detection, stroke diagnosis, and brain tumor segmentation. (Prevedello et al.,
2017) developed a deep learning algorithm that could flag head CT scans with critical findings,
potentially reducing the time to diagnosis for urgent conditions. In cardiac CT, Al has been
applied to tasks such as coronary artery calcium scoring and plaque characterization. A study
by (van Assen et al., 2019) in 2019 demonstrated an Al system that could automatically
quantify total coronary artery calcium, potentially speeding up cardiovascular risk assessment.
Al has also been applied to improve the quality of CT images. Deep learning-based image
reconstruction techniques have shown promise in reducing radiation dose while maintaining
or even improving image quality. A 2019 study by (Akagi et al., 2019) demonstrated that a
deep learning reconstruction algorithm could reduce radiation dose by 92% while preserving

diagnostic accuracy in chest CT.
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2.2 Al in PE Detection

2.2.1 Existing Models for PE Detection

Early CNN models often focused on detecting emboli in the main pulmonary arteries, leading
to suboptimal performance in identifying smaller embolisms in peripheral arteries (Tajbakhsh
et al., 2015, 2019). These initial models often focused on analyzing pre-processed image
features, requiring complex segmentation and vessel alignment steps that hindered their
efficiency and generalizability. One of the first investigations to use CNNs for PE detection
was carried out by (Tajbakhsh et al., 2019). Their model, which was trained on 121 CTPA
scans, had an 83% sensitivity in finding individual emboli with a fixed false-positive rate.
This ground-breaking study showed that CNNs had the ability to outperform conventional
computer vision methods for PE identification. (Liu et al., 2020) assessed a deep learning
convolutional neural network (U-Net) trained on 590 patients. Their work established
strong correlations between the clot burden detected by the model and traditional scoring
methods like the Qanadli and Mastora scores, highlighting the model’s potential in enhancing

diagnostic accuracy for PE.

Researchers shifted to examining full volumetric CTPA scans rather than just specific slices
or areas in recognition of the fact that PE may appear in various places inside the pulmonary
vasculature. Models were able to acquire a more thorough understanding of the pulmonary
arteries and spot emboli that may be missed by examining separate areas thanks to this
all-encompassing strategy. For instance, to automatically identify PE using volumetric CTPA
scans, (Huang et al., 2020) created PENet, a 77-layer 3D CNN. PENet was first trained
on a sizable video dataset (Kinetics-600) and subsequently adjusted using a CTPA dataset.
This showed the value of transfer learning, which involves applying information from other
domains to the study of medical images. PENet’s AUROC on an internal test set was 0.84,
and it was 0.85 on an external dataset, proving its resilience and generalizability. (Ajmera
et al., 2022) proposed a 2D segmentation model using a U-Net architecture with an Xception
encoder. Their study, involving 251 CTPA scans (55 positive for PE), achieved notable

performance metrics with a sensitivity of 0.80, specificity of 0.74, and accuracy of 0.76 at the
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scan level. The model’s slice-level sensitivity reached 0.93, demonstrating its effectiveness
in identifying emboli across CT slices. Building upon existing research, several studies
have focused on developing more accurate and efficient models for PE detection. (Pu et al.,
2023) presented an innovative approach that detects and segments PEs using deep learning
without the need for manual outlining. Their algorithm employs computer vision techniques
to identify high-confidence PE regions and subsequently trains a 3D Recurrent Residual
U-Net model, achieving better performance metrics than traditional manual methods. The
most recent notable development is the use of attention mechanisms in CNN architectures,
inspired by human experts’ ability to focus on both global and local image features when
interpreting CTPA scans. (Bushra et al., 2024) created an Attention-Guided CNN (AG-CNN)
for PE detection, which includes an attention mechanism to direct the model’s attention to
localized lesion areas. This study also used ensemble approaches to combine the results of
various object detection models. They were able to obtain cutting-edge performance on the
FUMPE dataset (Masoudi and Saadatmand-Tarzjan) by integrating models like YOLOVS,
Faster R-CNN, and EfficientDet, achieving an AUROC of 0.927 and a sensitivity of 0.862.
Furthermore, incorporating essential arterial context data during training emerged as a crucial
strategy for improving the localization of small embolisms, addressing a key limitation of

earlier models.

Alongside technological advancements, researchers have recognized the importance of
incorporating human-centered design (HCD) principles in developing clinically viable PE
detection tools. (Babione et al., 2020) emphasized the crucial role of HCD in creating user-
friendly, efficient, and effective clinical decision support systems (CDSS) for PE diagnosis.
They highlighted the need for iterative design and evaluation processes, involving clinicians
and other stakeholders, to ensure seamless integration into existing workflows and address
users’ specific needs. While deep learning has shown significant promise in PE detection,
translating these advancements into tangible clinical benefits remains an ongoing challenge.
Researchers have begun exploring the integration of Al tools into radiologist workflows. For
example, (Batra et al., 2023) demonstrated the potential of Al-driven worklist reprioritization
to expedite the interpretation of CTPA scans positive for PE. The study found that Al-driven

reprioritization significantly reduced report turnaround times (47.6 vs. 59.9 minutes) and wait
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times for PE-positive cases (21.4 vs. 33.4 minutes). This decrease in wait time, measured
from examination completion to report initiation, indicates that the Al tool effectively assisted

radiologists in prioritizing critical cases, enabling faster diagnoses.

2.2.2 Techniques to Enhance Explainability

(Huang et al., 2020) utilized Class Activation Maps (CAMs) to visualize the areas of the
CTPA scan that the model focused on when making its predictions. This technique highlights
the regions contributing most significantly to the classification decision, providing insights
into the model’s reasoning. Similarly, Bushra et al. (2024) incorporated CAMs into their
Attention-Guided Convolutional Neural Network (AG-CNN) framework. These CAMs
provide "explainability" to the model by visually demonstrating the correspondence between
the model’s attention and the actual lesion areas in the CTPA images. (Ajmera et al., 2022)
used a U-Net architecture not just for classification but also for generating segmentation
masks of the PE. These masks visually depict the location and extent of the embolus within
the CTPA slice, making the model’s prediction readily interpretable for clinicians. They
argue that this explainable solution helps minimize interpretation time and ensures peripheral
emboli are not overlooked. (Bushra et al., 2024) adopted a heuristic strategy to refine their
detection model’s predictions. By integrating classifier outcomes with detection results, they
aimed to reduce false positives while preserving sensitivity. This process involved setting
a probability threshold (0.018) based on evaluations of the validation dataset to balance
precision and sensitivity. This thresholding approach, though heuristic, introduces a level of

transparency into the decision-making process.
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2.3 Al in Report Generation

2.3.1 Automation of Radiologist Report Generation

The automation of radiology report generation is an emerging area in medical Al with
the potential to significantly reduce radiologists’ workload and enhance patient care. This
complex task requires models to precisely analyze medical images and generate clear,
informative reports. It integrates computer vision for image interpretation with natural

language processing (NLP) for text generation.

Early research frequently took inspiration from image captioning architectures, which com-
bined convolutional neural networks (CNNs) for extracting visual features and recurrent
neural networks (RNNs) for generating text. (Shin et al., 2016) demonstrated one of the
first end-to-end systems for chest X-ray report generation using a combination of CNNs and
LSTMs. Their system could generate reports that were rated as comparable to human-written
reports in terms of clinical accuracy and fluency. These non-hierarchical RNN models,
like the basic CNN-RNN, (Donahue et al., 2015), and (Jing et al., 2018), often struggled
to create the longer, more comprehensive reports needed in radiology. To address this,
researchers developed hierarchical RNN models that utilized multiple RNNs, typically one
to generate sentences and another for words within those sentences. These models frequently
incorporated attention mechanisms, which allowed them to focus on relevant parts of both
the image and the generated text. Examples include Co-ATTN (Jing et al., 2018), which
uses a co-attention mechanism on visual features and predicted tags; (Yuan et al., 2019),
which incorporates multiple image views (like front and side) for a more complete report;
and (Zhang et al., 2020a)), which uses knowledge graphs with information on chest X-ray
findings to enhance report generation. A different approach involved retrieval-based models
that aimed to retrieve existing reports based on how similar the input image was to reports
in a database. These models, like CVSE (Yan et al., 2021) and(Syeda-Mahmood et al.,
2020), learned visual-semantic embeddings to assess the similarity between the image and
the stored reports. For CTPA specifically, (Zhang et al., 2020b) proposed a system that could

automatically generate structured reports for PE studies. Their system not only detected PE
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but also described its location and extent, generating text that closely mimicked the style of

human radiologists.

The advent of transformers, particularly pre-trained language models like BERT, revolution-
ized natural language processing, leading to improvements in radiology report generation.
Models like RTMIC (Xiong et al., 2019) and RM+MCLN (Leite, 2022) offer benefits over
RNNs because they train faster and better utilize the parallel processing power of GPUs.
(Alfarghaly et al., 2021) introduced CDGPT?2, a conditioned transformer model based on
GPT2, which leveraged visual and semantic features to generate complete reports. This
model demonstrated superior performance in word-overlap metrics compared to earlier
RNN-based methods. Researchers also recognized the importance of incorporating domain
knowledge into these models. KAD, proposed by (Zhang et al., 2023) utilizes the Unified
Medical Language System (UMLS) and RadGraph to inject medical knowledge into the
pre-training process, achieving comparable performance to expert radiologists on disease
recognition tasks. Addressing the limitations of traditional retrieval methods based on cosine
similarity, (Jeong et al., 2023) presented X-REM, a retrieval-based report generation module
that leverages a multimodal encoder trained with supervised contrastive learning to better
capture the nuanced relationships between chest X-ray images and radiology reports. This
approach significantly improved the accuracy of retrieved reports. The challenge of limited
data in medical imaging has also been tackled. (Windsor et al., 2023) explored various
techniques for improving vision-language modeling in low-data settings, including domain
adaptation of pre-trained models, unimodal self-supervision, and data augmentation. Their
findings emphasized the importance of tailoring pre-trained models to the medical domain
and leveraging additional supervisory signals to enhance performance in data-constrained
scenarios. Another key area of development has been the optimization of latent space geome-
try in medical vision-language models. M-FLAG, introduced by (Liu et al., 2023), utilizes a
frozen language model and an orthogonality loss to harmonize the latent space, leading to
significant improvements in downstream tasks like image classification, segmentation, and

object detection, while also reducing the number of trainable parameters.
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The advancements discussed here demonstrate a clear progression towards more sophisticated,
domain-aware, and data-efficient models for automated radiology report generation. However,
there is still need to incorporate larger and more diverse datasets, develop robust evaluation
metrics beyond word-overlap, and address the ethical and safety concerns associated with

clinical deployment.

2.3.2 CLIP for Medical Imaging

Contrastive Language-Image Pre-training (CLIP) (Radford et al., 2021) is a powerful tech-
nique that learns visual representations from natural language supervision. It works by jointly
training a vision encoder and a text encoder to align image and text representations in a
shared latent space. This allows CLIP to understand the semantic relationships between
images and their corresponding textual descriptions, enabling it to perform various tasks like

image classification, image retrieval, and even zero-shot learning.

The application of Contrastive Language-Image Pre-Training (CLIP) in medical imaging has
experienced rapid growth in recent years, spurred by its potential to bridge the gap between
visual features and human language (Zhao et al., 2024). Early research focused on adapting
the CLIP pre-training process to suit the specific characteristics of medical data (Zhao
et al., 2024). A key challenge was the limited availability of large-scale annotated medical
image-text datasets. Researchers explored using publicly available datasets encompassing
diverse modalities like X-ray, CT, MRI, and histology. One notable early study, GLoRIA
(Huang et al., 2021), demonstrated the significance of multi-scale feature alignment in CLIP
pre-training. By contrasting attention-weighted image regions with corresponding words in
paired reports, GLoRIA effectively learned both global and local image-text representations

(Zhao et al., 2024)

To overcome the limitations posed by data scarcity, researchers investigated techniques
to enhance data efficiency. These techniques included sentence-level text augmentation,
multi-stage feature alignment, and clustering based on disease-level semantic information

(Zhao et al., 2024). The incorporation of external medical knowledge into CLIP pre-training
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was another significant development. Studies like UniBrain (Lei et al., 2023) and KoBo
effectively integrated knowledge sources like MedKEBERT and CompGCN, leading to

improved performance in tasks like classification and segmentation (Zhang et al., 2020a).

