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ABSTRACT

The ability to differentiate between different subtypes of diseases is essential for in-
formed clinical decision-making. However, in cases where only partial knowledge
of a disease exists and its subtypes are unknown, traditional supervised classifica-
tion approaches are not applicable. Instead, unsupervised methods are necessary for
subtype discovery. Previous research in imaging-based subtype discovery has been
limited, often lacking interpretability in the discovered phenotypes.

This thesis proposes a novel data-driven method for discovering interpretable
imaging phenotypes in 3D image volumes. While previous research has been limited,
especially for 3D imaging modalities like MRI and CT, our approach focuses on CT
scan images as a demonstration of 3D imaging. Our method combines unsupervised
learning and supervised mimic learning for phenotype discovery and interpretability,
respectively. We utilize unsupervised 3D autoencoders to discover phenotypes and
employ supervised mimic learning to interpret our unsupervised pipeline. Notably,
this is the first application of supervised mimic learning to understand an unsuper-
vised model. Additionally, we introduce and formulate VolPAM, a technique enabling
3D interpretation of the discovered phenotypes. Our method is applicable to various
medical imaging modalities and holds the potential to advance our understanding of

respective diseases and conditions.



Chapter 1

Introduction

1.1 Motivation

The distinction between different subtypes of diseases plays a crucial role in clini-
cal decision-making and patient management. However, in cases where our under-
standing of a disease is limited and its subtypes are unknown, traditional supervised
classification approaches are not feasible. In such situations, unsupervised methods
are required for subtype discovery. Previous research on discovering phenotypic sub-
types based on medical imaging has been limited, often lacking interpretability in the
discovered phenotypes |11, 2] 3], [4].

The supervised learning paradigm, particularly in deep learning, has been exten-
sively employed in medical imaging for various classification tasks [5], [6, [7]. Deep
learning techniques have shown remarkable performance in classifying different imag-
ing modalities. However, the effectiveness of supervised learning heavily relies on the
understanding and knowledge of imaging phenotypes, which can be challenging when
subtypes of a particular condition are not well understood or constantly evolving.
In such cases, the supervised paradigm may not effectively address the problem of
disease subtype detection. Thus, there is a need for unsupervised data-driven ap-
proaches to discover intrinsic imaging phenotypes, allowing researchers to focus on
specific elements of the identified phenotypes and advance their understanding of the

disease.



1.2 Problem Definition

The data-driven discovery of imaging phenotypes, especially in 3D imaging modalities
like computed tomography (CT) and magnetic resonance imaging (MRI), has received
limited attention in situations where prior knowledge is lacking. Previous studies
have focused on handcrafted features or specific imaging modalities [8, [9] 10, [1T].
This thesis aims to address the problem of imaging phenotype discovery in a latent
representation learned by unsupervised 3D autoencoders, departing from reliance on
handcrafted features. Furthermore, the interpretation of the discovered phenotypes is
challenging, and novel techniques are required to enhance interpretability and enable

visualization in a 3D context.

1.3 Thesis Objectives

The objectives of this thesis are to develop a comprehensive data-driven methodology
for discovering interpretable imaging phenotypes in 3D image volumes and enhance
the interpretability of the discovered phenotypes. The proposed methodology will
combine unsupervised and supervised learning paradigms. Specifically, the first ob-
jective is to leverage unsupervised techniques to learn representations that reveal
intrinsic groupings or imaging phenotypes in 3D imaging volumes. The second ob-
jective is to use supervised learning to interpret the unsupervised model and gain a
better understanding of the discovered phenotypes. The proposed methodology aims
to provide valuable insights into medical conditions through the analysis of imaging

phenotypes.

1.4 Methodology

The methodology begins by training a 3D convolutional autoencoder to learn a la-
tent representation for 3D image volumes. The learned latent representation is then
subjected to hierarchical clustering to identify unique phenotypes in the latent space.
To interpret the identified phenotypes, supervised learning is employed to mimic the
input-output characteristics of the unsupervised pipeline. Inspired by the concept
of knowledge distillation, a 3D convolutional neural network (CNN) is trained to

categorize the latent phenotypes using image volumes as input. Additionally, the



VolPAM technique is introduced to enhance the interpretability of the discovered
phenotypes. VolPAM enables principled 3D visualization and interpretation of the
phenotypes, identifying the voxels, 2D spatial regions, and slice depths contributing

to a particular latent phenotype.

1.5 Contributions

The contributions of this thesis include the development of a novel approach for dis-
covering and interpreting imaging phenotypes. The proposed methodology combines
unsupervised and supervised learning paradigms to discover intrinsic groupings in
3D imaging volumes and enhance the interpretability of the discovered phenotypes.
The introduction of the VolPAM technique facilitates principled 3D visualization and
interpretation of the phenotypes. These contributions have the potential to improve
disease understanding and serve as valuable tools for clinicians and radiologists. The
research conducted in this thesis has resulted in a manuscript entitled "VolPAM: Vol-
umetric Phenotype-Activation-Maps for Data-driven Discovery of 3D Imaging Phe-
notypes and Interpretability" which has been submitted to the Neural Computing

and Applications Journal and is currently under review [12].

1.6 Thesis Organization

The thesis is organized as follows. Chapter 2 provides a comprehensive review of
relevant concepts and literature. Chapter 3 presents a detailed explanation of the
methodology, including the training of the 3D convolutional autoencoder, hierar-
chical clustering, and the VolPAM technique. Chapter 4 presents the experimental
results and evaluations of the proposed methodology on computed tomography (CT)
scans, along with visualizations of the discovered phenotypes. Chapter 5 summarizes
the findings, discusses their implications, and suggests potential future research di-

rections. A graphical abstract of the central ideas of this thesis is shown in Figure

[Tk
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Figure 1.1: Graphical abstract of the ideas presented in Chapters 3 and 4: (a) Chapter 3:
Unsupervised Pipeline for Phenotype Discovery. The teacher model consists of the entire

unsupervised pipeline (steps 1 and 2).
Phenotype Interpretability.

