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The 3D V-PBI uses previous knowledge from segmentation tasks to stabilize
the model’s performance on the survival rate prediction tasks. The 2D CNN-
BiLSTM model decomposes the 3D CT scan into 2D slices, and uses pre-trained
CNN networks to extract the spatial information from these slices. The BiLSTM
is designed to capture the sequential relation between the different slices. Mul-
tiple experiments were conducted on a data set of 125 patients provided by the
University of Chicago. The data set consisted mainly of patients suffering from
gunshot injuries in the head. The two proposed architectures are compared to a
baseline 3D CNN. The results showed that the proposed V-PBI model outper-
formed the other architectures, and achieved an average accuracy of 78.3% and
an average area-under-the-curve (AUC) of 0.816, while the 2D CNN-Bi-LSTM
achieved an average accuracy of 76.7% and an average AUC of 0.777, and the 3D
baseline model achieved an accuracy of 73.3% and an average AUC of 0.737.
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Chapter 1

Introduction

A Traumatic Brain Injury (TBI) refers to a severe damage to the head or the
brain caused by a strong mechanical force that could permanently damage the
function of the brain. TBI is estimated to be the first leading cause of death in
adults worldwide, with more than 60 million incidents per year [1]. Penetrating
Traumatic Brain Injury (pTBI) is a subcategory of severe TBI in which patients
have urgent needs for medical treatment due to an object penetrating the interior
of the brain. These injuries have a high mortality rate reaching up to 85%-90%
before arriving to the hospital [2]. Gunshot wounds are the most common forms
of pTBI. These gunshot injuries account for a significant percentage of mortality
across all head trauma, and result in over 32000 deaths in the United States, more
than 50% of the total firearms-related casualties [3]. Although pTBIs represent
only 4% to 5% of the total number of TBIs [4], the severity of these injuries
makes predicting the outcome of pTBI patients crucial for adequate allocation
of trauma care and for providing family members with appropriate council and
treatment decisions.

In clinical practice, the Glasgow Coma Scale (GCS) is widely used to measure
the patients’ level of consciousness after a brain injury based on their ability to
perform eye movements, speak, and move their body. GCS classifies TBI into
three main categories based on the severity of the injury: Mild (GCS 14-15),
Moderate (GCS 9-13), and Severe (GCS 3-8) [5]. However, the GCS does not
provide an accurate survival rate prediction but is rather used in the prediction
of the functional recovery and rehabilitation of TBI patients [6]. To capture
the survival risk score, medical professionals conducted two large TBI prognosis
trials known as the Corticosteroid Randomisation After Significant Head Injury
(CRASH) [7] and the International Mission for Prognosis and Analysis of Clin-
ical Trials (IMPACT) [8] trials. The prognosis models of both the CRASH and
IMPACT studies used clinical variables such as age and eyes responsiveness,
alongside some biomedical features such as blood pressure and oxygen levels to
predict the outcome of moderate and severe TBI [9].

In recent years, machine learning (ML) researchers showed a great interest in
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developing algorithms for predicting survival rate of TBI patients. For instance,
the work in [10] used artificial neural networks (ANN) to predict the 6-month
outcome of TBI patients. In [11], an ensemble learning method is developed to
classify TBI injuries into moderate and severe injuries. A more extensive study
investigated nine different models to predict the in-hospital mortality rate of TBI
patients [12]. However, all these previous works relied on the clinical features,
including age, GCS, and Computed Tomography (CT) scan analysis findings to
perform the prognosis. The extraction of these features requires the medical
experts’ assistance in conducting medical exams and analyzing CT scans. This
process is time-consuming, and some countries that endure high rates of TBI
suffer from an extreme shortage of medical professionals [13]. In addition, all these
previous approaches focused on the prognosis of blunt, non-penetrating, TBI
patients only, and did not address the challenges of the survival rate prediction
of pTBI patients.

The main challenges in the prognosis of the pTBI patients are capturing the
important features that affect the prognosis and providing accurate findings from
CT scans. For instance, the Glasglow Outcome Score (GOS) and the GCS are
good indicators for the blunt TBI prognosis. However, these features do not
provide accurate categorization of the severity of pTBI [14]. In addition, medical
experts cannot visually inspect and accurately analyze the CT scans for two
main reasons. Firstly, the penetrating injuries can cause different deformations
in the interior of the brain that may not be completely shown in the scans.
Secondly, penetrating metal objects cause large artefacts due to nature of the
CT scan’s capturing techniques. These artefacts can cover a significant amount
of the scan, and thus prevents the medical professional from examining these
distorted regions.

These difficulties in analyzing the C'T scans of pTBI patients can lead up to
biased decisions from the medical experts when the patients present bad clinical
scores in the medical exam. Thus, in recent years, researchers have become
more interested in developing automatic prognostic models that provide robust
unbiased decisions. For this usage, deep learning models have become more
prevalent in medical imaging for the prognosis of cancer and stroke patients [15].
On the other hand, there is still no direct application of these deep learning
models in the prognosis of blunt or penetrating TBI patients.

To tackle the challenges of the pTBI prognosis, we propose to address the
problem from a new perspective. We aim to leverage the information captured
from brain CT scans to automatically predict a pTBI patient’s survival rate. In
this thesis, we first provide a detailed analysis of penetrating injuries and a char-
acterization of the important features in CT scans that affect the prognosis. We
design a data pre-prossessing pipeline comprising of data registration, brain ex-
traction, and data normalization. The aim of this pipeline is to reduce variability
between the different patients by extracting the interior of the brain, stripping the
skull, aligning all the scans of the different patients with a high resolution tem-



plate, and normalizing the intensities. In addition, we propose two new transfer
learning architectures for pTBI prognosis: A deep learning architecture based on
the 3D convolutional neural network (CNN) V-Net called V-PBI, and a 2D hybrid
architecture combining 2D CNNs with Bidirectional Long Short Term Memory
(BiLSTM) networks. We call the 2D proposed approach as CNN-BiLSTM. Both
architectures aim at sharing domain knowledge from segmentation and classifica-
tion taks to improve the prognostic task from small training data sets. The V-PBI
model uses a pre-trained V-NET model [16] that has been trained segmenting
intracranial hemorrhage sections from the CT scans of TBI patients to stabilize
the model’s performance on the survival rate prediction tasks. We fine-tune this
model to improve the feature extraction process on the scans of pTBI patients.
The CNN-BIiLSTM model decomposes the 3D CT scan into 2D slices, and uses
pre-trained VGG19 [17] networks to extract the spatial information from these
slices. The BiLSTM is then deployed to capture the sequential relation between
these different slices. A high level representation of our architecture is presented
in Fig. 1.1

Survival Rate

Prognosis Model Prediction

Figure 1.1: A high level representation of the architecture.

To evaluate the performance of the proposed models, multiple experiments
were conducted on a data set of 125 patients provided by the University of
Chicago. The data set consisted mainly of patients suffering from gunshot in-
juries in the head. We used different metrics to compare the performance of
the two proposed architectures with a baseline 3D CNN. We also provide a deep
dive analysis for selected case from the experiments for the different implemented
models.