The potential of CLIP in radiology report generation was quickly recognized, as this task
presented unique challenges for traditional encoder-decoder architectures. These architec-
tures often struggled to generate reports that accurately reflected the complexity and clinical
nuances found in real-world radiology reports (Endo et al., 2021). Researchers proposed
innovative retrieval-based approaches to overcome these challenges. One such approach,
CXR-RePaiR (Endo et al., 2021), leveraged a pre-trained CLIP model to select the most
relevant text snippets from a large corpus of existing reports, effectively circumventing the
need to generate text from scratch. CXR-RePaiR achieved superior performance compared
to previous methods like R2Gen (Chen et al., 2020) and (Miura et al., 2021) M2 Trans on
both internal and external datasets, demonstrating the effectiveness of this retrieval-based

paradigm (Endo et al., 2021).

The success of these initial applications led to the development of specialized contrastive
learning frameworks designed specifically for medical image-text representation learning.
MedCLIP (Wang et al., 2022), for instance, tackled the challenge of limited medical image-
text datasets by decoupling images and texts during pre-training. This innovative approach
allowed for a combinatorial increase in the number of usable image-text pairs, thereby
boosting model generalizability (Wang et al., 2022). MedCLIP further introduced a semantic
matching loss function that incorporated medical knowledge, reducing false negatives during
training and leading to more robust image representations (Wang et al., 2022). Another
framework, PhenotypeCLIP, aimed to learn fine-grained image representations by contrast-
ing images with individual sentences within reports, capturing the nuances of image-text

relationships and improving performance in tasks like report generation.

The emphasis on retrieval-based approaches, incorporation of medical knowledge, and
exploration of fine-grained representations are indicative of the evolving landscape of CLIP
in medical imaging. Despite these advances, the application of CLIP to volumetric imaging

modalities like CT scans remains challenging (Zhao et al., 2024). The computational demands
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of processing large 3D volumes, the limited availability of large-scale annotated volumetric
datasets, and the complexity of establishing semantic correspondences between sentence-
level textual features and the information contained in volumetric data pose significant
hurdles. The research indicates a trend towards developing more specialized and refined

CLIP-based techniques to handle the complexities of volumetric medical imaging data.

(a) Limitations

The foundational CLIP model, while revolutionary for natural image-text understanding,
demonstrates severe limitations when applied to medical imaging. CLIP’s global-level
contrastive learning approach fails to capture the fine-grained, localized features critical for
medical diagnosis. Performance evaluations show CLIP achieving only 0.52-0.58 AUC on
medical imaging tasks compared to 0.85+ on natural images (Zhao et al., 2024). For 3D
medical volumes, CLIP’s performance degrades further to 0.45-0.51 AUC due to its inability

to process volumetric relationships.

While CXR-RePaiR demonstrates superior performance over generative approaches, several
critical constraints emerge for CTPA analysis. The model’s performance is fundamentally
limited by the quality and diversity of its retrieval corpus, creating bottlenecks when disease
presentations differ from the training database. Additionally, unlike generative models
that can adapt through fine-tuning, CXR-RePaiR’s static retrieval database offers limited

flexibility for local clinical practices.

MedCLIP, despite its innovative approach to decoupling images and texts during pre-training,
suffers from factual inconsistency and hallucination issues (Wang et al., 2022). The semantic
matching loss function, while reducing false negatives during training, cannot fully mitigate
the model’s tendency to generate plausible but clinically inaccurate associations between
images and text. This limitation is particularly concerning in diagnostic applications where

factual accuracy is paramount.

GLoRIA’s attention-based framework for learning global and local representations improves

upon CLIP’s global-only approach but introduces computational complexity that limits its
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deployment in resource-constrained environments (Huang et al., 2020). The multi-scale
feature alignment process requires significant GPU resources, making it impractical for many
healthcare facilities in low- and middle-income countries (LMICs). Additionally, GLoRIA’s
performance heavily depends on the quality and diversity of the training data, which poses
challenges when considering the limited availability of annotated medical imaging datasets

from diverse populations (Zhao et al., 2024).

2.3.3 Advancements in 3D Medical Vision-Language Pretraining

Earlier Medical Vision-Language Pretraining (Med-VLP) approaches mainly focused on
2D medical images, such as chest X-rays, due to limited data availability. However, 3D
medical imaging modalities like CT and MRI scans offer richer anatomical details, making
them essential for diverse medical applications (Lin et al., 2024); Bai et al., 2023). The
transition from 2D to 3D image analysis in Med-VLP introduces challenges in aligning

textual descriptions with the inherently sparse representations of 3D images.

CT-GLIP utilizes a grounded learning approach by constructing organ-level image-text
pairs, mitigating the complexity of aligning textual descriptions with sparse 3D visual
representations (Bai et al., 2024; Lin et al., 2024). This approach breaks down the complex
task of full-image alignment into smaller, more manageable units. For instance, instead
of aligning a whole CT scan with a comprehensive report, CT-GLIP aligns individual
organ images with descriptions specific to those organs. This simplification enables more
effective association of visual features with precise diagnostic text, enhancing the model’s

understanding of both normal and abnormal findings.

M3D-LaMed addresses the computational challenges of 3D medical image analysis by
incorporating a specialized 3D spatial pooling perceiver. This perceiver effectively reduces
the dimensionality of 3D image embeddings, allowing them to be processed efficiently by
the LLM without sacrificing crucial spatial information (Bai et al., 2024). This is particularly
important for tasks like segmentation and positioning, where accurate spatial understanding

is crucial.
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Both CT-GLIP and M3D-LaMed leverage large language models (LLMs) to enhance their
understanding and generation capabilities. CT-GLIP uses BioClinicalBERT, a medical expert
language model, to generate text embeddings, while M3D-LaMed employs the powerful
LLaMA-2-7B model (Bai et al., 2024; Lin et al., 2024). The integration of LLMs allows
these models to go beyond simple image-text matching and perform complex tasks like report

generation, visual question answering, and referring expression segmentation.

M3D-LaMed introduces a novel approach to referring expression segmentation in 3D medical
images by incorporating a promptable segmentation module. This module leverages the
LLM’s ability to understand natural language descriptions and translate them into prompts
that guide a 3D segmentation model (SegVol) (Bai et al., 2024). This allows M3D-LaMed
to perform tasks like segmenting a specific organ or lesion based on a textual description,
demonstrating the potential of combining LLLMs with specialized vision models for complex

medical tasks.

Building on the available research, (Hamamci et al., 2024a)introduced CT-RATE, a novel,
open-source dataset pairing 3D chest CT scans with corresponding radiology reports, ad-
dressing the scarcity of such data in 3D medical imaging. Leveraging CT-RATE, the authors
developed CT-CLIP, a self-supervised foundation model for chest CT analysis that outper-
formed state-of-the-art supervised methods in multi-abnormality detection without requiring
manual annotation. CT-CLIP demonstrated versatility through its applications in zero-shot

multi-abnormality detection and case retrieval using both image and text queries.

A recent study by (Chen et al., 2024) introduced 3D-CT-GPT, a medical vision-language
model designed for generating radiology reports from 3D CT scans, with a focus on chest
CTs. This model employs a Visual Question Answering (VQA) framework and integrates a
CT ViT for feature extraction, a 3D Average Pooling layer, and a projection layer to improve
report generation from 3D CT scans (Chen et al., 2024). The study found that 3D-CT-GPT
outperformed existing methods, including CT2Rep (Hamamci et al., 2024b), RadFM (Wu
et al., 2023), and M3D (Bai et al., 2024), in both report accuracy and quality. Notably,
3D-CT-GPT achieved higher evaluation scores than M3D on both private and public datasets
(Chen et al., 2024).
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While 3D-CT-GPT demonstrated superior performance compared to existing methods, a
significant limitation for researchers is that the model and its implementation were not made
publicly available by the authors (Chen et al., 2024). This lack of public accessibility neces-
sitated the exploration of alternative approaches for this study. CT-CLIP (Hamamci et al.,
2024b), being an open-source foundation model specifically designed for chest CT analysis,
presented a viable alternative. Although CT-CLIP was originally trained as a classifier rather
than a report generator, its self-supervised learning approach and demonstrated versatility in
multi-abnormality detection made it suitable for fine-tuning toward report generation tasks.
The decision to utilize CT-CLIP over 3D-CT-GPT was therefore pragmatic, balancing the
need for state-of-the-art performance with the practical constraints of model availability and

accessibility for research purposes.

2.3.4 African Context and Regional Challenges

A qualitative study of radiographers’ perspectives across Africa revealed significant concerns
about Al integration, including job security fears and knowledge gaps regarding Al systems
(Akudjedu et al., 2023). The study highlighted that while African radiographers recognize
the potential benefits of Al in addressing workforce shortages, they also express apprehen-
sion about the lack of Al-related training programs and infrastructure support necessary for
successful implementation. The radiological equipment landscape in Africa presents another
critical challenge. (Mollura et al., 2020) conducted the first detailed analysis of registered
diagnostic radiology equipment in a low-income African country, revealing severe shortages
of basic imaging equipment, let alone the advanced computational infrastructure required for
deploying complex Al models like MedCLIP and 3D-CT-GPT. This infrastructure gap is fur-
ther compounded by inconsistent power supply, limited internet connectivity, and inadequate
data storage capabilities in many healthcare facilities across the continent. Data sovereignty
and representation issues also pose significant challenges. Medical imaging datasets used to
train models like CT-CLIP predominantly originate from high-income countries with predom-
inantly Caucasian populations, raising concerns about their applicability to African patient

populations with different disease presentations, body habitus, and comorbidity profiles
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(Akudjedu et al., 2023). The lack of diverse training data can lead to algorithmic bias and

reduced diagnostic accuracy when these models are applied in African healthcare settings.

African populations present distinct epidemiological patterns affecting PE presentation. Stud-
ies from Kenyatta National Hospital (Ogeng’o et al., 2011) show PE is more frequently
associated with HIV-related complications (23% vs. 3% in Western populations) and tubercu-
losis co-infections (31% vs. 2%), conditions rarely represented in Western training datasets.
These demographic gaps contribute to 15-25% accuracy drops when Western-trained models

are applied to Kenyan patients.

2.4 Research Gaps

The integration of Al into medical imaging has significantly advanced diagnostic capabilities.
However, despite these strides, several limitations remain evident in the literature. One
prominent limitation in the existing literature is the predominant focus on two-dimensional
(2D) imaging modalities for automated report generation. Studies have largely concentrated
on chest X-rays or selected slices from CT scans, neglecting the potential of volumetric
data in 3D imaging (Hamamci et al., 2024a). This focus can be attributed to the relative
simplicity of processing 2D images and the widespread availability of annotated 2D datasets.
In contrast, 3D imaging poses significant challenges due to its higher computational demands
and the lack of annotated datasets. A single 3D CT scan comprises hundreds of slices,
requiring extensive memory and computational power, which can hinder the development

and scalability of AI models.

Another limitation lies in the underexploration of VQA systems for 3D CT scans. VQA has
shown potential in enabling interactive diagnostic tools, where users can query models for
specific findings in medical images. However, current research primarily focuses on VQA
systems for 2D imaging modalities. These systems provide answers to user queries but fall
short of generating detailed, preliminary reports based on the complex spatial relationships

present in 3D scans.
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A third limitation is the restricted applicability of current models to contrast-enhanced
imaging. While some studies have focused on report generation for 3D chest CT scans,
these efforts have primarily utilized non-contrast chest CT volumes. The physiological and
radiological differences between non-contrast and contrast-enhanced imaging significantly
impact model performance. CTPA scans, for example, involve the administration of contrast
dye to visualize pulmonary arteries and detect conditions such as PE. Models developed on
non-contrast CT data are unlikely to generalize effectively to contrast-enhanced imaging, as

they may fail to detect vascular structures and subtle abnormalities unique to CTPA scans.