(b) Chapter 4: Supervised Mimic Learning for



Chapter 2

Literature Review

2.1 Artificial Intelligence and Machine Learning

The introduction of Artificial Intelligence (AI) in 1956 sparked the study of ma-
chines simulating intelligent human capabilities [13]. Machine Learning (ML), a sub-
discipline of Al, focuses on building computer models that improve task performance
through exposure to large datasets [14]. ML methods enable computers to learn rules
and recognize patterns without explicit programming or deductive assumptions. By
providing input data, ML models can be trained to produce desired results through
optimization algorithms [5].

To ensure the effectiveness of ML, two prerequisites are crucial. First, relevant
and detailed datasets must be available, offering sufficient information for the research
question under focus[15]. Feature extraction and computation techniques enhance the
datasets by deriving structured information representing specific attributes of data
points [14]. The quality, precision, and richness of these features significantly impact
the performance of learning algorithms. Improper or irrelevant data can lead to
inadequate representation and hinder the development of useful models.

Considerable efforts have been devoted to feature extraction and selection tech-
niques, addressing the importance of dataset representation [14]. Furthermore, deep
learning approaches have demonstrated the capability to learn task-specific features,
which will be further explored in later subsections.

In the following subsections, we will review important works in the field of ML,
focusing on both supervised and unsupervised learning paradigms. These works have

contributed to advancements in various applications and methodologies, providing



valuable insights for further research.

2.2 Supervised and Unsupervised Machine Learning

Supervised learning methods are more prevalent in the field of machine learning,
where algorithms are trained on annotated datasets to estimate correct labels for
new, unseen data [5]. The objective is to minimize the model’s classification error
by precisely computing output values based on input-output instances [16]. However,
supervised learning heavily relies on manual labelling, which is expensive and chal-
lenging to scale, especially with the growing volume of visual data [I7]. The limited
availability of labelled data poses a significant constraint on the utility of machine
learning algorithms. To address this limitation, there has been a growing interest in
unsupervised learning, particularly in learning feature representations without man-
ual annotation [18].

Unsupervised machine learning, in contrast to supervised approaches, focuses on
discovering patterns in data without relying on annotation [5]. In recent years, deep
convolutional neural networks have demonstrated their ability to learn high-level se-
mantic information from images, revolutionizing computer vision. However, these
networks typically require large amounts of labelled data, which is costly and chal-
lenging to obtain at scale [I7]. Unsupervised semantic feature learning has emerged as
a crucial approach to effectively leverage the unlabeled visual data which is available
in abundance. By directly handling unlabeled input data, unsupervised algorithms
alleviate the labour-intensive task of data labelling [19].

These advances in both supervised and unsupervised learning have significantly
impacted various domains, including computer vision and pattern recognition. The
exploration of novel algorithms and methodologies continues to enhance the capabil-

ities of machine learning models in processing and understanding complex datasets.

2.3 Deep Learning

Deep learning (DL) has gained significant attention due to its ability to recognize
complex patterns in large datasets [20]. DL models, known as deep artificial neural
networks, have transformed the field of machine learning by automating the process
of feature extraction [5]. Instead of relying on manually constructed features, deep

learning models can learn representations directly from raw data, eliminating the



need for time-consuming feature engineering [5]. This capability to discover useful
representations autonomously is a key characteristic of deep learning, setting it apart
from traditional machine learning techniques [5].

The progress in deep learning has been driven by the availability of big data, user-
friendly software frameworks, and increased computational power [5]. In the domain
of computer vision, deep learning has shown superior performance in various image

analysis benchmarks [5].

2.4 Artificial Neural Networks

Artificial neural networks (ANNs) were initially developed in the 1950s. They con-
tinue to remain a topic of wide research interest even today.[2I]. ANNs are con-
structed with interconnected computational nodes, or neurons, which process input
data through a series of layers [16]. The connections between neurons are associated
with learnable weights, and the output of each neuron is calculated based on these
weighted inputs [16]. ANNs can vary in depth, with deep neural networks consisting
of multiple layers [2I]. Training ANNs involve optimizing the network parameters
to minimize a defined loss function, typically using gradient-based methods [22] 23].
The goal is to find parameter values that reduce the discrepancy between the ANN’s
output and the desired target [22]. Different variants of gradient descent algorithms
exist to improve convergence properties [23]. While fully connected networks (FCNs)
were initially prevalent, specialized network architectures have been proposed for
specific data formats. Convolutional neural networks (CNNs) have been particularly
successful in capturing spatial patterns in images [24].

Figure illustrates an example of an FCN architecture, which consists of an
input layer, multiple hidden layers, and an output layer. However, the suitability of
FCNs depends on the type of input data, and other network architectures have been
developed to address specific data formats such as images, video, time series, and

signals [20].

2.5 Convolutional Neural Networks

Convolutional Neural Networks (CNNs) are widely used for imaging and computer vi-
sion tasks. They gained popularity after achieving state-of-the-art results in the 2012
ILSVRC object recognition competition [25, 26]. CNNs have since been applied in
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Figure 2.1: A fully connected neural network architecture consisting of an input layer, six
hidden layers, and one output layer. The input layer consists of 8 nodes, followed by three
hidden layers with six nodes each and three hidden layers with four nodes each. The final
output layer contains two nodes representing the network’s predicted outputs.



various applications, including facial recognition, self-driving cars, unmanned grocery
stores, and intelligent medical treatments [27].

The fundamental idea of CNNs is to compute convolutions over local neighbour-
hoods, allowing them to capture different aspects of the input. This local connectivity
reduces the number of parameters compared to fully connected networks [16]. CNNs
can handle multi-channel inputs, such as RGB or hyperspectral images, as well as
3D imaging volumes [I6]. A typical CNN architecture consists of alternating con-
volutional layers and pooling layers for dimensionality reduction, followed by fully
connected layers that produce learned feature representations. Figure [2.2] illustrates
the architecture of a typical CNN.

" R

Figure 2.2: A typical Convolutional Neural Network (CNN) architecture with an n x n
input layer, a ¢ x ¢ convolutional layer with a depth of 5, a p x p pooling layer with a
depth of 5, a fully connected layer with six nodes, and an output layer with three nodes.
The convolutional layer applies filters to extract features from the input data, followed by
the pooling layer to reduce dimensionality. The fully connected layer connects all nodes to
the next layer, leading to the final output layer with three nodes representing the predicted
classes or values.

i




10

2.6 Clustering

Clustering is a sub-category of unsupervised machine learning that aims to classify
unlabeled data into groups based on uniform patterns. It is useful for organizing
information and understanding relationships within data [28]. Traditional clustering
approaches involve extracting feature vectors from raw data and applying clustering
techniques to these vectors [29]. Deep learning techniques have been integrated with
clustering, enabling direct clustering of original images with improved performance
[29].

