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Abstract

The aging of the brain is a complex process shaped by a combination of genetic factors and
environmental influences, exhibiting variations from one population to another. This thesis in-
vestigates normative population-specific structural changes in the brain and explores variations in
aging-related changes across different populations. The study gathers data from diverse groups,
constructs individual models, and compares them through a thoughtfully designed framework. This
thesis proposes as a comprehensive pipeline covering data collection, modeling, and the creation of
an analysis framework. Finally, it offers an illustrative cross-population analysis, shedding light on
the comparative aspects of brain aging.
In our study, the Indian population is considered as the reference, and an effort is made to ad-
dress gaps within this population through the creation of a population-specific database, an atlas,
and an aging model to facilitate the study. Due to the challenges in data collection, we adopted
a cross-sectional approach. A cross-sectional brain image database is meticulously curated for In-
dian population. A sub-cortical structural atlas is created for the young population, enabling us
to establish reference structural segmentation map for the Indian population. Age-specific, gender
balanced, and high-resolution scans collected to create the first Indian brain aging model. Choosing
cross-sectional data collection made sense because data from other populations were also mostly
collected in a cross-sectional manner. Using the in-house database for Indian population and pub-
licly available datasets for other populations, our inter-population analysis compares aging trends
across Indian, Caucasian, Chinese, and Japanese populations. Developing an aging model from
cross-sectional data presents challenges in distinguishing between cross-sectional variations and
normative trends. In response, we proposed a method specifically tailored for cross-sectional data.
We present a unique metric within our comprehensive aging comparison framework to differentiate
between temporal and global anatomical variations across populations.
This thesis has detailed a comprehensive process to compare the aspects of healthy aging across
these diverse groups, ultimately concluding with a pilot study across four different populations. This
framework can be readily adapted to study various research problems, exploring changes associated
with different populations while considering factors beyond ethnicity, such as lifestyle, education,
socio-economic factors, etc. Similar analysis frameworks and studies with multiple modalities and
larger sample sizes will contribute to deriving more conclusive results.
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Chapter 1

Introduction

Biological systems and their processes are in�uenced by the environment in which they are

established. In humans, the nervous system is one of the vital biological systems, and the brain is

the most important organ in the system. It controls the entire body's functions, senses, thoughts,

memory, and emotions. No other organ in the human body handles this wide variety of tasks, making

the brain anatomy more complex. It is considered the most complex organization of matter in the

universe. The brain plays a key role in a person's unique behavioral and intellectual capabilities.

The complex anatomy and signi�cant anatomical variations across subjects make the brain the most

challenging organ to study in the medical �eld. The changes with time are inevitable for all natural

systems and same for brain. Brain aging is a complex process due to various nature and nurturing

factors, along with the intricate nature of the organ, making it challenging to study. The de�nition

of a healthy brain aging raises questions, and the best approach is to analyze cohort-speci�c aging

trends.

This thesis aims to study the normative structural variations associated with healthy adult human

brain aging through the analysis of neuroimages. The study covers the examination of normative

aging trends within a cohort and the comparison of variations across different cohorts.

1.1 Motivation

1.1.1 Studying the normative aging trends

The structural image of the brain is like a spatial map. To understand the brain and its variations

among individuals, we need a comprehensive representation in a spatial coordinate system. This

representation, essentially an average anatomy known as a structural template, serves as a foun-

dational tool for de�ning the individual structural variations. The template serves as a reference,

helping de�ne other group average information such as structural and functional details. This spa-

tially de�ned comprehensive representation is known as an atlas. With aging, the structure of the

brain undergoes changes, emphasizing the importance of developing a model that can capture the

average trends in structural changes to map associated information.

Brain aging is a natural transformation in the anatomy of the brain over time. It is expected to follow

a speci�c pattern with relatively minor variations among individuals who share similarities in the
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factors in�uencing brain aging. Understanding or de�ning the trends [193] or reference pattern of

aging also helps us to de�ne normal or abnormal anatomy variations with time.