The main contributions of this thesis can be summarized as follows:

1. Drawing insights and a characterization of important imaging features in
CT scans for the prognosis of pTBI.

2. A data pre-processing pipeline that reduces the noise and the variation
between pTBI patients.



3. A 3D V-Net based architecture that shares information between segmenta-
tion and prognosis tasks to improve the accuracy of the survival predictions
of pTBI patients.

4. A 2D CNN-BIiLSTM architecture that decomposes the scan into 2D slices
and helps in learning the inter-slice information for accurate prognosis of
pTBI patients.

The remaining of this thesis is organized as follows: Chapter 2 presents a
literature review on the survival rate prediction of brain injury patients, and the
application of deep learning in medical imaging. Chapter 3 provides insights
and characterization of important features for the pTBI prognosis. In chapter
4, we discuss the data prepossessing pipeline. Chapter 5 presents the proposed
prognosis models. In chapter 6, we investigate the performance of the proposed
models and analyze the results. Finally, Chapter 7 concludes the work of this
thesis.



Chapter 2

Literature Review

In this chapter, we start by reviewing the different literature approaches for the
prognosis of TBI patients. Then, we go over the latest deep learning approaches
in medical imaging, especially for the analysis of brain CT scans and magnetic
resonance imaging (MRI).

2.1 Prognosis of Traumatic Brain Injury

TBI is one of the main reasons for disability around the world. These injuries
could cause a malfunction of multiple organs, a neurological system’s failure, or
death when the injury is very severe. The severity and the complexity of these
injuries create serious challenges in the medical field, and thus make the devel-
opment of accurate prognostic models for TBI patients essential for providing
accurate diagnosis and treatment procedures. [18].

2.1.1 Statistical Models

The most widely used process is to classify these injuries into three main cate-
gories mild, moderate, and severe, based on the GCS score. However, this ap-
proach does not provide any relevant information on which clinical factor mainly
reflected this classification. Early prognostic models were based on statistical
measures to relate the clinical features with the outcome of TBI. For example,
Jiang et al. [19] used chi-squared tests, Fisher’s exact tests, and t-tests to com-
pute the correlations between medical features such as Age, GCS, CT findings,
and the outcome of TBI. The work in [20] analyzed the relation between the
relative presence of a protein E epsilon4 allele in the patients and the prognostic
results using the Z-test and the Cochran’s QQ-statistic. In a more advanced work,
Legrand et al. [21] investigated the impact of optic nerve sheath diameter on the
outcome of TBI patients. The optic sheath diameter was computed from the CT
scans, and the relationship was derived based on the two-tailed t-test. In [22],

bt



the authors used the Mann-Whitney U test and the Fisher’s exact test to identify
strong predictors in penetrating brain injuries. They found out that a gunshot
wound to the head, a dural venous sinuses wound, and the presence of intrac-
erebral hematomas are strong predictors of bad outcomes. In [23], Osterman et
al. used descriptive statistics and Wilcoxon tests to study the outcome post TBI
in elderly people. They predicted a strong correlation between the respiratory
failure and the presence of midline shift with poor outcomes and high mortality
rates.

2.1.2 Data Driven Models

2.1.2.1 Prognosis Using Clinical Features

Traditional prognostic data-driven models are mainly logistic regression (LR)
models. These models study the linear relationship between a set of medical
predictors to estimate the injury’s danger level. IMPACT and CRASH [24] were
one of the most widely known prognosis trials because of the large cohort of
patients. Both studies developed multivariate logistic regression models trained
on a large data set of clinical features to predict TBI’s categorical outcome. The
studies’ main difference was that IMPACT’s model was trained only on moderate
and severe injuries, while CRASH’s model was trained on mild injuries too. The
two developed models are used in clinical practice with reasonable confidence
because they were trained and cross-validated on a large cohort. Camarano et al.
[25] evaluated the performance of the two regressions models on an external data
set, and reported similar performance with reasonable accuracy in predicting the
6-month outcome of the patients. However, these models failed to capture the
non-linear relationship between the different medical predictors [26]. In recent
years, ML researchers became more interested in understanding the impact of
the non-linear relationships between the clinical features and the TBI’s outcome.
Feng et al. [18] conducted an extensive analysis comparing variants of support
vector machine (SVM), k-nearest neighbors (kNN), and decision trees (DT) to
generate the prognosis of TBI. In [27], the authors compared the performance
of artificial neural networks to (ANN) to SVM, LR, and DT on the task of
predicting the 6-month outcome of severe TBI patients. The authors found that
ANN outperformed the different ML models and achieved the highest accuracy
and area under the curve (AUC). In [28], the Principal Component Analysis is
combined with Naive Bayes to predict the recovery of TBI patients after receiving
in-hospital treatment. The proposed approach achieved an average accuracy of
67% in a 10-fold cross-validation analysis. In [29], the authors studied the in-
hospital mortality in the patients that used mechanical ventilation post severe
TBI. The authors compared LR to ANN, and found out that LR outperformed
ANN with an accuracy of 87% and an area-under-the curve of 90.5%. They also
found out that the injection of venous thromboembolism prophylaxis post TBI



improves the prognosis. Farzaneh et al. [30] proposed a new ML framework
combining an XGBoost classifier and the Shap explainable model. The XGBoost
predicted the 6-month outcome after blunt TBIs, and the Shapley values studied
the importance of the clinical features used in prognosis. They showed that
some results were inconsistent with the domain knowledge, and the model might
provide biased results if not audited properly. Raj et al. [31] compared the
dynamic outcome of TBI patients one-day and five-days after receiving treatment
at a hospital using logistic regression and different sets of clinical predictors. The
proposed algorithm discriminated between survivors and non-survivors with an
accuracy of 84%, and misclassifications were reported in patients undergoing
decompressive craniectomy.

All the previously discussed approaches relied mainly on clinical features.
These features cannot be extracted directly and require medical professionals’
assistance to conduct medical exams and analyze the CT scans.

2.1.2.2 Prognosis Using Electroencephalogram Features

In recent years, researchers started investigating new approaches for the prognosis
of TBI patients. Haveman et al. [32] studied the relation between quantitative
Electroencephalogram ((EEG) measurements and the 12-month outcome of blunt
TBI patients. They used a random forest to predict classify Glasgow Outcome
Score-Extended (GOSE) as poor or good using twenty-three qEEG features. In
[33], a logistic regression model is used to predict the 3-month GOSE from contin-
uous EEG (cEEG) features and clinical features. The addition of cEEG features
was shown to be directly associated with the functional outcome, and it improved
the AUC of the predictive models. Chennu et al. [34] proposed an SVM model to
predict the 1-year outcome of TBI patients using the resting state EEG features
as input.

Despite EEG features showing a great potential in this area, clinical features
are still providing better survival rate predictions. However, the addition of
these EEG features to the clinical features improved the performance of prognosis
models.

2.2 Deep Learning for the Analysis of Medical
Images

Deep Learning has recently been getting more interest in the field of Medical
Imaging. In fact, after the significant success of convolutional neural networks
(CNN) on the image classification tasks from the ImageNet dataset [35], many re-
searchers directed their focus on applying CNN to analyze medical images. Their
main objective was to develop automated models capable of helping healthcare
professionals to improve diagnosis, prognosis, and treatment procedures. Besides,
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dealing with CT scans is more challenging than other medical images due to the
natural complexity of the images and their 3D volumes. Currently, deep learning
is mainly used for tumor or lesion segmentation, and classification of diseases from
the analysis of CT scans as shown in highly cited surveys in the field [15],[36],[37].