Clustering algorithms can be categorized into partitional and hierarchical meth-
ods. Partitional clustering creates non-overlapping clusters, such as the widely used
K-means algorithm [30]. Hierarchical clustering generates nested clusters in a tree-
like structure known as a dendrogram [31]. Agglomerative clustering merges similar
clusters in a bottom-up approach, while divisive clustering divides clusters in a top-
down manner [32]. Dendrograms provide visualizations of the clustering process [33].

Clustering has been applied in medical imaging to identify disease phenotypes and

understand the relationship between clinical data and imaging [14].

2.7 Latent Representation Learning

Auto-encoders are neural networks used for unsupervised learning and learning useful
representations of input data [34], 35, 36], 37]. They can compress data, improve com-
putation speed, and enhance performance [38]. Auto-encoders consist of an encoder-
decoder architecture where the encoder transforms the input into a latent representa-
tion, and the decoder reconstructs the input from the latent representation [I8]. The
encoder is also used as a feature extractor [I18]. Auto-encoders can be designed with
different architectures depending on the data format, such as fully connected layers for
simple feature vectors or convolutional layers for images [39]. Convolutional Auto-
Encoders (CAEs) and Deep Auto-Encoders (DAEs) are examples of auto-encoder
variants [39, 40, [4T].
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Figure 2.3: A typical autoencoder architecture with an input layer, three encoding layers,
one latent representation layer, three decoding layers, and one output layer. The input will
be reconstructed through encoder and decoder layers. Throughout this process, the hidden
(latent) representation learns useful information about the data in a lower dimension.

2.8 Neural Network Interpretability

Interpreting neural networks is essential for understanding their decisions. There are
two high-level categories of interpretability methods. The first category is intrinsic
interpretability which involves building self-explanatory models, such as decision trees
and rule-based systems [42]. The second category is Post-hoc interpretability tech-
niques that provide explanations after the model has been trained. Examples include
Local Interpretable Model Agnostic Explanations (LIME) and Shapley Additive ex-
Planations (SHAP) [43, [44]. Attention-based methods focus on salient regions of an
image, either through learnable attention during training or post-hoc attention iden-
tification [45]. Grad-CAM is a popular attention-based method that provides visual
explanations for CNN-based networks [45]. Knowledge distillation through mimic
learning is another post-hoc interpretability approach, where a smaller, interpretable

model mimics a larger, complex model [46].
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2.9 CT Scans and Al in Medical Imaging

CT scans are widely used in medical imaging, particularly for pulmonary disorders.
They are essentially acquired by performing multiple X-rays from different viewing
angles, and then they can be algorithmically reconstructed to build 3d imaging vol-
umes [47, 48], 49, [50]. AlI, especially deep learning, has shown promise in diagnostic
imaging tasks [51], 52, 53], 54l [55] 56, [57]. Large labelled datasets and advancements
in GPUs have facilitated the success of Al in various medical imaging modalities,
including CT [58|, 20] 59 26]. The integration of AT methods in radiology is expected
to increase to address the challenges posed by the large volume of medical image
data and the increasing workload demands on radiologists [60, [61, 53]. However, the
success of Al in imaging has been primarily in the supervised paradigm with access to
annotated datasets. Unsupervised Al methods are needed to handle situations where

disease subtypes are not fully understood and annotated datasets are lacking.

2.10 Unsupervised Phenotype Discovery Literature

Review

In this literature review, we will review some of the representative studies in the
domain of unsupervised discovery of phenotypes.

One pivotal study utilized unsupervised hierarchical clustering to identify distinct
imaging phenotypes in estrogen receptor-positive breast cancer tumours [62]. Breast
cancer, a complex disease with varied clinical outcomes, necessitates reliable prognos-
tic markers. This paper presents a method using dynamic contrast material-enhanced
(DCE) magnetic resonance imaging (MRI) data to identify intrinsic imaging pheno-
types in estrogen receptor-positive breast cancer tumours. The study aims to deter-
mine associations between these phenotypes and prognostic gene expression profiles,
shedding light on their potential as imaging biomarkers to guide treatment decisions.
The authors retrospectively analyzed DCE MRIs from 56 women diagnosed with es-
trogen receptor-positive breast cancer between 2005 and 2010. The primary tumours
were assayed using a validated gene expression assay to assess the likelihood of recur-
rence. A multiparametric imaging phenotype vector was extracted for each tumour,
encompassing quantitative morphologic, kinetic, and spatial heterogeneity features.

Unsupervised hierarchical clustering was employed to identify distinct imaging phe-
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notypes. The study revealed the presence of four dominant imaging phenotypes.
Notably, two phenotypes comprised only low- and medium-risk tumours, signifying
a potential association between imaging phenotype and recurrence likelihood. The
analysis demonstrated that certain imaging features were correlated with the risk of
recurrence. For instance, tumours with higher proportions of pixels representing the
most enhancing areas and higher mean peak enhancements were linked to a higher risk
of recurrence. Conversely, tumours with higher proportions of intermediate enhancing
pixels and greater variances in wash-in slope exhibited lower risks of recurrence. By
using multiparametric MRI data, physicians can determine the imaging phenotype
of a breast cancer tumour, allowing for tailored approaches to patient care. Addi-
tionally, the correlations between imaging phenotypes and gene expression profiles
provide a deeper understanding of breast cancer biology and its heterogeneity, poten-
tially guiding further research and targeted therapies. Beyond recurrence likelihood,
these imaging features could be explored for their associations with other clinical out-
comes, such as treatment response and overall survival. Although the integration of
unsupervised hierarchical clustering with DCE MRI data has proven to be a valuable
tool for identifying intrinsic imaging phenotypes, there are a number of limitations in
this study. The most important shortcoming is that the features used in this study are
a hand-crafted set of features from DCE MRI on which the hierarchical clustering is
being run. One particular problem with manually defined features is the inadvertent
inclusion of human bias during the formulation of these features. The above reviewed
study does not capitalize on the capability of deep learning to learn the features in a
data-driven fashion using end-to-end training.