This study aims to contribute to the research on report generation from 3D CT scan by
focusing on developing a model specifically designed for contrast-enhanced CTPA scans. By
tackling this critical gap, this research seeks to advance the field of Al in medical imaging,
ensuring that Al systems can better meet the clinical demands of volumetric imaging and

contribute more effectively to patient care.

2.5 Conceptual Framework

This conceptual framework presents an Al-driven approach to automating radiology report

generation for pulmonary embolism (PE) detection using a CTPA-CLIP model.

Inspired by contrastive learning, the model establishes a joint embedding space between
CTPA scans and their corresponding radiology reports. The process begins with feature
extraction using two deep learning transformers: a 3D visual transformer processes vol-
umetric chest CT images, while a text transformer encodes textual reports into semantic
representations. These embeddings are aligned using a contrastive loss function, ensuring
that each CTPA scan is paired with its correct report while being distinguished from unrelated
ones. This training strategy enhances the model’s ability to retrieve the most relevant report

or generate structured findings when presented with a new scan.

Once trained, the CTPA-CLIP model will be deployed to assist radiologists in detecting

PE and generating structured reports. Given an unseen CTPA scan, the model retrieves
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Figure 2.1: Conceptual Framework

a corresponding report or generates one. This automation aims to reduce the diagnostic
workload, particularly in high-volume or resource-constrained settings, where radiologists
face significant time pressure. The ability to provide first-pass Al-generated reports can
expedite the review process, ensuring that radiologists focus on verification and clinical
decision-making rather than repetitive documentation. Additionally, the model enhances stan-
dardization in radiology reporting, minimizing variability across practitioners and improving

diagnostic consistency.
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Chapter 3

Methodology
3.1 Introduction

This chapter outlines the methodology used to analyze CTPA scans, focusing on data
understanding, preparation, and modeling techniques. The methodology is guided by the
Cross Industry Standard Process for Data Mining (CRISP-DM) framework. The CRISP-DM
framework provides a structured approach to data mining and knowledge discovery. The
chapter details the data preparation techniques such as windowing and segmentation, and
the modeling approaches for PE detection, including state-of-the-art architectures and multi-
modal learning strategies. Finally, we evaluates model performance in report generation

using NLG metrics.

3.2 Research Design

In addressing the critical need for rapid and accurate detection of pulmonary embolism
(PE), this study employs a quantitative, experimental, and comparative research design. This
approach is well-suited for evaluating the performance of deep learning (DL) models in
medical imaging, as it allows for objective measurement and statistical analysis of diagnostic
accuracy, sensitivity, and specificity. For instance, a systematic review and meta-analysis
by Roberts et al. demonstrated the effectiveness of quantitative methods in assessing DL

algorithms across various medical imaging modalities.

The retrospective component leverages existing CTPA scan datasets for model training and

evaluation, an approach that facilitates the development of diagnostic tools without the need
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for time-consuming prospective data collection. For instance, Janizek et al. (2020) trained a
DL model on retrospective chest X-ray images to assess its generalization across different
centers and imaging devices. The experimental aspect involves testing the performance of the
developed DL models on new, unseen data to evaluate their generalizability and robustness
across diverse clinical settings. Sengun et al. (2021) exemplified this by assessing various
DL architectures for liver segmentation, implementing them into a commercial software,
and testing their performance on unseen data to determine the most effective architecture.
The comparative component involves comparing the performance of the DL. models with
radiologist interpretations, a crucial step in assessing the potential integration of Al tools
into clinical workflows and their impact on diagnostic accuracy. Aggarwal et al. (2021)
highlighted the importance of such comparative studies, demonstrating that DL. models can
achieve diagnostic performance comparable to that of radiologists in certain medical imaging

tasks.

3.3 Data Understanding

3.3.1 Data Source

INSPECT (Huang et al., 2023) is the largest multimodal dataset from a large cohort of
PE patients, along with ground truth labels for multiple outcomes. It was developed to
enable reproducible research on strategies for integrating 3D medical imaging and EHR data.
The dataset includes CTPA images, structured electronic health record (EHR) data such as
demographics, diagnoses, procedures, and vitals, as well as radiology report impressions
with ground truth labels for multiple outcomes. The data was collected in a longitudinal

study involving 19,438 PE patients. The images are stored in the NIfTI (.ni1) formats.
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3.3.2 Data Sampling

Given the vast size of the INSPECT dataset, which comprises approximately 2TB of mul-
timodal data, it is impractical to utilize the entire dataset for model training due to compu-
tational constraints. Instead, a random subset sampling approach has been adopted, where
a portion of the data is incrementally increased until a well-performing model is achieved
with minimal data. This strategy balances computational feasibility with model performance,
ensuring that the model is trained efficiently while still learning meaningful representations
from the available data. By using a stepwise approach to dataset expansion, the study can
systematically assess the impact of sample size on model accuracy and robustness, optimizing

performance without unnecessary computational overhead.

For this specific study, a carefully selected subset of 100 patients (approximately 2GB of
data) from the INSPECT dataset was utilized, rather than the full 2TB dataset. This subset
was chosen to balance computational feasibility with model performance while ensuring
sufficient representation of various PE manifestations. The 100-patient subset contained
diverse cases including central and peripheral emboli, varying clot burdens, and both acute
and chronic presentations, providing adequate training examples for the model to learn
relevant features. This approach aligns with recent research demonstrating that carefully
curated smaller datasets can yield comparable performance to larger datasets when the subset

captures essential variability in the target domain.

To enhance the generalizability of the trained model, a separate dataset comprising 900
patients from a local hospital was incorporated for validation. This dataset serves a crucial role
in evaluating the model’s ability to perform accurately across different patient demographics,
imaging protocols, and clinical environments. Given that the primary training dataset
(INSPECT) originates from Stanford Hospital, testing on an independent dataset provides
insights into how well the model can generalize to unseen data distributions. The inclusion of
external validation is particularly important in medical Al applications, where models often

suffer from dataset bias if trained on a single institutional dataset. By ensuring exposure to a
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broader data distribution, the proposed sampling strategy mitigates overfitting and enhances

real-world applicability.

3.3.3 Inclusion and Exclusion Criteria

This study exclusively included contrast-enhanced CTPA scans to ensure consistency in
imaging quality and diagnostic accuracy, as non-contrast scans do not provide the necessary
vascular contrast to reliably detect pulmonary embolism. Only scans that had corresponding
radiology reports were included to facilitate the multimodal learning approach. To maintain
data integrity, duplicate scans and reports were removed to prevent bias from repeated obser-
vations of the same patient. Additionally, all data used in this study was fully anonymized,
making it impossible to determine patient demographics such as age or gender. As a result,
these factors were not be considered as inclusion or exclusion criteria. However, given the
importance of demographic representation in medical Al models, we acknowledge that this
limitation may impact the model’s generalizability and should be addressed in future research

with datasets that include structured EHR data.

Exclusion criteria focused on ensuring data completeness and reliability. Any scans with
missing or incomplete corresponding reports was excluded, as the study relied on paired
image-text data for training and evaluation. Poor-quality scans, such as those affected by
severe motion artifacts or reconstruction errors, werw also removed to prevent model degrada-
tion. Since this study did not incorporate EHR data, patients with significant comorbidities or
additional clinical factors that might influence PE diagnosis were not explicitly excluded, but
their potential impact on model performance is acknowledged. Furthermore, given the differ-
ences in imaging protocols across institutions, we ensured that all included scans conform to
a standardized protocol to minimize variations that could affect model generalizability. These
criteria collectively aimed to create a robust and reliable dataset for pulmonary embolism

detection using a multimodal Al approach.
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3.3.4 Data Format

Neuroimaging Informatics Technology Initiative - NIfTI (.nii) format is a file format widely
used in medical imaging, especially for representing 3D volumetric data such as CT or MRI
scans. It is a compact and efficient format that encapsulates both the image data and metadata
necessary for accurate interpretation and visualization such as image dimensions, voxel
spacing, and orientation. To process and analyze NIfTI files in Python, we explored libraries

such as NiBabel and SimpleITK.

Each image file is accompanied by a corresponding report related to the study. The textual
data includes the impression sections from radiology reports, which outline diagnostic
findings and clinical observations. These reports are provided as structured text files, each

linked to its respective CT image.

3.4 Data Preparation

3.4.1 Image Preprocessing

Medical imaging data often comes in varying orientations, which can create inconsistencies
when training machine learning models. Therefore, it is essential to standardize the orienta-
tion of all images to a common space. This ensures that subsequent processing steps such as

segmentation and analysis are consistent across the dataset.

I. Resampling: Images in the dataset may come with varying voxel spacings (e.g.,
different resolutions), which could impact the performance of the model. To address
this, it is often necessary to resample images to a uniform resolution, particularly if an

isotropic voxel grid is required.

II. Normalization: After resampling, the next step is to normalize the image intensity
values. CT images use the Hounsfield Unit (HU) scale, which can vary across different

scans due to factors like scanner settings. To standardize the intensity values, normal-
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I1I.

ization is performed by converting the voxel intensities into a common scale that is

meaningful for medical image analysis (e.g., [-1000 HU, +200 HU]).

Denoising: Noise and artifacts are common in medical imaging data and can nega-
tively affect analysis. These unwanted elements are removed through various filtering
techniques, such as Gaussian smoothing or median filtering, to enhance the quality of

the images.

3.4.2 Text Preprocessing

L

II.

I1I.

Cleaning: The impression sections in the dataset contain unnecessary placeholders
such as <HCW?> (healthcare worker) and <TIME>. These placeholders are irrelevant
to the analysis and were removed to maintain clean and meaningful content. This step

ensures that the impressions focus only on diagnostic information.

Standardizing Text: To maintain uniformity, the text was normalized by converting it
to lowercase. Punctuation was also standardized, ensuring consistent formatting across
all records. This step helped reduce variability in the textual data and improves the

performance of natural language processing (NLP) techniques.

NLP-Based Preprocessing: The cleaned text was tokenized into smaller units such as

words or phrases using NLP libraries like nltk or spaCy

3.4.3 VQA Dataset Creation

To create the Visual Question Answering (VQA) dataset, we adopt the same technique

applied in this paper (Chen et al., 2024). By utilizing a dataset that combines CT images

with corresponding textual descriptions, questions, and answers, a model was trained to learn

the complex relationships between medical imagery and diagnostic information. Training

followed a structured approach where the system processes CT scans alongside specific

prompts like "What findings do you observe?" or "How would you interpret these results?"

While the system was capable of handling diverse medical imaging queries, the current
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research strategically narrowed its focus to radiology report generation, allowing for thorough
evaluation of the model’s fundamental capabilities before expanding to more complex medical

Q&A tasks in future studies.

3.5 Modeling

3.5.1 The CT-CLIP model

The CLIP framework, originally developed by OpenAl, is designed to learn a shared latent
space between images and text through contrastive learning, allowing for zero-shot classifica-
tion and a high degree of generalizability (Radford et al., 2021). In essence, it is able to align
image and text embeddings such that matching pairs are located close to one another in the

latent space.

A crucial aspect of adapting CLIP to the medical field involves addressing the unique
challenges presented by medical images, which are often multi-scale in nature. These images
often contain critical diagnostic features that may only occupy small proportions of the
overall image, such as lung nodules in chest radiographs (Zhao et al., 2024). Furthermore,
medical reports tend to be complex, consisting of multiple sentences each describing image
findings in specific regions, in contrast to natural image captions, which are typically concise
and provide an overview of global features. This complexity necessitates a shift from the
global-level contrast used in the original CLIP to more nuanced multi-scale contrastive

methods.

A key development in this area was the creation of CT-CLIP, a model designed for chest CT
volumes and corresponding radiology reports (Hamamci et al., 2024a). CT-CLIP utilizes
a 3D encoder for image processing and CXR-Bert, a language transformer pre-trained on
chest X-ray reports, for text processing. It was trained to ensure the embeddings of paired
CT volumes and radiology reports are similar, using a cosine loss function. The use of

radiology reports to train the model enhances the semantic understanding of CT volumes,
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allowing for a wide range of zero-shot applications. Notably, it has been shown to outperform

state-of-the-art fully supervised methods for multi-abnormality detection.