2.2.1 Deep Learning for Survival Rate Prediction

Even though deep learning has not been applied yet to predicting blunt or pene-
trating TBI patients’ survival rate, it has been studied in predicting the survival
rate and classification of other diseases. Burgh et al.[38] have worked on predict-
ing the survival rate of lateral sclerosis patients from the analysis of MRI scans.
Their work was based on a manual feature extraction process that extracted mor-
phological and structural features from MRI images. These features were fed as
inputs to a deep fully connected neural network that generated the survival rate
predictions. Chato et al. [39] have focused on predicting brain tumor patients’
survival rate using AlexNet [40] to extract feature maps from 2D slices of MRI
scans. These features maps were fed into an SVM to classify the patients into
high or low mortality rates. Diamant et al. [41] proposed a 2D CNN network to
extract feature representations from CT scans to predict the outcome of head and
neck patients. The authors showed that combining this approach with traditional
radiomic models improved the prognosis. The hybrid approach achieved an AUC
of 0.92 compared to an AUC of 0.88 for the 2D CNN model alone. More advanced
approaches in literature focused on building 3D volumetric CNN. Nie et al. [42]
have worked on predicting the survival rate of brain tumor patients from a set of
three different MRI modalities: MRI T1-weighted, functional MRI (fMRI), and
diffusion tensor imaging (DTI). Each modality consisted of multiple channels.
Their model was based on 3D convolutional layers, followed by a set of fully con-
nected layers. To deal with three different MRI modalities, the authors developed
a multi-input multi-channel network with parallel convolutional paths that com-
bined the different feature maps representing each modality and fed them into
some fully connected layers to perform the classification. Their model achieved
an accuracy of 89.85%. The work in [43] proposed a hybrid model combining
CNNs and recurrent neural networks (RNNs) to predict the outcome after lung
cancer treatment. The proposed approach consists of a pre-trained CNN model
called ResNet and Gated Recurrent Units (GRU). The model received multiple
scans of the same patient captured at different time points during the treatment
as input, and predicted the 2-year overall survival of patients.
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2.2.2 Deep Learning for Analyzing CT Scans
2.2.2.1 Classification Tasks

CT scanning is the most widely used imaging technique to examine brain injuries
and analyze the extent of TBI damage. However, these 3D CT scans are very
complex. Their analysis requires complex architectures and high computations.
In [44], scale invariant feature transform (SIFT) is compared to 2D CNNs in
extracting feature representations from the CT scans of TBI patients. These
extracted features are then used to train an SVM to detect lesions in CT scans
after TBI. It was shown that SIF'T outperformed CNNs in extracting meaningful
features. He et al. [45] proposed a self supervised transfer learning approach
to train CNN models to accurately diagnose COVID-19 from CT scans. The
proposed approach achieved an AUC of 0.94 even though the training data set is
small. Researchers have also tried to develop a hybrid 2D /3D approach in which
the model incorporates the information coming from 2D slices and 3D volumes of
CT scans. This approach’s main objective is to improve the learning from feature
representations and the model’s accuracy on the relevant tasks. The work in [46]
focused on developing a hybrid model to classify the level of hemorrhage in CT
scans. Their work used a 3D CNN to segment the hemorrhage region from the
CT scan. The segmented region was then fed as input to a 2D CNN to classify
it. Residual connections were used in the model to ensure that the 2D CNN
will correctly capture the features maps generated by the 3D CNN. The model
achieved an accuracy of 97.5% in detecting hemorrhage. Following this hybrid
approach, Gao et al. [47] developed a parallel path architecture to classify head
CT scans into three categories: Alzheimer’s, lesion, and normal. The architecture
consists of a 2D CNN in parallel with a 3D CNN. In this architecture, the 2D
CNN received 2D slices as input, while the 3D CNN had 3D volumes as input.
Both 2D slices and 3D volumes were derived from the CT scan. The feature
vectors generated from two networks were combined and fed into a set of fully
connected layers to do the classification. They compared their model to a 2D
CNN and a 3D CNN. The hybrid approach achieved the most accurate result
with an accuracy of 87.62%.

2.2.2.2 Segmentation Tasks

Analysis of CT scans is also essential in segmentation tasks. Significant research
efforts are spent in this area, and multiple deep learning algorithms such as 3D
U-Net [48], V-Net [49], and DeepMedic [50] became very popular for perform-
ing these tasks. All these models are based on 3D CNNs to capture relevant
feature maps from the CT scan’s 3D volumes. However, no previous work has
focused on the analysis of brain CT scans for patients suffering from TBI. In
[51], a cascaded architecture of 2D CNNs is proposed to segment glioblastoma
tumors from MR images. The proposed architecture aimed at capturing features
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from different resolutions to accurately reconstructed the MR images with the
segmented regions. Hu et al. [52] developed an encoder-decoder architecture to
segment intracerebral hemorrhage (ICH) in CT scans. The encoder was used to
extract multi-scale feature maps, and the decoder was used to combine the fea-
ture maps into one full ICH feature representation. Sharrock et al. [16] studied a
similar architecture of 3D V-Net to extract ICH from CT scans. Their proposed
approach was only studied in the presence of intraventricular (IVH) or subdural
hemorrhages (SDH), and achieved a Dice coefficient of 0.914.

Even though these segmentation approaches achieved notable results on their
respective tasks, deep learning methods were not used to segment TBI lesions
from CT scans. The lesions are harder to segment, especially in penetrating
injuries, because of the artefacts and the high noise that distort the scans.
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Chapter 3

Insights and Characteristics of
Important Features for pTBI
Survival Rate Prediction

A core challenge in the clinical trails of TBI is the identification of patients that
are most likely to respond to treatment. This task is difficult because of the
heterogeneity of TBIs with respect to cause, severity and prognosis. In the case
of penetrating traumatic brain injuries (pTBI), the mortality rate is very high
and the injuries are very aggressive. Thus, determining which patients would
respond to aggressive treatments is very crucial. The Glasgow Coma Scale (GCS)
is the most widely used metric to classify the severity of the injuries. However,
medical professionals understand that the GCS is not accurate enough to capture
the complexity of the brain injuries, especially the pTBIs [53]. In addition, the
artefacts present in the scans of pTBI patients can distort a large area of the scan
and result in biased decisions from medical experts. To address these challenges,
there is a need for a prognosis model that is able to accurately predict the survival
rate of pTBI patients and identify the patients with a good potential recovery
and can respond to aggressive treatments. In this chapter, we propose to address
the prognosis problem from a different perspective. We aim to develop a model
that automatically predicts the survival rate of pTBI patients by passing the CT
scan as input only.

The problem is formulated as a computer vision problem where the patients are
grouped into two categories: High Survival Rate (Alive) and Low Survival rate
(Dead). The goal is to train a machine learning model to predict the survival
rate of the patients Y € {0,1} given an input CT scan X! € R™>%*4 where ¢ is
the predicted instance, and I, w, d are the length, width and depth of the scan
respectively. The Binary Cross-Entropy is the loss function that the model is
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trained to minimize:
1 N
2 [Wn10g G + (1= ya) log (1 — 4] (3.1)
n:l

where . is the loss function, w is the weights’ matrix of the model, N is the
total number of scans, y, is the predicted survival rate, and g, is actual survival
rate.