The second study that we are going to review is based on a Bayesian approach
along with Monte Carlo dropout for deep neural networks to define uncertainty mea-
sures for each phenotype prediction [9]. Utilizing high-content screening (HCS) data,
they successfully discover phenotypes based on these uncertainty measures. In real-
world HCS experiments, it is often challenging to anticipate all phenotypes in advance,
making the discovery of unknown phenotypes a critical requirement. Traditional deep
learning approaches are limited in addressing this aspect of HCS. To tackle this chal-
lenge and fulfill the need for novelty detection, the authors employ the Monte Carlo
dropout approach, defining different uncertainty measures for each phenotype pre-
diction. Through the use of HCS data, these uncertainty measures prove effective
in identifying hitherto unclear phenotypes. Additionally, the MC dropout method

significantly improves classification accuracy, offering potential benefits for existing
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network architectures. Subtle changes in variations in cell lines can lead to the emer-
gence of phenotypes that were not part of the training data. The authors employ a
convolutional neural network (CNN) architecture and a cell painting assay to analyze
compartment-specific labelled proteins. Four uncertainty estimators derived from
MC dropout predictions are tested, with three successfully detecting unseen classes.
By utilizing MC dropout during testing time, the approach achieves accurate phe-
notype classification and effective novelty detection based on uncertainty measures.
Experimental tests on yeast datasets and other datasets consistently demonstrate the
discrimination between known and unknown classes during testing time. Moreover,
the paper discusses the challenges associated with using deep learning to analyze
HCS data, which involves analyzing a vast number of images to identify phenotypic
endpoints accurately. To address this, the authors propose a method using Monte
Carlo dropout to quantify uncertainty measures in CNN-based predictions, enabling
the detection of novel phenotypes not covered by known training classes. This ap-
proach was demonstrated using a dataset of budding yeast cells with 19 subcellular
localization classes. The shallow CNN model with dropout and data augmentation
was evaluated through experiments where one or two localization classes are removed
from the training and validation sets. The results demonstrate the method’s accuracy
in detecting novel phenotypes and providing a measure of uncertainty in predicted
probabilities.

Another study that discovers phenotypes in an unsupervised manner on HCS
data introduces a solution to the limitations of supervised machine learning in ana-
lyzing HCS data [8]. Their approach presents the CellCognition Explorer framework.
CellCognition Explorer’s methods enable unsupervised classification tasks, allowing
the software to yield phenotype scores based on the deviation of cell morphologies
from negative control images. The software’s versatility is highlighted through its
successful application to various large-scale screening datasets concerning nuclear and
mitotic cell morphologies. By discovering rare phenotypes without prior user train-
ing, CellCognition Explorer proves to have broad implications for improved assay
development in HCS. The authors present a method for screening cellular phenotypes
using deep learning and novelty detection techniques. To evaluate their approach,
they conducted experiments on HeLa cells expressing a fluorescent histone marker
and RNAi depletion of 1214 genes previously identified as important for mitosis from
a genome-wide screen. The researchers manually annotated 10,000 cell objects into

nine different morphology classes and established a reference annotation using con-
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ventional numerical features. Subsequently, they tested the performance of different
novelty detection methods and compared phenotype scoring with conventional su-
pervised learning. Notably, their method successfully identified the top 100 ranked
siRNA hits previously identified by conventional supervised learning.

Although the above methods have been a significant advance, they are primarily
focused on HCS screening data. It has been shown that subtypes and molecular
subtypes of different conditions have imaging footprints in 3D imaging modalities
such as CT and MRI. As there is limited work in this domain, there is a need to
develop methods for discovering phenotypes from 3D imaging volumes, which will be
the focus of this thesis.

2.11 Summary

A comprehensive overview of relevant concepts in machine learning and artificial
intelligence was provided in this chapter. The distinction between supervised and
unsupervised learning was discussed, emphasizing the importance of labelled and un-
labeled data in training machine learning models. Deep learning, specifically convo-
lutional neural networks (CNNs), was introduced as a powerful approach for learning
hierarchical representations from raw data, particularly in the context of image anal-
ysis. Clustering methods for discovering patterns in unlabeled data were explored,
along with the concept of latent representation learning using autoencoders. The
significance of neural network interpretability and various techniques for understand-
ing model decisions were also addressed. Furthermore, the role of Al, specifically
deep learning, in medical imaging, with a focus on CT scans, was examined. Also,
a review of three key studies for the unsupervised discovery of phenotypes has been
presented. This chapter served as the foundation for subsequent chapters, which delve
into unsupervised representation learning and phenotype discovery.

The following chapter will focus on the first part of the work, which is the unsu-

pervised discovery of the phenotypes.
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Chapter 3
Unsupervised Phenotype Discovery

In this chapter, the first part of the work which is the unsupervised discovery of

imaging phenotypes will be introduced and discussed and the results will be shown.

3.1 Datasets

Even though the techniques outlined in this study can be used with any 3D imaging

modality, we have evaluated our algorithms on the following two datasets:

1. The Lung Image Database Consortium (LIDC) and Image Database
Resource Initiative (IDRI) [63]: LIDC/IDRI is a thorough reference database
on lung nodules. Volumes of helical thoracic CT images from 1010 people
are stored in this database. With the appropriate local Institutional Review
Board (IRB) approvals, the photos were retroactively obtained from the picture
archiving and communications systems (PACS) of seven cooperating academic

institutions.

2. COVID19-CT-Dataset [64]: This publicly-accessible database consists of
1009 chest CT images of patients with a confirmed COVID-19 diagnosis. CT
scans were gathered from two significant general university hospitals in Mash-
had, Iran, between March 2020 and January 2021. All information is saved in
DICOM format and comprises 512 x 512 pixel 16-bit grayscale images. All CT
scans were examined visually by two board-certified radiologists to be checked
for COVID-19 infections. A more experienced radiologist made the final call in
the case that the two radiologists could not agree. A variety of COVID-specific

lung infection patterns were visible on CT scans.
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3.2 Representation Learning

One objective of this study is to discover phenotypes without the need for supervision.
Therefore, the choice of representation is crucial for this purpose. Using raw image
volumes can be problematic since, in that case, every voxel is treated as a feature, and
the resulting phenotypes may be vulnerable to noise and variability due to translation.
In recent years, deep autoencoders have become a popular method for unsupervised
representation learning [35], 36}, 37].