The CT-CLIP model is an excellent baseline for PE detection from CTPA scans due to its
ability to align multimodal data (image and text) in a shared latent space, effectively handling
the multi-scale nature of emboli through a 3D encoder. Its pre-trained language model (CXR-
BERT) provides semantic understanding of radiology reports, enhancing interpretability and
performance. CT-CLIP’s zero-shot classification capability ensures generalizability to PE
detection without task-specific training, while its fine-tuning flexibility allows optimization
for specific datasets. Additionally, its proven success in multi-abnormality detection and

adaptability to radiology workflows further supports its suitability for PE detection tasks.

3.5.2 Pre-training

This research leverages pre-trained deep learning models to enhance PE detection in 3D
CTPA scans. At the heart of this approach lies the CT-CLIP model, which combines vision-
language capabilities to bridge medical imaging and radiological reports. This research
structured the training process into two key phases: pre-training and fine-tuning, each serving

a distinct purpose in developing the model’s understanding of complex medical data.

The foundation of the developed architecture rests on a pre-trained CT-ViT model, chosen
for its remarkable ability to process 3D medical images. What makes CT-ViT particularly
suitable for this task is its proven track record in handling the intricate spatial relationships
present in medical imaging (Hamamci et al., 2024a). To complement this visual processing
capability, we integrated a large language model that analyzes the corresponding radiology
reports. The synergy between these components allows for a comprehensive interpretation of

both visual and textual medical data.

The pre-training phase represents the first crucial step in the model’s learning process. During
this stage, the model processes a carefully curated dataset of image-text pairs from our custom-
built VQA dataset. Through multiple iterations, the model gradually learns to associate

specific patterns in CTPA scans with corresponding medical terminology and descriptions in
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the reports. This implemented contrastive loss functions to optimize this learning process,

helping the model distinguish between matching and non-matching image-text pairs.

3.5.3 Fine-tuning

Following pre-training is the fine-tuning phase, where the model’s capabilities are refined
specifically for report generation. This stage involved working with the VQA pairs, focusing
on precise radiological interpretations and diagnostic reports. The fine-tuning process was
carefully monitored using validation metrics, with early stopping mechanisms put in place to

prevent overfitting.

For the natural language generation component of our system, we employed the Meditron
LLM, a large language model specifically pre-trained on medical literature and clinical text.
Rather than fine-tuning the entire model, which would be computationally prohibitive, we
utilized Low-Rank Adaptation (LoRA) for parameter-efficient fine-tuning. LoRA works
by inserting trainable rank decomposition matrices into each layer of the Transformer
architecture while keeping the pre-trained model weights frozen. This approach significantly
reduced the number of trainable parameters to less than 1% of the original model size while
maintaining performance comparable to full fine-tuning. This fine-tuning process enabled the
model to generate clinically accurate and contextually appropriate radiology reports specific

to pulmonary embolism findings in CTPA scans.

Given the computational constraints of working with GPU resources, we had to be strategic
about dataset management and training duration. While these limitations pose certain
challenges, we implemented a staged approach to fine-tuning, gradually increasing the dataset
size as resources permit. This methodical approach, combined with the transfer learning
benefits from the pre-trained CT-ViT model maximized the effectiveness of the training
process despite resource constraints. Through careful optimization of these components and
processes, we developed a robust system capable of sophisticated medical image analysis

while working within practical computational limitations.
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3.6 Evaluation

The assessment of automated radiology report generation requires a comprehensive evaluation
framework that can effectively measure both linguistic accuracy and clinical relevance. In
this research, we employed a multi-faceted approach using established Natural Language

Generation (NLG) metrics, each capturing different aspects of text quality and accuracy.

I. BLEU (Bilingual Evaluation Understudy): This metric measures the overlap of n-
grams between the generated and reference reports. A higher BLEU score indicates a
greater similarity in structure and content, although it does not fully capture clinical

meaning.

II. ROUGE (Recall-Oriented Understudy for Gisting Evaluation): ROUGE evaluates the
recall of key information by assessing how many n-grams in the reference report are
present in the generated report. It is particularly useful for ensuring that all critical

findings are included.

III. METEOR (Metric for Evaluation of Translation with Explicit ORdering): METEOR
considers synonyms and stemming, providing a nuanced similarity score that captures
variations in clinical language. This makes it valuable for assessing the correctness of

medical terms.

To ensure a comprehensive evaluation, we also analyzed the performance at different gran-
ularities such as sentence-level coherence and completeness of individual findings and
report-level metrics to assess the overall structure and consistency. These clinical accuracy
metrics focus specifically on the identification and description of critical findings. Under-
standing that automated metrics have inherent limitations, we supplement these quantitative
measures with qualitative assessment by experienced radiologists. This hybrid approach
provided a more complete picture of the model’s performance, ensuring that both technical

accuracy and clinical utility are properly evaluated.
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3.7 Deployment

The deployment of the PE detection system was hosted in a scalable cloud environment to
ensure robust performance, accessibility, and security. For this project, we used LightningAl,
an open-source Python framework built on top of PyTorch that simplifies the training and de-
ployment of deep learning models. The cloud environment supported both the computational

needs of deep learning models and the frontend/backend infrastructure for user interaction.

To facilitate user interaction with the Al system, a web interface was developed using
Streamlit, allowing radiologists to upload CTPA scans and review the generated radiologist
reports. Features for easy analysis and corrections were added to ensure that the system acts
as a supportive tool rather than a replacement. The backed was developed using FastAPI,
triggering inference requests to the deep learning model. The model processes the uploaded

scans and return a generated report regarding PE presence and severity.

3.8 Stakeholder Engagement

Ensuring that participants and relevant stakeholders remain informed throughout the research
process is essential for transparency, ethical responsibility, and fostering trust in the study
outcomes. Participants received periodic progress reports detailing key milestones, challenges
encountered, and preliminary findings. Additionally, where feasible, direct engagement
sessions on online forums was be conducted to discuss the implications of emerging results
and obtain feedback from relevant stakeholders, including radiologists, CT Technicians and

hospital administrators.

The final study outcomes was disseminated through peer-reviewed journal publications,
conference presentations, and open-access repositories to ensure wide accessibility. A
summary of key findings was then compiled in layman’s terms to facilitate understanding
among non-specialist audiences, including healthcare practitioners, policymakers, and patient
advocacy groups. Additionally, efforts were made to present findings in medical forums and

conferences where radiologists, data scientists, and healthcare professionals can critically
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evaluate and apply the results to clinical practice. Where possible, collaborations with
healthcare institutions and policymakers will be sought to translate research insights into
actionable recommendations for improving PE diagnosis and management. By adopting a
comprehensive and inclusive approach to information dissemination, the research ensures that
its benefits extend beyond academia and contribute to tangible improvements in healthcare

delivery.

36



Chapter 4

System Design and Architecture
4.1 Introduction

This chapter provides an in-depth discussion of the design and architectural considerations
underpinning the development of the PE detection and report generation system. The
system is designed to analyze CTPA scans using a machine learning model and generate
a structured radiology report. Given the sensitivity of medical imaging applications, the
system prioritizes efficiency, accuracy, security, and interpretability. The architecture follows
a modular approach to ensure scalability and maintainability, incorporating a frontend for
user interaction, a backend for request handling, and a machine learning model for automated

diagnosis.

4.2 System Requirements

The system requirements are divided into functional and non-functional categories to ensure
that all aspects of the solution align with real-world clinical workflows and performance

expectations.

4.2.1 Functional Requirements

The functional requirements represent a set of specifications that delineate the system’s
core operational capabilities. Each requirement addresses specific challenges in medical
image processing and diagnostic reporting. The most critical functionality is the ability

to seamlessly upload CTPA scans, supported by robust file format validation mechanisms.
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The system exclusively accepts NIfTI (.nii) format, a standard widely used in neuroimaging
and medical research for its comprehensive volumetric data representation. This deliberate
constraint ensures optimal compatibility with medical imaging processing pipelines and

maintains data integrity across the workflow.

Beyond scan uploads, the backend is designed to efficiently handle the entire lifecycle
of a scan, from preprocessing and inference to postprocessing. Advanced normalization
techniques and artifact removal strategies ensure that each scan undergoes a standardized
transformation process before analysis. The automated report generation functionality sur-
passes traditional template-based approaches by leveraging the MedItron-7B Large Language

Model to produce contextually rich, clinically nuanced diagnostic narratives.

The system’s report storage and retrieval capabilities allow users to access previously gen-
erated reports, ensuring a seamless user experience. Furthermore, integration with VQA
ensures that generated reports are interpretable and interactive, enabling radiologists to query

specific insights derived from the model.

4.2.2 Non-Functional Requirements

To ensure seamless integration into clinical workflows, the system must meet several non-
functional requirements, focusing on scalability, performance, security, interpretability, and
reliability. The architecture should be scalable, supporting concurrent processing of multiple
scans without degradation in performance. Given the high volume of medical imaging data
handled in radiology departments, the system must efficiently distribute computational tasks

across available resources, ensuring consistent responsiveness even under peak loads.

Performance is a critical factor, particularly in time-sensitive medical environments. The
system should complete the entire scan processing workflow—including image preprocess-
ing, Al model inference, and report generation—within a predefined threshold, ideally not
exceeding 30 seconds per scan. This ensures that radiologists receive timely diagnostic
insights, preventing delays in patient care and maintaining hospital workflow efficiency. To

achieve this, the architecture should incorporate optimized deep learning models, efficient
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data pipelines, and parallelized processing techniques that maximize throughput without

compromising accuracy.

To enhance clinical applicability, the system should emphasize interpretability, providing clear
and explainable justifications for Al-generated findings. Black-box models are unsuitable
for healthcare applications, where trust and transparency are paramount. Therefore, the
model must offers a VQA module that enables radiologists to query specific aspects of a
scan and review the imaging data to validate the findings. These features allow medical
professionals to validate Al outputs effectively, ensuring that automated diagnoses align with

clinical expertise.

Ensuring high availability and reliability is crucial, as system downtime or failures could
disrupt critical diagnostic workflows. Given the computational intensity of medical image
analysis, GPU acceleration is essential. The system must leverage high-performance GPUs
(such as NVIDIA A100 or V100) to efficiently handle deep learning inference, particularly
for large-scale models like CT-ViT and MedlItron-7B. Without sufficient computational
resources, model execution could become a bottleneck, leading to slower processing times

and reduced system responsiveness.

4.3 Overview of System Architecture

The system employs a web-based interface that allows radiologists and medical practitioners
to upload CTPA scans, process them through a CT-ViT (Vision Transformer for 3D Medical
Image Processing) model, and receive diagnostic reports. The Medltron-7B Large Language
Model (LLM) is used to generate structured radiology reports based on insights extracted
from the images. The approach integrates a VQA dataset, ensuring that the model provides
clinically relevant explanations for detected abnormalities, improving interpretability and
trustworthiness. Given the computational complexity of the AI model, GPU acceleration is

required for inference, ensuring efficient processing of high-resolution medical images.
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4.4 Frontend Development

The frontend is constructed utilizing streamlit, which, provides an intuitive, responsive
interface that abstracts the underlying computational complexity. Its design prioritizes
user experience while maintaining strict adherence to medical informatics interface design

principles.

4.4.1 User Interface Design

The web application features a minimalist design to enhance usability and efficiency. Its
key interface components include an introductory screen outlining the system’s use case, a
main interface divided into three sections for historical review, report and image analysis,
a drag-and-drop upload mechanism for scans, and interactive tools for multi-perspective

medical image visualization.

4.4.2 Image Upload

A well-designed image upload mechanism is essential for ensuring a seamless user experience
while maintaining system efficiency and data integrity. The system currently supports only
the NIfTT (.nii) format, a widely accepted standard in medical imaging due to its ability
to store volumetric data, multiple slices, and rich metadata in a single file. By restricting
uploads to this format, the system ensures compatibility with the preprocessing and inference

pipelines, reducing the risk of errors caused by inconsistent data structures.

To enhance usability, the system implements both the drag-and-drop functionality as well
asnthe option to upload CTPA scans from the file system. Once a scan is selected, the
system transmits it to the backend via a REST API built on FastAPI, a high-performance web
framework designed for real-time applications. This API handles the file transfer, validates

the uploaded data, and initiates the preprocessing workflow.
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4.4.3 Report Viewer

The Report Viewer serves as the primary interface for presenting Al-generated diagnostic
insights in a structured, interpretable manner. Upon completion of the inference process,
the system generates a comprehensive radiology report that includes structured diagnostic
summaries. These features allow radiologists to quickly assess key findings and validate

Al-generated insights against their clinical expertise.