In the remainder of this chapter we will provide a detailed analysis from CT
scans’ findings to characterize the important imaging features that affect the
prognosis of pTBI patients.

3.1 Characterization of Important Imaging Fea-
tures in CT Scans

CT scans are 3D volumetric images that are captured from three different planes:
Axial, Coronal, Sagittal. Each CT scan can be represented by a set of sequential
2D slices.

In our data set, each patient has two types of CT scans Soft-tissue (ST) CT
scans and bone CT scans. ST scans reflect the brain’s interior and focus mainly
on the intracranial fluids circulating inside the brain. On the other side, bone CT
scans reflect the exterior skull and bones surrounding and protecting the brain’s
interior.

In this thesis, we mainly focus on analyzing ST scans since the brain’s interior
provides more information on the damage extent caused by the injuries. The
survival rate of patients is directly related to the magnitude of the damage caused
by pTBI. A low survival rate is associated with detrimental injuries. These
injuries are characterized by:

1. A bullet that passes through both hemispheres of the brain (i.e. a fractured
bone from both the left and right sides of the brain).

2. A bullet that passes through the center of the brain (Basal Ganglia).
3. A swollen brain that is drained from the fluids that circulate inside it.

4. Major bleeding sections that are close to the center of the brain.

3.1.1 Penetrating Bullet Through Both Hemispheres

The brain consists of two hemispheres which have four lobes each. An ideal case
of penetrating injuries is an injury that damages one lobe only. However, in the
case of penetrating injuries through both hemispheres, multiple lobes are being
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injured. This results in more severe damage to the patient’s brain functions and
a worse prognosis.

Figure 3.1: Penetrating bullet through both hemispheres: Axial(left) vs Coronal
(Middle) vs Sagital (right).

Figure 3.1 represents a 2D slice from each of three planes axial, coronal, and
sagittal, respectively, for the case of a bullet penetrating through both hemi-
spheres. The fractures are shown on the skull in all three slices. However, the
axial slice reflects the fractures with a higher resolution than the two others. It
is clear that multiple lobes are damaged, and the symmetry between the left and
right hemispheres is disrupted.

3.1.2 Penetrating Bullet Through Center of The Brain

The center of the brain contains the brain stem that is composed of the midbrain,
the pons, and the medulla oblongata. The brain stem serves as a connector be-

Figure 3.2: Penetrating bullet through the center of the brain: Coronal (left) vs
Sagittal (right).
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tween the brain and other parts of the human body. It has a critical role in
regulating cardiac and respiratory functions, and supplies the main motor and
sensory nerves in the face and neck. Any damage to this area has devastating
effects on the patient who may end up dead. A bullet penetrating through the
center of the brain passes through eloquent tissue and is likely to damage impor-
tant vascular structures inside the brain. Figure 3.2 shows a bullet penetrating
through the center of the brain. The coronal slice reveals the bullet’s trajectory,
and the sagittal slice reveals the bleeding caused by this bullet. The bleeding is
represented by a white shape in the middle of the brain.

3.1.3 Brain Swelling

Brain Swelling, also know as Cerebral Edema, is a dangerous condition in which
the fluid develops and builds up in the brain. This fluid build-up increases the
intracranial pressure (ICP) inside the brain, and decreases the oxygen levels.
Thus, it prevents the brain from functioning properly. When left untreated,
brain swelling results in irreversible damage to the brain and can be fatal. TBIs
are one of the main reasons of brain swelling. In pTBIs, a fracture in the skull
can rupture blood vessels and increase the chances of brain swelling.

Figure 3.3: Axial slices of a healthy brain (left) vs a swollen brain (right).

In figure 3.3, we notice the difference between a healthy brain and a swollen
brain. A swollen brain is drained out of cerebrospinal fluids (CSF). This is rep-
resented by the absence of black signals in the CT scan, as shown in the right
image.
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3.1.4 Major Bleeding Sections Close to the Center of the
Brain

A bleeding inside the brain, also know as hemorrhage, happens when blood ves-
sels rupture causing the blood to flow into surrounding tissue. This blood leakage
increases the ICP and causes some regions of the brain to stop functioning prop-
erly. In addition, the blood may collect and forms a life-threatening clot. The
danger caused by the hemorrhage vary depending on the location of the bleeding.
When the bleeding after a pTBI is close to center of the brain, essential brain
functions are disrupted which results in worse outcome for the patient.

Figure 3.4: Major bleeding: Axial(left) vs Coronal (middle) vs Sagittal (right).

Figure 3.4 reveals major bleeding areas that close to the center of the brain
from the three different planes. The bleeding areas appear white in the CT scans.
We can also notice that the symmetry between both hemispheres is not conserved
due to the disruptions and the swelling caused by the bleeding.

3.2 Model Specifications to Capture pTBI Fea-
tures

From the previous analysis, we understand how CT scans’ characteristics reflect
the severity of the brain injury. As the presence of these characteristics becomes
more abundant, the survival rate of patients decreases.

Given that the CT scans are formed of 3D volumes, they are composed of 2D
spatial features present at each slice of the scan, and of 3D volumetric features
that represents the relation between multiple sequential slices. We note that when
some pTBI imaging features such as the broken skull and the major bleeding are
present, they are expressed through a sequence of 2D slices. All 2D slices from
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this sequence have these characteristics. This means that the deep learning model
should learn feature representations from 2D slices and a 3D context represented
by a sequence of 2D slices to distinguish these characteristics properly. Other
imaging features, such as the trajectory of bullets penetrating through the center
of the brain and the absence of ICR, do not show in a continuous sequence of
2D slices. Instead, they are expressed in multiple slices of the CT scan but these
slices are not consecutive. Table 3.1 above summarizes the characteristics of the
different pTBI imaging features.

Table 3.1: Characteristics of pTBI features.

Imaging Feature ‘ 2D Characteristics ‘ 3D Characteristics

Fractures in the Skull Present on a 2D slice-level | Present in a continuous se-
quence of slices

Penetrating Bullet’s Passage | Present on a 2D slice-level | Present in a discontinuous
sequence of slices

Absence of CSF Present on a 2D slice-level | Present in a discontinuous
sequence of slices

Major Bleeding Sections Present on a 2D slice-level | Present in a continuous se-
quence of slices
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Chapter 4

Data Pre-Processing Pipeline

In this chapter, we propose a three-stage CT scans’ pre-processing pipeline com-
prising of a brain extraction unit, a C'T scan registration unit, and a data normal-
ization unit as ordered in fig. 4.1. We note that the order of the brain extraction
and the CT scan registration is usually interchangeable in other pre-processing
pipelines. However, for the case of pTBI, the pipeline provides better results
when the brain extraction is performed before the scan registration since it re-
duces the effect of noise and artefacts.

The proposed pipeline has three main objectives:

1. Extracting the interior the brain since it contains the most important imag-
ing features for prognosis.

2. Reducing the noise coming from the artefacts.

3. Reducing the variability between patients by aligning them to a high-
resolution template.

Brain E N Uni CT Scan Registration Data Normalization
rain Extraction Unit Unit Unit

Figure 4.1: The four stages of the CT scans’ pre-processing pipeline.