The specific architecture of the encoder and decoder in an autoencoder depends
on the input’s format, such as CNNs for images or a recurrent neural network for
sequences [65]. A neural network specifically created for image processing tasks like
compression and denoising is known as a convolutional autoencoder. By using con-
volutional layers rather than fully connected layers, it improves the fundamental
autoencoder structure. Convolutional layers are used as a learnable downsampling
step to encode the input image into a compact representation, and then transposed
convolutional layers are used as a learnable upsampling step to decode the compact
representation back into the original input image. The main goal is to minimize the
difference between the input and output images while also minimizing the compressed
representation’s size. Contrary to fully connected layers, convolutional layers enable
more effective and efficient extraction of picture features [39].

The experimental data consists of 3D image volumes, so we employed a 3D con-
volutional autoencoder (CAE) with a 3D CNN for both the encoder and decoder.
The 3D CAE’s architecture is illustrated in Figure The architecture of our CAE
comprises three convolutional layers with 16, 32, and 64 kernels. The diversity of the
learned features is dependent on the number of kernels in each convolutional layer.
The CAE can capture a variety of properties at various levels of abstraction by uti-
lizing several kernels. Learning hierarchical representations of the input images can
be facilitated by starting with fewer kernels and gradually expanding them [29]. The
output of the last layer in the encoder is then flattened and fed through a linear
layer with 1024 features. As a bottleneck layer, the linear layer with 1024 features
lowers the latent representation’s dimensionality. This information compression aids
in capturing the most crucial details while omitting unnecessary features [66]. The
latent representation of CAE with the size of a size of (batch, 1024) is subsequently
reshaped into a volume and run through convolutional layers with 64, 32, and 16 ker-

nels, respectively, to reconstruct the initial image volume. The reconstruction layers’
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selection of 64, 32, and 16 kernels mirrors the CAE’s encoding stage. The decoder
reconstructs the initial image volume in reverse by gradually reducing the number of
kernels. Our CAE model has been trained with a batch size of 10, a learning rate of
0.001, and an RMSProp optimizer for 500 epochs. The CAE optimization process is
affected by the batch size of 10 employed for training. Although a bigger batch size
necessitates more memory, it can result in more stable gradients and quicker conver-
gence. The batch size has been chosen based on the computational resources available
and the trade-off between convergence speed and memory restrictions [66]. Hyperpa-
rameters that affect training include the RMSProp optimizer and the learning rate of
0.001. The gradient descent step size is determined by the learning rate, which also
influences the likelihood of being stuck in local optima. The training efficiency and
stability can be increased using the RMSProp optimizer, which adjusts the learning

rate based on the size of recent gradients [67].

3.3 Phenotype Discovery

To identify inherent groupings and image phenotypes within a given dataset, cluster-
ing techniques are utilized on the latent representations obtained through the Convo-
lutional Autoencoder (CAE). The goal of clustering is to divide a finite set of objects
into groups, where similar objects are assigned to the same cluster and dissimilar
objects to different clusters [68, 69]. Clustering algorithms are broadly categorized
as partitional or hierarchical [70]. Partitional techniques such as K-means aim to
minimize a loss function (e.g. within-group variance) while assigning data points to
non-overlapping clusters. Probabilistic extensions of K-means, such as fuzzy c-means
(FCM), allow for assigning data points to clusters with a probability distribution [71].
Hierarchical clustering, on the other hand, is more effective for discovering inherent
groupings as it allows the data points to be arranged into nested clusters, forming
a hierarchy of cluster membership that can be explored at multiple levels [62]. Hi-
erarchical clustering can be performed in either a top-down (divisive) or bottom-up
(agglomerative) approach [32].

To perform agglomerative hierarchical clustering, we utilized the latent represen-
tations of the data points obtained through the CAE. Initially, each data point was
considered to belong to an individual cluster. At each iteration, the two closest clus-
ters were merged, and the cluster centroids were recomputed using the Euclidean

distance between the cluster centroids represented in the latent autoencoder space.
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ConvTranspose3d-24 [-1, 1, 128, 128, 64] 129

Total params: 268,658,881

Trainable params: 268,658,881

Non-trainable params: @

(b)

19

Figure 3.1: (a) The architecture of CAE. (b) The different layers of CAE, their respective
output shapes, and the number of trainable parameters are presented in the model summary.
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The optimal number of phenotypes was identified using the elbow method [72], where
the average intra-cluster distance was computed and plotted against the number of
clusters. The elbow method identifies the point on the curve corresponding to the
highest percentage reduction in D,y as the optimal number of clusters [62]. The

average intra-cluster distance (ICD) was calculated using the following formula:

X — Xul?
Dayg (K \/Z oy [ X = X (3.1)

N Nl—l)

where k is the number of clusters, and the letter [ denotes the cluster index. The
quantity N, represents the number of data points in the [-th cluster, and X,;, X,; are
the feature vectors for the u-th and v-th data points in cluster [ [62]. The optimal

number of distinct clusters, k*, is determined using the following equation:

Dol — 1) = Do)
( Dvg(k — 1) ) (3:2)

k* = arg max
k

3.4 Results

The proposed approach utilizes representation learning through an autoencoder fol-
lowed by hierarchical clustering in the learned latent space. The dendrogram for the
hierarchical clustering procedure for each dataset is shown in Figure 3.2 The opti-
mal number of phenotypes (k*) for the LIDC/IDRI and COVID19-CT datasets were
identified using and found them to be two and three, respectively. The dotted
horizontal line in each dendrogram shows the level corresponding to two and three
phenotypes. For better visualization, the dendrograms have been chopped at an ear-
lier stage instead of going down to the bottommost level, where each cluster has one
data point. As such, the numbers written in parentheses under the branch corre-
sponding to each cluster represent the number of examples in the cluster at that level
of the clustering hierarchy. For the LIDC dataset, out of 1010 data points, 606 were
assigned to Phenotype 0, while 404 were assigned to Phenotype 1. In the Covid19-CT
dataset, out of 1009 datapoints, 492, 296, and 221 were assigned to phenotypes 0, 1,
and 2, respectively.

