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ABSTRACT

MACHINE LEARNING AND DEEP LEARNING APPLICATIONS IN NEUROIMAGING
FOR BRAIN AGE PREDICTION

Machine Learning (ML) and Deep Learning (DL) are now considered as state-of-the-art assis-
tive Al technologies that help neuroscientists, neurologists and medical professionals with early
diagnosis of neurodegenerative diseases and cognitive decline as a consequence of unhealthy brain
aging. Brain Age Prediction (BAP) is the process of estimating a person’s biological age using
Neuroimaging data, and the difference between the predicted age and the subject’s chronological
age, known as Delta, is regarded as a biomarker for healthy versus unhealthy brain aging. Accurate
and efficient BAP is an important research topic, and hence ML/DL methods have been developed
for this task.

There are different modalities of Neuroimaging such as Magnetic Resonance Imaging (MRI)
that have been used for BAP in the past. Diffusion Tensor Imaging (DTI) is an advanced quanti-
tative Neuroimaging technology that gives insight into microstructure of White Matter tracts that
connect different parts of the brain to function properly. DTI data is high-dimensional, and age-
related microstructural changes in White Matter include non-linear patterns.

In this study, we perform a series of analytical experiments using ML and DL methods to
investigate the applicability of DTI data for BAP. We also investigate which Diffusivity Parameters,
which are DTI metrics that reflect direction and magnitude of diffusion of water molecules in the
brain, are relevant for BAP as a Supervised Learning task.

Moreover, we propose, implement, and analyze a novel methodology that can detect age-
related anomalies (high Deltas), and can overcome some of the major and fundamental limitations
of the current supervised approach for BAP, such as "Chronological Age Label Inconsistency".

Our proposed methodology, which combines Unsupervised Anomaly Detection (UAD) and super-
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vised BAP, focuses on addressing a fundamental challenge in BAP which is how to interpret a
model’s error. Should a researcher interpret a model’s error as an indication of unhealthy brain
aging or the model’s poor performance that should be eliminated? We argue that the underlying
cause of this problem is the inconsistency of chronological age labels as the ground truth of the Su-
pervised Learning task, which is the common basis of training ML/DL models. Our Unsupervised
Learning methods and findings open a new possibility to detect irregularities and abnormalities in
the aging brain using DTI scans, independent of inconsistent chronological age labels. The results
of our proposed methodology show that combining label-independent UAD and supervised BAP
provides a more reliable and methodical way for error analysis than the current supervised BAP
approach when it is used in isolation.

We also provide visualization and explanations on how our ML/DL methods make their deci-
sions for BAP. Explainability and generalization of our ML/DL models are two important aspects

of our study.
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Chapter 1

Introduction

Brain Age Prediction (BAP) is the process of estimating the biological age of a subject’s brain
using Machine Learning (ML) and Deep Learning (DL) applied on Neuroimaging data [1,2]. The
difference between the predicted age and the subject’s chronological age is defined as "Delta", and
is considered as a biomarker associated with unhealthy brain aging, which in turn is correlated
with neurodegenerative diseases and disorders as well as cognitive decline [3].

Accurate and efficient BAP is of utmost importance for medical and clinical diagnosis and
intervention, and hence Machine Learning (ML) and Deep Learning (DL) methods have been
developed as an assistive Al technology for BAP because of their success in other neurological ap-
plications and modalities of Neuroimaging that require processing and analyzing high-dimensional
complex data with subtle and non-linear patterns [4-6]. Different Neuroimaging modalities have
been used in the past, but Magnetic Resonance Imaging (MRI) is the most commonly used struc-
tural modality for BAP [1].

Diffusion Tensor Imaging (DTI) is an advanced Neuroimaging technology that concentrates
on the microstructural characteristics of the White Matter (WM) tracts based on the directions of
diffusion of water molecules in the brain [7-10]. DTI has attracted the interest of the research
community for a variety of neurological applications [11, 12]. However, to date, few studies have
used DTI directly as a single modality for BAP [13, 14].

In this dissertation, we will perform a series of analytical experiments to investigate the rele-

vance of DTI for BAP using ML/DL methods.

1.1 Brain Age Prediction (BAP): What, Why, How?

We include this section with busy and quick reader in mind. By reading this section, the

reader should clearly and quickly recognize the answers to the following major questions of this



dissertation: What? Why? How? —What is the problem statement? Why does it matter? How did
we approach the problem?
We further address "What" and "Why" questions in Chapter 2. We fully explain "How" in our

methodology in Chapter 3.

1.1.1 What Is BAP Using Neuroimaging?

By applying ML/DL methods on Neuroimaging data, we can predict a subject’s brain biolog-
ical age which may differ from their chronological age. Neuroimaging gives researchers a lot of
information about the brain, how it functions, and its structural and microstructural characteris-
tics. ML algorithms can model trajectories of healthy brain aging and identify abnormalities of the

aging process.

1.1.2 Why Does BAP Matter?

Most importantly, positive Delta has been associated to cognitive decline and different aspects
of aging development and its effects on human body and brain specifically. Thus, the result of BAP
can give medical practitioners a methodical way to predict the risk of developing neurodegenerative
diseases and mortality in older subjects [3].

It is likely that BAP will soon (if not already under way) become a common clinical routine as
an extension to the existing procedures and health protocols for checking patients’ vital information
regularly and routinely to assess the risk of developing neurological disorders. Hence, BAP has

grown to an important research topic.

1.1.3 How Did We Approach BAP Using DTI and ML/DL?

We apply different methods and approaches of ML and DL on DTI Diffusivity Parameters,
which are metrics that reflect the direction of diffusion of water molecules in the brain. From a
high-level perspective, we use two main approaches of Machine Learning: Supervised Learning,
defining BAP as a regression task with age as the target variable and using chronological age labels

as the ground truth, and Unsupervised Learning: 2D projection of DTI feature space, clustering of



DTI data to recognize potential age differences across samples, and anomaly detection for identi-

fying abnormal scans and irregularities.

1.2 Research Questions of This Dissertation

Now that we have briefly explained the problem statement, its significance and relevance as
well as our approach to the problem, we define the following five major research questions as the

center of our concentration in this dissertation.

1.2.1 Research Question-1

"Can we use DTI as a single modality of Neuroimaging for Brain Age Prediction (BAP), and
not combined with structural MRI or in other multi-modal studies? How competitive are the results
of DTI analysis in comparison with other modalities of Neuroimaging for Brain Age Prediction?"

Multi-modal studies are quite complex and computationally expensive. The structure of multi-
modal Neuroimaging data is extremely high-dimensional and subtle. Thus, choosing the most
relevant Neuroimaging modality that has the highest predictive power for BAP is an important
task. Moreover, White Matter may offer some insights to the brain microstructures that other brain
properties cannot. Hence, we are going to investigate this question and we directly and completely

focus on DTI data analysis for BAP.

1.2.2 Research Question-2

"Is there any significant difference among the four Diffusivity Parameters (FA, AD, MD, RD)
of DTI in terms of their contribution to Brain Age Prediction (BAP)? Is a single parameter or any
specific combination of parameters a better representation (encoding) of information for predic-
tion? In other words, do diffusivity parameters differ in terms of their predictive power specifically
for brain age prediction?"

We will define and thoroughly explain Diffusivity Parameters in Section 2.1.1. Briefly, they are

quantitative measures computed directly from DTI data to capture the direction and magnitude of



diffusion of water molecules in the brain, which contain a lot of information about microstructural

characteristics of White Matter (WM) properties and their correlations with age [2, 3].

1.2.3 Research Question-3

"Should a researcher interpret ML/DL model’s error in BAP as Delta, i.e., an indication of an
actual unhealthy brain aging, or the model’s poor performance, and how can one distinguish the
two possibilities methodically?"”

We will identify and explore major challenges and limitations in the current approaches for
BAP. We will explain why, despite recent successes and promising state-of-the-art results, the two
challenges "Chronological Age Label Inconsistency" and "Systematic Bias" remain important

for the BAP research community [15, 16], and how our proposed methods help resolving them.

1.2.4 Research Question-4

"How do deep learning models, such as Convolutional Neural Network (CNN), perform on
DTI small-sized datasets (298 and 94 subjects) for brain age prediction, and how do the results
compare to other non-DL approaches? Can we use deep learning approaches that are used in
computer vision such as data augmentation and transfer learning for DTI analysis?"

DTI data is computationally a different data structure compared to structural MRI and other
modalities. We will argue that the applicability of DL methods for DTT analysis is limited, espe-

cially when they are applied on small datasets.

1.2.5 Research Question-5

"Can we "explain" and "interpret" how our models make predictions, and identify the brain
regions as biomarkers to which our models are most sensitive for brain age prediction?"

Explainability has become a very important research topic in different applications of Machine
Learning and Deep Learning. We will discuss our approach in detail on how to make ML/DL

methods more explainable.



1.3 Challenges

Throughout this study, we have identified major challenges in DTI data analysis specifically
with regards to the BAP problem. Some challenges are specific to our datasets while some are
more general and prevalent in typical DTI studies as follows.

Challenge 1: Individual and group differences in between-subjects’ and within-subjects’ brains
and across different age groups are subtle and complex. The population of subjects is heteroge-
neous in terms of demographics, phenotypic differences, unknown health conditions, etc. (incon-
sistency in individual characteristics).

Challenge 2: Inconsistency of the chronological age labels: As framed in "Research Question-
3", after the ML model prediction, it is not clear if the observed error (Delta) is due to the model’s
error, or the "actual" Delta indicating the gap in unhealthy or delayed brain aging, i.e., deviations
from normal aging as specified by Delta.

Challenge 3: The datasets that we use are not only small-sized (298 and 94 subjects), which
leaves training data and testing data with few examples, but also high-dimensional as we have to
work with huge tensors that have approximately 1.5M to 6 features (see Section 3.1.2). This
would make us deal with "Curse of Dimensionality". !

Challenge 4: The preprocessing transformations make the data very sparse, with many values
very close to zero. The ratio of non-zero values to the size of tensors that we will work with is
less than 1% in some cases. Necessary and standard preprocessing steps of DTI data make this
challenge severe.

Challenge 5: The distribution of our datasets is not uniformly distributed with respect to age
groups (young/middle-aged/old), and the ratio of young subjects in the datasets whose age is less
than 40 is significantly low (less than 30% in both datasets). Thus, the training data is biased with

respect to age groups with a heavy bias in favor of 60+ subjects.

!Curse of Dimensionality in Machine Learning refers to different challenges that arise when processing data in high-
dimensional spaces. Those challenges typically do not occur in lower dimensional spaces such as 2D or 3D.



Challenge 6: Not only are our datasets skewed with respect to age groups, but also they are
skewed within each group as well. For the age group whose age is less than 40, the two datasets
that we use are left-skewed, i.e., more samples are in 18 — 23 age range (full-range is 18 — 32), and
for the greater than 60 age group, they are also left-skewed with a range of 60 — 67 (full-range is
60 — 77).

Challenge 7: Deep Learning models are known to be data hungry, and hence may not be a
good fit for our small datasets.

Challenge 8: The results of ML/DL models are difficult to "explain" and to "interpret" as to
how the models make decisions and based on which features in the feature space of DTI brain
scans.

Challenge 9: Last but certainly not least, DTI analysis is a very expensive task computa-
tionally. Consequently, we often experience Out-Of-Memory crashes, dead Jupyter kernel due to
GPU memory allocation issues, etc. Resolving and handling those issues is a very tedious and

time-consuming task.

1.4 Contributions

Our key contributions in this dissertation are as follows. In addressing our major research
questions, we propose and develop novel approaches and methodologies for DTI analysis as it
relates to the BAP problem. Specifically, our "Unsupervised Anomaly Detection (UAD)" approach
to identify irregular DTI scans is novel to the best of our investigation in the literature.

Moreover, we propose, implement, and analyze a novel methodology which combines our un-
supervised UAD method and the supervised BAP method. Our proposed methodology can address
the major limitations of the current BAP approaches, and provides a solution for methodical veri-
fication and interpretation of BAP errors (Deltas).

We use Diffusivity Parameters as a single modality for BAP for the first time. We provide
effective guidelines for preprocessing of Diffusivity Parameters as a result of an extensive set of

analytical experiments and analyses. We methodically identify the best combinations of Diffusivity



Parameters for supervised and unsupervised DTI analysis tasks with our novel approach and for
the first time. We also provide effective techniques for DTI data augmentation and generation as

well as transfer learning of ML/DL models across datasets.

1.5 Outline of The Following Chapters

In Chapter 2, we explain the background of BAP, DTI, and applications of ML/DL, and we
review the literature and related work. We also introduce Diffusivity Parameters and the details of
their mathematics. In Chapter 3, we thoroughly explain our methods, and the details and mathemat-
ics of our ML/DL algorithms with a focus on their application for our DTI analysis. In Chapter 4,
we provide the complete details of our experiments with ML/DL methods, analyses on DTI data,
results of experiments, discussions of results, and arguments of our approach and novel method-
ologies. In Chapter 5, we review a summary of our key findings, as well as the limitations of our
study, and potential research directions for future work.

In Appendix A, we provide the configurations of our hardware and software tools, as well
as the specifications of our Grid Search to fine-tune hyperparameters of some of our models. In

Appendix B, we provide the list of acronyms that we frequently use in this dissertation.



Chapter 2

Background

In the previous chapter, we provided an introduction to Brain Age Prediction (BAP) using
Machine Learning (ML) and Deep Learning (DL) methods applied on Diffusion Tensor Imaging
(DTTI) data. In this chapter, we review the background, related work, current BAP approaches, and
their limitations. We begin by explaining DTI data and its Diffusivity Parameters as well as how

they are calculated mathematically.

2.1 Diffusion Tensor Imaging (DTI)

Diffusion Tensor Imaging (DTTI) is an advanced quantitative Neuroimaging modality that con-
centrates on the characteristics and microstructural changes of the White Matter (WM) tracts [7,8].
White Matter consists of axons, long wires that transmit electric signals between neurons, brain
processing cells [9, 11]. Axons are covered by myelin, with a white color, to protect signals and
to prevent electric leaks. An analogy in the Computer Science and Engineering context is the net-
work infrastructure (like cables, or fiber optics), that connects the network nodes and hubs, and
integrates the whole system. As much as the network infrastructure is critical for the connectivity
and functionality of a network, White Matter is important for the organization of the brain and its
proper functioning.

DTI generates voxel-wise quantitative measures of the White Matter [7]. DTI gives valuable
information about the amount and direction of the diffusion of water molecules in the brain tissues,
which are quantified and encoded in "Tensors" [8, 10, 11], as described below.

Water diffusion is known to be anisotropic in the White Matter [12], in the sense that it can
diffuse in certain directions due to the structures and microstructures of the tissues. Figure 2.1
shows the difference between anisotropic and isotropic shapes. The Einstein diffusion equation,

Equation (2.1), specifies how the diffusion coefficient D (in terms of mm? /s) is calculated [8,17].
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where (Ar?) is the mean squared displacement, n is the number of dimensions, and At is the
diffusion time. Equation (2.2) shows the molecular water displacement characterized by a Gaussian
probability distribution.

P(Ar, At) = (2.2)

1 ( —Ar? )
JrDAE ¥ \4DAt
Basser et al. introduced the "Tensor" to characterize anisotropic diffusion in DTI [8, 18].

In their work, diffusion is characterized by a multivariate Gaussian distribution, as shown in the

following equation.

1 —AFTDIAF )
P(A7, AL) = ex 2.3)
(87480 = D P < 1AL
where the diffusion tensor, D, is a (3x3) covariance matrix, as shown in Equation (2.4).
Dxx Dmy D:Ez
D= Dyy Dyy Dy, (24)
sz Dzy Dzz

Equation (2.4) explains the covariance of diffusion movements in three dimensions (x, vy, z).
By Eigendecomposition of the diffusion tensor D, we can get the eigenvalues (A, A2, A3) and the
eigenvectors of the diffusion tensor, i.e., the principal axes of the diffusion, as shown in Figure 2.1.
In fact, the eigenvalues are used to calculate the DTI Diffusivity Parameters, as described in the
following section, and that provides us with the feature space, and the tensors that we need for
our analyses in this study. As we present unsupervised Gaussian Mixture Model (GMM) in the
next chapter (see Section 3.3.1), we argue that the Gaussian distribution of the diffusivity makes
the GMM assumption that the DTI data is a mixture of Gaussian distributions appropriate and

relevant.



Isotropic Anisotropic

Figure 2.1: Isotropic and Anisotropic Tensors of Diffusivity Parameters. The isotropic tensor on the left has
relatively close eigenvalues for each vector whereas the anisotropic tensor on the right has Ay > (A2, A3),
and hence an anisotropic diffusion in one particular direction [19].

2.1.1 Diffusivity Parameters

Diffusivity Parameters, Fractional Anisotropy (FA), Axial Diffusivity (AD), Mean Diffusivity
(MD), and Radial Diffusivity (RD) are defined in Equation (2.5) [11], and are very important DTI
measures which have been shown to be correlated with the brain age and other brain conditions
[11,18,20-27]. We use them as the input tensors to train our Machine Learning (ML) and Deep
Learning (DL) models. We refer to them individually as FA, AD, MD, and RD, or collectively
as Diffusivity Parameters throughout this dissertation. They are sometimes known as "Diffusivity
Metrics", "Measures", or "Scalars" in the literature. We provide a very brief summary for each of

them in the following subsections.
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where (A1, A2, A3) are the eigenvalues of the diffusion tensor.

Fractional Anisotropy (FA)

FA varies in the range of [0.0 — 1.0], which specifies the level of anisotropy of diffusion (with
0.0 as the maximum isotropy, and 1.0 as the maximum anisotropy, or minimum isotropy), and
is associated with microstructural changes in the White Matter. FA has been shown to decrease
as adults age [20,27]. In some DTI studies as well as our study, scans of Diffusivity Parameters
are "Skeletonized", as part of the preprocessing steps, by using "The Tract-based Spatial Statistics
(TBSS)" pipeline on FSL software, for creating a common White Matter, known as "Skeleton"

[23,28]. A skeletonized standard FA scan (mean) on the standard brain is shown in Figure 2.2.