1.1.2 Cohort-speci�c Modeling and Cross-Cohort Comparisons

The brain anatomy of a fetus is entirely determined by its genetic con�guration, which has

evolved over thousands of years from the life experiences of its ancestors. It has the immense po-

tential to grow in in�nite possible ways. As an individual grows, he/she learns new things and faces

new situations; this training face of life in�uences brain anatomy. I.e., the brain anatomy of each

individual is determined by nature and nurture. As these two factors vary broadly across individ-

uals, brain anatomy shows complex variations across subjects. Hence, de�ning a single reference

for the whole world will not work because the de�nition of a healthy biological process differs for

different cohorts. Still, a common trend can be expected within a cohort. I.e., to study the normative

behavior of aging, �rst group the brain scans from different individuals who are expected to have a

similar aging pattern. Reference models for each cohort can be used for better representation and

analysis. Cohort-speci�c models help to de�ne standards for the corresponding cohort.

1.2 Designing the Aging Study

1.2.1 Choice of imaging modality

Understanding brain anatomy is crucial for grasping how the brain is structured and organized.

It's like creating a map to navigate the brain's complexities and represent additional information

spatially. Aging, in particular, induces changes in brain structure, and these structural changes serve

as direct indicators of the aging process. Different methods to image the brain's anatomy include:

MRI (Magnetic Resonance Imaging), CT (Computed Tomography) and Diffusion Tensor Imaging

(DTI). Unlike CT, MRI provides clearer images of the brain's soft tissues, making it more effective

for studying anatomy. Additionally, while DTI is valuable for exploring brain connectivity, our

focus is on understanding the fundamental anatomy, and MRI is more suitable for this speci�c

aspect of our research. Among MRI scans, T1 and T2 are popular ones, with T2 being well-suited

for detecting abnormalities like edema, in�ammation, or speci�c pathological conditions. However,

for our research, we chose T1 MRI because it is excellent for visualizing the anatomical structures

and details of tissues.

1.2.2 Cohort De�nition: Understanding the Grouping Criteria

Let us consider the growth of two chillies as shown in Figure 1.1. Each chilli will have a unique

shapewhich changes as it grows. If the chillies are of the same variety, there will be similarity in

shape, otherwise not as in the case of long versus short chilli varieties. Hence, to de�ne a refer-

ence model for the growth process, we should group the round chillies and long chillies separately.
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Figure 1.1: Growth pattern of two chilli varieties

De�ning such a grouping criteria need not be simple in case of a complex organ like Brain.

Age is an obvious criterion for grouping subjects to understand the common brain anatomy. The

next question is whether the aging process is the same for different individuals. If not, another cri-

terion to group individuals along with age is population. Within the same population, individuals

typically share more common genetic and ethnic traits compared to different populations. There-

fore, grouping based on population is a practical choice.

1.2.3 Cross-sectional Data Based Study

Normative structural information about aging trends can be a reference in neurological assess-

ment. This normative trend can vary across populations. As aging is a time-controlled process,

accurate modeling demands accurate extraction of the temporal changes. A large pool of longitudi-

nal data is the key to developing a growth model to study the aging process. Longitudinal data has

follow-up scans of the same subject over a while. That is the same person is scanned at multiple

time points(longitudinal data), and the path connecting the follow-up scans will be the aging of that

person. When multiple such paths are available for different individuals, an average aging path can

be developed accurately. However, acquiring longitudinal data from a large cohort is a big chal-

lenge. This is not the case when the images are acquired from different individuals at different time

points, i.e., cross-sectional data. Availability and scalability of cross-sectional data motivate meth-

ods to develop the aging model with cross-sectional data. Nevertheless, the challenges are different

with cross-sectional data. The variations across subjects at different age points need not be because
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Figure 1.2: A schematic diagram of cross-sectional and longitudinal data acquisition difference

of aging but also cross-sectional variations across subjects. Figure 1.2 shows the difference in the

acquisition of scans in the longitudinal and cross-sectional studies.