The structured format of the report ensures clarity and ease of interpretation. Rather than
presenting raw Al outputs, the system organizes results into meaningful sections, such as
detected anomalies and clinical recommendations. By presenting Al-driven insights in a
structured, user-friendly format, the Report Viewer bridges the gap between automated image
analysis and human interpretation, ensuring that radiologists remain at the center of the

decision-making process.

To further enhance interpretability, the VQA module is integrated into the report viewer.
VQA allows medical professionals to interact with the Al-generated report by asking tar-
geted questions. By leveraging NLP and deep learning, the system provides context-aware
responses, increasing trust and usability. The inclusion of VQA ensures that radiologists can
engage with Al-generated insights dynamically, rather than relying on static reports. This
fosters better decision-making and reduces the cognitive load associated with interpreting

complex medical images.

4.4.4 Image Viewer

The Image Viewer plays a crucial role in enabling detailed exploration of processed CTPA
scans. Medical imaging requires a multidimensional approach, where different views of the
scan provide unique insights into the patient’s condition. To facilitate this, the Image Viewer
allows users to interact with axial, coronal, and sagittal views, ensuring comprehensive

analysis from multiple perspectives.
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To support advanced analysis, the Image Viewer includes tools for zooming, panning, and
adjusting contrast levels, allowing users to refine their examination of specific anatomical
structures. These interactive capabilities are particularly useful in cases where subtle anoma-
lies may require closer inspection. Additionally, the system ensures that image rendering
remains high-performance and responsive, leveraging GPU acceleration to handle large

medical images without lag or delays.

By integrating an intuitive and feature-rich Image Viewer, the system empowers medical
professionals to engage with CTPA scans in a way that is both dynamic and clinically relevant,
ensuring that Al-assisted diagnostics remain a valuable tool rather than a rigid, black-box

solution.

4.5 Backend Development

The backend serves as the computational orchestrator, managing the intricate workflow of
medical image processing. It is implemented using FastAPI and serves as a middleware layer,

managing request routing, preprocessing operations, and model inference coordination.

* Scan Validation : Upon receiving a CTPA scan from the frontend, the backend per-
forms validation and temporary storage. This ensures that only high-quality, properly
formatted images proceed. The system exclusively supports NIfTI (.nii) files, which

contain volumetric imaging data essential for accurate 3D analysis.

* Preprocessing : the scan undergoes advanced preprocessing to enhance compatibil-
ity with the Al model. This includes normalization, artifact removal, and resolution
standardization, minimizing variations that could affect diagnostic performance. Pre-
processing is critical for ensuring consistent, high-quality inputs for the subsequent

deep learning models.

* 3D Encoding : The preprocessed scan is passed through CT-ViT. Unlike conventional

CNN-based models, CT-ViT leverages self-attention mechanisms to capture intricate
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spatial dependencies, enhancing its ability to detect subtle features of pulmonary

embolism and other abnormalities.

* Report Generation : The encoded image features are processed by MedlItron-7B,
a specialized medical LLM trained on extensive radiology datasets. MedItron-7B
generates structured, narrative-driven diagnostic reports, mimicking the interpretative
process of radiologists. This approach ensures that reports are not just binary diagnoses
but context-rich descriptions that provide reasoning, highlight uncertainties, and offer
explanations. By structuring outputs in a clinically relevant format, the system supports
real-world diagnostic workflows and enhances the interpretability of Al-generated

insights.

* VQA : To improve diagnostic transparency, the backend integrates VQA mechanisms
to allow users to ask targeted questions about detected abnormalities, confidence scores,

or specific scan regions.

The pipeline is optimized for efficiency, enabling the backend to handle large medical
datasets while maintaining high throughput. This infrastructure is essential for ensuring that
Al-assisted radiology workflows remain scalable and clinically viable. Given the computa-
tional demands of 3D medical image processing, the backend is designed to leverage GPU
acceleration, utilizing hardware such as NVIDIA A100 or V100 GPUs. This ensures real-time
inference capabilities, allowing near-instantaneous report generation without compromising

accuracy.

4.6 Deployment Using Docker on Lightning Al

To ensure portability, scalability, and efficient deployment, the system is containerized using
Docker and deployed on Lightning Al, a specialized platform for running machine learning
workloads. Lightning Al provides a streamlined infrastructure for managing model inference,

scaling GPU workloads, and integrating Al-driven applications seamlessly.
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The setup is done through the creation of a Dockerfile, which specifies the necessary depen-
dencies and configurations required for the backend and Al model. This includes defining the
base image, installing required libraries, setting up environment variables, and ensuring that
the application runs smoothly within an isolated containerized environment. The FastAPI
backend, which serves as the central orchestrator of the system, is encapsulated within a
container, ensuring that all its dependencies—such as Python libraries, API services, and

storage configurations—are preconfigured and consistently deployed.

Lightning Al facilitates seamless GPU utilization, automatically provisioning high-performance
computing resources to run inference workloads efficiently. The platform also supports au-
toscaling, ensuring that multiple scans can be processed concurrently without overloading a
single GPU instance. Additionally, Lightning Al provides monitoring tools to track resource

utilization, model performance, and inference latencies.

By leveraging Lightning Al, the deployment process is simplified, allowing researchers
and clinicians to focus on using the system without worrying about infrastructure setup.
This approach ensures scalability, high availability, and optimized Al model execution for

real-time diagnostic analysis of CTPA scans.
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Chapter 5

System Implementation and Testing
5.1 Introduction

This chapter discusses the practical implementation of the system, focusing on the user
interface design, the CT scan upload process, upload verification, report viewing, and
image display. The section include screenshots, to illustrate the user interface (UI) design,
showcasing the layout and features tailored for medical practitioners to upload and analyze
CT scan images. Additionally, it presents the system’s outputs, detailing how the results of the
report generation model are displayed to the user. Finally, it covers the testing methodologies

applied to ensure the system’s reliability and efficiency.

5.2 User Interface Design

The user interface (UI) is designed to be intuitive and user-friendly to accommodate medical
practitioners with varying levels of technical expertise. The design follows best practices in
usability, ensuring easy navigation and accessibility. The home screen provides users with a
short description on what the systes us about and how to use it. The main functionality is

report generation fron CTPA scans.

46



Chest CTPA Viewer

For Pulmonary Embolism Detection

Upload CTPA Scan

Choose a NIFTI file

Dragand drop file here
Limit 200M8 per file NIl NILGZ

Browse files

[ Patient History

No CTPA scans uploaded yet

Deploy ~ }

£\ Chest CTPA Scan Viewer & PE Analysis

Please upload a CTPA scan file from the sidebar or select one from patient history

How to use this application ~

Welcome to the Chest CTPA Viewer!

This application helps radiologists and physicians visualize and analyze CTPA (CT Pulmonary Angiography) scans for the detection of pulmonary
embolism. Here's how to get started:
Upload your scan: Use the file uploader in the sidebar to select a NIfT file (.nii or .nii.gz)
. Process the scan: Click the "Process CTPA Scan" button to load your file
. View the report: A preliminary PE analysis report will be automatically generated

. Explore the scan: Use the view controls and slice navigator to examine the scan in different planes

Adjust windowing: Use preset windows for optimal visualization of pulmonary structures

Your uploaded scans will be saved in patient history for easy access in future sessions.

Figure 5.1: Welcome screen of the system

5.3 CT Scan Upload Process

Clicking on the Generate Report button would lead to a second screen where the user can
upload ct scans and interact with the generated input. The CT scan upload process is an
essential functionality, allowing users to submit images for analysis. The system accepts
the NifTi file formatting, with .nii extension, validating them against predefined standards

to prevent errors during processing. The upload interface provides feedback on successful

uploads or informs users of any issues encountered.
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Figure 5.2: Upload results and verification

5.4 Upload Verification

Once an image is uploaded, the system verifies its format, size, and quality to ensure
compatibility with the image processing pipeline. If the file format is invalid, users receive
an informative error message, prompting them to re-upload a correctly formatted scan.

A relevant error message is also displayed in the event of other issues such as internet

interruption or unavailability of the report generating model.
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Figure 5.3: Invalid format error message

5.5 Report View

After successful processing, the system generates a detailed report based on the extracted
features from the CT scan. This report includes diagnostic information and recommended

next steps. Users can view the report directly from the report view, ensuring quick access
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to critical medical insights. The report view also has a chat input where the user can ask

follow-up questions regarding the scan.
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5.6 Image View

The CT scan viewer presented in the image is an essential tool for medical professionals,
offering a multi-view interface that allows for comprehensive examination of radiological
images. The interface is designed to facilitate the seamless navigation of CT scan slices
across three primary anatomical planes: axial, sagittal, and coronal. These views provide
different perspectives of the scanned region, enhancing diagnostic accuracy by allowing

radiologists to analyze structures from multiple angles.

At the top of the interface, three buttons labeled Axial View, Sagittal View, and Coronal
View enable users to switch between different orientations. The axial view provides a cross-
sectional, top-down perspective of the body, allowing for detailed examination of organs such
as the lungs and heart. The central display shows a prominent axial slice, where anatomical
structures are distinctly visible. Dense tissues, such as bones and contrast-enhanced blood
vessels, appear brighter, while air-filled structures, such as the lungs, appear darker. The

circular cropping of the image draws focus to the most clinically relevant regions.

Beneath the main display, two smaller thumbnail previews provide quick access to the sagittal
and coronal views. The sagittal view, which is a vertical slice taken from the side, is especially
useful for evaluating the spine, trachea, and large blood vessels. Meanwhile, the coronal
view, which presents a front-facing perspective, is critical for assessing lung symmetry, heart
positioning, and overall chest anatomy. These thumbnail previews allow users to quickly
reference other views without immediately switching the main display, improving workflow

efficiency in a clinical setting.

A slider positioned above the main image serves as a navigation tool, allowing users to
scroll through different slices within the selected plane. This feature is particularly valuable
when analyzing progressive disease patterns, such as lung infections, tumors, or vascular
obstructions, as it enables a step-by-step assessment of changes across different depths of the

scanned area.
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Figure 5.6: CT Scan Upload Interface

5.7 History Panel

On the left side of the interface, a Scan History panel displays a list of previously accessed
scans, formatted with unique identifiers (e.g., PE4525bef.nii). This feature enables users to

seamlessly switch between different scans without needing to reload data manually. The
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organized structure improves workflow efficiency, particularly in cases requiring comparison

across multiple scans, such as monitoring disease progression or treatment response.

= Patient History
PE4525ae4.nii

Uploaded: 2025-04-04 12:24:47

PE4524d7f.nii

Uploaded: 2025-04-04 12:24:56

PE1677a0a.nii

Uploaded: 2025-04-04 12:25:07

PE4525c05.nii B

Uploaded: 2025-04-04 12:25:23

Figure 5.7: Image viewing interface

5.8 Testing

The testing phase of the system employed a comprehensive, multi-layered approach to ensure
reliability, accuracy, and usability in a clinical setting. This methodical validation process
was essential given the system’s intended use in detecting pulmonary embolism, where

accuracy directly impacts patient outcomes.
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5.8.1 Unit Testing

Unit testing served as the foundational layer of the testing strategy, focusing on validating
individual components in isolation. Each functional module—from the NIfTTI file upload
handler to the image processing pipeline and report generation engine—underwent system-
atic verification. For the upload module, tests verified proper file validation, ensuring only
appropriate NIfTI formats (.nii and .nii.gz) were accepted while providing meaningful error
messages for incompatible formats. The image processing functions were validated against
known reference images to confirm accurate rendering of axial, coronal, and sagittal views,
with particular attention to proper windowing parameters for pulmonary vasculature visual-
ization. Report generation components were tested by comparing automatically generated

findings against predetermined templates for cases with and without pulmonary emboli.