Figure 2.2: Skeletonized FA (1mm) shown in green on the standard brain (Imm) in white in FSL.
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Axial Diffusivity (AD)
AD measures the magnitude of diffusion parallel to axonal fibers, as the name suggests, i.e.,
axial movement. AD is also associated with brain aging as well as injuries, as AD decreases in

axonal injury [11,21]. AD values are close to zero like other Diffusivity Parameters.

Mean Diffusivity (MD)

MD shows the magnitude of the movement of water molecules independent of its axis. MD is

shown to be sensitive to damages, injuries, as well as aging [11,21,23,24].

Radial Diffusivity (RD)

RD specifies the diffusion particularly on the radial axis, which is in the direction that is per-
pendicular to the axonal fibers (AD axis). RD increases in WM specifically with demyelination
and axonal degeneration, both of which are associated with brain aging [11,21,25].

While the Diffusivity Parameters have been shown to be associated with brain aging in various
forms, they show different patterns of non-linear changes with respect to aging as well as different
brain regions [21]. Based on the mathematics of Diffusivity Parameters and their neurological
implications, we argue that taking the combination of them into analysis seems more reasonable
and efficient, and is more likely to capture the subtle and non-linear microstructural changes of
the aging brain, as each of them is sensitive to certain changes and regions of the WM tracts.
This motivates us to perform a combination analysis to identify the best combination(s) of them

specifically for BAP, as framed in "Research Question-2" in Section 1.2.2.

2.2 ML/DL Applications in Brain Age Prediction (BAP)

As mentioned earlier, Brain Age Prediction (BAP) has gained the attention of researchers in
recent years due to its significance and contribution to the early diagnosis of certain neurode-
generative diseases and cognitive decline as a result of unhealthy brain aging and a gap between

biological age vs. chronological age [1-3,25,29-33]. Figure 2.3 [3] shows the trajectories of the
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brain aging and the associated risk of neurodiseases as age increases, especially with respect to the

gap between biological age and chronological age.

Risk of cognitive decline and disease

| | | | | | | |
10 20 30 40 50 60 70 80

Age (years)

Figure 2.3: Biological Aging vs. Chronological Aging. The risk of cognitive decline and neurodegenerative
diseases increases with aging and has been associated with the gap between biological aging vs chronologi-
cal aging as a biomarker [3].

We have reviewed the literature and read survey papers on the applications of Machine Learning
(ML) and Deep Learning (DL) methods for BAP, and we found a diverse set of ML/DL methods
which have been applied on Neuroimaging data (mainly structural MRI) for BAP [4-6,29,34-37].

However, to the best of our investigation, they have one thing in common, using ML Supervised
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Learning methods and training the models with chronological age labels. Figure 2.4 shows the
supervised BAP workflow [3]. Models are trained using Neuroimaging data as features along with
chronological age labels as ground truth, and then evaluated, validated, and selected to tune their

parameters, and finally applied on new samples to estimate their biological age.

(a) Training M (8)Validation
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Figure 2.4: Supervised BAP Process. This is the general ML workflow of BAP as a Supervised Learning
task where the chronological age labels are presented to the ML model along with Neuroimaging features
for training, and then to predict the biological age of new samples [3].

The majority of studies have defined BAP as a regression task on age, and have trained dif-
ferent ML/DL models, including Convolutional Neural Network (CNN) [34, 35, 38], ensemble
methods [37], and other ML algorithms. We reviewed a study [39], in which the researchers
have used 27 different ML models, including linear and non-linear models, as well as ensemble
methods, compared their performance for BAP, and concluded that the models’ performance vary
on different datasets, and ensemble models do not always outperform the regularized regression
models.

Moreover, we reviewed a study in which the researchers have redefined BAP as other forms

of supervised learning tasks including soft classification and ordinal regression [34]. They have
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also used transfer learning to use pre-trained weights of CNN models applied on publicly available
datasets with T1-weighted MRI. In fact, transfer learning has been widely used in multiple MRI
studies for BAP and other MRI-based analyses [40—43]. The availability of large pools of MRI
datasets as well as the existence of pre-trained DL models (mainly CNN) has made it possible to
transfer the models for new similar tasks. However, this prevalence is missing for DTI analyses,
although researchers may try to transfer models from MRI domain into their DTI-based analyses.

Despite the general success trend of DL models and ensemble methods for BAP, we reviewed
some studies that indicate CNN in particular performs similarly on MRI data compared to other
traditional ML algorithms like Support Vector Regression (SVR) or Ridge regression [3,30]. In
the next section, we review a few limitations that we have identified on the current approaches of

BAP.

2.3 Limitations of Current Approaches of BAP

To design our methods and experiments and to identify our potential research contributions
for the BAP problem, we have identified the major limitations of the current approaches as a
Supervised Learning ML task as follows, and we present our methods in the following chapter not
only with respect to our five major research questions, but also to address these limitations.

First and foremost, we argue that the current supervised BAP approach is limited and biased,
mainly due to the use of inconsistent chronological age labels. "Chronological Age Label In-
consistency" has multiple implications. First, despite the inclusion and exclusion criteria that
researchers apply to collect data from healthy subjects, there is no methodical way to verify that
the subjects are in fact healthy, and there might be unknown health conditions at the time of data
collection. This means that a ground truth solely based on chronological age labels is not reliable.
To clarify, let us hypothetically assume that our dataset has only two subjects, both 50-year-old,
one with healthy brain aging and a biological brain age that matches the chronological age, i.e.,
50 or very close, and the other subject with an unknown underlying condition (say diabetes) that

affected their biological age, and hence with a wide gap between biological and chronological age.
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If we present the Neuroimaging data of these two subjects along with their chronological age la-
bels to train the ML model, the model has no way to learn the differences between them in terms
of healthy aging, and would most likely take this variability into future predictions. Again, we do
not provide the model with any information that helps it learn the differences. In fact, we do the
opposite, meaning, we mislead the model by telling it that the two subjects have the same age!
And then later, we expect the ML model to somehow magically learn the differences. Now, for the
sake of our argument, let’s assume that we keep adding scans from other subjects to our dataset.
What would bridge this gap and what would compensate for this chronological age inconsistency
to help the model learn the differences effectively? The answer is absolutely nothing! If we add
1000 new samples, or 10, 000 new samples, we would have the same problem that we started with,
chronological age label inconsistency, which we argue is the root cause. The issue just gets worse
by adding more samples, not at all resolved.

This label inconsistency then spreads to error analysis as we framed in "Research Question-3".
How can the researcher distinguish if an observed error is due to the model’s poor performance
or an actual unhealthy brain aging? The answer is there is currently no methodical way in the
literature, to the best of our investigation, that can address this fundamental problem.

Another implication of the issue with the age labels is the imbalanced distribution of different
age groups which is very common in Neuroimaging studies. This imbalance has been identi-
fied as one of the possible causes of a very common phenomenon in various BAP studies called
"Systematic Bias", which refers to the fact that the BAP models often overestimate the age of
younger subjects (or subjects who are younger than the mean), and underestimate the age of older
subjects [15, 16,44].

Researchers have identified possible causes for the "Systematic Bias" in the BAP context. For
instance, it might be due to general statistical characteristics of the supervised regression analy-
sis [44], or it might be due to imbalanced nature of Neuroimaging datasets, i.e., the sample size

imbalance distribution across the age groups, or it might be due to the inconsistency of noise distri-
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bution across the lifespan [3]. Researchers have also suggested ways to correct the bias [44]. Yet,
the fundamental problem of "Chronological Ge Label Inconsistency" remains in the field.

Another limitation in the related work is that the focus of studies is always on lowering the
performance metric of the regression model, i.e., Mean Absolute Error (MAE), as much as pos-
sible, for obvious reasons, such as getting published, etc. However, this leads to a decrease of
the generalization of the existing models, and overfitting of the trained models. In fact, the BAP
models’ performances in different studies and across different datasets highly vary, as mentioned
in our literature review earlier.

Finally, there are far fewer studies with DTI analysis than structural MRI. This makes the

comparative and analytical studies more difficult.
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Chapter 3
Methods

In the previous chapters, we provided the background, context and limitations of the current
approaches for the Brain Age Prediction (BAP) using Diffusion Tensor Imaging (DTI). In this
chapter, we present our methods, and we explain how our methodology addresses the limitations
of the related work.

First, we explain the DTI data feature space and the target variable (age) as well as the spec-
ifications of the two datasets used in our study. We also explain the preprocessing steps that we
employ before feeding the data to the ML/DL models.

Next, we explain all the ML/DL models, algorithms, and methods that we use in this disserta-
tion to perform our experiments including our model evaluation and selection process as well as
hyper-parameter tuning of the models. The specifications and configurations of the hardware and

software used to perform our experiments are provided in Appendix A.

3.1 DTI Data

To the best of our research, we use DTI Diffusivity Parameters specifically for the Brain Age
Prediction (BAP) in a novel way and for the first time as described in this chapter. We use two DTI
datasets in this study, Dataset-1 (n = 298, 173 females, age range [18—79]), and Dataset-2 (n = 94,
68 females, age range [20 — 79]), and we perform our analysis on these two datasets separately and
independently. We report the results of our experiments applied on each dataset separately in the
following Chapter 4, although for some experiments like transfer learning (see Section 4.5.1), the

results of the two datasets are connected, and for a couple of experiments (Table 4.6), results are
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reported for Dataset-1 only due to size limitations of Dataset-2. The data acquisition process of

the two datasets is as follows.>

3.1.1 Data Acquisition

Dataset-1 was collected as a joint research effort by multiple researchers from universities
and research institutions across the United States and Europe [25, 26]. Dataset-2 is the current
outcome as a part of an ongoing study and data collection process, led by Professor Agnieszka
(Aga) Burzynska as the principal investigator who is affiliated with Colorado State University
(CSU), which is still in progress at the time of writing this dissertation and not published yet.
Both datasets include only cognitively normal adults with no known neurological or psychiatric
disorders and no major non-neurological diseases at the time of data collection. Further details
of the data acquisition for Dataset-1 are provided in [25]. As mentioned above, the Dataset-2
study is not published yet, but its experimental settings and data acquisition process are similar to

Dataset-1.

3.1.2 Feature Space and Tensors

We use DTI Diffusivity Parameters as defined in Section 2.1.1 to train our ML/DL models.
Thus, we use FA, AD, MD, and RD data as features. It should be mentioned that as part of the
preprocessing of the two datasets, the Diffusivity Parameters were "skeletonized" as specified in
Section 2.1.1. The distributions of the values of the four parameters are provided in Figure 3.1.

Each sample (subject) in the dataset has four corresponding 3D DTI skeletonized scans, one
for each parameter, FA, AD, MD, and RD. Each 3D scan is a rank-4 tensor with the dimensionality
of (1,121, 157,80). The first dimension, 1, is added to the 3D scans to specify that it is a single pa-
rameter. Since we are interested in studying the combination of Diffusivity Parameters as well, the

concatenation of all four of them will be a rank-4 tensor with the dimensionality of (4, 121, 157, 80)

2 Although the author of this dissertation had no role and contribution in the data collection and acquisition process of
the two datasets, we provide a summary of the process for the reference and citation purposes. We have acknowledged
and credited their work and sharing the data with us in the Acknowledgement page of this dissertation.
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Figure 3.1: Distribution of Diffusivity Parameters (FA, AD, MD, RD) values in Dataset-1. Dataset-2 distri-

butions are almost identical to these plots.
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for each sample. If we combine two parameters, say AD and RD, we get a rank-4 tensor with the
dimensionality of (2,121, 157,80), and so forth. The whole batch of each parameter is a rank-5
tensor with the dimensionality of (298, 1,121,157, 80) for Dataset-1, and (94, 1,121, 157, 80) for

Dataset-2, respectively.

3.1.3 Target (Dependent) Variable

Since the common approach for BAP is a Supervised Learning regression method, we use
chronological age labels along with the DTI feature space to train the supervised ML/DL models.
The histograms of the chronological age labels for both datasets are provided in Figure 3.2. The
pie-plots in Figure 3.3 and Figure 3.4 show the ratio of three age groups (young/middle-aged/old),
and the two genders (female/male), respectively. As can be seen, the datasets are imbalanced with
respect to the age groups. We will do series of experiments with respect to these age groups in

Section 4.3.

Age Histogram in Dataset-1 Age Histogram in Dataset-2

120 4

100 4

80 A

60

20 A

20 30 40 50 60 70 80 20 30 40 50 60 70 80

Figure 3.2: Histograms of Age — Target (Dependent) Variable in Dataset-1 and Dataset-2.
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Figure 3.3: Ratio of Age Groups in Dataset-1 and Dataset-2.
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Figure 3.4: Ratio of Genders in Dataset-1 and Dataset-2.
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3.1.4 Normalization and Standardization of DTI Data

There are multiple considerations regarding normalization and standardization of DTI data as
follows.

First, the DTI scans go through multiple forms of registration, alignment, normalization and
scaling during the preprocessing steps, but that doesn’t theoretically prevent us from normaliz-
ing/standardizing the data further before feeding it to ML/DL models as a common practice in
ML workflow and if it can improve the predictions. Given the fact that Diffusivity Parameters are
in slightly different scales (see Figure 3.1), normalization/standardization may help with model
learning process.

Second, the skeletonized DTI scans go through further preprocessing steps which may nullify
the justification for additional normalizing or standardizing, but the same argument as the first one
can be made that some forms of scaling may potentially help as long as it is applied properly and
consistently to all samples (normalizing/standardizing with respect to training data only).

Third, we argue that it is preferred to preserve the statistical distribution of data in the pre-
processing steps, and hence we prefer normalization over standardization, as it scales without
distorting the differences in the values, unlike standardization that assumes the dataset is in Gaus-
sian distribution which may or may not be true. As we will report in Section 4.1.1, we see a slight
difference between normalization and standardization with an overall advantage for normalization
of tensors to the range of (0, 1), and we see improvement by scaling in some of our experiments
(see Section 4.1.1).

Fourth, normalization/standardization, if not done properly, meaning if it is done on the whole
data, causes information leak as it shares the statistics (mean and standard deviation) of train and
validation data with test data which should be totally untouched until inference phase. Thus, we
normalize based on training data only, and test data information is not used during normalization/-
standardization at all.

Fifth, we perform many of our experiments with and without normalization/standardization

to let the ML/DL models decide how the processes impact the results. As mentioned above, we
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observe a noticeable difference in the absence and presence of normalizing our tensors for some
parameters and experiments (see Section 4.1.1).
Finally, we do not normalize the labels to let the models predict the original unit of the age

values (in terms of years) to maintain the consistency of comparison across all of our experiments.

3.1.5 Dimensionality Reduction

The "Curse of Dimensionality" is a very influential factor in working with our DTI tensors,
especially given the fact that the dimensionality of feature space as specified in Section 3.1.2,
is way higher than the number of samples in both datasets. As a known issue in the literature,
high-dimensional neuroimaging data can trigger major issues in a BAP workflow, including high-
variance and overfitting of the trained models as well as high computational cost of the training
phase [29,45].

Thus, we use linear and non-linear (kernel) Principal Component Analysis (PCA and kPCA,
respectively) with the Gaussian Radial Basis Function (RBF) as the non-linear kernel for dimen-
sionality reduction. PCA 1is an Unsupervised Learning dimensionality reduction technique. The
non-linear kernel choice is based on the result of our hyperparameter tuning by Grid Search, as

will be described in Section 3.2.3. The RBF kernel is provided in Equation (3.1).

K (X;,X;) = exp (-’YHXi —Xj”;) G.1)

where v = # is the kernel hyperparameter to be tuned (v = 0.02 turned out to be the best value),
o? is the variance, and (x;, x;) are two samples in the data to be transformed by the kernel.

The motivation to use non-linear kPCA is that there is plenty of evidence by multiple studies
that the DTI data has non-linear patterns [9,11,21,24]. If we use linear PCA only, those non-linear
patterns might get lost as a result of dimensionality reduction, so we try both liner and non-linear
kernels of PCA and choose the best results for our experiments, with the exception of the baseline

models (see Section 3.2 and Section 4.1) for which we use linear PCA with 0.99 preserved variance

24



to consistently compare the baseline models’ performance on the Diffusivity Parameters reduced
by the same linear kernel.

We tune the number of principal components for PCA and kPCA (see Figure 3.5). While we
preserve 0.99 of variance which would give us approximately the number of samples for each
dataset as the number of components (see Figure 4.4), we include PCA number-of-components
hyperparameter in our grid search (see Section 3.2.3).

Moreover, as a preprocessing step, scans are masked with a binary mask (a 3D array containing
0 and 1) to reduce the dimensionality and filter out the surrounding areas of the White Matter which
have zero values and no relevance to our analysis. Masking MRI and DTI scans is a common
technique to differentiate the brain from non-relevant tissues [28]. The precision and accuracy
of masking is of utmost importance for the reliability of further analyses of neuroimaging data.
Without masking, the dimensionality of the 3D DTI scans will be (182,218, 182) which would
create huge tensors that are very difficult to process even for GPU-Accelerated hardware that we

use for our experiments.

3.2 Baseline Models

We use baseline regression models to get benchmark results for BAP and as a reference for
comparison between our different methods. The selection of the baseline models is based on our
thorough investigation in the literature [4-6, 29, 39]. We use both linear and non-linear models
to compare their performance on DTI data for the BAP problem, as it is shown that non-linear
BAP regression models can recognize non-linear patterns of brain aging such as trend changes that
cannot soley identified by linear models [21]. We also use ensemble methods as recent studies
have shown ensemble methods to be effective for DTI and MRI analysis [13,46-49]. We explain

our baseline models in the following sections.
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3.2.1 Linear and Non-Linear Models

As mentioned above, we use both linear and non-linear models and compare their performance
for the supervised BAP. On the one hand, linear models are simpler to implement and train, are
often more computationally efficient, have a lower variance, and hence are less prone to overfit-
ting. On the other hand, non-linear models can recognize more subtle non-linear patterns, have
lower bias and are less prone to underfitting, but have higher variance and likelihood of overfit-
ting. Therefore, there is a trade-off of using linear versus non-linear models, and we compare their

performance.