1.2.4 Path-based Modelling

Growth/aging is seen as a type of deformation because it involves shaping and expanding bi-

ological tissues and organs as they develop. When analyzing groups, our challenge lies in distin-

guishing between cross-sectional variations in the data and those caused by aging-related structural

changes. Our goal is to de�ne the aging process based on the average anatomy of the population

under study. Towards this, we are attempting to model the brain aging process as the deformation

of a structural template with an aging deformation. In general, tissue density statistics are used to

understand the aging process. We propose a deformation comparison strategy to understand the

aging process directly instead of using some derived information from the datasets. Age-related

changes are better understood from image space. Nevertheless, comparison of aging trends across

populations becomes dif�cult with analysis in the image space directly or using derived features like

tissue densities. Instead, a direct comparison of aging deformations gives a better understanding of

the population difference. Aging can be considered as a path through which age-related changes

happen to the matured brain. A comparison of aging across populations is a comparison of these

paths. Hence to understand population-differences in aging the idea is to compare the normative

aging paths of different populations.
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1.3 Thesis Contributions

1.3.1 Population-Speci�c Atlas: Segmentation Map for the Indian Brain Template

The normative anatomy of the brain, coupled with the accurate labeling of its structures, is

essential for the development of a comprehensive reference system. Acknowledging the need for

a dedicated reference system for the Indian population, we are taking the initiative to introduce

the Indian Brain Atlas. Having an atlas designed for the Indian population greatly improves the

accuracy of segmenting new brain volumes. The segmentation data developed for this purpose

is valuable, aiding the creation and validation of various algorithms, especially those focused on

population-speci�c studies.

1.3.2 Cross-sectional data based brain aging model

Establishing benchmarks for disease progressions and treatment effects relies on understanding

normative anatomical variations during aging. Due to challenges in creating age-speci�c MRI tem-

plates and the discrete nature of age-range speci�c templates, a more practical approach involves

developing an aging model. We propose a method to derive an aging model to leverage readily

available and scalable cross-sectional data. Challenges in distinguishing age-related changes from

cross-sectional differences are addressed. The aging deformation is derived from cross-sectional

data and utilized to model aging as a deformation of the global anatomy obtained from the same

data.

1.3.3 Comparative Framework for Brain Aging Across Populations

Brain aging induces structural changes, and these alterations vary across different populations.

Additionally, the matured brain anatomy exhibits structural variations across populations. Dis-

tinguishing between global anatomy and age-related changes is challenging. However, discerning

these differences is crucial for comprehending time-dependent changes and factors in�uencing brain

aging across populations. In this thesis, we introduce a comprehensive analysis framework for com-

paring aging across different populations.

1.3.4 Indian Brain Aging Data Acquisition and Inter-Population Aging Comparison

We created a cross-sectional brain image database for Indian brain aging using scans from four

sites (IIIT, NIMHANS, AIG, SCTMT). Subjects aged 20-80 years were grouped by decade, ensur-

ing gender balance. The database, comprising Indian brain scans, was utilized to develop the �rst

Indian brain aging model, all images being 3T high-resolution scans. Leveraging data from publicly

available databases of other populations, we created population-speci�c models. A comprehensive

analysis, along with the proposed comparison framework, was conducted to discern aging differ-

ences across populations.
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1.4 A Roadmap to the Chapters

Chapter 2 lays the groundwork by exploring the mathematical and technical aspects essential

for our study, along with a summary of the related works. Moving forward, Chapter 3 introduces

the Indian Brain Atlas and its details. In Chapter 4, we present a method to understand aging

using cross-sectional data. Chapter 5 details our framework for studying aging differences, and

Chapter 6 gives a closer look at Indian Brain Aging Data collection and how aging compares across

different populations.The chapters detail a comprehensive pipeline for creating population-speci�c

aging models and comparing brain aging across different populations.
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Chapter 2

Background

The structural changes occurring in human brain follow speci�c patterns. Brain aging is a grad-

ual process without any abrupt structural changes. In order to understand and de�ne such changes,

the structural changes are categorized as deformations within a speci�c class of smooth transfor-

mations. Modeling the temporal changes linked to aging requires preserving natural trends and

properties. Given the complex nature of the brain and the structural variation across subjects, when

group trends are analysed an average brain anatomy is used as a reference point. Speci�c methods

are then employed to de�ne the mapping across brains and model the group trend. Before delving

into the methodological details, let's explore some fundamental concepts from differential geometry,

a branch of mathematics focused on studying smooth shapes and spaces by examining their geo-

metric properties, including curvature and topology. Structural changes in the brain involve smooth

variations in shape, curvature, and size, and differential geometry offers tools and techniques to

quantify and analyze these changes.