For robustness analysis, ten trials of autoencoder training were conducted, and
clustering was performed over the learned latent representation each time. Figures

3.3l and 3.4l show the variation of intra-cluster distances as a function of the number
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of clusters over ten trials for each dataset. Equation was used to estimate the
optimal number of phenotypes. For the LIDC dataset (Figure , across all ten
trials, the optimal number of phenotypes, k* was found to be two i.e. £* = 2 resulted
in the greatest percentage reduction in the average intra-cluster distance (D,yg). For
the Covid19-CT dataset (Figure , for 8 out of 10 trials, the optimal number of
phenotypes was found to be three.

So far in the thesis, the unsupervised representation learning followed by hierar-
chical clustering along with the analysis of intra-cluster distances has been shown,
which can allow the discovery of an optimal number of clusters in the latent space. In
the next chapter, we focus on how supervised learning can be leveraged to interpret

the discovered imaging phenotypes.

3.5 Summary

The process of discovering phenotypes without supervision was explored in this chap-
ter. The datasets used, including LIDC, IDRI, and the COVID19-CT Dataset,
were introduced. The concept of unsupervised representation learning was discussed,
specifically focusing on 3D convolutional autoencoders (CAE) as a method for learn-
ing representations. The architecture of the CAE, emphasizing convolutional layers
for feature extraction, was described. Phenotype discovery was then addressed, uti-
lizing clustering algorithms on the latent representations obtained from the CAE.
The agglomerative hierarchical clustering approach was employed to reveal inherent
groupings and phenotypes. The optimal number of phenotypes was determined us-
ing the elbow method. Results demonstrated successful phenotype discovery in both
datasets, with robustness analysis performed. The chapter concluded by highlighting
the importance of supervised learning in interpreting the discovered imaging pheno-
types, to be further explored in the next chapter.

Our experiments have been performed using NVIDIA RTX A4000 GPU. Using
this server as our resource, this part of our work took one day of processing and
training for each dataset. The most part of this time has been used to train the

autoencoder.
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Cluster Index

Phenotype 0 Phenotype 1

(a)

Phenotype O Phenotype 1 Phenotype 2

(b)

Figure 3.2: The hierarchical clustering analysis conducted on the LIDC and Covid19-
CT datasets revealed two and three distinct phenotypes, respectively, as illustrated in the
corresponding plots.
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Figure 3.3: 10 plots depicting the intra-cluster distances for the LIDC dataset, calculated
in the latent representation as a function of the number of phenotypes.
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Chapter 4

Phenotype Interpretability through

Supervised Mimic Learning

4.1 Phenotype Interpretability

In the previous chapter, a method for discovering phenotypes through unsupervised
representation learning followed by hierarchical clustering was described. In this
chapter, a general data-driven approach for interpreting these phenotypes will be
proposed. Our goal is to interpret the unsupervised approach presented in the last
chapter and decipher what parts of the image volume in terms of 3D, 2D, and 1D
(along the depth) contribute toward each phenotype. Toward this goal, the key idea
is to make use of supervised learning to train a model for classifying the phenotype
label that the unsupervised approach of the previous chapter would have assigned
to an input image volume. The phenotype labels from the unsupervised approach
will act as ground-truth labels for this learning step. Through this step, essentially
training a neural network in a supervised manner that learns to “mimic” the entire
unsupervised pipeline, including representation learning, hierarchical clustering, and
assigning clustering labels, is being proposed.

The motivation is that once a supervised model exists that can mimic the unsuper-
vised pipeline, one can leverage the interpretability methods that have been recently
developed to interpret neural networks trained in the supervised paradigm, particu-
larly convolutional neural networks (CNNs). These methods can help us identify the
defining characteristics of each phenotype. The proposed method for interpreting the

unsupervised model will fall under the area of knowledge distillation and mimic learn-
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ing [46]. Mimic learning is a means of interpreting or distilling knowledge captured
by a less transparent model (called the ‘teacher’) by mimicking it through a more
transparent model (called the ‘student’). To the best of the author’s knowledge, this
work is the first attempt to interpret an unsupervised learning-based model through
supervised learning. In particular, in our context, the ‘teacher’ model encapsulates
the auto-encoder’s encoder part, hierarchical clustering, followed by the assignment of
phenotype labels. We propose to mimic this unsupervised pipeline through a ‘student’
CNN;, for which we will formulate interpretability methods. CNNs extract features
from input images, with the convolutional layers retaining the spatial information
[24]. Several techniques have been developed to introduce class-specific interpretabil-
ity within the CNN framework, with one notable method being the Gradient Class-
Activation-Map (Grad-CAM) [45]. In this chapter, a volumetric extension of the
Grad-CAM approach will be formulated that allows the production of interpretable
visualizations for the discovered phenotypes at three levels of summarization: 3D, 2D,
and 1D. These levels respectively indicate which voxels, which 2D spatial regions, and
which slices depthwise are salient for each discovered phenotype.

The Grad-CAM method, as proposed by [45], is an effective CNN interpretabil-
ity approach that has been widely adopted in various applications such as image
classification, captioning, and visual question answering. The method operates on a
pre-trained CNN and identifies the regions of feature maps from the last convolutional
layer that are responsible for the network’s final decision on each input. Specifically,
the method calculates the gradient of the predicted class with respect to each feature
map in the last convolutional layer, revealing the regions that significantly contribute
to the classification output. In this work, a generalized volumetric extension of Grad-

CAM is introduced that can handle higher dimensional tensors.

4.2 VolPAM, Volumetric Phenotype-Activation-Map

The CNN architecture used for the task of phenotype interpretability is a 3D CNN
as presented in Figure The input to this CNN was a 3D CT image volume, and
it was trained to reproduce the phenotypes labels as assigned by the unsupervised
approach of the last chapter. In a 3D CNN, the output of a convolutional layer is
usually referred to as a feature-map tensor consisting of multiple 3D volumes called
activation maps. As such, the feature-map tensor in itself is a 4D tensor of size

F x HxW x D, where F is the number of activation maps, and H, W, D represent
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Conv layer from which interpretable GradCAM maps was computed

1(64)
€2(32)
C3(16)

3D Conw.