Ridge
Ridge regression is our simplest regression model for supervised BAP. Ridge is the [2—regularized
version of the simple linear regression model. The loss function of linear regression is Mean

Squared Error (MSE) as provided in Equation (3.2).

n

1
MSE(0) = ~ > (i — ) (3.2)

i=1
where @ is the vector of the model’s trainable parameters, n is the number of samples, y; is the i-th
element in the target vector, and gj; is the predicted value of the i-th sample. Thus, the Ridge loss

function, J(@), is MSE plus the (2 regularization term, as provided in Equation (3.3).

B 1 n 5
J(6) = MSE(6) + A ; 0; (3.3)

where )\ is the regularization parameter and controls the effect of regularization (the level of pa-
rameter constraints). The regularization term is used to reduce the chance of overfitting of the
linear regression model.

The loss function is minimized by optimizers, usually Gradient Descent (GD). The gradient

vector of the loss function is provided in Equation (3.4).
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In each step of the Gradient Descent, the parameters are updated as follows.

O — 9 — V4 1(6) (3.5)
where 7) is the learning rate (step size), and should be tuned.

Linear and Non-Linear Support Vector Regression (SVR)

Support Vector Regression (SVR) is our next baseline model and has two forms, linear and

non-linear. First, let us provide the optimization problem for the linear SVR as follows.

N
Lo
minimize —|lw —1—05 i &

w,&,&* 2 ” H — 5 5

subject to:

3.6
yi—wla; <e+& i=1...N (3:6)

wai—yi<e+§i i=1...N

where w is the weight vector, x; is the i-th sample in the the feature vector, € is the margin width,
(&, &) are the slack variables for the i-th sample to make the SVR "soft margin" by allowing
some errors and to regularize the model, and C'is the soft margin hyperparameter that controls the

regularization. In other words, (&, £*) slack variables determine how many data points are tolerated

outside the margin (also known as e-tube).
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The non-linear SVR uses a non-linear kernel, such as RBF kernel as provided in Equation (3.1),
to transform the data samples to a higher-dimensional space by the kernel trick (which actually

doesn’t need the transformation computational cost).

Linear and Non-Linear Neural Network

The next models are Feed Forward Neural Networks (NN). The linearity or non-linearity of the
NN is determined by the activation functions of the neurons. We use linear (no activation function),
and Rectified Linear Unit (ReLLU) activation function which is non-linear, to make the NN linear
and non-linear respectively. ReLU was selected after tuning, in comparison with Sigmoid and Hy-
perbolic Tangent (tanh) activation functions. The linear NN is optimized by Stochastic Gradient
Descent (SGD) which is a modified version of GD such that in each iteration, a random sample is
picked, the gradients are computed solely based on that single sample, and the parameters (con-
nection weights) are updated accordingly, instead of using the whole batch for gradient vector as
it is used in GD. SGD is typically faster, but may have more oscillations before convergence to
the optimal solution. The non-linear NN is optimized by the Adam optimizer using early stopping
as regularizer. We include the results of linear NN in the baseline models and the results of non-
linear NN in the DL models, denoted as Deep Neural Network (DNN), because it has a deeper

architecture with more hidden layers compared to the linear NN.

3.2.2 Ensemble Methods

Ensemble methods employ the "Wisdom of the Crowd" by training multiple models (learners
or estimators), and in case of regression, making an average on their predicted values as the final
prediction, or letting them correct the prediction of other learners, and/or focusing on fixing other
learners’ mistakes. The mechanism for aggregating the results of the learners in the ensemble
and their arrangement in sequence, in parallel, or stacked, determine the category of the ensemble
method, mainly bagging, boosting, and stacking. In general, ensemble methods trade a slightly

higher bias for less variance, and hence are less prone to overfitting. They are often known to be
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more scalable and generalized. We use two ensemble methods based on our investigation in the

literature [46—49], Extreme Gradient Boosting (XGBoost), and Random Forests.

XGBoost

We use the Extreme Gradient Boosting (XGBoost) algorithm proposed by [50], and we use
the optimized and parallelized implementation of it [51], which is compatible with our GPU-
Accelerated Computing hardware (see Appendix A). Using GPU and training trees in parallel
improves our training time significantly. It is also regularized to reduce the chance of overfitting.
XGBoost has non-linearity, and hence can detect non-linear patterns in the DTI feature space. It is
scalable and can handle our high-dimensional rank-4 and rank-5 tensors.

Our XGBoost model is an ensemble of regression decision trees, adapted from "Classification
and Regression Trees (CART)", where the trees in the ensemble try to complement each other
[50,51]. The objective function obj(f) of the ensemble consists of two terms, the loss function
 (y:,y;) (similar to MSE which calculates the difference between y;, the age label, and y;, the

predicted age), and the regularization term, and is written in Equation (3.7).

K

obj(8) = D 1 (i, 51) + Y (fi) (3.7)

k=1
where w (fy) is the complexity of the k-th tree in the ensemble with K trees, fy, which is con-
trolled in the regularization term, and with n samples in the training data. Interestingly, this is the
same objective function that is used for our other ensemble method, Random Forest (see the next
subsection), with a difference in training strategy though, as described below.
"Additive Training" is used to train the XGBoost ensemble of trees by fixing what a tree f;
(which contains the structure of the tree and the leaf scores) has learned at each step ¢, and adding
a new tree, and this is the core concept of "Boosting" as an ensemble method, as shown in Equa-

tion (3.8),

n t
obj = >0 (11,3 + 3w () (3:8)
i=1 i=1
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(®)

where g, is the predicted age at step ¢ as follows.

=3 fo @) =0+ fi ()

k=1
Now the question is which tree is the best at each step ¢, and the answer is the one that mini-

mizes the objective function at that step, obj ®,

n t
obj® = >0 (5 3") + D w ()
1=1 i=1
= Zl (yi, gV (SL},)) +w (f;) + constant
=1

Since our supervised BAP is a regression task, we use MSE as our loss function /, and hence

the objective function at step ¢ becomes,

obj® = i (yz — (gz(t—l) + fi (:z:,,)))Q + iw (fi)

=1

= i [2 (yfftfl) - ?/z) fe (i) + fi ($Z)2] + w (f¢) + constant
i=1

The generalized form of the objective function for Supervised Learning tasks, which can accept
various differentiable convex loss functions, denoted by [, that can measure the difference between
the prediction y; and the target y; (it could be other than MSE, such as log-loss or cross entropy),

is provided in Equation (3.9).

n . 1
obj =3 ll (419 77) + gofi () + Shaf? (@) | +w () + constant — (3.9)

=1

where the g; and h; are defined as,
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g: = Oyl (w9 ")

(t-1) (3.10)
h; = a;(t—l)l (yi,ﬁi )
If we remove all the constants, the final objective function at step ¢ becomes,
D |gfi (@) + Shaff (@) | +w () (3.11)

=1
To define the complexity of the tree w(f) in the regularization term, we first define the tree

f(z) as,

fi(z) = wy@),w € BT q: R* — {1,2,---, T} (3.12)

where w is the vector of leaf scores, ¢ is a function that takes each sample x and assigns it to the
corresponding leaf, and 7" is the total number of tree leaves. The complexity of the tree is then

defined in Equation (3.13).

1 T
w(f) :7T+§/\Zw§ (3.13)
j=1

where v is the minimum loss reduction required to make a further split on a leaf node of the tree; the
larger value of v, the more constrained the ensemble, or as the author of XGBoost paper refers to it,
"complexity cost by introducing additional leaf" [50], and finally A is the regularization parameter
and controls the effect of it. Multiple optimization algorithms to minimize the above loss function
are proposed in [50], which we have tried and selected the distributed greedy algorithm that is most

compatible and optimized with parallel computing of our GPUs (see Section 3.2.3).

Random Forests

We use Random Forest as another ensemble method for our supervised BAP regression baseline
models. Random Forest is a bagging method. It is an ensemble of several decision trees, and the

final prediction is the aggregated prediction of the trees in the ensemble by voting (in classification)
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or averaging (in regression). Each tree in the random forest uses a random subset of the original
feature space to train (could be either subset of samples, or subset of features, or both), and hence,
just like XGBoost, random forest trades a higher bias for a lower variance to overcome overfitting
by diversifying the learners in the ensemble.

Another important attribute of random forests, which we use to create our brain maps (see Sec-
tion 4.6), is that they can measure feature importance by computing the average impurity reduction
of the trees that use each feature. The formula to calculate the feature importance of random forest

is provided in Equation (3.14).

mj

fZ o Zj: node j splits on feature ¢
i =

: (3.14)
Zke all nodes 100k
where fi; is the importance of feature i, ni; is the importance of node j, and is calculated by the

following equation.

nij = w;Cj — Wiest(j)Clefi(j) — Wright(j) Cright () (3.15)

where w; is the weighted number of samples reaching node j, C; is the impurity value of node j as
measured by Gini impurity, left(j) is the child node from left split on node j, and right(j) is the
child node from right split on node j.

For high-dimensional datasets, the feature importance scores are usually sparse and close to
zero; nevertheless, we are able to map them on the standard brain to visualize the areas on the

White Matter to which the BAP Random Forest model is most sensitive.

3.2.3 Model Evaluation Process

In this subsection, we explain our model evaluation and selection process as well as the per-
formance metrics of the baseline models. We also present the settings of our hyperparameter Grid
Search, including the range of values we try, and the selected best value for each hyperparameter

we search on.
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Cross Validation and Performance Metrics

We use 5-fold Cross Validation (CV) for model evaluation and selection in accordance with the
size of our datasets. For evaluation of the baseline models, we repeat the 5-fold CV 10 times, and
get the mean of the CV score across all iterations, to account for the randomness of the algorithms
and splits. In 5-fold CV, data is split into 5 partitions stratified by age, from which 4 partitions
are used for training in each iteration, and 1 partition is used for testing which changes in each
iteration. We apply scaling (when we use it) with respect to training data in each iteration of CV,
and we also train PCA and kPCA with respect to training data of each iteration of CV. This is to
ensure that there is no information leak from training phase to testing phase in our model evaluation
and selection process.

As the performance metric (score) of CV, we use Mean Absolute Error (MAE) as defined in

Equation (3.16).

I~
MAE(0) = ~ > 1di — uil (3.16)
=1

where @ is the vector of the model’s trainable parameters, n is the number of samples, y; is the i-th
element in the target vector, and y; is the predicted value of the i-th sample.

The other common choice for the performance metric of a regression model is Root Mean
Square Error (RMSE), as defined in Equation (3.17) (it is just root of MSE). However, we prefer
MAE over RMSE for two main reasons, RMSE is more sensitive to outliers which exist in our
datasets, and the MAE unit is in years compatible with Delta, and hence researchers from other

fields in the BAP literature are more familiar with it.

n

1
RMSE(6) = |~ > (4 — v)° (3.17)
=1

)

where the terms are the same as described in MSE and MAE equations.
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Fine-Tuning Hyperparameters

When there are a few hyperparameters for an ML/DL methods to be tuned, Grid Search is
a thorough and systematic way to find the best combination of values for the hyperparameters.
However, Grid Search is computationally expensive, as it should try all combinations of the values,
and train and evaluate the model in question with each specific combination. Therefore, Grid
Search is not recommended when there are so many hyperparameters to be tuned such as NN and
XGBoost. In those cases, alternative strategies such as Randomized Search is preferred which
narrows the search space by randomly selecting a portion of the search space and focusing on the
areas that turn out to be more promising.

We use Grid Search for Ridge and SVR as follows. Ridge regularization parameter A is tuned in
the range of [0.0,0.1,0.01,0.001,0.0001,0.00001], along with the fit-intercept (which is whether
to fit the intercept for this model). The best values are, A = 0.00001, and fit-intercept=True.
Linear SVR is tuned in Grid Search for C' and € with the ranges C' = [1.0,10.0,100.0], and
e = [0.1,0.5, 1.5], and the best values are C' = 10.0 and € = 1.5.

Also, we tried different settings for linear NN. Since it was linear NN, there was no other choice
for the activation function other than being linear, i.e. no activation function. We tried different
optimizers and SGD and the Adam optimizer gave similar results although SGD was slightly faster,
and hence was selected. For non-linear, we tuned it as DNN along with CNN which resulted to the
architecture and settings as shown in Figure 4.11, and Section 4.5.

For XGBoost and Random Forest, since they have so many hyperparameters with a wide range
of values, we have included the results in Appendix A.3. Most importantly for XGBoost, we use
the GPU-Accelerated version of the greedy algorithm for the optimization of the loss function.

We also tuned PCA hyperparameter, number of principal components, based on the variance
ratio in the range of (0.01 — 0.99). Figure 3.5 shows the impact of the number of principal com-

ponents on MAE of Random Forest trained on AD+RD.
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Impact of PCA Variance Ratio (n_components) on MAE
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Figure 3.5: Impact of Number of Principal Components on MAE. Linear PCA is used to generate this plot.
The scale of increments of the variance on X-axis is 0.01 in the range of [0.01 — 0.99]. The MAE scores are
for the Random Forest model trained and tested on AD+RD data.

3.3 Unsupervised Learning Methods

The famous Deep Learning scientist and pioneer Yann LeCun said that "if intelligence was a
cake, unsupervised learning would be the cake, supervised learning would be the icing on the cake,
and reinforcement learning would be the cherry on the cake [52]". The significance, the breadth and
the power of the Unsupervised Learning methods mainly come from their independence from the
ground truth, labels, as opposed to Supervised Learning methods which require plenty of labeled
samples for training. This is critical in the BAP context because as we mentioned in Section 2.3,
chronological age labels are inconsistent and do not reflect the biological age for a considerable
portion of the population, and that is the main motivation to use BAP models in the first place.
However, as we argued in Section 2.3, the current supervised BAP approaches, which solely rely
on the inconsistent chronological age labels for training, are limited and biased.

Another advantage of Unsupervised Learning methods is that we can use the whole data to train

them, as splitting to train/test subsets is no longer required. We use Unsupervised Learning meth-
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ods to perform six ML tasks by four algorithms as follows. We perform dimensionality reduction
and 2D projection of the DTI feature space using PCA and kPCA, and we perform clustering, Un-
supervised Anomaly Detection (UAD), as well as data generation using Gaussian Mixture Model
(GMM) and Bayesian Gaussian Mixture Model (BGMM). We have already explained our dimen-
sionality reduction techniques in Section 3.1.5. Next, we explain the algorithms that we use for

clustering and Unsupervised Anomaly Detection (UAD) of the DTI data.

3.3.1 Gaussian Mixture Model (GMM)

We use the probabilistic and generative Gaussian Mixture Model (GMM), with the "Expectation
Maximization" algorithm to train it, to perform clustering, Unsupervised Anomaly Detection
(UAD), and data generation. The GMM assumes that the data is a mixture of a finite set of Gaus-
sian distributions and tries to estimate their parameters, mean and variance. We argue that this
assumption is appropriate given the Gaussian distribution of water diffusion as captured by Dif-
fusivity Parameters of DTI, and as described in Equation (2.2). The algorithm is explained below
with a summary from [53].

The multivariate Gaussian distribution is defined in Equation (3.18).

P | 1, 3) = N, 3) = (2m) 23] exp (—%(w TS (- m) (3.18)

where p and X are vectors of means and variances, |X| is the determinant of X, and D is the
number of dimensions € R”. By changing p and X, we can shift and change the shape of the
Gaussian respectively.

Next, the responsibility r,,; for the k-th Gaussian component and the n-th sample is defined in
Equation (3.19).
TN (@n | pi, on)

Tnk:p(zk:1|xn): K

Zj:l TN (@, | 15, 05)

(3.19)
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where 7, is also the posterior distribution, because the responsibility r,,; corresponds to p (z, = 1 | x,,),
the probability that the sample x,, has been generated by the k-th Gaussian component of the Gaus-
sian mixture.

The Expectation Maximization (EM) algorithm is an iterative method to estimate the maximum
likelihood, or Maximum A Posteriori (MAP) of a set of parameters. The algorithm has two main
steps, the "Expectation" step, in which the Gaussian parameters are randomly initialized and then
"responsibilities" or posterior distributions are estimated, and the "Maximization" step, in which
the estimated parameters in the Expectation step are maximized. Each EM iteration increases the
log-likelihood function until a certain threshold is met, or the maximum number of iterations is
reached.

Since finding the optimal number of Gaussian components is difficult, a variant of the GMM
has been proposed, Bayesian GMM [54], which can find the optimal number of components by
"Variational Inference", an extension of "Expectation Maximization" algorithm, that maximizes
a lower limit on the model evidence instead of the likelihood, and adds regularization to the GMM.

The fitness of GMM models is determined by two information criterion scores, Akaike Infor-
mation Criterion (AIC), and Bayesian Information Criterion (BIC). AIC and BIC are defined in

the following equations.

AIC = —2log L(6) + 2k (3.20)

~

where 0 is the vector of the model parameters, log L(8) is the log-likelihood of the candidate model
given the data, when it is evaluated at the maximum likelihood estimate of €, and % is the number
of estimated parameters in the candidate model. The lower the AIC, the better fit the model, and
that includes the negative values, meaning a model with AIC' = —996 is a better fit than a model

with AIC = —995.

BIC = —2log L(8) + klogn (3.21)
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where n is the number of samples, and the other terms are the same as described in AIC.

The fitness implication of BIC is similar to AIC, the lower the better, even with a negative sign.

3.3.2 Clustering

Clustering is grouping similar samples together in an unsupervised manner. Since it is an
unsupervised method with no access to the labels, "Similarity" should be defined. We perform
clustering using GMM to identify age groups, subjects with "similar" age, without even knowing
their actual chronological age. This, if performed successfully, would help us identify outliers, or
"Anomalies" as explained in the following subsection. Since we do not have prior knowledge of
the optimal number of clusters, we use Bayesian GMM to find it, as the number of cluster. See the

results of clustering in Section 4.4.2.