4.1 Brain Extraction Unit

The brain extraction is based on a popular algorithm by Smith [54] called ”Brain
Extraction Tool” (BET). The algorithm can be summarized by the following
steps:
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1. Generating an intensity histogram to separate between high and low inten-
sity level values.

2. Estimating a threshold for separating the brain/no brain areas.

3. Calculating the center of gravity and a rough estimate of the brain radius.
4. Initiating a sphere shaped window for segmenting the interior of the brain.
5. Increasing the size of the sphere iteratively to capture the total brain area.

6. Deforming the shape of the sphere based on the nearest neighbors interpo-
lation to capture the accurately separate the bones from the interior of the
brain.

The proposed algorithm is originally designed for the segmentation of Magnetic
Resonance Images (MRIs) and not CT scans. One main difference between MRIs
and CT scans are the different levels of intensities. CT scans are characterized
by the Hounsfield Units (HU) that range between -1024 HU and 3071 HU on a
scale of 12 bits, compared to the range of pixels in MRIs from 0 to 254.

CT Number Ranges in Hounsfield Units (HU}
Bone +1000
= White matter +20 to 30
— Muscle +20 to 40
Gray matter +30 to 40
= Hemorrhage +65 to +95
CSF (water) [#]
- Fat =30 to -70
s Air -1000

Figure 4.2: HU units of the different elements in CT scans.

From Fig. 4.2, each element of a brain CT scan lies in a specific range of
HU units. For the purpose of our analysis, we are interested in capturing the
information of the interior of the brain since it contains the important imaging
features for the prognosis of pTBI patient. Thus, the brain extraction unit per-
forms two operations. Firstly, a mask filter ranging from 0 HU to 100 HU is used
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to capture the elements of the interior of the brain. Secondly, we apply the BET
algorithm on the filtered scan.

(a) No BET (b) BET

Figure 4.3: Axial slices before and after BET with no present artefacts.

(a) No BET (b) BET

Figure 4.4: Axial slices before and after BET with present artefacts.

In figs. 4.3 and 4.4, we evaluate the performance of the Brain Extraction unit
on some axial slices that show bullet artefacts and other slices that are clear.
Fig. 4.3 show that the proposed technique works well when the images do not
suffer from artefacts distortion. The interior of the brain is extracted accurately
without missing any important region. In fig. 4.4, some areas of the slices are
hidden from the bullet artefacts. These region are not visible and cannot be
assessed for prognosis. Thus, the proposed method consider this artefacts as
outliers and removes them with the bones. We notice that the areas that were
corrupted by the artefacts are now considered with the background of the image.
The other areas that were not affected by the artefact are still captured accurately.
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4.2 CT Scan Registration Unit

The registration unit aims at aligning all the patients with a high-resolution
template to reduce the variability between these patients. The high-resolution
template is the only available public CT template provided by Rorden et al. [55].
The template is constructed from 30 individuals whose age ranges between 40 and
90. All the acquired CT images were manually clipped to remove excess signals
and sides of the head, and provide a high-resolution representation of the interior
of the brain. The generated template is of size 180x180x180 and of resolution
1.5mm x 1.5mm x 1.5mm. In our experiments, we only used rigid transformations
to register the images in order to not distort the shape of the patient’s brain. This
transformation consists of rotation and translation operations only.

Figure 4.5: High resolution CT template of healthy patients from Coronal, Sagit-
tal, and Axial planes, respectively.

(a) No Registration (b) Template (c) Registered Scan

Figure 4.6: Axial slices before and after Scan Registration
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In fig.4.6, we notice that the axial scan is properly aligned with the provided
high-resolution template. In addition, we see that the shape’s area is also in-
creased to match the area of the template. A main difference between figs. 4.6a
and 4.6c¢ is the size and the resolution of the images. All the registered scans are
now of size 180x180x180 and of resolution 1.5mm x 1.5mm x 1.5mm.

4.2.1 Mathematical Formulation

Suppose C; : Q@ — R3 and C5 : Q — R3 be a pair of 3D CT scan images.
Let Cy(m) be the target template scan and Cy(n) be the moving scan, where m
and n correspond to the coordinate-intensity mapping of the scans C; and Cs
respectively. Define the function .# as the transformation that takes the moving
image from the coordinate system n to the coordinate system m:

Cy = ChoF = Cy(F) (4.1)

where Cs is the transformed scan from Cs by applying the transformation .7,
and o is the composition of two functions. The rigid transformation preserves
the relationship between every pair of coordinates in the new system since applies
only rotation and translation operations. It can be defied by:

F = R(n) +1 (4.2)

where .% is the rigid transformation function, R is the rotation operator, ¢ is the
translation parameter, and n is the coordinate in the original system.

4.3 Data Normalization Unit

Given that our data set is small and the CT scans have a wide range of HU
between -1024 and 3024, we used min-max normalization:
T — Tmin

Tnorm = ——————— (43)

Tmax — Tmin

where z is a feature vector.

4.4 Data Augmentation

Deep learning models typically need a large number of training samples to train
properly. Because our data set is relatively very small, we used multiple data aug-
mentation techniques to provide the model with more training samples. However,
the proposed techniques should not cause large modification and distortions in the
image to not affect the learning of the prognosis models. The used augmentation
techniques are:
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e Horizontal Flipping: Given that the left and right hemispheres are symmet-
rical by nature, horizontal flipping can be applied without distorting this
Symmetry.

e Random rotations between -5 ° and +5 °.
e White noise injection with a variance between 0.1 and 0.9.
e Intensity modifications by a random value between -4 HU and +4 HU.

We note that these techniques are applied to the processed images through
the data pre-processing pipeline.

(b) Flipped Scan (c) Rotated Scan

(d) Noised Scan (e) Jittered Scan

Figure 4.7: Data Augmentation Techniques: b) Horizontal Flipping, C) Random
Rotations, d) Noise Injection e) Intensity Variation

In fig 4.7, we notice that the different data augmentation techniques cause
minimal variations of the original scan only. The flipping in fig 4.7b is shown to
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be vertical. We note that this is because the original image is rotated by 90°.
The flipping is based on the symmetry between the left and right hemispheres.
In addition, the difference between figs. 4.7d and 4.7e is hardly visible. We can
see that the jittered scan is brighter than the noised scan.
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Chapter 5

Proposed Prediction Models

In this chapter, we discuss two transfer learning approaches to predict the survival
rate of pTBI patients. The two proposed approaches are:

1. A V-Net based architecture that shares information between segmentation
and prognosis tasks to improve the accuracy of the survival predictions.

2. A Bi-LSTM-CNN architecture that decomposes the scan into 2D slices and
helps in learning the inter-slice information. This architecture is based on
the pre-trained model VGG-19.