L1(256) L2(c)

Layer + BN +

3D Max-
Pooling
RelU kernel size: I FCLayer
kernel size: 2X2X2

3x3x3

(a)
Layer (type) OQutput Shape Param #
Conv3d-1 [-1, 64, 128, 128, 64] 1,792
Batchiorm3d-2 [-1, 64, 128, 128, 4] 128
RelU-3 [-1, 64, 128, 128, 64] a
MaxPool3d-4 [-1, &4, &4, &4, 32] a
Conv3d-5 [-1, 32, 64, 64, 32] 5L,328
BatchNorm3d-6 [-1, 32, 64, &4, 32] 64
RelLU-7 [-1, 32, B4, 64, 32] a
MaxPool3d-8 [-1, 32, 32, 32, 16] a
Conv3d-9 [-1, 16, 32, 32, 16] 13,8480
BatchMNorm3d-18 [-1, 16, 22, 32, 16] 32
RelU-11 [-1, 16, 32, 32, 18] 8
MaxPool3d-12 [-1, 16, 16, 16, 8] ]
Flatten-12 [-1, 32768] a
Linear-14 [-1, 256] 8,388,864
RelU-15 [-1, 256] ]
Linear-16 [-1, 4] 1,828

Total params: 2,461,876
Trainable params: 8,461,876
Men-trainable params: @

(b)

Figure 4.1: CNN Model for Interpretability (a) Architecture: Classifier receives CT scan
images (3D volumes) and is trained to produce, as output, their Phenotype labels as pro-
duced through Hierarchical Clustering. The input is passed through three convolutional
layers with 64, 32, and 16 kernels, respectively. After that, the output of the last convo-
lutional layer is flattened and passed through two linear (fully connected) layers with 256
and k* (number of phenotypes, based on the Elbow method). Then, the classifier training
process is finished, and the output of the last convolution layer will be used for comput-
ing Interpretable VoIPAM maps. (b) Model summary: The interpretability CNN has been
trained with a batch size of 10, and a learning rate of 0.001, using RMSProp optimizer, for
50 epochs. Different layers of the CNN, as well as their output shapes and the number of
trainable parameters, are shown.
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the height, width, and depth of the 3D feature map. The final layer of a classification
neural network is a softmax with the same number of neurons as the number of classes,
where the output of each neuron represents the probability assigned by the model for
the input to have the corresponding class. Let ¢ denote the class that is assigned
the maximum probability by the model to the i-th example in the dataset, and let
y$ denote that probability. The output of the last convolutional layer (shown as C3
in Figure is what effectively is fed into the classification layer. CNNs preserve
the spatial correspondence between the voxels of the input image volume and each
3D activation map from a convolutional layer. As a result, the focus will be on the
activation maps of the C3-layer for interpreting the phenotype-labelling classifier. In
particular, the interest here is to analyze how the output of the neural network i.e.
the phenotype label, varies as a function of the voxels of activation maps in the C3-
layer. This can be quantified by computing the gradient of the output with respect
to each activation map. Let Alf denote the f-th feature map of the last convolutional
layer for the i-th datapoint in the dataset. The gradient of y{ with respect to the
f-th feature map is given by:

I8 (4.1)

The feature map, Al

77

derivative of a scalar with respect to a 3D volume and, therefore will also be of size

is of size H x W x D, and y¢ is a scalar. As such, G/° is the

H x W x D. The gradient G/° is then averaged to compute its overall effect on the
output for the ¢-th data point:

1 H W D
a{C:HWDZZngChwd (4.2)
h=

1 w=1 d=1
where Qifc[h, w, d] is a voxel of Qifc indexed by h,w,d.

Given that the phenotype is the output class in our scenario, we define the 3D
Volumetric Phenotype Activation Map (VolPAMS,,) for a particular phenotype c as
the weighted sum of activation maps, where the weights are determined by a . This
computation is carried out by averaging the weighted activation maps over all exam-

ples in the dataset that are classified by the CNN classifier as phenotype c.

ReLU (Z ol AT >] (4.3)

f

VolPAMS, = Z 5(4s = ) ()
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In the above expression, y; denotes the phenotype that the CNN assigns to example
i. The function §(g; = ¢) takes the value of one if the assigned phenotype is ¢ and
zero otherwise. N, represents the count of examples that are assigned phenotype c.
It is important to note that we still incorporate the probability assigned by the model
for an example to belong to phenotype ¢ (y§) to weight the individual contributions
from the i-th example. The subscript 3D appended to Vol PAMS,, signifies that it is
the voxel-level salience map for phenotype c.

We can create a 2D matrix to visualize the most relevant 2D spatial regions for
phenotype ¢ by computing the average of each pixel of Vol PAMS,, across the depth

as follows:

D
1
VolPAM;;, = — > VolPAMSp[:, . d] (4.4)
d=1

where VolPAMS,, is H x W, and the notation Vol PAMS,[:,:, d] is used to represent
a 2D slice from the volume Vol PAMS,, at depth index d.

To determine the significance of each slice in the volume, we calculate the average
of all the pixels in Vol PAMg,, for each depth as follows:

H W
c 1 c .
VolPAM;p = ; ; VolPAMS[h, w, ] (4.5)
where VolPAM{,, is D x 1, and VolPAMS,[h,w,:] is a D x 1 vector consisting of
pixel (h,w) of VolPAMS,, for all depths.

4.3 Results

In this section, the outcomes of experiments on the LIDC and COVID19-CT datasets
are presented. As mentioned in the previous chapter, after doing representation
learning through a convolutional autoencoder, we performed hierarchical clustering
in the learned latent space (as shown in Figure . Using Equation , the optimal
number of phenotypes (k*) for the LIDC and COVID19-CT datasets were found to be
two and three, respectively (Figures and . Following the ideas introduced in
this chapter, we proceeded to learn phenotype-label classifiers for each dataset with
output classes equivalent to the £* value corresponding to that dataset. We computed

2D and 1D salience maps for the discovered phenotypes for both datasets as shown in
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Figures and , respectively. The first row of each figure shows Vol PAMsp ,
which represents the average of 3D attention heatmaps along the Z-axis, whereas the
second row presents Vol PAM,p , which represents the average of 3D attention
heatmaps along the XY -plane. These 2D and 1D salience maps provide interpretable
insights into the significance of the detected phenotypes.

Moreover, the 3D visualizations of Vol PAM;p have been uploaded as videos
online ( https://tinyurl.com/VolPAM3DVisualizations), enabling clinicians and
radiologists to interact with the data and gain further insights into the detected

phenotypes.