3.3.3 Unsupervised Anomaly Detection (UAD)

Once the GMM is trained on the data (and we use the whole data to train it), we have the
log-likelihood of each sample, and we can set a threshold on it to identify the samples with low
log-likelihood. This means that we can identify the samples in low-density regions of our clustering
model, and regard them as "Anomaly".

The significance of the Unsupervised Anomaly Detection (UAD) is that if it turns out that these
detected anomalies have any relationship or commonality with the subjects that yield high Delta
in supervised BAP, we can resolve the issue of inconsistent chronological age labels, because we
can detect anomalies, 1.e., subjects with a wide gap between their chronological age and biological
age, in an unsupervised manner with no need to know their chronological age labels. Besides, we
can address "Research Question-3", as specified in Section 1.2.3, by a methodical way to verify
whether the observed error in the supervised BAP has an actual irregularity or abnormality, as
detected by our UAD method. To the best of our investigation, we utilize UAD in a novel way for

the first time in the context of BAP.

38



Figure 3.6 shows 2D projection of FA scans of Dataset-1 on the upper plot, along with the
clustering model and the detected anomalies, marked by red star in the bottom plot. The cluster of

young age group is clearly recognized by the GMM.

3.3.4 Our Proposed Methodology to Combine UAD and BAP

Now that we have explained our supervised and unsupervised methods, we propose our method-

ology to combine the two approaches in three steps as follows.

Step-1: UAD

We train our unsupervised GMM model on the whole dataset (without chronological age la-
bels) and identify anomalies by setting a density threshold such that 5% — 10% of the lowest den-
sity (log-likelihood as determined by GMM) samples are detected as anomalies. We call this set
"Anomalies". The percentile range is an approximate guess on the overall ratio of unhealthy brain
aging in the whole population, and can be adjusted based on the researcher’s specific information

and analyses.

Step-2: BAP

We train our best supervised BAP model using the best combination of Diffusivity Parameters
(see Section 4.2) as feature tensor, and evaluate the model by 10 iterations of 5-fold CV, i.e., 50
times of training on 4 partitions (80%) and testing on 1 partition (20%). In each iteration of CV,
we identify the subjects whose error is greater than 10 years. Error is defined as either positive
or negative difference between the predicted age versus chronological age. Choosing 10 as the
error threshold is based on the gap between our age groups, and it can be tuned depending on the
distribution of the chronological age labels. These high-error (Delta) subjects are appended to a
set of "Hard Subjects". At the end of 10 iterations, the set of "Hard Subjects" is pruned by getting
the unique IDs of the repeated subjects who appear at least 5 times on the list of high-errors out of

10 iterations.
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2D Projection of FA by PCA with RBF Kernel
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Figure 3.6: (a) 2D Projection of FA scans of Dataset-1. The "Cool" colormap represents chronological age
of the data points. Each data point is a reduced FA scan to 2D, as represented by the first two principal com-
ponents (21, z2). (b) Unsupervised Anomaly Detection (UAD) by GMM. Detected anomalies are marked
by red stars. Cluster centroids are marked by white-crosses on blue-circles. The well-separated cluster of

(b)

younger subjects on the top-right is clearly recognized by the GMM.
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Step-3: Intersection between Anomalies and Hard Subjects

As the final step, the intersection between the two sets, "Anomalies" and "Hard Subjects", is
identified as the "Confirmed Anomalies by UAD and BAP", or simply, the "Intersection" set. The
ratio of the cardinality of the intersection set over the maximum of the cardinality of the two sets,
"Anomalies" and the "Hard Subjects", determines the "Abnormality Score" of the subjects on the
intersection, ranging in (0.0 —1.0), as well as the agreement between the two approaches, as shown
in Equation (3.22).

|Intersection|

Abnormality Score = (3.22)

max(|Hard Subjects|, |Anomalies|)

The higher the "Abnormality Score", the higher the probability of the irregularity and abnor-
mality of brain aging of the subjects who appear on the intersection set. The density threshold of
UAD and error threshold of BAP can be tuned to maximize the "Abnormality Score" and agree-
ment of the methods.

Now we have a methodical way of addressing "Research Question-3" because we can verify
if an observed error of a BAP model is also detected by UAD as anomaly. Of course, there is
still a chance that both unsupervised UAD and supervised BAP methods make errors on specific
subjects, but we argue that the probability of erroneous results of our methodology is lower than
relying on BAP alone which is highly dependent on the inconsistent chronological age labels. See

the results of our proposed methodology in Section 4.4.3.

3.4 Deep Learning Methods

In this section, we explain our Deep Learning (DL) methods. As mentioned in Section 2.2,
there are some studies that show CNNs do not outperform on DTI data compared to non-DL
algorithms like SVR or even Ridge regression [3,30]. CNNs are popular in MRI analysis as the
vast majority of Computer Vision techniques are applicable in processing MRI scans as well, due
to the "image" nature of MRI scans, and the similarity of the tasks. For instance, it is shown that

CNNs with pre-trained weights on ImageNet, or pre-trained on an MRI dataset with a similar task,
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can be used for Transfer Learning on another set of MRI images for different tasks. However,
we perform experiments to investigate whether the same performance can be expected on DTI
Diffusivity Parameters, which are quantitative measures with very narrow and sparse distributions

close to zero, as shown in Figure 3.1, different from MRI images or Computer Vision studies.

34.1 DNN

Our Deep Neural Network (DNN) is a non-linear Feed Forward NN with at least three hidden
layers, and non-linear activation functions for the neurons, as shown in Figure 3.7. The exact

architecture of our DNN after hyperparameter tuning is provided in Section 4.5.

Input Layer € R1© Hidden Layer € R1® Hidden Layer € R1° Hidden Layer € R1® Output Layer € Rt

Figure 3.7: Feed Forward Neural Network. This NN architecture has 3 hidden layers, each with 10 neurons
(units), and 1 output for regression suitable for BAP task. Figure is drawn with the visualization tool
provided by [55].

34.2 CNN

We use 3D Convolutional Neural Network (CNN) like the examples that were cited in Sec-

tion 2.2. The 3D convolution operator is shown in Equation (3.23).
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S, k) = (K« 1)(i,5.k) = > Y Y I(i = h,j —w, k — d)K(h,w,d) (3.23)

where S is the output of the convolution (feature map), K is the kernel (filter), and [ is the in-
put image, each with three dimensions. The architectures of our CNN models are provided in
Section 4.5.

We use different regularization techniques for both DNN and CNN to avoid overfitting, includ-
ing Early Stopping, Dropout, /1, and [2 regularization, and Batch Normalization. After some pilot
experiments to identify the best set of hyperparameters, we use the Adam optimizer with fixed and
variable learning rate, and with and without weight decay. All the DL. models are implemented by

Tensorflow-GPU (see Appendix A).

3.4.3 Data Augmentation and Transfer Learning

When the training datasets are small with few samples like our study, Data Augmentation is
a common technique in training DL models, as the models require a lot of training data. Typical
methods for data augmentation include generating new instances of the existing data by affine
transformations (like shearing, rotating, clipping, etc.) as well as adding random noise to the
existing samples to add new ones. Data augmentation techniques have been used for MRI analysis
[56], so we investigate if they are applicable to DTI analysis as well.

Transfer Learning is another common approach in MRI analysis, typically by using a pre-
trained DL model (usually CNN) for a similar task. Transfer learning can help with the variations
in different studies that are caused by scanner technology, experimental settings, etc. However, the
key in transfer learning is the similarity of the tasks. For instance, using the pre-trained weights
of a Recurrent Neural Network (RNN) model trained on voice data for speech recognition, and
transferring it to a vision domain for performing an object detection task would most likely not
yield good results. Transfer learning has been used for MRI analysis in multiple studies, and there

are publicly available pretrained CNN models for transfer learning in the MRI analysis domain
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[40-43], and hence we try them for BAP by using DL pre-trained models with the understanding
of the differences between their tasks and our domain of DTI analysis. We also perform a transfer
learning experiment by setting Dataset-1 as training data, and training the DL model on it as BAP
Task-1, and then using the trained model for transfer learning on Dataset-2, both as testing data
with all trainable parameters frozen, and as a pre-trained model with freezing the lower layers only

and letting upper layers to be trained.
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Chapter 4

Results

In the previous chapters, we explained the background, motivation, related work, our methodol-
ogy on how we approached the Brain Age Prediction (BAP) using DTI data, and the specifications
of our methods in detail. In this chapter, we present and discuss the results of experiments using
our methods.

We begin by presenting the results of BAP as a regression problem (supervised learning with
age as the target variable) using our baseline models participating in a competition to predict brain
age. See Chapter 3 for a full description of our baseline models. The choice of our baseline models
is based on a thorough literature review and prior published success of the models as explained
in Chapter 2. We use both linear and non-linear models and we fine-tune each model’s set of
hyperparameters using a grid search and 5-fold Cross Validation (CV). The results of baseline
models are provided and discussed in the following Section 4.1. We will use the results of baseline
models as benchmarks and an empirical reference to get preliminary insights and to address our
major "Research Question-1" as specified in Section 1.2.1.

Next, the winner of the competition of baseline regression models will go through further
combination analysis with the Diffusivity Parameters to validate our insights, to draw more solid
conclusions, and to address "Research Question-2" as specified in Section 1.2.2 on the potential
preferences among diffusivity parameters with regards to their predictive power for BAP.

We then present a series of experiments using "Unsupervised Learning" and "Supervised Learn-
ing" methods to identify what we call "Anomalies" and "Hard Subjects" respectively, and we com-
pare the two sets and get their intersection to be reviewed by an expert neuroscientist. Our goal
is to propose a methodical way to address "Research Question-3" as specified in Section 1.2.3 to
distinguish whether a high Delta is due to a model’s poor performance or an actual unhealthy brain

aging due to irregularities and abnormalities.
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Moreover, we use the benchmark results and the results of combination analysis as the basis
for comparison with the results of the following experiments with Deep Learning (DL) models and
methods to address our "Research Question-4" as specified in Section 1.2.4. We evaluate the DL
methods’ performance on DTI data for the brain age prediction problem and with our small-sized
datasets.

In performing our analyses as well as designing and implementing our experiments, we strive
to comply with two major principles of Machine Learning: Generalization, and Explainability.
To ensure our commitment to these principles, we will base our validation and evaluation methods
on Generalization. We will also investigate how our models make their decisions and how their de-
cisions can be explained so that researchers from other interdisciplinary fields (e.g., Neuroscience)
can hopefully get some insights from our results. Towards this goal, we will create brain maps
that visualize the relative importance of features for some of our models, and we will use them to
address our "Research Question-5" as specified in Section 1.2.5 and to find the regions of interest

in the brain to which our models are most sensitive.

4.1 Benchmark Results of Baseline Regression Models

As mentioned in Section 1.2.1, our first major research question is whether DTI (and specifi-
cally Diffusivity Parameters) is a suitable modality for the BAP regression problem. Moreover, we
investigate whether the concatenation of the four Diffusivity Parameters (FA, AD, MD, RD) would
impact the BAP results. Thus, we train and evaluate each baseline model once with each diffu-
sivity parameter individually, and once with all four parameters concatenated as a rank-5 tensor:
(298, 1,121,157, 80) for Dataset-1 (n = 298), and (94, 1,121, 157, 80) for Dataset-2 (n = 94), to
identify the winner of competition among all runs of experiments.

Recall from Section 3.1.2 that each DTI scan has the dimensionality of (121, 157,80) after
preprocessing, and since we have four Diffusivity Parameters and (298 and 94) subjects, if we con-
catenate the four parameters altogether for each subject, each sample in training batch of Dataset-1

will be a rank-5 tensor, (298,4,121,157,80), and (94,4, 121,157, 80) in Dataset-2. The tensors
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are flattened for our baseline models due to their configurations that accept rank-2 tensors. CNN
models on the other hand, will receive rank-5 tensors as input.

The Mean Absolute Error (MAE) of predicted age in years of 5-Fold Cross Validation (CV)
of baseline regression models applied on Dataset-1 and Dataset-2 are provided in Table 4.1 and
Table 4.2, respectively. The selected hyperparameters of the baseline models and the range of the
values of the grid search and randomized search to fine-tune them are specified in Section 3.2.3 and
Appendix A.3. MAE was chosen as the performance metric of CV because it is consistent with
recent similar studies in the literature [5,34,35], it is less susceptible to outliers, and it has a value
in years. All models were trained on the data with reduced dimensionality by PCA (linear kernel
with 0.99 preserved variance). PCA was performed with respect to training data. More details on
PCA specification is provided in Section 4.1.2.

We emphasize once again that the analysis on the two datasets were performed completely
independently, and we believe that this independence highlights the reliability and generalization
of our results. We also emphasize that in fine-tuning hyperparameters and for model selection,
we use three subsets of each dataset: training set, validation set and (unseen) test set. Models are
trained on train set, fine-tuned and selected on validation set, and evaluated on unseen test set.
Once the best model is selected, cross validation is repeated 10 times to account for randomness
of models and splits, and the final score is aggregated over all iterations (mean MAE of 10 full
iterations of 5-fold CV).

As can be seen in the results, ensemble methods Random Forest and Extreme Gradient Boost-
ing (XGBoost) outperform other models overall across both datasets, although Ridge particularly
performs well with FA, especially for the smaller dataset, Dataset-2 (n = 94). Random Forest
is the winning model of Dataset-1 (n = 298) for all Diffusivity Parameters. Although XGBoost
results rank second on Dataset-1, its performance is very close to Random Forest which is a con-
firmation of better performance of ensemble methods over other baseline models, especially if
compared to linear models. For Dataset-2 both ensemble models perform relatively well, but there

is no absolute winner, which is another indication of the challenge with smaller datasets.
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Table 4.1: Results of Baseline Regression Models on Dataset-1

FA AD MD RD ALL
| Ridge | 7.58 | 1242 | 12,60 | 12.57 | 7.49 |
| Linear SVR | 12.30 | 10.65 | 10.66 | 10.70 | 12.04 |
| Non-Linear SVR | 7.85 | 8.85 | 9.10 | 9.75 | 7.99 |
| NN (Lin. MLP) | 13.21 | 12.90 | 13.17 | 12.76 | 12.13 |
| XGBoost | 674 | 721 | 743 | 7.14 | 6.81 |
| Random Forest | 6.58 | 7.01 | 7.13 | 6.96 | 6.43 |
Cross Validation MAE of Test Sets

Table 4.2: Results of Baseline Regression Models on Dataset-2

FA AD MD RD ALL
| Ridge | 870 | 15.89 | 15.79 | 15.92 | 10.02 |
| Linear SVR | 19.12 | 15.60 | 15.25 | 15.31 | 17.43 |
| Non-Linear SVR | 11.55 | 1523 | 13.17 | 12.43 | 12.27 |
| NN (Lin. MLP) | 1591 | 16.88 | 16.28 | 17.77 | 16.88 |
| XGBoost | 10.58 | 8.71 | 8.48 | 8.84 | 11.21 |
| Random Forest | 12.78 | 8.25 | 9.62 | 9.96 | 9.93 |
Cross Validation MAE of Test Sets
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XGBoost has a more consistent and reliable performance across different iterations of repeated
CV, as well as across different hyperparameters of preprocessing steps (scaling and dimensionality
reduction). Random Forest on the other hand, has a higher variance, but outperforms on Dataset-
1 on average. In conclusion of the baseline model selection, while we suggest to researchers that
they try different models and evaluate their performance for their particular dataset, we recommend
XGBoost as a good starting prototype model to get baseline results more quickly and reliably. We
select XGBoost for the remaining experiments in this section (Figure 4.2) and the next Section 4.2
due to its higher consistency, reliability, and scalability as well as less variability due to prepro-
cessing steps. For the following sections in this chapter though, we try both ensemble methods,
XGBoost and Random Forests, and report the best performance of them.

Figure 4.1 shows the variations of MAE across different iterations of 5-Fold CV for Random
Forest and XGBoost, respectively, when they are trained on AD+RD scans of Dataset-1 (see Sec-
tion 4.2 for the reason as to why this combination is chosen). As mentioned above, while Random
Forest provides lower MAEs, XGBoost performance is slightly more consistent, and has lower
variance overall. However, both models perform pretty well overall, and the standard deviation of
their MAE across different iterations of CV is typically less than or very close to 1.0 year.

Despite the facts that Dataset-2 is almost 1/3 of the size of Dataset-1 (n = 94 vs n = 298),
and that there are some differences between the two datasets in terms of scanner technology, ac-
quisition protocol, and age/gender distribution of subjects (see Section 3.1), the selected model’s
performance on both datasets is comparable with recent BAP results in the literature using ML/DL
models applied on other modalities (mainly structural MRI) [5, 34,35,39]. As mentioned in Sec-
tion 2.2, recent studies have compared the performance of popular models like Support Vector
Regression (SVR), Ridge Regression, Neural Networks (Regression MLP), and multiple other
ML/DL models to provide guidance for model selection for BAP problem [4-6, 29, 39]. Typical
MAE results of those studies vary in the range of about 2.5 — 7.7 years [5, 34, 35,39] and in some
studies more than 11 years [57], and hence our comparable results suggest that DTI can be used

for BAP.
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MAE Variations Across Different Iterations of Cross Validation of Random Forest
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Figure 4.1: MAE Variations across Different Iterations of 5-Fold Cross Validation. (a) Random Forest. (b)
XGBoost. While Random Forest provides lower MAEs, XGBoost performance is slightly more consistent,
and has lower variance.
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We interpret our result with caution in reference to the "No Free Lunch (NFL) Theorem"
in Machine Learning [58], which states that the performance of different models depends on the
specifications of the problem as well as the characteristics of datasets used for training, and hence
there is no single best model for a certain ML task that is guaranteed to always outperform other
models. NFL reinforces the fact that a researcher may train different models on their particular
problem and data before selecting the best model. Since our study concentrates on two small-
sized DTI datasets, it is difficult to reliably generalize our results and insights for model selection.
However, we have shown in this study that DTI has predictive power for BAP even with few
training samples.