2.1 Differential Geometry Concepts used in the Thesis

The biological structures we analyze are embedded in Euclidean spaces, but the extracted fea-

tures that represent the shapes need not belong to Euclidean spaces. The data is nonlinear, so the

analysis of the anatomical variabilities should be done on a manifold, i.e., by linearizing the data

space locally. To understand how this is accomplished, it's essential to comprehend the following

concepts:

2.1.1 Shape Space

Shape space encompasses the entire spectrum of possible shapes an object can assume. This

includes everything from simple geometric forms to intricate and irregular structures. Each point

within shape space denotes a unique shape. In our analysis of the manifold, shape space (S) becomes

a central concept. In order to study the shape transition between different states deformations are

used which allows alteration of the geometry of a shape. These deformations, regarded as elements

of a group, enable a systematic exploration of shape variations. By applying these group elements to

a representative shape, often termed the Orbit Concept, we can methodically generate shapes within
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S. This methodology furnishes us with a structured framework to comprehend and characterize the

broad spectrum of shapes withinS.

2.1.2 Topology

Topology is a mathematical discipline that studies the fundamental properties of geometric

shapes and spaces, particularly focusing on concepts like continuity, connectivity, and deformation.

It explores how these properties are preserved under smooth and continuous deformations, provid-

ing insights into the structure and relationships within complex shapes. The purpose of topology is

to classify spaces. In topology, two entities are de�ned as equivalent if one can be deformed into

another continuously. For example, it is impossible to make any rubber sheet into a rubber band

with continuous smooth deformation. So, no rubber sheet can be topologically similar to any rubber

band.

Two topological spaces are homeomorphic to each other if we can deform one into the other contin-

uously. Homeomorphisms preserves topological invariants. When non-rigid deformation without

any constraint is considered, it can even deform the brain to a sphere. Here the topological invariant

is the genus of the entity(roughly speaking, holes).

Figure 2.1: Examples of Genus-0 topologically similar entities

Another topological invariant that can be considered is the number of boundaries, which also

does not help topologically differentiate a brain surface from a sphere surface. For practical ap-

plications, such topological invariants alone need not help analyze anatomical variabilities. The

data processing is tough without the inclusion of domain knowledge. For instance, a topological

invariant-like genus of the surface is inadequate for differentiating surfaces as all the surfaces are

topologically similar to genus 0. Hence, for practical applications, along with a simple topolog-

ical invariant, de�ning a metric space that can quantify the similarity between entities is a better

solution for the task. Metric spaces are a subset of manifolds and manifolds are a subset of topolog-

ical space. In aging studies, embedding the representation in a metric space facilitates comparison

across different aging trends.
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2.1.3 Diffeomorphism

A manifold is a topological space locally homeomorphic to a Euclidean space. We can assign lo-

cal coordinates to points in the manifold. One point can have multiple coordinates, but the transition

from one to another should be smooth. The local homeomorphism ofm-dimensional manifold M to

Euclidean spaceRm which is smooth and invertible is called a diffeomorphism. Homeomorphisms

preserve the fundamental topological properties and diffeomorphisms go a step further by preserv-

ing smooth structures on the manifolds, including differentiable functions. Diffeomorphisms helps

to map each pointi in the manifold along with its neighborhood and this neighborhood is called a

coordinated neighborhood. The mapping fromUi to Rm is referred to as a coordinate function� i ,

the diffeomorphic deformation. More details about the modelling of diffeomorphism are discussed

in appendix section.