5.1 Background

5.1.1 V-Net Model

V-Net is a popular volumetric medical segmentation model developed by Milletari
et al. [49]. The model was originally designed to segment prostates and estimate
their entire volumes directly from MRI. A schematic diagram is provided in fig.
5.1. The model consists of two paths: a compression (left) path, and an expansion
(right) path. Each stage of the left path operates at different resolutions and
with a different number of convolutional layers ranging between one and three.
The convolutional layers use volumetric kernels of size 5x5x5 with appropriate
padding for feature extraction from 3D volumes, and 2x2x2 kernels at the end
of each stage to reduce the size of the feature maps by half. The convolutions
with kernels size of 2x2x2 serve the same role as max-pooling layers, but they
require less memory during the training of the model. In fig. 5.1, we notice that
as the signal propagates deeper in the network, the number of the feature maps
doubles at each stage. On the other side, the size of these feature maps is halved.
This helps in learning high-resolution imaging features at the deeper stage of
the network. The output of the last stage of the compression path constitutes
a condensed feature representation of the 3D input. The expansion path has a
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Figure 5.1: A high-level representation of the V-Net model with concatenation
(left) and expansion (right) paths.

symmetric architecture to the compression path. However, it uses deconvolutions
of size 2x2x2 kernels instead of the convolutions to increase the size of the feature
maps. This path aims at reconstructing the input image with the segmented
volume. The last convolutional layer of size 1x1x1 generates an output of the
same size as the 3D input.

The V-Net is characterized by two main improvements over previous 3D seg-
mentation models:

1. Learning a residual function at each stage of the compression and the ex-
pansion paths. This helps in provide high-quality reconstructions of the
input given that some features are lost in the convolutions. It also helps in
stabilizing the learning of the model during training.

2. Introducing a new loss function that improves the weights’ calculation for
segmentation. This loss is the dice loss function:

N
- 2 Zz Digi
- N N
PO DDA
where N is the number of voxels (3D pixels), p; is the predicted segmenta-
tion, and g; is the gound truth.

(5.1)
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5.1.2 VGG19 Model

VGG19 is a popular deep learning architecture consisting of 19 layers: 16 Con-
volutional layers, 3 fully connected layers, 5 max-pooling layers and 1 soft max
layer. The convolutional layers uses 3x3 kernels, and the number of feature maps
increases as the input propagates deeper in the network. The network is trained
on ImageNet, a large database of more than 14 million images, and it achieved
state-of-art performance on a large number of compute vision tasks. Fig. 5.2
provides a schematic diagram of the architecture.

I Block 4 Block 5
Depth 512 Depth 512 Output (Softmax)

Block 3 Convd_1 Conv5_1
Block 2 Depth 256 Convé 2 Conv5_2
Block 1 Depth 128 Conv3_1 Conv4_3 Conv5_3
Depth 64 Conv2_1 Conv3_2 Convé_4 Conv5_4 Fully Connected
Convl_1 Conv2_2 Conv3_3
Convl.2 Conv3_4 . Convolutions

Max-Pooling
Fully Connected

Figure 5.2: VGGI19 block diagram consisting of 16 convolutional layers and 3
fully connected layers.

5.2 3D V-Net Based Prognosis Model (V-PBI)

5.2.1 Model Architecture

The proposed 3D Volumetric Convolutions approach (V-PBI) leverages a modi-
fied version of the V-Net architecture, and extends the knowledge from segmen-
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tation tasks to prognosis tasks. It consists of a transferred knowledge part, and
a new knowledge part as described in fig. 5.3:

>
s

e Transferred Knowledge Part: This part is based on the compression

path of a modified V-Net architecture. It consists of 3D convolutional
layers, 3D max-pooling layers, Batch Normalization layers, and Dropout
layers. This part is frozen during training, and used for extracting the
important imaging features for pTBI prognosis.

New Knowledge Part: This part consists of a 3D Global Max-Pooling
layer, fully connected layers, and dropout layers. The output layer is a a
fully connected layer with one hidden unit to predict low or high survival
rate. This part is trained from scratch, and the weights will be updated
through gradient descent to achieve the best performance on the prognosis
task.

Transferrable Knowledge

| 2
S
~ Q
¥

S
9

A

Q

New Knowledge

3D Convolution
Deconvolution

Global Max-pooling

Fully Connected

Figure 5.3: High level representation of the P-VBI Architecture: transferred
knowledge based on the compression path of a modified V-NET model, and new
knowledge to generate the prognosis.

In our proposed approach, we used a modified version of the V-NET archi-

tecture called DeepBleed by Sharrock et al. [16]. The DeepBleed introduced
a dropout of 10% at each block of both the compression and expansion paths
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of the V-NET architecture. The model is trained for segmenting intracranial
hemorrhage from brain CT scans, and achieved notable results in capturing the
bleeding. The 3D V-PBI model uses the compression path of the DeepBleed
architecture instead of the whole architecture because we are interested in cap-
turing the imaging features from CT scans instead of reconstructing the scan
at the output. The initial blocks of this path extracts high-level features that
characterize the CT scans (bounding boxes, edges...). As the generated feature
maps are passed into the deeper blocks in the path, the number of features maps
is increasing and their size is decreasing. This helps in learning low-level features
that characterize the severity of the pTBI. Thus, the output of the last block of
the compression path corresponds to a dense feature representation of the im-
portant features in the CT scan of a pTBI patient. Given that our data set is
small, we froze the layers of this part of the architecture during training. A global
max-pooling layer is used afterward to reduce the size of the generated feature
representation. The output of the global max-pooling layer is passed to a fully
connected network to generate the survival rate prediction category. In this ap-
proach, we were able to transfer the knowledge from the segmentation task to the
prognosis task because of the close relationship between the two objectives. The
ICH is related to two important imaging features that were discussed in chapter
3: The penetrating and perforating bullets, and the major bleeding sections that
are close to center of the brain.

5.2.2 Mathematical Formulation

The proposed approach consists mainly of convolutional layers, activation layers,
max-pooling layers and fully connected layers. Equations 5.2-5.4 describe their
operation:

e Convolutional Layer:

Qijp = Zn]‘le Z,L Zle Ti j kWitm—1,j4+n—1k+i—1 T+ 0 (5.2)

where z; ;1 is the input voxel, b is the bias, w are the weights of the con-
volutional kernel of length M x N x L, m, n and [ are the index values for
the convolution, and a; ; is the pre-activation generated output.

e Activation Layer:
Yijk = 0 (4j1) (5.3)

where a; ;1 is the pre-activation generated output, o is the activation func-
tion, and y; is the generated output.

e Max-Pooling layer:

Yijhmar = TAX MAX MAX Yise-p,jx S-+q.kx S+ (5.4)
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where y; ;. is the generated output, S is the stride size, P x @) x U is the
size of the pooling filter, p, ¢, and u are the index values of the pooling
layer, and ik mas is the output of the pooling function.

e Fully Connected Layer:

K
Di, = O <Z WiTy + bi> (5.5)
k=1

where p;, is the future prediction at the time step t, o, is the ReLLU acti-
vation function, w are the weights at the FC layer, x is the input feature
vector, b is the bias term, and K is the number of the nodes in the FC
layer.

I Slice I 2D Convolutional | Bi-LSTM
" Decomposition I Network I Network

Fully Connected

3D CT Scan

Figure 5.4: High level representation of the 2D CNN-Bi-LSTM architecture with
slice decomposition.

5.3 2D CNN-Bi-LSTM Prognosis Model

In this approach, we propose a hybrid architecture combining a pre-trained CNN
with a Bi-LSTM network to capture the spatial features in the different slices

29



of the CT scan and the inter-relationship between these slices that presents the
3D characteristic of the scan. A high-level diagram of the proposed approach is
presented in fig. 5.4.