As can be seen in Figure 4.2, our selected model performs well overall; however, it is worth
investigating why the model’s error is so high for some subjects, particularly younger subjects
(chronological age less than 40), while its performance is relatively stable for older subjects for
all four parameters and their concatenation in both datasets. The outliers in our selected model
predictions might be due to the skewed nature of the ground truth (chronological age values as the
target variable) as can be seen in the age histograms of both datasets in Figure 3.2.

In other words, the distribution of age is not uniform with respect to different age groups
(young/middle-aged/old), and the ratio of young subjects in the dataset, whose age is less than 40,
is significantly low as can be seen in Figure 3.3. Thus, the training data is biased with respect to
age groups with a heavy bias in favor of the "over-60" subjects.

We did not find any clear pattern or distinction between the two genders (male vs female) in
BAP results. The small size of our datasets and imbalanced distribution of genders restricted our
ability to draw reliable conclusions for gender differences.

It is worth mentioning that Root Mean Square Error (RMSE) is usually higher than Mean Ab-
solute Error (MAE) (though not way higher) in our experiments although they are both in years,
and that is because of the sensitivity of the Mean Squared Error (MSE) metric (and consequently
RMSE) to outliers which do exist in both datasets as the younger subjects (< 40) may be consid-

ered as outliers within the training data by models given the age distribution.

51



BAP on Dataset-1 BAP on Dataset-2
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Figure 4.2: Brain Age Prediction Plots of The Selected Baseline Model (XGBoost) on Test Sets of Dataset-
1 and Dataset-2. The plots depict Predicted Age vs Chronological Age when the model is fed by Diffusivity
Parameters, and their concatenation (FA+AD+MD+RD) at the bottom row. The plots on the left column
are for Dataset-1 and on the right column for Dataset-2. While the plots vary for different parameters,
they have two things in common, overestimation of age for younger subjects and underestimation for older
subjects, a known issue in the literature as mentioned in Section 2.3, which we will address by our proposed
methodology in Section 4.4.3.
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The error analysis of our results leads to the fundamental challenge in interpreting the results of
BAP using ML/DL methods as we framed in our "Research Question-3" which is repeated below:

Should a researcher interpret ML/DL model’s error in BAP as Delta, i.e., an indication of
an actual unhealthy brain aging, or the model’s poor performance, and how can one distinguish
the two possibilities methodically?

To address the above question and challenge, we identify these so-called outliers with high
MAE and call them "Hard Subjects". We perform specific error analysis on "Hard Subjects"
and we further investigate whether we can gain any insights from their high MAE by comparing
them with the set of "Anomalies" obtained by our Unsupervised Learning methods. Due to the
novelty and importance of this methodology, we assign a separate section to describe it and dis-
cuss its results (see Section 4.4.3). The sensitivity of this challenge is even more for middle-age
group (40 — 60) with fewer samples which also have higher MAE more often. They might be
relatively more prone to unhealthy aging and the negative impacts and early onset and symptoms
of neurological conditions.

Another challenge is that not only is our data skewed with respect to age groups, but also the
data is skewed within each age group as well. For age less than 40 it is left-skewed, i.e., more
samples are in 18 — 23 age range than 23 — 40, and for "over-60", also left-skewed with more
density in 60 — 67 range (full-range of "over-60" is 60 — 79). This skewness makes the training
process for ML/DL models even harder. Thus, interpreting the results and error analysis should
be done with caution and we should take into account that the errors might be due to imbalanced
datasets with respect to gender and age groups, as well as the small size of datasets.

Since we focus on model selection in this section, we leave the differences in the results of Dif-
fusivity Parameters and their concatenation to the following section which addresses our "Research
Question-2". However, it is worth noting that the concatenation of four parameters seems to serve
the prediction task at least for Dataset-1. This concatenation has a price which is higher dimen-

sionality and exponentially increased runtime of experiments if dimensionality reduction methods
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are not used. We discuss the impacts of dimensionality reduction in detail in the following Sec-
tion 4.1.2.

To make our results more generalized and less impacted by overfitting, we have reported the
average of multiple runs of 5-fold Cross Validation for each model, but it is worth noting that we
have obtained MAE scores as low as 3 years in some iterations of our experiments. Moreover, for
certain age groups (over 40 and over 60) our average MAE scores are in the range of 4 — 5.5 years
(see Section 4.3).

We argue that the novelty of our study has an important aspect. To the best of our investigation
in the literature, we have not found any studies that use DTI measures (Diffusivity Parameters)
individually and specifically for BAP. Related studies have used DTI combined with other modal-
ities for BAP [1, 3], and there are also studies that have investigated the changes in White Matter
(WM) tracts in aging brain over life span [2,25]. As stated in our "Research Question-1" in Sec-
tion 1.2.1, our concentration in this study is to check whether DTT as a single modality can be used
for BAP. The significance of DTI data and specifically DTI Diffusivity Parameters is that they
reflect microstructural changes of WM tracts in aging brain.

Based on the results of our baseline models, we conclude that the answer to our "Research
Question-1" is positive. We will investigate further and address multiple additional research ques-

tions in the following sections.

4.1.1 Impacts of Scaling

As mentioned in Section 3.1.4, standardization and normalization of DTI data should take into
account multiple considerations as we do in our preprocessing methods. We have investigated the
impacts of standardization and normalization (broadly referred to as "scaling" in this document) of
DTI measures on the BAP results.

In summary, we found that Diffusivity Parameters (and especially FA) are highly sensitive to
scaling. This sensitivity has both positive and negative impacts on the results as follows. When

training SVR and NN models after dimensionality reduction with PCA applied on FA scans, scal-
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ing significantly improve the results. On the other hand, scaling often hurt the results when AD,
MD, and RD are used. Thus, the results of SVR and NN models are obtained "without scaling"
AD, MD, and RD values after dimensionality reduction and "with scaling" for FA as model’s error
would be too high otherwise. Ridge results are hurt with scaling for all four parameters as well as
their concatenation, so Ridge results are reported without scaling.

On the other hand, when training XGBoost models after PCA, scaling did not significantly
impact the results in any way (sometimes slightly hurts, sometimes slightly improves, which might
be due to just randomness). So the results of XGBoost models are obtained without scaling the data
after dimensionality reduction. This insensitivity to scaling is another advantage for XGBoost.

We also found that normalization to [0 — 1] range is better than standardization. This could be
due to the fact that normalization does not distort the distribution of Diffusivity Parameters’ values
and just scales it while preserving the original distribution. Since AD, MD and RD values range
from negative to positive values, we expected that scaling to [—1.0 — +1.0] might be a better choice
than [0.0 — 1.0] range, but it turned out that [0.0 — 1.0] is actually better.

We investigated why FA is more sensitive to scaling after PCA. Figure 4.3 sheds some light on
this observation. As can be seen in the distribution plots, AD, MD, and RD values range and scale
are almost preserved while FA values significantly change after PCA (from [0.0 — 1.0] range to
[—26.88 — 30.41]), and this could be the reason as to why FA should be scaled after PCA for some
models whereas other parameters do not require scaling even after PCA. Compare these plots with
Figure 3.1 which shows the distributions before applying PCA.

The impact of FA scaling or lack thereof is more noticeable when it is concatenated with other
parameters when their differently-scaled values are mixed.

In conclusion, we recommend that each parameter should go through suitably selected and
tuned preprocessing steps which are also aligned with the used models. We found that applying

the same preprocessing steps on Diffusivity Parameters would negatively impact the BAP results.
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Figure 4.3: Distribution of Diffusivity Parameters (FA, AD, MD, RD) values after PCA in Dataset-1. PCA
is performed with a linear kernel while preserving 0.99 of variance. Compare these plots with Figure 3.1
which shows the distributions before applying PCA.
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4.1.2 Impacts of Dimensionality Reduction

We use Dimensionality Reduction methods (linear PCA and kPCA with non-linear kernels
RBF and Sigmoid) for two purposes, to reduce training time, and to boost BAP model’s perfor-
mance. We found that both goals are served using PCA and kPCA applied on DTI Diffusivity
Parameters.

Recall from Section 3.1.2 that each sample of DTI scans has the dimensionality of (1, 121, 157, 80)
for a single parameter and (4, 121, 157, 80) for concatenation of four parameters, and hence, when
they are flattened to be fed to ML models, the feature space has the dimensionality of 1,519, 760
for a single parameter and 6,079, 040 for concatenation. This means that the model has to ad-
just about 1.5M trainable parameters when working with each of FA, AD, MD, or RD and 6/
trainable parameters working with their concatenation.

We found that dimensionality reduction reduces BAP models’ training time severely and expo-
nentially. While training and cross validation of baseline models with a single diffusivity parameter
as training data on High Performance Computing (HPC) processors with high-memory capacity
and GPU-Accelerated capability take up to several hours, training them after PCA takes only a
few minutes. Moreover, MAE results are usually lower, or at least are very similar to the results
without dimensionality reduction. The effect of dimensionality reduction is even more significant
when combination of Diffusivity Parameters are used as training data.

We also found that non-linear kernel PCA (kPCA) sometimes works better than linear PCA,
and hence kPCA needs hyperparameter tuning as well. We used RBF and Sigmoid kernels, and
we tuned their gamma and number of principal components hyperparameters. While we report the
results of baseline models with linear PCA by preserving 0.99 variance for consistency as well as
minimizing information loss, we use both PCA and kPCA and tune them for the best results of the
following sections. Using 0.99 preserved variance in PCA yields 290 features after dimensionality
reduction for Dataset-1 and 90 features for Dataset-2 (close to their number of samples).

Figure 4.4 shows how many principal components are required to preserve 0.99 variance ra-

tio. This requirement is important to minimize information loss (reconstruction error). The plots
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also show that Diffusivity Parameters are quite similar in terms of required number of principal
components to preserve variance ratio. The numbers for both datasets show how significant the
dimensionality reduction is, which in turn indicates the data is so sparse that with a minimized
information loss, its dimensionality can be reduced from approximately 1.5M/ to 290 for Dataset-1
and 90 for Dataset-2.

Interestingly, we noticed that FA is more sensitive to PCA and kPCA tuning than other param-
eters just like it is more sensitive to scaling.

The other advantage of dimensionality reduction is that we can project the DTI feature space

in 2D as we do in Section 4.4.1 to gain more insights about the feature space and its implications.

4.2 Feature Selection: Which Diffusivity Parameter is Better?

In this section, we design and perform experiments to answer our feature selection "Research
Question-2" as stated in Section 1.2.2. The more verbose and complete phrasing of the title of
this section is: Which of the four Diffusivity Parameters or which combination(s) of them would
be better for BAP? In other words, our research question is not merely which parameter would be
better for BAP. The question should also take into account which combination(s) of parameters
might be better for BAP, and that is what we will investigate by a combination analysis over all
Diffusivity Parameters. Recall from Section 2.2 that Diffusivity Parameters differ in the aging
brain over life span [21,25], and hence they may reflect microstructural changes in White Matter
(WM) differently. Therefore, each parameter may have the potential to contribute to BAP problem.

The winning model of the competition which is XGBoost goes through the next round of
training and evaluation on all possible combinations of (FA, AD, MD, RD) scans in addition to
training and evaluation on individual (FA, AD, MD, RD) scans, as follows:

(i) one combination concatenating all four parameters (FA+AD+MD+RD),

(g) four combinations of three selected parameters like (FA+AD+MD, FA+MD+RD, ...),
(3) six combinations of two selected parameters like (FA+AD, FA+RD, ...),
4
(1)

four individual diffusivity parameters (FA, AD, MD, RD).
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Explained Variance Ratio Plots of FA, AD, MD, RD
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Figure 4.4: Explained Variance Ratio Plots of FA, AD, MD, RD. (a) Dataset-1. (b) Dataset-2. The plots
show how many principal components are required to preserve a certain variance ratio. As we aim to
preserve 0.99 of variance after dimensionality reduction to minimize information loss, Dataset-1 needs
roughly 290 principal components, and Dataset-2 requires about 90 principal components, close to their
sample size, to minimize information loss. The plots also show that Diffusivity Parameters are quite similar
in terms of required number of principal components to preserve variance ratio.

59



By this thorough investigation and full combination analysis, we are able to address "Research
Question-2" as specified in Section 1.2.2 by identifying which diffusivity parameter or which com-
bination(s) of diffusivity parameters would be a better choice for Brain Age Prediction (BAP) as a
regression problem in a supervised learning manner. As stated above, the main justification for this
combination-based analysis is that each of the diffusivity measures (FA, AD, MD, RD) captures
the microstructural characteristics of the White Matter differently (see Section 2.1), and hence
each parameter may contribute separately or in combination and correlation with features obtained
from other parameters for brain age prediction. Research has shown that combinations of (FA, AD,
MD, RD) may improve the results of DTI analysis because each diffusion measure shows different
changes in aging brain microstructure [21,25]. Thus, a thorough analysis is required as we do here
to make conclusions about "Research Question-2" as specified in Section 1.2.2.

The full results of the combination analysis to address "Research Question-2" are provided in

Table 4.3, Table 4.4 and Table 4.5.

Table 4.3: BAP MAE Results of Combination Analysis - Single Parameters

FA AD MD RD
Dataset-1 | 6.74 | 7.21 | 7.43 | 7.14
Dataset-2 | 10.58 | 8.71 | 8.48 | 8.84

Table 4.4: BAP MAE Results of Combination Analysis - Two Parameters

FA+AD FA+MD FA+RD AD+MD AD+RD MD+RD
Dataset-1 6.76 6.74 7.18 7.53 6.59 7.26
Dataset-2 | 10.47 11.39 14.43 9.27 7.59 9.63

Table 4.5: BAP MAE Results of Combination Analysis - Three and Four Parameters

FA+AD+MD FA+AD+RD FA+MD+RD AD+MD+RD FA+AD+MD+RD
| Dataset-1 | 7.00 | 697 | 723 | 73l | 6.81 |
| Dataset-2 | 1053 | 1032 | 1132 | 1076 | 11.21 |
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Concatenated AD+RD outperforms all other combinations of Diffusivity Parameters for both
datasets. Interestingly, the difference in MAE of the two datasets for AD+RD is only one year.
Getting close and consistent BAP results for both datasets reinforces our conclusion. In addition
to combination analysis, we observed that the feature selection of AD+RD data is scalable and
consistent. When we pool both datasets together, AD+RD is also the winning combination with
very close results to each dataset individually.

Please note that the results of the combination analysis are provided in three tables due to the
page-width-limitation, but the three tables should be considered as one table, and that is why there
are bold numbers in Table 4.4 only, because the bold numbers of Table 4.4 apply to all three tables,
meaning AD+RD is the best combination across all combinations in the three tables.

AD and RD are the best single parameters among the four Diffusivity Parameters considering
the results of both datasets, so it makes sense that the combination of them is the winner as their
total predictive power is the superposition of each parameter’s contribution in BAP. RD increases
in WM with Demyelination and Axonal degeneration which may happen in the aging brain [11],
so that may explain its success with BAP. FA alone also seems a good choice, and MD ranks fourth
as it is mostly redundant with AD and RD, aligned with the findings of other recent studies [25].

Another interesting observation of the results is that the combination of AD+RD used for train-
ing models outperforms AD and RD when they are used individually. While the results in Ta-
ble 4.3 and Table 4.4 are aggregated results of repeated iterations of 5-fold cross validation, it is
worth noting that the best MAE result across all experiments and iterations of CV is 3.88 years for
Dataset-2 (n = 94) which is obtained with AD alone, reduced by kPCA (kernel=RBF, number of
components=10, gamma=0.05) followed by RD which is the second best choice when it is used
individually. This shows the significance of AD in Brain Age Prediction along with RD.

Performing BAP with 2D feature space of AD+RD (PCA using only two principal components
of reduced AD+RD) gives MAE results that are very close (and in some iterations lower) to PCA
with 0.99 preserved variance, meaning with AD+RD a dimensionality of 2 is sufficient (and in

some iterations better) for BAP using our selected models. Figure 3.5 may explain the reason for
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these results, as the plot shows that by preserving only 0.2 of variance, MAE results are comparable
and remain fairly stable as the variance ratio increases to 0.99. The plot is generated by training
and testing the BAP model on AD+RD features as the winning combination.

On the other hand, FA, when it is used alone and not in combination with other parameters,
seems to be a good choice; however, we found that the results of FA often varies and as mentioned
in earlier sections, it is highly sensitive to preprocessing steps.

The impact of feature selection and a good choice on FA, AD, MD, RD is higher on Dataset-2
than Dataset-1. We argue that with fewer samples, it becomes more important to pick the best
combination of Diffusivity Parameters. This might be due to the reduced ratio of samples over
dimensions for smaller datasets. For high dimensional datasets with few samples like the datasets
we use in our study, our results and analysis provide good insights for feature selection and making
the best choices on Diffusivity Parameters.

Another implication of our feature selection is dimensionality reduction. Concatenating four
parameters is computationally expensive and an effective feature selection strategy can avoid work-
ing with huge tensors in training, evaluation, and inference of BAP models.

Finally, our finding on AD+RD’s good performance indicates that both radial and axial dif-
fusivity are important and should be taken into account in BAP using DTI. This means that the
combination of all three eigenvalues (A1, A2, A3) corresponding to the eigenvectors of the diffusiv-
ity tensor, may contribute to BAP (see Equation (2.4), Equation (2.5), and Figure 2.1). On the other
hand, FA’s individual good performance (with caution on its sensitivity to preprocessing steps) in-
dicates that if proper preprocessing steps are taken, patterns of changes in WM tracts as measured

by Fractional Anisotropy may also contribute to prediction.

4.3 Age-Group Analysis and Systematic Bias

In this section, we focus on the results with respect to the differences among three age groups
as follows.

- Group-1: Subjects with chronological age less than 40 years old.
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- Group-2: Subjects with chronological age equal to or greater than 40 and less than 60.