In summary the trio of shape space, topology, and diffeomorphisms forms a fundamental frame-

work for understanding shape variations. Shape space represents all possible con�gurations of a

shape, with each point denoting a unique manifestation. Topology classi�es shapes based on their

preserved properties. Diffeomorphisms, smooth and invertible mappings, enable systematic explo-

ration and manipulation of shape variations while maintaining geometric properties. Together, they

offer insights into shape variability across disciplines.

Computation of the diffeomorphic deformations is generally done in an optimization framework.

The entire process of computing the deformation between one shape/image to another and deform-

ing from one to another using the computed deformation is called Registration. The template for a

particular set of shapes is generated by performing registration in an optimization framework such

that the generated template captures all the characteristics speci�c to the shape class. Miller sug-

gested an anatomical orbit model [120] to de�ne the growth/atrophy happening in different human

organ anatomies, where each anatomy sample is an orbit under Diffeomorphic Deformations of

some template anatomy. Diffeomorphic deformations of a template anatomy represent the paths

along which anatomical structures evolve or change over time. In this thesis, as previously dis-

cussed, we embrace a path-based modeling approach, wherein aging is conceptualized as the evo-

lution of a template brain along a diffeomorphic path.

2.2 Modeling Brain Aging: Essential Methods

2.2.1 Registration

Capturing structural changes between two brains and aligning them is accomplished through im-

age registration—a method that aligns different images into the same coordinate system. Because

of brain anatomy's complex and highly variable nature, group analysis is almost impractical with-

out a registration or alignment procedure that can handle complex deformations. Accuracy of the

registration step is the key to determining the reliability of the analysis based on the data.

There are 3 main tools to perform registration: 1) Deformation, 2) Similarity Metric, 3)Interpolation

method, and 4)Optimizer. Except for the �rst tool, other tools are commonly used in other methods

like segmentation, regression, etc. Commonly used similarity metrics are Mean Square Error(MSE),
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Local Correlation Coef�cient(LCC), Mutual Information(MI), Spectral feature-based metrics, etc.

Spline interpolation is used in general for getting visually better results. Gradient descent is used in

general as an optimization method.

In this thesis, T1 structural MRI scans are considered for the analysis. In structural MRI registra-

tion, as mentioned before, the deformation needs to be smooth, and such deformations are modeled

by constraining them to be invertible. A set of such invertible smooth deformations is referred to

as diffeomorphic deformation. There are mainly two approaches for diffeomorphic registration.

The �rst approach models the diffeomorphism as the integral path of displacement [130] or time-

varying velocity �eld. This approach gives promising results and is mathematically grounded but

has high computational complexity. The other approach assumes the deformations to be geodesics

and parameterizes the deformations with the initial momenta or stationary velocity �eld [96] of the

geodesics.

In the context of registration, stationary velocity based modelling of diffeomorphisms are more pop-

ular. Diffeomorphic registration involves �nding a smooth and invertible transformation between

two objects, often represented as differentiable manifolds. Diffeomorphism can be modeled using

the exponential map applied to a stationary velocity �eld. The stationary velocity �eld, denoted

asv , characterizes the smooth deformation of one object into another without a change in velocity

over time (@v
@t = 0 ). The exponential map, denoted asexp(�), is then employed to generate the

diffeomorphic transformation from the velocity �eld. Mathematically, a diffeomorphism� can be

expressed as� = exp( v ), wherev and � maps points from the tangent space of the manifold

back to the manifold itself. This diffeomorphic approach allows for smooth and invertible transfor-

mations, making it valuable in applications such as medical image registration and shape analysis.

More details about this modelling is given in appendix.

2.2.2 Brain Atlas

A brain atlas in neuroimaging refers to a structural model that maps and labels different regions

of the brain. The model includes prede�ned regions or structures within the brain, each labeled

to indicate its anatomical or functional signi�cance. The reference anatomy of the atlas is called

the template. It acts as a standardized reference system, facilitating the comparison and analysis of

brain images from diverse individuals or groups. Its purpose is to aid in the spatial normalization of

individual brain MRI scans. Spatial normalization transforms individual brain images into a com-

mon coordinate system, allowing researchers to compare and integrate data from multiple subjects,

simplifying the identi�cation of common patterns or abnormalities across a population.