(b)
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Figure 4.2: The first row of the visualizations shows the average Vol PAM;3p heatmaps
over the Z-axis for all CT scans that belong to either Cluster0O or Clusterl in the LIDC
dataset. The second row displays the average VolPAMsp maps over the XY-axis for the
same clusters, which are obtained by averaging the VolPAMsp heatmaps.

The results reveal several noteworthy observations. Firstly, upon further analysis
of the LIDC dataset (Figure , the first phenotype (Fig ) demonstrated higher
attention values for one of the lungs in an overall 2D sense averaged across all depths,

while the second phenotype (Fig [4.2b) showed hotspots in both lungs. In terms
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Figure 4.3: The visualizations for different clusters in the Covid19-CT dataset include
VolPAMsp and VolPAM p. The first row of the plots shows the average of VolPAM;3p
heatmaps over the Z-axis for all CT scans in Cluster0, Clusterl, and Cluster2. The second
row of the plots shows the average of VolPAM;p maps (based on the first row pictures)
over the XY-axis for all the CT scans that belong to ClusterO, Clusterl, and Cluster2,
respectively.

of depth, the first phenotype (Fig |4.2c) indicated higher salience values for middle
slices, while the second phenotype paid more attention to deeper slices in the volume.
Both phenotypes showed little or no attention to slices at the extreme ends of the
volume. This demonstrates that the voxels from slices corresponding to extreme ends
of the volume are not contributing toward phenotype-label classification. Similarly,
for the COVID dataset, the 2D attention maps (Figures a, b, ¢) demonstrated
different lung areas as regions of interest for each phenotype. Specifically, regarding
the depthwise salience of phenotypes (Figures d, e, f), the first two phenotypes
focused on middle slices, while the third phenotype emphasized slices deeper along the
Z-axis, but still the values taper off near the extreme end of the volume. Additionally,
these findings also provide a sanity check for the discovered phenotypes in that the
unsupervised approach of the previous chapter was not overfitting to irrelevant areas

of the imaging volume.
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4.4 Summary

In this chapter, a data-driven approach is proposed for interpreting the phenotypes
discovered through unsupervised representation learning and hierarchical clustering.
The method introduces supervised mimic learning, where a neural network is trained
to mimic the unsupervised pipeline. The supervised model learns to classify the phe-
notype labels assigned by the unsupervised approach. By leveraging interpretability
methods developed for supervised neural networks, the phenotypes’ defining charac-
teristics are identified. A volumetric extension of the Gradient Class-Activation-Map
(Grad-CAM) approach is introduced to produce interpretable visualizations at differ-
ent levels of summarization: 3D, 2D, and 1D. The method is applied to the LIDC and
COVID19-CT datasets, and the results are presented in terms of 2D and 1D salience
maps. The visualizations provide insights into the significance of the detected phe-
notypes and validate the relevance of the unsupervised approach.

Our experiments have been performed using NVIDIA RTX A4000 GPU. Using
this server as our resource, this part of our work took 2 to 3 hours of processing for
each dataset. However, producing the 3D, 2D, and 1D VolPAMs for one CT scan

study only takes a few minutes, which is promising.
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Chapter 5

Conclusions and Future Directions

5.1 Conclusions

In this thesis, an unsupervised pipeline for representation learning and phenotype
discovery from 3D imaging volumes has been presented. A novel approach, VolPAM,
has been introduced to interpret the discovered phenotypes by mimicking the un-
supervised pipeline through a deep neural network and providing interpretability of
the learned model. The potential of this approach is to complement the work of
clinicians and radiologists by offering insight into potential subtype profiles and their
significance in new or partially understood diseases.

The use of convolutional neural networks (CNNs) for image processing and com-
puter vision tasks, particularly in medical imaging, has been explored. CNNs have
demonstrated remarkable performance in various computer vision applications, in-
cluding object recognition and image classification. Important works in the field
have been reviewed, emphasizing the breakthrough performance of CNNs in the 2012
ILSVRC object recognition competition.

In conclusion, a framework that combines unsupervised and supervised learning
paradigms for phenotype discovery and interpretability has been presented. The
methods introduced in this thesis have been evaluated on lung CT datasets, demon-
strating their potential for analyzing 3D imaging volumes. Further research is neces-
sary to investigate the feasibility and effectiveness of this approach on other imaging

modalities, such as multimodality MRI.
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5.2 Future Directions

In this section, potential future research directions based on the findings and limita-
tions of the present study are discussed.

Firstly, the accuracy and generalizability of lung area segmentation in the VolPAM
pipeline can be improved by exploring deep learning-based segmentation methods,
such as 3D UNet. Much improved results have been shown by these methods in
various applications, allowing them to capture complex and robust features from
large-scale data.

Secondly, deep learning approaches can enhance the estimation of the optimal
number of clusters in unsupervised clustering. By combining deep representation
learning with a neural network-based deep cluster estimation module, it can be pos-
sible to obtain the optimal number of clusters and cluster labels for the data without
relying on distance metrics or heuristics.

Exploring other autoencoder architectures, such as sequence-to-sequence autoen-
coders based on recurrent or transformer networks, can further improve representation
learning. These architectures are capable of handling sequential data and capturing
long-term dependencies and sequential information, which are valuable in the context
of imaging volumes.

Utilizing clustering validation techniques such as the Silhouette and Rand index to
quantify and validate clustering results. These metrics play a vital role in validating
clustering outcomes and selecting the best cluster count.

The integration of attention maps generated by VolPAM with domain-specific,
biomedical, and multimodal large language models can provide easy-to-understand
textual interpretation of learned representations. This integration facilitates the com-
munication of discovered phenotypes and their clinical significance to healthcare pro-
fessionals.

Finally, the development of an interactive visualization tool for VolPAM maps
enables clinicians and radiologists to manipulate and explore the salience maps in
3D, 2D, and 1D. This tool provides functionalities such as zooming, rotating, slicing,
measuring, and annotating, thereby enhancing the interpretation and analysis of the
discovered phenotypes.

These future research directions hold the potential to advance the field of unsu-
pervised representation learning and phenotype discovery from 3D imaging volumes.

Such methods are expected to contribute to the development of interpretable and



clinically relevant AI models in medical imaging.
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