- Group-3: Subjects with chronological age equal to or greater than 60.

We want to further investigate the differences in our models’ performance in three age groups
as can be seen in Figure 4.2, and to address the "Systematic Bias" as mentioned in Section 2.3.
This investigation can help us better understand our models’ behavior and may potentially improve
their performance by identifying the root cause of their poor performance in certain age groups
(particularly overestimation of younger subjects and underestimation of older subjects).

There are two main differences in models’ performance with respect to age groups. The first
difference is that the models generally perform better for older subjects (60+) whereas perform
particularly poorly on younger subjects (<40). The second difference in the results is that the
models generally overestimate the age for younger subjects (<40) while underestimate the age for
older subjects (60+). As mentioned in Section 2.3, this is known in the literature as "Systematic
Bias" [15, 16]. As mentioned earlier, these differences might be due to skewness of the datasets
which are biased towards older subjects (60+) as can be seen in the age histograms and pie charts
(See Figure 3.2 and Figure 3.3). However, we perform the following series of experiments to get
to the bottom of these differences.

The first experiment we do is filtering out Group-1 subjects (<40) and train the model on Group-
2 and Group-3 using the combination AD+RD and selected baseline model to see if this change
makes any difference in the model’s performance. The BAP plot of this experiment is provided in
Figure 4.5. The MAE drops by an average of 2 years (4.5 years for Dataset-1 and 5.5 for Dataset-2)
as aresult of filtering out Group-1 which is not surprising because the highest errors in the complete
datasets were for Group-1. However, both plots clearly show overestimation of age for younger
(in this case middle-aged) subjects and underestimation for older subjects, the "Systematic Bias"
as mentioned in Section 2.3 [15, 16]. Moreover, as can be seen in the plots, there are a couple of
data points in both datasets whose chronological age is in Group-2, while their predicted age is in

Group-3 (MAE > 20). One justification for this observation is that middle-aged subjects in Group-
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2 are as underrepresented in both datasets as younger subjects in Group-1. Another possibility is
that their DTT scans might have shown a higher age than what their actual chronological age is.

Those two possibilities refer us back to the challenge we identified in Section 4.1, and as stated
in our "Research Question-3", that implies further analysis is required to distinguish whether high
MAE is due to the model’s poor performance as a result of imbalanced dataset and/or "Systematic
Bias", or a correctly detected anomaly (unhealthy aging brain) by the model as recognized through
Neuroimaging scans.

We perform another experiment, this time using Group-1 only. The MAE for Group-1 is lower
than the pool of Group-2 and Group-3 (an average of 4.0 between the two datasets) despite the fact
that there are only a few samples for training the model. This is probably due to the narrower age
range. However, as the sample size of this experiment is too small, we do not make any conclusions
about Group-1 results specifically to comply with our Generalization principle.

Our next experiment is to check whether Diffusivity Parameters have the predictive power to
recognize age groups and age differences in DTI scans by multi-class classification of the three age
groups mentioned above, Group-1, Group-2, and Group-3. We trained and evaluated an XGBoost
classifier on RD scans and we got a balanced accuracy of 74%, with a weighted average precision
of 0.80 and recall score of 0.83. Binary classification of two age groups (50+,50—) yielded a
balanced accuracy of 92%, AUC score 0.96, precision and recall 0.93, and 0.92, respectively. These
results confirmed our hypothesis that Diffusivity Parameters indeed have the predictive power to
recognize the differences of age groups.

Next, we want to perform further analysis to gain more insights using "Unsupervised Learn-
ing" methods for projection of feature space, clustering of data samples, and anomaly detection
to check whether we can detect suspected anomalies more methodically to address "Research

Question-3".
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Predicted Age

Predicted Age

Figure 4.5: Predicted Age vs Chronological Age Plots of BAP using AD+RD for Age > 40. (a) Dataset-1
test set (n = 51). (b) Dataset-2 test set (n = 14). The highest error, (Delta > 20), in both datasets is for
two subject whose age is in range [40 — 50]. The MAE dropped by an average of 2 years (~ 4.5 years for
Dataset-1 and ~ 5.5 for Dataset-2) as a result of filtering out younger subjects (<40). Still, both plots clearly
show overestimation of age for younger (in this case middle-aged) subjects and underestimation for older
subjects, a known issue in the literature as mentioned in Section 2.3, which we will address by our proposed
methodology in Section 4.4.3.
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4.4 Unsupervised Learning Results

Our main Machine Learning task in this study, Brain Age Prediction (BAP) is a supervised
learning regression task. However, as mentioned in Section 3.3, Unsupervised Learning methods
can offer many advantages in different Machine Learning tasks including our study with small
datasets. Unsupervised Learning methods can work well with small datasets, and do not need
labeled data, unlike Supervised Learning methods like regression and classification that require
large amount of labeled training data. We can also use the whole data instead of splitting it to
train/test subsets in Unsupervised Learning.

As we will provide the results and discussions in the following subsections, it turns out that
Unsupervised Learning is indeed relevant and provides valuable insights for our Brain Age Predic-
tion (BAP) study. Interestingly, the results of our Unsupervised Learning converge and agree with
the results of Supervised Learning methods.

First, we begin with 2D projection of DTI data to check whether we can visually recognize any

patterns in the feature space.

4.4.1 2D Projection of Feature Space

As mentioned in Section 4.1.2, our experiments benefited from dimensionality reduction in two
ways: reducing training time exponentially, and boosting BAP results. In this section, we will use
PCA and kPCA again, this time for 2D projection of DTI data to investigate the existence of data
patterns in an unsupervised learning manner, and to observe the distribution of feature space in 2D.
Another motivation for this investigation was mentioned in the previous section as identification
of age groups.

Figure 4.6 shows the 2D projections of feature space for FA, AD, MD, and RD. We use PCA
with the first two principal components (z1, z2) and we train and project by two kernels: linear and
RBF (v = 0.02). (21, 22) are scaled to (—1, 1) to make the plots more aligned and comparable.

Each data point is colored with respect to its chronological age according to the provided colormap.
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The figure is for Dataset-1 only, to avoid repetition of plots as Dataset-2 plots are similar although
with fewer data points.

There are three interesting observations in these plots. First, data points seem to be in separate
clusters with respect to the age groups we presented in the previous Section 4.3, especially on
FA, AD and RD projections. Second, the plots show that there are outliers, data points with
different color (age) that are far from any density and/or groups, or data points that visibly have
a different color (age) from their neighbors. Third, by this dimensionality reduction technique
and 2D projection, we can encode the (reduced) brain (to be precise part of the brain, and to be
more precise White Matter) and represent it by just two numbers (21, z2), which are the first two
principal components of the PCA.

The following two numbers are the first two principal components of a reduced-dimensionality

sample (2D projected) FA scan in Dataset-1:

[0.1795, —0.0646]

As we will show later in this chapter, if we do an inverse transform of PCA on these two
numbers and map it on the brain, we can verify that the information loss as a consequence of
dimensionality reduction is minimized on the White Matter skeleton and would not negatively
affect BAP, and as far as Machine Learning and Deep Learning BAP models are concerned, the
information loss is negligible.

The non-linear kernel seems to work better on FA (as the age groups seem to be well separated)
while there is no noticeable difference between the linear kernel and RBF for other Diffusivity
Parameters. Recall that each data point on the plots of Figure 4.6 represents a subject’s DTI scan
reduced to 2D, a sample in the dataset, and the 2D projector (PCA) had no access to or information
about the labels, chronological age of the subjects. The 2D projection of DTI feature space suggests
that there might be clusters of age groups, as they can be seen in the plots based on the colormap.

Thus, we will train a clustering algorithm in the following subsection to investigate this possibility.
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Figure 4.6: 2D Projection of Diffusivity Parameters’ feature space using PCA: (a) FA (b) AD (c) MD (d)
RD. Colormap represents chronological age. Each data point represents a sample and (z1, z2) are principal
components after dimensionality reduction. The two principal components (z1, z2) are scaled to (—1,1).
The plot on the left shows projection using linear kernel and the plot on right is projection by RBF kernel
(v = 0.02).
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4.4.2 Results of Clustering

Our goal now is to find whether the clusters of similar data points, potentially the age groups,
which can be seen in the 2D projection (see Figure 4.6) can be recognized by unsupervised clus-
tering algorithms. We tried different algorithms, including K-Means, DBScan, and t-Distributed
Stochastic Neighbor Embedding (t-SNE) to no success for different reasons. While K-Means and
DBScan did not converge to any solution, t-SNE algorithm crashed on memory and CPU/GPU
errors even on High Performance Computing GPU-Accelerated hardware that we use for our ex-
periments. Following up on those experiments, we applied two generative models in a completely
unsupervised manner: Gaussian Mixture Model (GMM) and Bayesian Gaussian Mixture Model
(BGMM) which turned out to be successful applications. We argue that the success of GMM and
BGMM is probably due to the Gaussian distributions of water diffusion in the White Matter (see
Section 2.1), which make GMM and BGMM a good match.

The results of clustering are provided in Figure 4.7 and Figure 4.8. There are multiple ob-
servations that are worth discussing. First and foremost, clusters seem to match with age groups
as younger data points (represented by blue points on the lower edge of the colormap) fall into
clusters that are further from older subjects (shown by magenta on the other side of the colormap),
and middle-aged group almost fall in-between those two groups.

While the two algorithms GMM and BGMM converge to very similar results, it should be men-
tioned that the optimal number of clusters was determined by BGMM. When we set the desired
number of clusters to any number higher than three or four clusters (like 10), BGMM determined
that the optimal number is three (or four depending on the Diffusivity Parameters’ choice) and
assigned a zero score to all other clusters. Both algorithms are very robust in their results and
convergence across multiple runs and iterations, and they always detect similar clusters that can be
interpreted and recognized by a human user. The algorithms are specially powerful in recognizing
and well-separating the young group in all clustering models using different Diffusivity Parame-

ters. In other words, parameter choice does not negatively impact identification of age groups.
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Figure 4.7: Clustering by Bayesian GMM: (a) FA with 4 clusters (b) FA with 3 clusters (c) AD with 4
clusters. Left plots are 2D projections of FA and AD. Each data point represents a sample and (21, z2) are
principal components after dimensionality reduction. Colormap represents chronological age. Right plots
are clusters as recognized by Bayesian GMM algorithm. Cluster centroids are marked by white crosses on
small blue circles. Number of clusters was determined by Bayesian GMM in a completely Unsupervised
Learning manner. For FA, the algorithm determined n = 4 is a good number but we also plot with 3 clusters
to see the effect. For AD, we set n = 10 but the model determined that 4 is an optimal number of clusters
and assigned the scores of other clusters to zero.
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Clustering by Bayesian GMM (n=4)
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Figure 4.8: Clustering by Bayesian GMM: (a) MD with 4 clusters (b) RD with 3 clusters. Left plots are 2D
projections of MD and RD. Each data point represents a sample and (z1, z2) are principal components after
dimensionality reduction. Colormap represents chronological age. Right plots are clusters as recognized by
Bayesian GMM algorithm. Cluster centroids are marked by white crosses on small blue circles. Number of
clusters was determined by Bayesian GMM in a completely Unsupervised Learning manner.
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Before we make any further conclusions or assumptions about the identified clusters, we need
to do an intra-cluster analysis to check if the members of a cluster are actually similar in age and
hence can represent age groups. The results of our intra-cluster analysis is provided in Figure 4.9.

Intra-cluster chronological age distributions clearly show that the age groups are well-separated
by clustering, and more importantly, the optimal number of these groups was determined by the
algorithm itself. Clusters are generated by Gaussian Mixture Model (GMM) applied on FA scans
in an unsupervised learning manner with no access to ground truth. The three clusters are fairly
aligned with the age groups outlined in Section 4.3. The cluster of younger subjects, with a mean
of 28 years old of chronological age, are further separated from other two clusters with the mean
of 58 years and 68 years. In fact, all clustering models recognize this cluster better than the others.
This sensitivity in recognition of young cluster helps us later in data augmentation, as our orig-
inal datasets are not uniformly distributed, and we can use generated data to compensate for the
imbalanced distribution of age groups.

As mentioned in Section 3.3.1, the optimality of GMM models is determined by Akaike In-
formation Criterion (AIC) and Bayesian Information Criterion (BIC) scores. The lower the AIC
and BIC scores the better even with negative values. Clustering with FA and RD has the lowest
AIC and BIC. Moreover, fitting GMM with 2D-FA and RD has the lowest AIC and BIC scores,
meaning the dimensionality reduction actually helps clustering models. The results of GMM and
Bayesian GMM are again pretty similar.

Now that we have shown the applicability and relevance of clustering algorithms which were
trained in a completely Unsupervised Learning manner without access to the ground truth (chrono-
logical age of the subjects), we will provide further applications of these models by using them for
"Unsupervised Anomaly Detection" and generating new samples for "Data Augmentation", as they

are generative models that can generate new data.
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Unsupervised Clustering by Gaussian Mixture Model (GMM) on FA Data
Intra-Cluster Chronological Age Histograms and Boxplots
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Figure 4.9: Intra-Cluster Chronological Age Distribution: (a) Intra-Cluster Age Histograms. (b) Intra-
Cluster Age Boxplots. Clusters are generated by Gaussian Mixture Model (GMM) applied on FA scans in
an unsupervised learning manner with no access to ground truth. The three clusters are fairly aligned with
the age groups outlined in Section 4.3.
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4.4.3 Results of UAD and Our Proposed Methodology

Our next objective is using our clustering models to identify outliers, also known as anomalies.
As mentioned in Section 3.3.3, this process of detecting abnormal instances in an Unsupervised
Learning manner is called "Unsupervised Anomaly Detection (UAD)". Although a different form
of UAD has been used in the brain MRI literature in the past [59], it is not used yet with regard
to BAP to the best of our investigation, and we employ it in a novel way for the first time in the
context of BAP.

UAD is an Unsupervised Learning method because labels (chronological age) of subjects are
not used in training the models. UAD is particularly suitable for small datasets unlike the Brain
Age Prediction (BAP) regression task that requires large amount of labeled training data. As
proposed in Section 3.3.3, our methodology to combine UAD and BAP is performed in three steps

as follows.

Step-1: UAD

After training GMM, we compute the log-likelihood of each sample, and we refer to it as
"density" estimate. Any instance located in a low-density region is considered an "anomaly".

We need to define what density threshold we want to use for anomaly detection. Setting the
density threshold determines what ratio of anomalies will be detected. For example, if we know
that typically 5% of subjects have abnormal characteristics in their brain aging, we would set the
density threshold to a value that yields roughly 5% of the population of subjects, meaning 5% of
the instances located in areas below that density threshold. We may get too many false positives
(i.e., healthy subjects that are flagged as abnormal), so we may decide to lower the threshold. On
the other hand, if we get too many false negatives (i.e., unhealthy subjects that our model does
not flag as anomaly), we can simply increase the density threshold. This is typically referred to
as "Precision-Recall" trade-off in Machine Learning. Since we are not certain what percentage
of population may have unhealthy brain aging, we set the threshold to give us roughly 10% of
our dataset size as anomalies. Applying this rationale on Dataset-1 (n = 298) would give us 30

anomalies.
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Step-2: BAP

Next, we do a Supervised Learning BAP regression task with 10 full iterations of 5-fold Cross
Validation (CV) (50 times of training on train set and testing on unseen test set), and in each
iteration, we identify the subjects that give us high error (absolute Delta greater than 10), and
hence either positive or negative Delta (overestimation or underestimation of age) will be counted

as "Hard Subject" for the regression task. 64 unique subjects that appear in at least 5 iterations of

5-fold CV are listed.

Step-3: Intersection between Anomalies and Hard Subjects

We then get the intersection of this set of "Hard Subjects" that we got using Supervised Learn-
ing BAP method, and the set of "Anomalies" that we got using our Unsupervised Anomaly De-
tection. Interestingly, a third of the "Anomalies" set, end up being on the list of "Hard Subjects"
too with very high Delta. Of course, we could tune the density threshold of our UAD, as well as
the Delta threshold of BAP, and get a higher intersection ratio or "Abnormality Score" as defined
in Equation (3.22).

Further investigation by a field-expert neuroscientist professor at Colorado State University
(CSU), Dr. Agnieszka (Aga) Burzynska, revealed that five out of nine (56%) of the detected
anomalies’ scans showed large ventricles in their DTI scans to different degrees (large ventricles
indicate brain atrophy). There might be other factors involved, such as health conditions and
lifestyle including but not limited to, physical activity, history of chemotherapy, low education,
undiagnosed (prodromal) cognitive decline, long history of treated hypertension, and high BMI.
Thus, we need further investigation on the detected anomalies, and that is listed in Section 5.3 for
our future work.

The significance of the results of our proposed methodology is that it shows our Unsuper-
vised Learning method, UAD, and our Supervised Learning BAP models converge and agree
on the subjects with a gap between their chronological age and biological age, as measured
by their high Delta and confirmed by the field expert assessment. Moreover, we have addressed

""Research Question-3'" by providing a methodical way for the error analysis of our BAP models.
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Another interesting observation is that our UAD method also detects subjects whose brain
age 1s much younger than their chronological age. These are the subjects whose age is highly
underestimated by the BAP model. In one case, the chronological age of a subject identified as
"anomaly" is 61, while our model predicted their age as 45.5 years, and our expert’s assessment
was that their DTI scan looked really good. Although we are interested in identifying unhealthy
brain aging, as far as our unsupervised method is concerned, any outlier and severe deviation
from normality is considered as anomaly, and the model is capable of detecting it. We should
mention that the prevalence of underestimated BAP is way lower than overestimation, especially
for younger and middle-ages subjects whose age is often overestimated.

Our UAD analysis provides an effective method for detecting abnormal DTI scans with no
dependence on their chronological age labels. We argue that this is very important given the "Label
Inconsistency" of Brain Age Prediction (BAP) task. Chronological age labels are inconsistent
because they fail to represent the actual biological age of the brain for a significant portion of
population, and that is the main motivation to use the BAP in th first place.