The model receives first the CT scan as a 3D volume input. The scan is
then decomposed into a predefined number of slices. Each 2D slice is passed to
a 2D pre-trained CNN (VGG19) to extract the spatial features through a set of
convolutional blocks each consisting of a convolutional layer, an activation layer
and a max-pooling layer.

Equations 5.6 - 5.8 describe the operation of the convolutional block:

M N
Wij = D =1 D=1 TijWitm—1j+n—1 b (5.6)
Yij = o (aij) (5.7)
Yijmazx = meaﬁ{ r]?ea}? YixS+p,jxS+k (58)

where z; ; is the input pixel, b is the bias, w are the weights of the convolutional
kernel of length M x N, m and n are the index values for the convolution, a; ;
is the pre-activation generated output, o is the activation function, y;; is the
generated output, S is the stride size, P X K is the size of the pooling filter, p
and k are the index values for the pooling layer, and ;; mq. is the output of the
pooling function.

The output of each 2D CNN is then used as input to one unit of the Bi-LSTM
network. Through forward and backward information flow, the Bi-LSTM network
relates the spatial features in a sequential manner covering the connections be-
tween the different successive slices that form the 3D scan. Each Bi-LSTM cell in
the network have three gates in the forward and the backward paths: the input
gate, output gate, and forget gate to control the flow of information between
them. Equations 5.9 - 5.21 summarize the operation of a Bi-LSTM unit:

7t = o, (W/th + ﬁiﬁH + b,-) (5.9)
T = (Woxt + Ul + bo) (5.10)
Fi= (W/fxt C U e+ bf> (5.11)
FA (cht U H e+ b) (5.12)
= froTiat Tio ey (5.13)
= Troon (@) (5.14)

— 0, (Wﬁ;t LU+ bi> (5.15)
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0, =o0, (Woxt + Uohea + bo> (5.16)
Fo=ou (W + U +by) (5.17)

G = (cht U+ b) (5.18)
o= FroTiat Ti0E, (5.19)

W= Groon (8) (5.20)

ji =0 (Uh+b,) = (U [K; ?t} +b,) (5.21)

where i; is the input gate vector, o, is the output gate vector, f; is the forget
gate vector, ¢; is the cell state vector, h; is the hidden state vector, o is the
Sigmoid activation function, o}, is the tanh activation function, W is the weight
associated with the input signal, U is the weight of the hidden states, b is the
bias term, — and <— are the forward and backward paths of the Bi-LSTM,
and g; is the generated output.

The output of the Bi-LSTM network is a spatio-sequential feature representa-
tion of the important imaging features that characterize the severity of the pTBI
injury. This output is passed to a set of fully connected layers to generate the
final prognosis. Given our small data set, we froze the layers of the CNN during
training, and only the weights of the Bi-LSTN network and the fully connected
network are updated using gradient descent.
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Chapter 6

Experimental Setup and Results

In this chapter, we cover the experimental setup and the metrics used for evalu-
ation. In addition, we discuss the different type of experiments used to validate
the performance of our models. These experiments consisted of five-fold and
leave-one-out cross-validation analysis. In addition, we presented a deep dive
into select cases from the experiments.

6.1 Data Set

6.1.1 Data Set Description

In our experiments, we used a data set provided by the University of Chicago.
The data set is collected from patients with penetrating traumatic brain injury
(pTBI) admitted to a single Illinois Department of Public Health Level I trauma
center hospital in the time period between May 2019 and May 2020. Patients who
ended up dead before reaching the hospital and patients who showed an absence
of dural penetration on imaging were excluded from the study. Only patients
who were 16 or older were included in the study if they had a diagnosis of pTBI.
The institutional review board approved the study protocol under IRB-19-0220.

The data set consists of the CT scans of 125 patients. Most of the patients
have gunshot injuries. Each patient has two types of head CT scans: Soft-Tissue
(ST) Scans and Bone Scans. The ST scans are captured from three different
planes axial, coronal and sagittal, and focus on the interior of the brain. On
the other side, Bone scans are captured from the axial only, and show the bone
structure of the patient’s head.

6.1.2 Data Exploration

From the analysis of the CT scans in Chapter 3, the important imaging features
that affect the prognosis of pTBI features such as a broken skull, bullet’s passage,
brain swelling and bleeding sections are present in the interior of the brain. Thus,

32



in this work, we used the Soft Tissue (ST) scans to extract these features. In
addition, we focused on the analysis of axial scans since they are the most widely
used in the literature of analyzing CT scans using Deep Learning techniques. In
our data set, the degree of image distortion differs between the patients. Some
patients have multiple C'T scans that are heavily distorted by the artefacts created
from the penetrating bullets. These artefacts are of reduced intensity in the scans
of other patients, especially when the bullet perforated the head.

The Axial ST scans of all the patients are passed through the data pre-
processing pipeline described in Chapter 4. The interior of the brain is extracted
from the scans. Afterward, all the scans are aligned to a high-resolution tem-
plate, and data augmentations techniques are applied on the processed images to
increase the number of training samples.

6.2 Experimental Setup

In our experiments, we used 64 patients that were initially used provided by the
university of Chicago. These patients are classified into two categories: High
Survival Rate (i.e. Alive at the time of study) and Low Survival Rate (i.e Dead
at the time of study). The data set is relatively balanced: 48% High Survival
Rate and 52% Low Survival Rate. Thus, no further re-sampling is needed to
balance the categories during training.

To Evaluate the performance of the difference approaches, multiple metrics
were used:

e Accuracy

TruePositive(T P)
TruePositive(T P)+False Positive(F P)

e Precision:

RN TP
SGDSlthIty. T P+FalseNegative(FN)

TrueNegative(TN)
ueNegative(TN)+FP

Specificity: =

Area Under the Curve (AUC): Area under the Receiver Operating Charac-
teristic (ROC) curve

6.3 Tuning Parameters for the 3D V-PBI

To find the best model parameters for our data set, we performed a grid-search
with a 5H-fold stratified cross validation analysis. Different combinations of the
following parameters were explored:

e Fully Connected Layers € [1,2,3]
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e Hidden Units in FC Layers € [64,128,256]
e Dropout Layers € [1,2]
e Dropout rate € [10%, 30%, 50%]

The combination that resulted in the best average accuracy on the validation
set was chosen. This combination consisted of one fully hidden fully connected
layer with 64 units and a dropout layer of 10%. After finding the best architecture,
we performed a second grid-search with a 5-fold stratified cross validation analysis
to find the best learning parameters. Given that our data set is small, the learning
rate and the batch size play an important role in the training of the model. The
different combinations that were studied are:

e Splitting the compression path at block [1,2,3,4,5]
e Batch Size € [1,2,4,8,16]

e Learning Rate € [0.0001,0.001,0.01]

e Epochs € [20,30,40,50]

The model having the entire compression path (up to block 5) achieved the best
performance. It was trained for 40 epochs with a batch size of 4, and a learning
rate of 0.001.