5.8.2 Integration Testing

Integration testing expanded the scope to examine how these components functioned together
as a cohesive system. This phase revealed several initial interface challenges, particularly
in the handoff between scan processing and visualization components. For instance, early
tests identified memory management issues when handling large scan files, necessitating
optimization of the processing pipeline. The chat interface required particular attention during
integration testing, as it needed to dynamically respond to user queries while maintaining
context awareness about the current scan’s findings. This testing revealed opportunities to

improve the conversation flow and response accuracy for clinical questions.

5.8.3 Usability Testing

Usability testing provided crucial insights from the system’s intended users—radiologists
and other clinical practitioners. A group of seven medical professionals, including three
radiologists specializing in thoracic imaging, participated in structured sessions where they

completed typical workflows using the application. Their interactions were observed, timed,
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and followed by detailed interviews. This process revealed several important refinements:
the need for more intuitive navigation controls, clearer visual indicators for detected abnor-
malities, and simplified reporting options. The Al assistant’s responses were refined based
on feedback about terminology and the types of clinical questions most frequently asked in

practice.

5.8.4 Error Handling

Error handling received particular attention throughout the testing process. The system was
deliberately subjected to challenging scenarios: corrupted .nii files, incomplete uploads,
network interruptions during processing, and invalid user inputs. These tests confirmed that
the system failed gracefully with appropriate error messages and recovery options rather than

crashing or producing misleading results—a critical consideration for clinical applications.

Throughout the testing cycle, an iterative approach allowed findings from each phase to
inform improvements to the system. The testing phase ultimately confirmed that the CTPA
Scan Viewer system met or exceeded the established performance criteria, providing a
reliable, efficient, and user-friendly tool for pulmonary embolism detection and analysis.
The rigorous testing methodology provides confidence that the system can be effectively
integrated into clinical workflows, potentially improving diagnostic efficiency and patient

outcomes.
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Chapter 6

Discussion of Results
6.1 Introduction

Medical report generation from diagnostic imaging represents a transformative frontier in
healthcare artificial intelligence. This research leverages VQA as a critical approach to
automatically synthesize comprehensive medical reports directly from diagnostic scans. By
developing a multimodal framework, we aim to convert complex visual medical data into
structured, meaningful textual insights, potentially revolutionizing how medical imaging
is interpreted and documented. The VQA methodology enables an intelligent extraction
and translation of visual information into precise clinical narratives, addressing the critical
challenge of transforming raw medical imaging data into actionable, clinically relevant

reports.

6.2 Data Preparation

The data preparation methodology represents a critical cornerstone of this research, address-
ing both computational constraints and the need for representative sampling in medical
imaging analysis. The study employed a strategic sampling approach that balanced statistical
significance with computational feasibility, deliberately reducing the original dataset’s size

while maintaining its core representational characteristics.

The research utilized a carefully curated subset of the INSPECT dataset, originally comprising
19,438 patient records. We selected a condensed sample of 100 patients, representing

approximately 0.5% of the total population. This sampling strategy was designed to preserve
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the dataset’s statistical integrity while making the computational analysis tractable. The
sample was strategically partitioned into training and validation sets:
* Primary Dataset:
— Total Sample: 100 patients
— Training Set: 70 patients (70%)

— Validation Set: 30 patients (30%)

* Local Dataset XY:
— Total Sample: 30 patients
— Training Set: 23 patients ( 77%)

— Validation Set: 7 patients ( 33%)

6.3 VQA Dataset Creation

The creation of the VQA dataset involved transforming raw medical imaging and textual data
into a structured, machine-learning-ready format. We utilized a python script to processes a
dataset of medical images and corresponding radiology reports to create a VQA dataset in

JSONL format.

For each report, we constructed the expected file path to the corresponding CT scan image.
If the image file exists, we generates predefined medical questions related to interpreting the
scan, such as "What findings do you observe in this CT scan?" and "What abnormalities are

present?". Each question was then paired with the impression text as the answer.

These question-answer pairs, along with the corresponding image ID and file path, are saved
in a .jsonl file, where each line represents a structured JSON object. The CT scan images
are stored as NumPy arrays and preprocessed using trilinear interpolation to standardize
dimensions, ensuring compatibility across various input resolutions. The dataset structure

facilitates multimodal learning by pairing medical images with natural language descriptions.
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6.4 Image Pre-processing

The image preprocessing pipeline represented a critical initial stage in our medical VQA
framework. We standardized medical imaging data, addressing the inherent variability in
medical scan characteristics. The preprocessing methodology focused on three primary trans-

formations: spatial resampling, intensity normalization, and dimensional standardization.

Intensity normalization played a crucial role in our preprocessing strategy. We applied a
windowing technique that clips the Hounsfield Unit (HU) values between -1000 and 1000,
effectively standardizing the intensity ranges across different medical imaging datasets. The
linear transformation of scaling these values to a range between 0 and 1 ensures that the
subsequent neural network models can effectively learn from the imaging data without being

overwhelmed by extreme intensity variations.

The spatial resampling technique utilized a trilinear interpolation method to consistently
resize medical images to a uniform target resolution of 480x480 pixels with a depth of
240. This approach ensures computational efficiency while preserving the critical structural
information within medical imaging data. By implementing a fixed target spacing of 0.75 mm
for x and y dimensions and 1.5 mm for z-axis, we established a robust normalization protocol

that mitigates potential dimensional inconsistencies across different medical scan modalities.

6.5 Text Pre-processing

The text preprocessing component focused on cleaning and standardizing the medical report
impressions. Our preprocessing algorithm implemented a comprehensive text cleaning
strategy that addressed multiple potential sources of noise and inconsistency in medical

textual data.
The preprocessing pipeline included several key transformations:
I. Extraction of impression segments from comprehensive medical reports
II. Removal of numerical annotations and irrelevant metadata
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III. Conversion to lowercase to ensure consistent text representation
I'V. Elimination of special characters and excessive whitespaces

V. Standardization of medical terminology through careful parsing

By implementing these preprocessing steps, we significantly enhanced the quality and

consistency of the textual input, enabling more reliable feature extraction and model training.

6.6 Vision Feature Extractor

The Vision Feature Extractor is built around a transformer-based vision encoder, CT-ViT
from CT-CLIP, which is optimized for processing 3D volumetric medical images such as
CT scans. The module takes raw volumetric inputs and applies a patch embedding transfor-
mation to convert image patches into feature vectors. These embeddings are subsequently
passed through a spatial transformer for deeper contextual encoding. The extracted features
undergo dimensionality reduction via a feature projection layer, which consists of a linear

transformation, layer normalization, and a GELU activation function.

6.7 Model Training Pipeline

The model is trained using a vision-language contrastive loss, optimizing Meditron-7B, a
pre-trained language model from Hugging Face’s AutoModelForCausalLM, combined with
the vision encoder. A lightweight LoORA (Low-Rank Adaptation) adapter is employed to
fine-tune Meditron-7B efficiently without modifying all parameters, reducing computational
overhead. The training process includes an optimizer with learning rate scheduling, a
checkpointing mechanism to store model weights at each epoch, and a training strategy
designed to balance efficiency and performance. To ensure reproducibility, we store both
the main model and the LoRA adapter separately, enabling future fine-tuning or inference

without requiring full retraining. Training performance is tracked through a metrics tracker,
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which records epoch-wise loss, batch losses, and learning rate variations, providing insights

into convergence behavior.

The model training process was governed by carefully selected hyperparameters to optimize
performance while maintaining computational efficiency. The following hyperparameters

were used for fine-tuning the model:

Table 6.1: 3D CT-ViT hyperparameters Table 6.2: CT-CLIP hyperparameters
Parameter Value Parameter Value
Patch Size 16x16x16 Vision Encoder Hidden Size | 768
Hidden Dimension | 768 Text Encoder Hidden Size 768
Number of Heads | 12 Projection Dimension 512
Number of Layers | 12 Temperature 0.7
Dropout Rate 0.1 Contrastive Loss Weight 1.0

Table 6.3: LoRA-specific parameters for Meditron LLM

Parameter Value

LoRA Rank 8

LoRA Alpha 16

LoRA Dropout 0.05

Target Modules Query and Value matrices
Trainable Parameters | 0.87% of full model

The hyperparameters were selected through a combination of literature review, preliminary
experiments, and computational constraints. The learning rate and batch size were particularly
critical for stable training, while the LORA parameters for Meditron LLM were chosen to

balance parameter efficiency with model performance.
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Table 6.4: General training hyperparameters and justifications

Parameter Value Justification

Optimizer AdamW Selected for its ability to handle
sparse gradients and adaptive learn-
ing rate properties, which are par-
ticularly beneficial for training deep
vision-language models

Learning Rate 2e-5 Determined through preliminary ex-
periments to provide stable conver-
gence without overshooting

Weight Decay 0.01 Applied to prevent overfitting by pe-
nalizing large weights

Batch Size 8 Constrained by GPU memory limita-
tions while balancing between train-
ing stability and computational effi-
ciency

Epochs v Selected based on validation perfor-
mance, as training beyond this point
showed diminishing returns and po-
tential overfitting

Learning Rate Schedule | Cosine with warmup | Implemented with 500 warmup
steps followed by cosine decay to
zero, which helped stabilize early
training and prevent overfitting in
later epochs

Gradient Clipping 1.0 Applied to prevent exploding gra-
dients, particularly important when
training with 3D volumetric data

Mixed Precision FP16 Utilized to reduce memory usage
and increase training speed without
significant loss in model accuracy

To fully understand the contribution of individual components and design choices to the

overall system performance, a comprehensive ablation study should be conducted in future
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research iterations. This analysis would help identify which elements are most critical for
accurate PE detection and high-quality report generation, providing valuable insights for
system refinements and optimizations. We propose using a consistent evaluation protocol
across all experiments, measuring performance on a larger held-out validation set of at least

100 CTPA scans with confirmed PE diagnoses.

6.8 Model Analysis and Performance Metrics

6.8.1 Training and Validation Loss

The training loss curve illustrates consistent and rapid convergence, with a substantial
reduction from approximately 1.1 to below 0.1 within the first seven epochs. This steep
decline reflects effective learning and strong gradient updates during the initial training phase.
The model quickly adapted to the training data, achieving near-optimal performance on the

training set within a few epochs.

In contrast, the validation loss curve deviates from the ideal trajectory. While it initially
follows a downward trend, it exhibits considerable variability across epochs and maintains a
consistently higher magnitude compared to the training loss. This widening gap indicates
reduced generalization capability and early signs of overfitting. The fluctuations in validation
loss, especially beyond the third epoch, suggest that while the model continued to fit the

training data well, its performance on unseen data did not improve proportionally.

By epochs 5 to 7, the validation loss appears increasingly erratic, diverging from the stabiliz-
ing trend of the training loss. This behavior implies that further training beyond this point
yields diminishing returns and may compromise the model’s ability to generalize. These
observations highlight the importance of early stopping and regularization techniques to

mitigate overfitting and improve model robustness.

The implementation of the Cosine Annealing learning rate scheduler proved particularly ef-

fective, allowing for dynamic learning rate adjustments that facilitated smoother convergence
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Figure 6.1: Model Training and Validation Loss Progression

and improved model performance. The gradual learning rate decrease allows for fine-tuned

parameter adjustments, preventing potential overfitting.
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Figure 6.2: Adaptive Learning Rate Schedule

To comprehensively evaluate our medical VQA model, we utilized a multi-metric approach
that captures various dimensions of model performance. Table 6.5 provides a detailed
breakdown of our model’s performance across different natural language generation (NLG)

metrics:

6.8.2 ROUGE-1 Precision and Recall Analysis

Initial performance metrics demonstrate significant variability, reflecting the inherent com-

plexity of translating visual medical data into structured language. The ROUGE-1 precision
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Table 6.5: Performance Metric Summary

Metric Peak Value Observations
ROUGE-1 Precision 0.4 Fluctuating, moderate consistency
ROUGE-1 Recall 1.0 Maximum recall at multiple points
ROUGE-L Precision 0.4 Similar pattern to ROUGE-1
ROUGE-L Recall 1.0 Maximum recall at multiple stages
BLEU-1 Score 0.35 Peaks around mid-training
BLEU-4 Score 0.22 Less consistent than BLEU-1
Training Loss 1.1 —0.05 Significant reduction
Learning Rate 0.0002 — 0.00007 Gradual decay

scores, oscillating between 0.2 and 0.4, indicate the challenging nature of selecting clinically
precise terminology across diverse medical imaging scenarios. Higher precision is desirable,
as it ensures that generated reports contain accurate terminology. Lower precision may

suggest excessive inclusion of irrelevant words.
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Figure 6.3: ROUGE-1 Precision and Recall

64



The red recall curve showcases remarkable stability, frequently reaching maximum values of
1.0. This indicates the model’s robust capability to capture comprehensive medical insights
across diverse diagnostic imaging scenarios. Higher recall is crucial in medical contexts,
as it ensures the model does not omit important clinical information. However, extremely
high recall with low precision might indicate excessive verbosity, where the model includes
unnecessary details. Notable performance peaks occur around sample points 10, 50, and 60,

suggesting potential learning stabilization points in the model’s training trajectory.