However, our argument is that the current supervised methodology for BAP which relies on
chronological age labels is limited, insufficient, and biased. If a researcher wants to train the
models for BAP regression task to identify high Deltas as an indication/biomarker of unhealthy
brain aging or irregularities, they should ideally provide the model in supervised training with both
"Chronological Age" and "Biological Age" (estimated by brain experts through Neuroimaging or
other modalities and data analysis) so that the Machine Learning model can learn the differences
effectively.

This is a fundamental dilemma in the sense that to train the BAP regression models, we use
chronological age labels that are inconsistent themselves. At the minimum, we think that re-
searchers should provide the BAP regression model with an additional feature like a binary flag
(Healthy vs Unhealthy) so that the model can learn the differences better. Since in the common
practice and current methods that supplementary information is not provided to ML models, we ar-

gue that our proposed label-independent "Unsupervised Anomaly Detection" approach can supple-
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ment BAP by combining the results of the two methods as well as cross-examination and methodic

verification as described in our methodology.

4.4.4 Generative Models and Data Generation

As GMM and BGMM are generative models, we can use them to generate new samples. This
is especially important as our datasets are small, and we can use generated data for augmentation of
training data to improve our Supervised Learning models. Figure 4.10 shows the age distribution of
1000 generated samples by GMM. Data generation and GMM training on RD data were performed
completely unsupervised with no access to labels (ground truth). The labels of new generated
samples were assigned using a trained Random Forest model which was trained on Dataset-1
(n = 298) RD scans. Then, the generated samples and their assigned labels were used for Data
Augmentation of Dataset-1 (1000 4 298) and Transfer Learning on Dataset-2 (n = 94). We will
discuss Transfer Learning further in the following Section 4.5.1.

To further clarify, we can perform data generation in two ways. We can use data generation
with a generative model that has been trained on the data with the original dimensionality (no
dimensionality reduction), or we can generate new samples with a generative model that has been
trained on the data with the reduced dimensionality (e.g., 2D). In the latter case, we can use inverse
transform of the PCA or kPCA model that was used to reduce the dimensionality of the training
data of the generative model, and transform the new samples to the original dimensions of the
dataset. Of course, if we use the latter way, there will be some information loss proportionate to

the preserved variance ratio of the PCA/kPCA.

4.5 Deep Learning Results

Next, we train and evaluate Deep Learning (DL) models (CNN and DNN) to check whether
they can achieve our benchmark results, and to address our "Research Question-4" as specified
in Section 1.2.4. As mentioned in Section 2.2, there have been some studies that show CNNs

performs similarly on DTI data compared to traditional ML algorithms like SVR or Ridge regres-
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Age Distribution of 1000 Generated Samples by GMM
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Figure 4.10: Age Distribution of 1000 Generated Samples by Gaussian Mixture Model. Data generation
and GMM training on RD data were performed completely unsupervised with no access to ground truth. The
labels of new generated samples were assigned using a trained Random Forest model which was trained on
Dataset-1 (n = 298) RD scans. These generated samples were used for Data Augmentation and Transfer

Learning on Dataset-2 (n = 94).
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sion [3,30]. However, since we use a rather different modality (skeletonized Diffusivity Param-
eters), we do not make any prior assumptions about the performance of our DL models and we
perform a thorough investigation on the effectiveness of DL models applied on DTI data for BAP.

The architecture of Deep Neural Network (DNN) that we train and evaluate is provided in Fig-
ure 4.11. This symmetric architecture with four hidden layers resembles a stacked autoencoder as
we can change the number of outputs to the dimensionality of the feature space, and then train the
model to replicate itself (same features and targets). Since we have a bottleneck (10 neurons) in the
middle, we can use it for non-linear dimensionality reduction (listed as future work in Section 5.3).
We also train this DNN for BAP.

We fine-tuned the DNN and CNN hyperparameters and tried various settings on learning rate
policies, optimizer, and initialization strategies. The best optimizer was Adam with a constant
learning rate of 0.001. We used early stopping and dropout for regularization to avoid overfitting
as other regularizes such as /1 and [2 as well as batch normalization did not work well.

We tried different architectures of 3D CNN for our Brain Age Prediction (BAP) task to no
success, including the architecture explained in [34] which is a deep architecture with restriction
on predictions. We noticed that simpler and shallower architectures work better with our data, and
the best architecture for our task turned out to be VGG based on our experiments. However, we
had to modify classic VGG architecture to deal with our high-dimensional data, so we added an
inception module in the beginning with (1x1x1) filters for dimensionality reduction. Two VGG
architectures that we use are provided in Figure 4.12 and Figure 4.13, respectively. The difference
between the two is the number of VGG blocks.

The results of DNN and CNN models for Dataset-1 are provided in Table 4.6. The training
of DNN and CNN was problematic and did not converge well due to few training samples, so
we report accordingly (we use Dataset-2 for transfer learning, though). We used the same model
evaluation and selection protocol that we applied on our baseline models. While the results of
Deep Learning models are not promising, they come close to the baseline models, especially with

RD and AD.
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input: | [(None, 1, 121, 157, 80)]
InputLayer
output: | [(None, 1, 121, 157, 80)]
input: | (None, 1, 121, 157, 80)
Flatten
output: (None, 1519760)
Y
input: | (None, 1519760)
Dense | relu
output: (None, 100)
input: | (None, 100)
Dense | relu
output: | (None, 10)
input: | (None, 10)
Dropout
output: | (None, 10)
input: (None, 10)
Dense | relu
output: | (None, 100)
input: | (None, 100)
Dropout
output: | (None, 100)
_ input: | (None, 100)
Dense | linear
output: (None, 1)

Figure 4.11: Architecture of the DNN (MLP Regressor) with four hidden layers for BAP task. The sym-
metric architecture of our DNN resembles the architecture of a stacked autoencoder that, with slight modi-
fications, can be used for non-linear dimensionality reduction (latent space representation).
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input_1 input: | [(None, 1, 121, 157, 80)]
InputLayer | output: | [(None, 1, 121, 157, 80)]

Y
inception input: | (None, 1, 121, 157, 80)

Conv3D | relu | output: | (None, 1, 121, 157, 10)

Y
pool input: | (None, 1, 121, 157, 10)

MaxPooling3D | output: (None, 1, 60, 78, 5)

Y
blockl convl input: (None, 1, 60, 78, 5)

Conv3D | relu | output: | (None, 16, 60, 78, 5)

Y
blockl pool input: | (None, 16, 60, 78, 5)

MaxPooling3D | output: | (None, 16, 30, 39, 2)

Y
dropout | input: | (None, 16, 30, 39, 2)

Dropout | output: | (None, 16, 30, 39, 2)

Y
flatten | input: | (None, 16, 30, 39, 2)

Flatten | output: (None, 37440)

Y
dense input: | (None, 37440)

Dense | relu | output: (None, 16)

Y
dropout_1 | input: | (None, 16)

Dropout | output: | (None, 16)

dense 1 input: | (None, 16)

Dense | linear | output: | (None, 1)

Figure 4.12: Architecture of 3D-CNN VGG-1 for BAP task, with one inception module in the beginning fol-
lowed by MaxPooling3D for dimensionality reduction, and one VGG convolutional block with two Conv3D
layers followed by a MaxPooling3D layer, followed by a Fully Connected (FC) layer before the final output
of regression.
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input_1 input: | [(None, 1, 121, 157, 80)]
InputLayer | output: | [(None, 1, 121, 157, 80)]

inception input: | (None, 1, 121, 157, 80)
Conv3D | relu | output: | (None, 1, 121, 157, 10)

l

blockl convl input: | (None, 1, 121, 157, 10)
Conv3D | relu | output: | (None, 8, 121, 157, 10)

blockl conv2 input: | (None, 8, 121, 157, 10)
Conv3D | relu | output: | (None, 8, 121, 157, 10)

l

blockl_pool input: | (None, 8, 121, 157, 10)
MaxPooling3D | output: (None, 8, 60, 78, 5)

dropout | input: | (None, 8, 60, 78, 5)
Dropout | output: | (None, 8, 60, 78, 5)

l

block2_conv2 input: (None, 8, 60, 78, 5)
Conv3D | relu | output: | (None, 16, 60, 78, 5)

l

block2 conv3 input: | (None, 16, 60, 78, 5)
Conv3D | relu | output: | (None, 16, 60, 78, 5)

l

block2_pool input: | (Nomne, 16, 60, 78, 5)
MaxPooling3D | output: | (None, 16, 30, 39, 2)

l

dropout_1 | input: | (None, 16, 30, 39, 2)
Dropout | output: | (None, 16, 30, 39, 2)

l

flatten | input: | (None, 16, 30, 39, 2)
Flatten | output: (None, 37440)

l

dense input: | (None, 37440)
Dense | relu | output: (None, 16)

l

dropout_2 | input: | (None, 16)

Dropout | output: | (None, 16)

l

dense 1 input: | (None, 16)

Dense | relu | output: | (None, 8)

l

dropout_3 | input: [ (None, 8)

Dropout | output: | (None, 8)

l

dense 2 input: | (None, 8)

Dense l linear | output: | (None, 1)

Figure 4.13: Architecture of 3D-CNN VGG-2 for BAP task, with one inception module in the beginning
for dimensionality reduction, and two VGG convolutional blocks, each of which with two Conv3D layers
followed by MaxPooling3D layer, followed by two Fully Connected (FC) layers before the final output of
regression.
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We argue that the under-performance of the DL methods has two main reasons: first, insuffi-
cient training data due to small size of our datasets, and second, the feature space and the sparsity
of voxel-wise value distributions of Diffusivity Parameters (DP) which is not a good fit especially
for CNN. As shown in Figure 3.1, the data modality that we work with is very different from struc-
tural MRI images that are the most relevant and successful applications of CNNs. Generalization

of this argument needs further verification with larger DTI datasets.

Table 4.6: Results of Deep Learning Models on Dataset-1

FA' AD MD RD ALL
| DNN | 1473 | 8.82 | 9.91 | 8.52 | 891 |
| CNN VGG-1 | 13.50 | 9.65 | 12.23 | 8.96 | 11.32 |
| CNN VGG-2 | 17.95 | 12.85 | 14.10 | 11.43 | 12.27 |

Cross Validation MAE of Test Sets

4.5.1 Results of Data Augmentation and Transfer Learning

Since using DTTI as a single modality for BAP is a novel approach, there are not many similar
datasets or pretrained models available for transfer learning to the best of our investigation and
research. Also, commonly used data augmentation techniques that are applicable on images for
computer vision tasks (such as affine transformations) or using pretrained weights of the models
trained on ImageNet did not yield good results due to lack of similarity of the tasks and data
structures. Thus, we use the generated data by GMM (see Section 4.4.4) for data augmentation of
training set as Deep Learning models are data hungry and our datasets are small. To investigate
whether transfer learning is applicable in this problem we do an experiment once with Dataset-
1 (n = 298), and once with augmented Dataset-1 (n = 1000 + 298) as training, and Dataset-2
(n = 94) as test set. We train our DNN and CNN (VGG-1) on Dataset-1 and evaluate it on Dataset-
2 with similar experimental settings for evaluation as before (repeated 5-fold CV) . Without data

augmentation, MAE is approximately 16 years whereas with data augmentation MAE drops by
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5 years to approximately 11 years. This means that we freeze all layers of the trained model on
Dataset-1 when we apply it on Dataset-2. RD is the best parameter for transfer learning from
Dataset-1 to Dataset-2. This is promising as we often need to apply our pretrained models on new
data. Dataset-2 in particular is a more recent research with an ongoing data acquisition process, so

this method of transfer learning is applicable and relevant.

4.6 Brain Maps and Explainability

We started this chapter with an emphasis on our commitment to two major principles in Ma-
chine Learning, Generalization and Explainability. To explain how our BAP models make their
decisions and to address our last research question, "Research Question-5" as specified in Sec-
tion 1.2.5, we create brain maps that show the relevant areas on the standard brain to which the
models are sensitive. These techniques are used in the literature for visualization of the results as
well as explainability and interpretability of the models [16,28,60,61].

The first brain map is Figure 4.14 which shows the feature importance of random forest regres-

sion model for BAP applied on the standard brain using FSL software.

Figure 4.14: Brain Map of Feature Importance of Random Forests Trained on FA scans with no dimen-
sionality reduction. The green skeleton is the mean FA skeleton (the mean of all FA scans of Dataset-1)
overlayed on the standard brain (Imm). The red dots are voxel-wise feature importance as obtained by the
reduction of impurity in training Random Forest model for BAP. The FA skeleton and the feature importance
map have been slightly thickened by the linear interpolation of FSL to better visualize the distribution of
feature importance across the skeleton.
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The process of creating the feature importance map is as follows.

We train a random forest regressor on FA scans with no dimensionality reduction (training takes
hours on AWS GPU-accelerated instances). This is because our goal is to visualize all regions on
the brain which may potentially contribute to Brain Age Prediction. Feature importance scores are
calculated as a measure of the relative importance of each feature by estimating the average amount
of impurity reduction for the tree nodes that utilize that feature across all trees in the random forest.
In other words, the importance of a feature is computed as the normalized amount of reduction of
the impurity provided by that feature (see Equation (3.14)). The feature importance scores of a
trained random forest typically end up being a sparse matrix with so many identical values and/or
zeros, which makes it difficult to visualize on the maps. Hence, it is of utmost importance to
fine-tune the model and train the model efficiently; otherwise, the ratio of feature importance
scores with non-zero values would be too small to show. The other techniques include permutation
importance which is computationally more expensive and make take days to be computed for high-
dimensional data. Permutation importance is performed by randomly shuffling each feature and
evaluating the drop in model’s performance. In our case, we were able to calculate the matrix
of feature importance scores by a thorough grid search on hyperparameters and then training the
random forest model on FA data.

Once the feature importance scores are computed, we do an inverse process of masking on
the array by padding to convert it back to its original dimensionality because, as mentioned in
Section 3.1.5, the array of scans are masked as a preprocessing step, and if we do not transform
them back to their original dimensions, they would not be aligned with the standard brain. Next,
we convert the array to a Nifti * image and overlay it on the standard brain (1mm) as well as the
mean FA skeleton (the mean of all FA scans in Dataset-1) in FSL software, and then tuning the
projection parameters to highlight the areas on the brain that model uses to make its decisions.
As can be seen in Figure 4.14, the whole skeleton of White Matter is recognized by the model as

important, with a higher importance for "corpus callosum". This is aligned with the literature in the

3Nifti is an abbreviation of Neuroimaging Informatics Technology Initiative. https://nifti.nimh.nih.gov/
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sense that "corpus callosum" microstructural changes (like thickness) over lifespan is associated
with brain aging [62].

The next set of maps show the magnitude of the mean weights of the neurons of the first layer
of our DNN model. Figure 4.15a and Figure 4.15b show two maps of the DNN’s mean weights
of the neurons of the first layer on the standard brain, when trained on RD scans and AD scans,
respectively, and Figure 4.15c shows the feature map of the 10 neurons of the first layer of DNN
when it is trained on AD. For better visualization, we inversed the order of the first layer and the
second layer of the network architecture depicted in Figure 4.11 with no significant drop in its
performance. The method to generate the map is similar to the one we used for random forest
feature importance, unmasking (by padding) and reshaping the weights array to the scans’ original
dimensionality, converting it to Nifti image, and overlaying it on the standard brain.

As can be seen on the both maps of AD and RD, the whole White Matter tract is important for
Brain Age Prediction. The corpus callosum is specially important as it is highlighted in both maps.
The main difference between DNN and random forest maps is that DNN’s map is less sparse, more
continuous, and more extended across the White Matter (WM) (skeleton).

We emphasize that for these particular experiments of getting the feature importance scores of
the Random Forest model and the DNN weights, we train the Random Forest and DNN on the data
with the original dimensionality, i.e., we do not perform dimensionality reduction before training
Random Forest and DNN for the purpose of this experiment.

The last map is provided in Figure 4.17 to visualize the impact of dimensionality reduction
by the PCA, and minimization of reconstruction loss. Figure 4.17a and Figure 4.17b show the
FA-mean and the reconstructed FA-mean, respectively. The reconstructed FA-mean is created
after inverse transform of PCA of all scans and taking the mean of them. Figure 4.17c shows the
reconstructed FA-mean and the original FA-mean in Python ecosystem where we perform all our
experiments.

Our goal in the last map is to visualize the impact of PCA and the information loss as a conse-

quence of dimensionality reduction and whether they might be important for Brain Age Prediction
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(b)

Feature Map of the First Layer of Neural Network (Non-Linear MLP Regressor)

A%

ThA N

(c)

Figure 4.15: Brain Maps of Deep Neural Network (DNN) Weights. (a) DNN’s weights of the first layer
when it is trained with RD data. The red and gray dots have higher magnitude of weights (see Figure 4.16
for better visualization). (b) DNN’s weights of the first layer when it is trained with AD data. The dark-red
areas like below corpus callosum have higher magnitude of weights. (¢c) DNN feature map of the 10 neurons
of the first layer when it is trained with AD. The red areas have higher magnitude of weights.
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Figure 4.16: The Zoomed-In Coronal-View of Figure 4.15a. This is to better visualize the DNN weights
with higher magnitudes, appearing as red and gray dots on the map.
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100

125

150

175

200

Figure 4.17: Reconstruction of FA Scans and the Impact of Dimensionality Reduction by PCA (linear
kernel). (a) Full three-view of the original FA-mean skeleton (mean of all FA scans in Dataset-1) before
PCA shown with the "hot-iso" red-to-yellow colormap. (b) Reconstructed FA-mean skeleton after inverse
transform of PCA for all scans and taking the mean of them. (c) Axial view of the FA-mean and the
reconstructed FA-mean in Python ecosystem. FA scans of Dataset-1 have been projected to 290 principal
components, followed by inverse transform of PCA for reconstruction. The map shows that the unsupervised
reconstruction loss has been minimized, as there is no noticeable difference between the FA-mean skeleton
and the reconstructed FA-mean skeleton. The loss is not noticeable even when the dimensionality is reduced
to only two principal components.
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as determined by our supervised models Random Forest and DNN. As can be seen, the recon-
structed FA-mean skeleton has exactly preserved all the White Matter (WM) tracts with the same
distribution.