6.4 Tuning Parameters for the CNN-Bi-LSTM
Model

We followed a similar approach to find the parameters as in the case of the V-
PBI model. We performed a grid-search with a 5-fold stratified cross validation
analysis. The combinations of the parameters that were evaluated are:

e Bi-LSTM layers € [1,2]

e Units in Bi-LSTM layers € [32,64,128]
e Fully Connected Layers € [1,2]

e Hidden Units in FC Layers € [64,128]

The model consisting of a VGG19 network, one Bi-LSTM layer with 128
units, and one hidden fully connected layer with 128 units achieved the best
performance on our data set.

We also performed a second grid-search for the learning parameters of the
training process. The studied combinations were:

34



e Batch Size € [1,2,4,8,16]
e Learning Rate € [0.0001,0.001,0.01]
e Epochs € [20,30,40,50,60]

The best performing model resulted from using gradient descent in a training
process of 60 epochs, a batch size of 2 and a learning rate of 0.0001.

Table 6.1
Architecture of the 3D Baseline Model

Layer Filters Kernel Size Stride

Convolution 8 (3,3,3) 1
Batch-Norm - -
Pooling - (2,2,2)
Dropout(25%) - -
Convolution 16 (3,3,3)
Batch-Norm - -
Pooling - (2,2,2)
Dropout(25%) - -
Convolution 32 (3,3,3)
Batch-Norm - -
Pooling - (2,2,2)
Dropout(25%) - -
Convolution 64 (3,3,3)
Batch-Norm - - -
Pooling - (2,2,2)
Dropout(25%) - - -
Flatten - - -
Dense(128) - - -
Dropout(10%) - - -
Dense(64) - - -
Dropout(10%) - - -
Dense(1) - - -

I = T T S B e B
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6.5 Experiment Results

6.5.1 Cross-Validation Results

In this experiment, we performed a 5-fold stratified cross-validation analysis to
evaluate the performance of the models using the original 64 patients of the data
set. The two proposed approaches are compared to a 3D CNN baseline model
that is trained from scratch on the data set. The architecture of the 3D baseline
model is presented in table 6.1:
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Table 6.2
Results of 5-fold cross validation for the three models

| Metric | 3DV-PBI | 2D CNN-BiLSTM | 3D Baseline |
[ Accuracy | 78.3% | 76.7% | 73.3% |
| Precision | 83.3% | 76.9% | 74.4% |
| Sensitivity | 76.7% | 91.0% | 88.1% |
[ Specificity | 80.0% | 60.0% | 56.7% |
| AUC | 81.6% | 77.7% | 73.7% |

Ideally, a prognostic that can accurately predict the survival rate of pTBI
patients with having good sensitivity and specificity scores to not classify high
survival rate patients incorrectly and not overestimate the prognosis. The results
of the different models are reported in table 6.2.

We can see that the proposed 3D V-PBI approach achieved the best accuracy
of 78.3% and the best AUC of 81.6%. The model outperformed the 2D CNN-
BiLLSTM model which achieved an accuracy of 76.7% and an AUC of 77.7%, and
the 3D base CNN model which achieved an accuracy of 73.3% and an AUC of
77.3%. The V-PBI showed accurate prognosis and good separability between
low and high survival rate patients justified by the high value of the AUC. In
addition, the 3D V-PBI model resulted in the highest specificity of 80% with
an improvement of 33.33% and 41.09 % over the 2D CNN-BiLSTM and the
3D baseline CNN respectively. This showed that the model was not incorrectly
classifying high survival patients to the low survival category. This is important
from a clinical perspective as medical professionals want to know the patients who
are most likely to survive to operate on them. In the same time, this prognosis
model achieved an acceptable sensitivity of 76.7% compared to a sensitivity of
91% for the 2D CNN-LSTM which may be overestimating the low survival rate
patients because of the low specificity of the model.

Another important aspect to study is the robustness and the consistency of
the prognostic model. To study the performance of the models, we plotted the
box-plots of the accuracy and specificity in figs. 6.1a and 6.1b. We notice that
the proposed 3D V-PBI approach had the smallest boxes in both box-plots. This
signals that this model had the smallest change in performance between the five
folds. In addition, this approach resulted in the largest minimum of accuracy
of 69% when compared to the minimum accuracy of 54% of the 2D CNN-Bi-
LSTM network and the 3D baseline model. In addition, the 3D V-PBI achieved
the largest minimum on specificity of 50%. Figs. 6.1a and 6.1b show that this
approach was more robust across folds than the other models. This characteristic
is highly desirable for medical experts because it helps build trust between the
professional and the model to provide the patients with the best treatment.
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Figure 6.1: Box-Plots of the different evaluation metrics on the 5-fold stratified
cross-validation analysis
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Figure 6.2: ROC curves of each fold from the stratified cross-validation analysis
of the two proposed approach

Besides the previous analysis, we studied the ROC curve and the AUC of
the two proposed approaches. In figs 6.2a and 6.2b, we notice that the two
proposed approaches achieved a good performance in differentiating between the
low and high survival rate classes. In the case of the 3D V-PBI model, the curve
of the forth fold slightly dropped below the random prediction line. However,
the curves of the second and forth fold dropped below the random prediction
line for the 2D CNN-Bi-LSTM. Looking at the graph of the forth fold, the 2D
CNN-Bi-LSTM reached a stage of incorrect prediction of survival rate. On the
other side, the worst stage of the 3D V-PBI model was resembling a random
classifier. In addition, the mean ROC curve of the 3D V-PBI model had more
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Table 6.3
Results of the leave-one-out cross-validation analysis for the V-PBI model

| Metric | 3DV-PBI |
| Accuracy | 78.13% |
| Precision | 81.25% |
| Sensitivity | 76.47% |
| Specificity | 80.0% |
| AUC | 80.19% |

increasing intervals than the mean of the 2D CNN-Bi-LSTM. This indicates that
the generated predictions were more Representative of the two distinct classes
of survival with the changing threshold. The 3D proposed approach achieved a
mean AUC of 0.82, while the other proposed approach resulted in a mean AUC
of 0.77.

6.5.2 Leave-One-Out Cross-Validation Results

In this experiment, we performed a leave-one-out cross-validation (LOOCV) anal-
ysis of the original data set of 64 patients. Because our data set is very small, we
were not able to keep a separate test for evaluation. Thus, the LOOCV analysis
helped in providing an average performance of the proposed 3D V-PBI approach
for the prognosis of the 64 patients. The model was trained for 80 epochs with a
learning rate of 0.001 and a batch size of 4. Results are reported in table 6.3.

The model achieved an accuracy of 78.13 %, a specificity of 80%, and an AUC
of 0.802. This performance is very similar to the results obtained from the 5-fold
cross-validation in which the model achieved an accuracy of 78.3 %, a specificity
of 80%, and an AUC of 0.816. It is interesting to see a similar performance
between these two experiments: In the 5-fold cross-validation, the model was
trained on the data of 51 patients, while it was trained on the data of 63 patients
for the LOOCYV analysis. This shows that the developed data processing pipeline
and the proposed transfer learning approach resulted in a model that can learn
robustly from small data sets and achieve notable performance.

From fig. 6.3, we notice the model had good separability between the low
and high survival categories. At the worst case scenario, the model acted as a
random classifier providing random prognosis. This performance is slightly worse
than the case of the 5-fold cross-validation. In fig. 6.2a, we see that the curve
does not drop below the random classifier line, and has an average AUC that is
slightly higher than the case of LOOCV.
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