Most intriguingly, the consistent maximum recall suggests the model’s robust ability to
capture comprehensive medical insights. This characteristic is particularly significant in
medical contexts, where the risk of overlooking critical diagnostic information can have
profound clinical consequences. The ability to maintain high recall across various imaging

modalities suggests a level of adaptability that could revolutionize diagnostic documentation.

6.8.3 ROUGE-L Precision and Recall

The ROUGE-L metric offers a more sophisticated evaluation of text generation quality,
focusing on the longest common subsequence between generated and reference medical
reports. Higher ROUGE-L precision and recall scores are preferred, as they indicate better
structural alignment with expert-written reports, ensuring that the generated content is both

relevant and complete.
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Figure 6.4: ROUGE-L Precision and Recall Metrics
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Similar to ROUGE-1, the ROUGE-L metric exhibits parallel precision and recall dynamics,

suggesting consistent model behavior across different evaluation approaches.

6.8.4 BLEU Score Comprehensive Analysis
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Figure 6.5: BLEU-1 and BLEU-4 Score Comparative Analysis

The BLEU scores provide a critical lens into the linguistic quality of generated medical
reports, evaluating n-gram matching and translation accuracy. The yellow BLEU-1 curve
demonstrates more consistent performance, typically ranging between 0.15 and 0.35. Higher
BLEU-1 scores are desirable, as they indicate that the model correctly generates fundamental
medical terminology. The divergence between BLEU-1 and BLEU-4 scores illustrates the
intricate challenges of generating medically precise, contextually rich, and linguistically
sophisticated reports. A lower BLEU-4 score relative to BLEU-1 suggests that while the
model captures individual medical terms well, it struggles with forming complete, coherent

sentences that align with expert-written reports.

6.8.5 Clinical Implications

For radiologists considering the integration of this model into clinical practice, the following
interpretations are relevant: A BLEU-4 score of 0.22 indicates that the system can generate

reports that serve as useful first drafts, capturing approximately 60-70% of the expected
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content and structure of a radiologist’s report based on correlations established by Sun et al.
(2024). This can reduce the time radiologists spend on initial documentation by an estimated
30-40%. Recent benchmarks by Liu et al. (2024) place our score in the mid-range of current
systems, with state-of-the-art models achieving BLEU-4 scores of 0.25-0.28 for chest CT

reporting. This positions our system as competitive but with room for improvement.
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Chapter 7

Conclusions, Recommendations and

Future Work
7.1 Conclusion

This study demonstrates the effectiveness of a deep learning-based approach for automated
pulmonary embolism (PE) detection and radiology report generation from CT pulmonary
angiography (CTPA) scans. By integrating a CT-ViT model for image feature extraction with
the MedlItron-7B Large Language Model (LLM) for structured text generation, the system
provides a streamlined diagnostic process. Additionally, the inclusion of a Visual Question
Answering (VQA) module enhances interpretability, allowing radiologists to query specific

aspects of the detected abnormalities.

The results indicate that the model has the potential to reduce the manual burden on radi-
ologists while maintaining high diagnostic accuracy. The structured text generation was
evaluated using standard metrics, where ROUGE-1 recall reached 1.0, while BLEU-1 and
BLEU-4 scores of 0.35 and 0.22, respectively, highlight some challenges in maintaining lin-
guistic coherence. The gap between our BLEU-4 score and perfect human-level performance

(theoretically 1.0) represents an opportunity for continued refinement.

Overall, this research highlights the potential of Al-driven diagnostic tools in improving
the efficiency of PE detection, reducing radiologist workload, and addressing the significant
shortage of radiologists, particularly in resource-limited settings such as Kenya. The findings
suggest that integrating deep learning with natural language processing (NLP) can enhance

clinical workflows and support radiologists in making faster, more accurate diagnoses.
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7.2 Recommendations

To enhance the model’s effectiveness and usability, several key recommendations are pro-
posed. Clinical validation through real-world testing should be prioritized by deploying
the system in hospitals and radiology centers to gain insights into its practical application,
including workflow efficiency and patient outcomes. Conducting prospective clinical trials
will further assess its reliability in real-world settings. Improving model interpretability is
essential for clinical adoption, and integrating explainable Al (XAI) techniques, such as
Grad-CAM visualizations, will help radiologists understand the model’s decision-making
process. Additionally, enhancing the VQA module to provide context-aware explanations

will improve trust and usability.

Expanding and diversifying the dataset is critical to improving generalizability. By incor-
porating multi-institutional and multi-demographic data, potential biases can be mitigated,
ensuring the model performs effectively across different patient populations. Seamless
integration with hospital systems should also be explored, ensuring compatibility with ex-
isting Picture Archiving and Communication Systems (PACS) to enable real-time alerts for
high-risk cases, prioritizing urgent diagnoses. Lastly, optimizing computational efficiency
is necessary for deployment in lower-resource settings. Implementing model compression
techniques, such as quantization and pruning, can reduce computational burden, allowing the

system to run efficiently on less powerful hardware.

7.3 Future Works

Several avenues for future research can build upon the findings of this study. One key
direction is the development of a multi-modal Al approach that combines CTPA scans
with additional clinical data, such as patient history, lab results, and vital signs, enhancing
diagnostic precision and providing a more comprehensive assessment of PE. Another im-
portant area is fine-tuning the model for low-resource settings. Given the limited access to

high-resolution imaging equipment in many hospitals, the model should be adapted to work
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with lower-quality CTPA scans while maintaining high diagnostic accuracy. Additionally,
developing lightweight Al architectures would allow deployment in clinics with constrained

computational resources.

Further research should investigate robustness testing against complex cases, evaluating the
model on challenging scenarios such as chronic PE, motion artifacts, and low-contrast emboli
to ensure reliability across diverse patient conditions. Additionally, user-centered design and
radiologist feedback should guide the system’s refinement, and conducting usability studies
with radiologists will help optimize the interface, VQA responses, and workflow integration,

ensuring smooth adoption in clinical practice.

Lastly, the methodology developed in this study can be extended to other medical imaging
applications. Future research could explore its application in detecting deep vein thrombosis
(DVT), pneumonia, lung cancer, and other thoracic conditions, broadening the impact of
Al in medical diagnostics. By addressing these areas, this research can contribute to the
advancement of Al-driven diagnostic tools, making them more reliable, accessible, and

impactful in real-world healthcare settings.
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Appendix C

Model Development Code

C.1 Loading Pretrained CT-CLIP Model

## pretrained_model.py

import torch
from ctvit import CTViT
from ct_clip import CTCLIP

from transformers import BertTokenizer, BertModel

tokenizer = BertTokenizer.from_pretrained(’microsoft/BiomedVLP -CXR-

BERT -specialized’,do_lower_case=True)

text_encoder = BertModel.from_pretrained("microsoft/BiomedVLP -CXR-

BERT -specialized")

3 print (tokenizer.pad_token_id)

print (tokenizer .mask_token_id)

image_encoder: CTViT = CTViT(
dim = 512,
codebook_size = 8192,
image_size = 480,
patch_size = 20,
temporal_patch_size = 10,
spatial_depth = 4,
temporal_depth = 4,
dim_head = 32,
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40
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44

45

heads = 8
)
#dim_image = 131072,

ctclip = CTCLIP(
image_encoder = image_encoder,
text_encoder = text_encoder,
dim_text = 768,
dim_image = 294912,
dim_latent = 512,
extra_latent_projection = False, # whether to use
separate projections for text-to-image vs image-to-text
comparisons (CLOOB)

use_mlm=False,

downsample_image_embeds = False,
use_all_token_embeds = False

)

device = "cuda" if torch.cuda.is_available() else "cpu"

ctclip.load(’/teamspace/studios/this_studio/CT-CLIP_v2.pt’)

ctclip.to(device)

C.2 Creating VQA Dataset

import os
import json

import pandas as pd

# Paths to dataset

image_dir = "/teamspace/studios/this_studio/data/test_preprocessed/
test_PE"
report_csv = "/teamspace/studios/this_studio/data/test_reports.csv"
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o output_jsonl = "/teamspace/studios/this_studio/data/vqa_dataset_eval.

10

jsonl"

1 # Load reports

» reports_df = pd.read_csv(report_csv)

30

def

generate_questions () :

return [
"What findings do you observe in this CT scan?",
"Could you summarize the observations from this CT scan?",
"What abnormalities are present in this CT scan?",

"How would you interpret the results of this CT scan?"

create_vqa_jsonl ():
with open(output_jsonl, "w") as f:
for _, row in reports_df.iterrows():
impression_id = row["impression_id"]

impression_text = row["impressions"].strip()

# Locate Image File

image_folder = os.path.join(image_dir, f"test_{
impression_id}")

image_path = os.path.join(image_folder, f"{impression_id

}.npz")

if not os.path.exists(image_path):

continue # Skip if image is missing

# Generate QA pairs
for question in generate_questions():
json_record = {
"image_id": impression_id,
"image_path": image_path,
"question": question,

"answer": impression_text
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16

)

3

f.write(json.dumps(json_record) + "\n") # Write line

-by-1line

s create_vqga_jsonl ()

print (£"VQA dataset saved in JSONL format at {output_jsonll}")

C.3 Fine-Tuning using Meditron

## vqa_meditron.py

import os

import torch

import torch.nn as nn

import torch.optim as optim
import json

import numpy as np

import torch.nn.functional as F

import logging

» from torch.utils.data import Dataset, Dataloader

; from transformers import AutoModelForCausallLM, AutoTokenizer

from peft import LoraConfig, get_peft_model

from pretrained_model import ctclip # Import CT-ViT from CT-CLIP

# Set up logging
logging .basicConfig(level=1logging.INFO,
format=’%(asctime)s - %(name)s - %(levelname)s -
%(message)s?’)

logger = logging.getLogger (__name__)

> # Device setup

3 device = torch.device("cuda" if torch.cuda.is_available() else "cpu")

logger.info(f"Using device: {devicel}")
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45

46

47

48

49

50

class VisionFeatureExtractor (nn.Module):

def __init__(
self,
vision_encoder,
feature_dim=512,
device=None

super () . __init__ Q)

self .device = device or torch.device("cuda" if torch.cuda.

is_available() else "cpu")

self.vision_encoder = vision_encoder.to(self.device)

try:

# Safer dimension inference

self .input_dim = self._safe_infer_input_dimension ()

# Create projection layer

self . feature_projector

nn.Sequential (

nn.Linear (self.input_dim, feature_dim),

nn.LayerNorm(feature_dim),

nn.GELU ()

) .to(self.device)

except Exception as e:

logging.error (f"Initialization error: {el}")

raise

def _safe_infer_input_dimension(self, fallback_dim=512):

try:
# Create a small sample input matching encoder’s expected
shape
sample_input = torch.randn(
1, 1,

self .vision_encoder.temporal_patch_size,

self .vision_encoder.image_size [0] // self.

vision_encoder.patch_size [0],
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60
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64
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66

68

69

70

76

77

78

79

80

81

83

84

self .vision_encoder.image_size[1] // self.
vision_encoder.patch_size[1],

device=self.device

with torch.no_grad():
# Debug encoder’s embedding steps
patch_embedded = self.vision_encoder.to_patch_emb(

sample_input)

try:
# Extensive logging and error handling for
spatial transformer
logging .info(f"Patch embedded shape: {
patch_embedded.shapel}")

spatial_features = self.vision_encoder.
enc_spatial_transformer (
rearrange (patch_embedded, ’b t h w d -> (b t)
(h w) d’)