Interestingly, if we reduce the dimensionality of Diffusivity Parameters to 2D, like the 2D
projection we did in this chapter to represent FA scans by just two principal components (z1, 22),
and then train GMM model on them to generate new samples out of the 2D distribution of data,
followed by an inverse transform of PCA on the new 2D samples, we can get brain maps that
look the same as the maps shown for the reconstruction after PCA with 0.99 variance. This is
aligned with our plot in Figure 3.5, in which we can observe that the impact of number of principal
components after 0.2, i.e., close to 2D projection, is relatively stable.

We would like to end this chapter by highlighting what we mentioned earlier in discussions of
Unsupervised Anomaly Detection (UAD) and its alignment with the supervised Brain Age Predic-
tion (BAP) results:

The significance of these results is that our Unsupervised Learning methods and our Super-

vised Learning methods consistently converge, agree and confirm each other.
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Chapter 5

Conclusions

In the previous chapters, we provided the details of our experiments, our results, our findings,
analytical discussions, implications of our results, the details of our methodology, as well as the
background and related work on the applications of Machine Learning (ML) and Deep Learning
(DL) in Neuroimaging, specifically Diffusion Tensor Imaging (DTI), for Brain Age Prediction
(BAP) to identify unhealthy brain aging early and efficiently for medical interventions and gaining
insights about the biomarkers that help the researches toward these goals. We framed five major
research questions as specified in Section 1.2, and we addressed the questions in detail and with
concrete evidence of our answers. In this chapter, we will review our key findings and conclusions
as well as the limitations of our study, and we will identify potential directions for future research

by ourselves and other researchers who have followed us in this dissertation thus far.

5.1 Summary of Findings

We list our key findings with regards to our five major research questions as outlined in Sec-
tion 1.2:

Research Question-1:

Through our research, we provided evidence that Diffusion Tensor Imaging (DTI) and its mea-
sures (scalars), Diffusivity Parameters, are a suitable quantitative modality of neuroimaging that
can be used for Brain Age Prediction (BAP) with promising results. This neuroimaging data
modality is predictable and explainable compared to other modalities that are more qualitative and
need extensive subjective descriptions and annotations like structural Magnetic Resonance Imag-
ing (MRI). As an evidence of its quantitative predictability, we refer to our finding on the cause for
FA’s sensitivity to preprocessing steps, which is due to its value distribution and the mathematical
impacts of preprocessing transformation on its values. These impacts can be methodically and

mathematically investigated and analyzed, as we did and made conclusions in this study.
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We have shown that Brain Age Prediction (BAP) using DTI provides promising results that are
comparable with state-of-the-art results of other modalities in the recent literature. The implica-
tion of this finding has two aspects: DTI can be used individually for BAP, in the absence of other
modalities, or it can be combined in multi-modal studies as our results show that DTI has predic-
tive power for BAP, even when it is used to train Machine Learning models in an Unsupervised
Learning manner.

Our results indicate that non-linear models and non-linear kernels generally outperform linear
models on both DTT datasets in our study, only with a couple of exceptions — good performance
of Ridge for FA specifically, and linear PCA for dimensionality reduction, although non-linear
kPCA also performs very well. We argue that this is an indication of the existence of non-linear
patterns that would be missed otherwise if linear models are solely used. Non-linear patterns in
White Matter data suggests non-linear and subtle microstructure changes in the brain as a result of
normal aging as well as other factors. We suggest combining the linear and non-linear models as
an ensemble to make the most out of different models’ applicability.

We found that ensemble methods outperform all linear and non-linear models including Deep
Learning models. Our results with applying ensemble methods on DTI data show that they are
scalable, reliable, and less sensitive to parameters and experimental settings. That said, researchers
should consider testing and applying other models that might be more suitable for their particular
problem with respect to "No Free Lunch Theorem" in Machine Learning.

Research Question-2:

We found that FA, AD, and RD are more useful in different Machine Learning tasks, both
supervised and unsupervised, although FA is more sensitive to preprocessing steps. We also found
that MD is less relevant in Brain Age Prediction, and that it is mostly redundant and provides less
information than other Diffusivity Parameters.

We have shown that AD+RD is the best combination for BAP regression task (Supervised
Learning) by our combination analysis. On the other hand, FA is a good parameter for Supervised

Learning when it is used individually and not in combination with other parameters with the same
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preprocessing transformations. We also found that FA is the best choice in Unsupervised Learning
tasks that we performed: dimensionality reduction, clustering and anomaly detection using DTI
data. We do not recommend discarding and ignoring FA for Unsupervised Learning tasks.

We found that FA needs scaling after Principal Component Analysis (PCA) while AD, MD,
and RD generally do not need to be standardized/normalized as scaling sometimes hurts the results
of the models that are trained on AD and RD data, while not scaling rarely hurts their results.

We found that in concatenating DTT scalars, they should be preprocessed separately and dif-
ferently. For example, if a researcher wants to combine the parameters, a good strategy could be
applying PCA and scaling FA, while applying PCA and not scaling AD, MD, and RD.

Research Question-3:

To answer this question methodically, we proposed, implemented and analyzed a methodol-
ogy to combine and compare the results of our Unsupervised Anomaly Detection (UAD) method
and our supervised Brain Age Prediction (BAP) models. We argue that our label-independent
UAD is very helpful because "Chronological Age" labels are inconsistent. We believe that the
"Inconsistency of Labels" in BAP as a regression problem in a Supervised Learning manner, as
well as the known "Systematic Bias" in the recent work of BAP in the literature [15, 16], raise
a fundamental or "philosophical" dilemma of the current BAP approach. We argue that if a re-
searcher wants to train the models for BAP as a regression task to identify high Deltas, and as
an indication/biomarker of unhealthy brain aging or irregularities, they should ideally provide the
model in supervised training with both "Chronological Age" as well as "Biological Age" (esti-
mated by brain experts through Neuroimaging) so that the model can efficiently learn the differ-
ences between healthy and unhealthy brain aging. Otherwise, a supervised regression model has
no way to learn the differences between healthy and unhealthy brain aging because it is trained
with "Chronological Age" labels only. By providing inconsistent "Chronological Age" labels to
the supervised Machine Learning models for BAP, not only we do not help them to learn better,
but also may mislead them, and that highlights the relevance of using our label-independent UAD

approach that does not require age labels. At least, researchers and practitioners should provide
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the model with an additional feature like a binary flag (Healthy vs Unhealthy) so that the model
can learn well with supplementary information on the differences between healthy and unhealthy
subjects. Since those supplementary information for removing the inconsistency of "Chronological
Age" is not provided in usual practice, we argue that our proposed methodology to supplement the
supervised BAP by combining its results with our label-independent "UAD" can resolve the issues
and the inconsistency of the chronological age labels, and can methodically address our "Research
Question-3".

Now a critic may raise a very legitimate question as follows.

"Isn’t the whole point of your work to find a way to estimate Biological Age because we don’t
have good ways of estimating it?"

Our response to the above question is positive. However, our argument is that the current
Supervised Learning approach for Brain Age Prediction (BAP) is limited, insufficient, and prob-
lematic. If we use only the supervised BAP to estimate "Biological Age" and the inconsistent
"Chronological Age" labels to train the models, we do not have a systematic and verifiable method
for error analysis to definitively determine whether the observed errors are due to the model’s
poor performance or an actual gap between the "Biological Age", as predicted by the model, and
the "Chronological Age". Hence, our proposed methodology which combines the results of label-
independent Unsupervised Anomaly Detection (UAD) and supervised Brain Age Prediction (BAP)
provides a methodical way for error analysis, and bridges the gap caused by "Chronological Age"
label inconsistency.

We found that Supervised Learning and Unsupervised Learning results are very similar in our
study. On the one hand, Unsupervised Learning methods, Gaussian Mixture Model (GMM) and
Principal Component Analysis (PCA) provide insightful results, and on the other hand, ensemble
methods agree with those results on the relevance of White Matter tracts and Diffusivity Parameters
for brain age estimation.

We found that Unsupervised Learning clustering finds age groups in 2D projected DTI data

with intra-cluster members that are similar in chronological age while the models have been trained
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with no access to ground truth (chronological age). This is a further confirmation that DTT is in fact
a relevant modality for Brain Age Prediction. We also found that Gaussian Mixture Model (GMM)
and Bayesian Gaussian Mixture Model (BGMM) algorithms are more robust in recognition and
separation of the underrepresented group, which in our study is the population of younger subjects.
Our finding can help researchers working with imbalanced datasets to compensate data distribution
by generative models that can generate new data as we did in this study for data augmentation and
transfer learning.

We found that the Gaussian Mixture Model (GMM) is successful in unsupervised DTT analysis
(clustering and UAD), and we argue that this success is caused by a match between the GMM
assumption that the data is a mixture of a finite set of Gaussian distributions, and the Gaussian
distribution of water diffusion as captured by Diffusivity Parameters of DTI, and as described in
Equation (2.2).

Our proposed "Unsupervised Anomaly Detection (UAD)" effectively finds "anomaly" subjects
who end up with high-delta in BAP (both positive and negative delta). This can lead to further
investigation on the detected anomalies to find possible irregularities and abnormalities in their
scans as a supplementary method for the existing supervised BAP methods.

Research Question-4:

DTI is a high-dimensional quantitative data modality with scalar parameters that are in a very
limited range, mostly very close to zero, so they are not images like structural MRI. Therefore,
Deep Network and specifically CNNs and more complex and sophisticated architectures of Deep
Learning did not work well for our study, or at least did not outperform other methods. Our results
about DL methods can’t be generalized though due to limitations of our dataset size. However, we
found that ensemble methods perform well even on our small datasets.

Research Question-5:

We have used brain maps as an effective visualization technique that can help explain how our

models make decisions. Applying dimensionality reduction techniques on DTI high-dimensional
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data can significantly boost training and reduce training time. Our brain maps show that recon-
struction loss is minimal and the maps are aligned with supervised BAP feature importance.

Our brain maps also reveal the regions of interest in the White Matter tracts that are most
relevant for Machine Learning and Deep Learning models to make their prediction on the brain
age. Those areas highlighted on our maps, like corpus callosum, are aligned with the literature and
are known correlations with brain aging. Further investigation is required to analyze our maps and

identify other regions that might be relevant for BAP as well.

5.2 Limitations of Our Study

While our findings are interesting and novel, generalization of our models, results, and conclu-
sions should be done with caution given that we have trained on small-sized datasets, and a special
kind of neuroimaging modality (skeletonized Diffusivity Parameters of DTI scans) was used.

Our methods seem to be scalable (especially Unsupervised Learning methods). However, we
have not tested our methods on larger DTI datasets.

Some models are still hard to "explain" and to "interpret" in the Machine Learning context,
especially ensemble methods, although our brain maps can shed some light on their performance.
This is a recognized and fundamental challenge in Machine Learning about ensemble methods.
They are effective, but hard to explain.

Gender analysis was not performed in this study due to small-sized datasets and imbalanced

distribution of genders. Gender is considered a confounding factor in this regression problem.

5.3 Future Work

Finally, we share a list of research directions and topics that we think are potential next steps
of this study to follow, and we hope that our study and our findings encourage other researchers to
pursue them if they are interested:

We plan to apply our methods on public and large datasets. While our methodology shows

promising results, we still need to verify our findings with further studies.
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Multi-modal studies have gained popularity in recent years, given the fact that different modal-
ities of Neuroimaging may capture different aspects of how the brain works, matures, and develops
over time. Combining DTI with other modalities has a good potential for further research espe-
cially given our results that show DTI has the predictive power for age prediction.

We would like to further investigate the applicability of Deep Learning on DTI data, especially
Graph Neural Networks (GNN), and Graph Convolutional Neural Networks (GCN). Our hypoth-
esis which needs investigation is that graphs might be a better representation of DTI data given its
sparseness. Representing the data as values in a graph might be a better approach than a full 2D
image or 3D volume with plenty of zeros. On the graph, two values that are neighbors along the
skeleton would be linked, and hence we think that we can alleviate or ideally resolve the sparsity
issue of the DTI data by graph representation.

Variational Autoencoders (VAE) and Generative Adversarial Networks (GAN) are generative
models that have been shown to be applicable for neuroimaging data reconstruction and generation
of new samples that resemble actual brain scans. We have used Gaussian Mixture Model (GMM)
and Bayesian Gaussian Mixture Model (BGMM) generative models to generate new data, and we
are interested to further investigate applicability of VAE and GAN on DTI data.

Further analysis on anomalies detected by our Unsupervised Anomaly Detection (UAD) is
required to check the alignment of their health conditions and lifestyle with our findings. Statistical
and medical cross-examination of our findings and clinical diagnosis can lead us to design and
develop more efficient algorithms that can be used as an AI/ML technology to diagnose the onset
of neurodegenerative conditions such as Alzheimer Disease (AD) and cognitive decline.

As the final note to end this dissertation, Artificial Intelligence, and specifically Machine Learn-
ing and Deep Learning, nowadays provide a new generation of assistive technologies for medical,
clinical, and neurological applications. We look forward to collaborations and contributions in this

exciting interdisciplinary field of research.
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Appendix A

Hardware and Software Specifications

A.1 Hardware Specifications

Amazon Web Services (AWS) - Elastic Compute Cloud (EC2).

Accelerated Computing G5 Instances - g5.12xlarge, 4 GPUs, 96 GB RAM, 48 vCPUs.

A.2 Software Specifications

The Operating System : Ubuntu 20.04 on Deep Learning AMI (DLAMI) Instance with GPU.

Python Kernel: Jupyter Notebook via secured "ssh" to connect to Jupyter Servers which

were run on the AWS EC2 instances.

Distributed Computing: Distributed training with TensorFlow by "MirroredStrategy" to
distribute training across multiple GPUs. Please see Tensorflow-GPU documentation for

further information.

Further specifications of the softwares that were used for this dissertation is provided in

Table A.1.

Table A.1: Software Specifications - As of March 2023

Software/OS Version
Ubuntu 20.04
Python 3.10.7

Tensorflow-GPU 2.11
XGBoost-GPU 1.7.3
Scikit-Learn 1.2.0

Numpy 1.23.5
Matplotlib 3.6.2
Nibabel 5.0.0

FSL 6.0.6.2
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A.3 Hyperparameter Tuning

The following is the result of our Grid search and Randomized Search for fine-tuning of hyper-

parameters of Random Forest and XGBoost BAP regression models, respectively.

A.3.1 Random Forest

# Grid Search parameters to fine—-tune Random Forest
param_grid = {
"bootstrap : [True, Falsel],
max_depth’: [5, 10, 20, 40, 100],
"max_features *: [2, 3, 4, 5],
min_samples_leaf ’: [3, 4, 5, 6, 7],
"min_samples_split ’: [8, 10, 12, 14, 16],
n_estimators *: [100, 200, 400, 800, 1000]
}
# Create the Random Forest Regression Model
rf = RandomForestRegressor ()

grid_search = GridSearchCV (estimator = rf, \

param_grid = param_grid, \
cv = 5, scoring = ’neg_mean_absolute_error ’, \
n_jobs = -1, verbose = 2)

# The best values for hyperparameters of Random Forest
{’bootstrap ': True,

"max_depth ’: 10,

"max_features ’: 5,

"min_samples_leaf *: 3,

"min_samples_split ’: 12,

n_estimators *: 100}
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A.3.2 XGBoost

# Randomized Search to fine —tune XGBoost
# We use "gpu_hist" to make XGBoost parallelized on GPU
# Due to the high number of XGBoost hyperparameters ,

# RandomizedSearch is more time—efficient than Grid Search

# Randomized Search to fine —tune XGBoost
param_dist = {

‘eta’: [0.1, 0.2, 0.3, 0.4, 0.5],
gamma’: [0, 1, 2, 4, &, 10, 20],
"max_depth’: [2, 3, 4, 5, 10],
‘reg_alpha’: [0, 1, 2, 5, 10],
‘reg_lambda’: [0.1, 0.5, 1.0, 5.0, 10.0],

% .

“subsample np.arange (0.5, 1.0, 0.1),

> .

"colsample_bytree np.arange (0.4, 1.0, 0.1),
"colsample_bylevel ’: np.arange (0.4, 1.0, 0.1),
n_estimators *: [100, 200, 400, 800, 1000]

}

# Create the XGBoost Regression Model

xgb = XGBRegressor ()

random_search = RandomizedSearchCV (estimator = xgb, \
param_distributions = param_dist, \

cv = 5, scoring = 'neg_mean_absolute_error ’, \

n_jobs = -1, verbose = 2)

# The best hyperparameter values for XGBoost for BAP
# This set 1is less likely to be generalized well!

{’subsample *: 0.8,
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‘reg_lambda ’: 0.1,
‘reg_alpha ’: 1,
n_estimators ': 100,
"max_depth ’: 2,

‘gamma’: 20,

eta’: 0.1,
"colsample_bytree ': 0.6,

"colsample_bylevel : 0.5}
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Appendix B

List of Acronyms

Machine Learning (ML)

Deep Learning (DL)

Brain Age Prediction (BAP)
Convolutional Neural Network (CNN)
Deep Neural Network (DNN)

Gaussian Mixture Model (GMM)
Bayesian Gaussian Mixture Model (BGMM)
Unsupervised Anomaly Detection (UAD)
Principal Component Analysis (PCA)
Extreme Gradient Boosting (XGBoost)
Cross Validation (CV)

Mean Absolute Error (MAE)

Diffusion Tensor Imaging (DTI)
Fractional Anisotropy (FA)

Axial Diffusivity (AD)

Mean Diffusivity (MD)

Radial Diffusivity (RD)

White Matter (WM)

Neuroimaging Informatics Technology Initiative (NIFTT)
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