# Adaptive pooling to handle potential shape
variations
pooled_features = F.adaptive_avg_pool2d(
spatial_features.reshape(-1, spatial_features
.size(-1)) .unsqueeze (0),
(1, spatial_features.size(-1))

) . squeeze ()
return pooled_features.numel ()
except Exception as transformer_error:
logging .warning (f"Spatial transformer error: {

transformer_error}")

return fallback_dim
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105
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108

109

110

116

117

except Exception as input_error:
logging .warning (f"Sample input processing failed: {
input_error}")

return fallback_dim

def forward(self, x):
try:
# Robust device and type management

x = x.to(self.device) .float ()

# Extensive debugging logging
logging.info (f"Input tensor shape: {x.shapel}, Device: {x.

devicel}")

try:
# Embedding and transformer processing

patch_embedded = self.vision_encoder.to_patch_emb(x)

# Reshape for spatial transformer
spatial_input = rearrange (patch_embedded, ’b t h w d

-> (b t) (h w) d’)

# Safe spatial transformer call
spatial_features = self.vision_encoder.

enc_spatial_transformer (spatial_input)

# Reshape and pool features
spatial_features = spatial_features.reshape(

x.size(0), x.size(2), x.size(3), x.size(4), -1

pooled_features = F.adaptive_avg_pool3d(
spatial_features.permute(0, 4, 1, 2, 3),
(1, 1, 1

) .squeeze ()
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119 # Feature projection

120 features = self.feature_projector (pooled_features)

121

2 logging.info (f"Vision feature shape: {features.shapel
")

123 return features

124

25 except Exception as extraction_error:

126 # More informative fallback

127 return torch.randn(x.size(0), 512, device=self.device
)

128

129 except Exception as e:

130 logging.error (f"Forward pass error: {e}")

131 return torch.randn(x.size(0), 512, device=self.device)

133 # Utility function for reshaping

13+ def rearrange (tensor, pattern):

35 if pattern == ’b t h w d -> (b t) (h w) d’:

136 return tensor.reshape(-1, tensor.size(2) * tensor.size(3),
tensor.size (4))

137 raise ValueError (f"Unsupported rearrange pattern: {pattern}")

138

139 class CustomVQADataset (Dataset):

140 def __init__(self, jsonl_file, target_size=480, target_depth=240)
141 self .data = []

142 self .target_size = target_size

143 self .target_depth = target_depth

144

145 with open(jsonl_file, "r") as f:

146 for line in f:

147 self .data.append(json.loads (line))

148

149 def __len__(self):
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160

161

162

164

165

166

167

168

169

170

171

return len(self.data)

def __getitem__(self, idx):
item = self.datal[idx]

image_path = item["image_path"]

try:

image_features = np.load(image_path)["arr_0"]

image_tensor = torch.tensor (image_features, dtype=torch.
float32)
if image_tensor.ndimension() == 3:

image_tensor = image_tensor.unsqueeze (0)

C, D, H, W = image_tensor.shape

if D != self.target_depth or H != self.target_size or W
!= self.target_size:
image_tensor = F.interpolate(
image_tensor.unsqueeze (0) ,
size=(self.target_depth, self.target_size, self.
target_size),
mode="trilinear",
align_corners=False

) .squeeze (0)

assert image_tensor.shape == (C, self.target_depth, self.
target_size, self.target_size), "Shape mismatch after resizing!"
text = item["question"] + " " + item["answer"

print (text)

return image_tensor , text

except Exception as e:

logger.error (f"Error processing image {image_pathl}: {e}")
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210

# Return a dummy tensor and text to prevent training
crash

dummy_tensor = torch.zeros(l, self.target_depth, self.
target_size, self.target_size)

return dummy_tensor, "Dummy question Dummy answer"

def save_model (model, vision_proj_layer, optimizer, epoch, save_path)

# Ensure save directory exists

os.makedirs (save_path, exist_ok=True)

# Create checkpoint directory with epoch
checkpoint_dir = os.path.join(save_path, f’checkpoint_epoch_{
epoch}’)

os.makedirs (checkpoint_dir, exist_ok=True)

# Construct save state dictionary
save_state = {

‘model_state_dict’: model.state_dict (),

’vision_proj_layer_state_dict’: vision_proj_layer.state_dict
O,

’optimizer_state_dict’: optimizer.state_dict (),

’epoch’: epoch
X

# Save full model checkpoint
checkpoint_filename = os.path.join(checkpoint_dir, °’
full_model_checkpoint.pth?)

torch.save(save_state, checkpoint_filename)

# Save LoRA adapter
lora_save_path = os.path. join(checkpoint_dir, ’lora_adapter’)

model . save_pretrained(lora_save_path)

logging.info(f"Model checkpoint saved to {checkpoint_filenamel}")

logging.info(f"LoRA adapter saved to {lora_save_pathl}")
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213 class TrainingMetricsTracker:

214 def __init__(self, save_path="./metrics"):

215 self .metrics = {

216 >epochs’: [],

217 >learning_rates’: [],

218 ’>training_losses’: [],

219 >avg_batch_losses’: []

220 }

221 self .save_path = save_path

22 os.makedirs (save_path, exist_ok=True)

223

224 def update(self, epoch, learning_rate, epoch_loss, batch_losses):
225 self .metrics[’epochs’].append(epoch)

226 self .metrics[’learning _rates’].append(learning_rate)

227 self .metrics[’training_losses’].append(epoch_loss)

228 self .metrics[’avg_batch_losses’].append(batch_losses)

229

230 def save_metrics(self, filename=None):

231 if filename is None:

232 filename = f"training metrics_{len(self.metrics[’epochs

>’])} _epochs. json"

234 filepath = os.path.join(self.save_path, filename)
235

236 try:

237 with open(filepath, ’w’) as f:

238 json.dump(self .metrics, f, indent=4)

239

240 logging.info (f"Metrics saved to {filepathl}")

241 except Exception as e:

242 logging.error (f"Failed to save metrics: {e}")

243
244 def train_model (dataloader , model, vision_encoder, optimizer,
scheduler, num_epochs=5, save_path="./model"):

245 # Explicit device setup
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246 device = torch.device("cuda" if torch.cuda.is_available() else "

cpu")
247 logger.info(f"Training on device: {devicel}")
248
249 # Initialize metrics tracker
250 metrics_tracker = TrainingMetricsTracker (save_path=os.path. join(

save_path, "metrics"))

252 # Move all components to the same device

253 model = model.to(device)

254

255 # Wrap vision encoder with feature extractor

256 vision_feature_extractor = VisionFeatureExtractor (vision_encoder,

device=device)
257
258 # Tokenizer setup
259 tokenizer = AutoTokenizer.from_pretrained(model.config.

_name_or_path)

260 tokenizer.pad_token = tokenizer.eos_token

261

262 # Projection Layer initialization

263 dummy_images, _ = next(iter(dataloader))

264 dummy_images = dummy_images.to(device)

265

266 try:

267 # Test feature extraction with explicit device handling

268 dummy_features = vision_feature_extractor (dummy_images)

269 input_dim = dummy_features.size(-1)

270 output_dim = model.config.vocab_size

271

272 # Initialize projection layer on the same device

273 vision_proj_layer = ProjectionlLayer (input_dim, output_dim).to
(device)

274

275 # Training loop

276 best_loss = float(’inf’)
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278 for epoch in range (num_epochs):

279 model . train ()

280 epoch_loss = 0.0

281 batch_losses = []

282 current_lr = scheduler.get_last_1lr () [0]

283

284 for batch_idx, (images, texts) in enumerate(dataloader):
285 # Ensure all tensors are on the correct device
286 images = images.to(device)

287

288 # Zero gradients

289 optimizer.zero_grad()

290

291 try:

292 # Extract and project visual features with

explicit device management

293 vision_embedding = vision_feature_extractor(
images)

294

295 # Ensure vision_embedding is on the correct
device before projection

296 vision_embedding = vision_embedding.to(device)

297

298 # Project visual features

299 vision_embedding = vision_proj_layer (
vision_embedding)

300

301 # Tokenize text with device handling

302 inputs = tokenizer (texts, return_tensors="pt",
padding=True, truncation=True, max_length=512)

303 input_ids = inputs[’input_ids’].to(device)

304 attention_mask = inputs[’attention_mask’].to(

device)
305

306 # Forward pass and loss computation
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308

309

326

outputs = model (
input_ids=input_ids,
attention_mask=attention_mask,
labels=input_ids

)

loss = outputs.loss

# Backward pass and optimization
loss.backward ()

optimizer.step ()

# Track loss
batch_loss = loss.item()
epoch_loss += batch_loss

batch_losses.append(batch_loss)

# Logging
if batch_idx % 10 == O:

logger.info (f"Epoch {epoch+1}, Batch {

batch_idx}, Loss: {batch_loss:.4f}")

except Exception as step_error:

logger.error (f"Training step failed:

continue

# Average epoch loss and scheduler step
avg_loss = epoch_loss / len(dataloader)

scheduler.step ()

# Update metrics tracker

metrics_tracker.update(
epoch=epoch+1,
learning_rate=current_I1r,
epoch_loss=avg_loss,

batch_losses=batch_losses
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345

346
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349
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359

360

361

362

364

365

366

367

368

369

370

371

logger.info (f"Epoch {epoch+1}, Average Loss: {avg_loss:.4

f}, Learning Rate: {current_1lr}")

# Model saving logic
if avg_loss < best_loss:
best_loss = avg_loss
save_model (model, vision_proj_layer, optimizer, epoch

, save_path)

# Save metrics for the best model

metrics_tracker.save_metrics (f"
best_model_metrics_epoch_{epoch+1}.json")

logger.info (f"Model saved with improved performance (

loss: {avg_loss:.4f})")

# Save final metrics

metrics_tracker.save_metrics ()
except Exception as init_error:
logger.error (f"Training initialization error: {init_errorl}")

raise

return metrics_tracker

class Projectionlayer (nn.Module):

def __init__(self, input_dim, output_dim, hidden_dim=DNone):
super () . __init__()

hidden_dim = hidden_dim or max(input_dim * 2, 1024)

self .projection = nn.Sequential(
nn.Linear (input_dim, hidden_dim),
nn.LayerNorm(hidden_dim),
nn.GELU() ,
nn.Dropout (0.1),

nn.Linear (hidden_dim, output_dim)
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def

def forward(self, x):
# Ensure input is float tensor
x = x.float ()

return self.projection (x)

main () :
# Set environment variables for memory management
import os

os.environ[?’PYTORCH_CUDA_ALLOC_CONF’] = ’expandable_segments:True

# Determine device
device = torch.device("cuda" if torch.cuda.is_available() else "

cpu u)

# Load Meditron-7B as LLM
1lm_name = "epfl-llm/meditron-7b"
1lm = AutoModelForCausallLM.from_pretrained(llm_name, torch_dtype=

torch.bfloatl6, use_auth_token=True).to(device)

# Load CT-ViT as visual encoder
from pretrained_model import ctclip

vision_encoder = ctclip.visual_transformer

# Stage 2: Fine-tuning with LoRA
lora_config = LoraConfig(
r=8, # Rank of the update matrices
lora_alpha=16,
lora_dropout=0.1,
target_modules=["q_proj", "v_proj"]
)
1llm = get_peft_model(llm, lora_config)

# Optimizer and Scheduler Configuration
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optimizer = optim.AdamW(
1lm.parameters (),
lr=2e-4,
weight_decay=0.01

)

scheduler = optim.lr_scheduler.CosineAnnealinglLR (optimizer, T_max

=10)

# Dataset and Dataloader
dataset = CustomVQADataset ("/teamspace/studios/this_studio/data/
vqa_dataset.jsonl")

dataloader = Dataloader (dataset, batch_size=1, shuffle=True)

if __name_ ==

main ()

C.4 Model Code

Modelling Source Code: https://github.com/sharonct/CTPA-CLIP

C.5 Frontend Code

Frontend Source Code: https://github.com/sharonct/CTPA_App_Frontend

C.6 Backend Code

Backend Source Code: https://github.com/sharonct/CTPA_App_Backend
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