An ideal brain MRI template should represent the average anatomy and associated information of

the studied population. The underlying average anatomy/template is derived in a way that minimizes

the shape deformation on average across individual images in the group of brain images.Therefore,

the template provides a standardized reference frame for aligning and comparing individual brain

images, enabling researchers to derive meaningful conclusions from their group analyses.
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2.2.3 Brain Aging Model

In this dissertation, the analysis of brain anatomy shape and variations is undertaken to model

average patterns of brain aging. To capture the structural variations that contribute to average trends

in brain aging, different types of variations are considered. A group of subjects is selected to study

the aging process, and the average trends within this group are then derived. Variations in anatomy

from one subject to another are termed inter-subject variations, and these can stem from genetic,

physical, and psychological factors across subjects. Another category of anatomical variations oc-

curs within the same subject's brain due to aging or certain disease conditions, termed intra-subject

variations.

Both inter-subject and intra-subject anatomical variations can be effectively analyzed using non-

linear models, which offer a more comprehensive representation of shape variations. The objective

of a brain aging model is to identify the trajectory followed by the group by normalizing the inter-

subject variations. This normalization process allows for a more accurate representation of average

trends in brain aging, considering the diverse anatomical variations introduced by both inter-subject

and intra-subject factors.

2.3 A Comprehensive Literature Review: Brain Aging Study

Many studies have been reported on brain aging [125], [117], [122], [123] and disease progres-

sion [116], [129] based on longitudinal data collected from subjects/patients. Brain development

and aging studies have been done separately for different populations in the literature [51–53,55,68].

The importance of population-speci�c studies is also discussed in the literature [8]. In these studies,

statistical volumetric analysis of different parts of the brain was done using automatic segmentation.

The volumetric analysis is insuf�cient to develop a brain growth model. Hence, deformation mod-

els have been developed for brain growth, and disease progression [125], [117], [122], [123], [116],

[129]. Temporal shape and size changes are initially modeled by a linear shape model. However,

the underlying data is not linear, and hence a manifold framework is required.

Longitudinal data-based spatiotemporal atlases have been generated mainly to analyze disease pro-

gression [105]. Sourcing such data for a healthy population is challenging. Researchers have tried

statistical and principal component analysis on this type of data, considering the data belongs to a

non-linear space, i.e., manifold. Average growth, which is a result of natural deformation, belongs

to a group of diffeomorphic deformation.

2.3.1 Diffeomophic Model based Studies

Diffeomorphic growth model-based analysis of the aging process has been studied in two ways:

i) by considering longitudinal data of different subjects and combining the growth trajectories, ii)

using take cross-sectional, time-series data. Miller [120] has suggested a method based on the orbit

model to continuously evolve a template through a time series of images by connecting the images

through a geodesic path [120] using the LDDMM framework. This approach needs dense time

11



sampling of the data. In [119], the authors suggest a discrete version of [120] by de�ning the evo-

lution with the integration of a time-dependent velocity �eld. When longitudinal data is available,

an interpolation of piece-wise geodesics to model the growth [126] is possible. Growth trajectories

have also been modeled with acceleration (instead of velocity) �eld [112]. In this approach, the

registration step's accuracy determines the growth model accuracy. Aging has been modeled as a

time series regression in different ways such as a geodesic [138–142]piece-wise geodesic [143],

as a spline [144], polynomial [145], nonlinear kernel-based [146] regression paths as well as with

stationary velocity �elds parameterized path [148] and acceleration parameterized path [149, 150].

Time-series regression methods �nd a path to best �t the time series data using the initial data point

(image) as the path's starting point. In [148], the method has used longitudinal data to de�ne an

aging model by transferring individual growth trajectories to a global template space. The data,

however, has been sourced for a small cohort over a shortage interval. Kernel-based approaches are

used for modeling brain growth when cross-sectional data is used, where images at different time

instances are interpolated smoothly to represent the growth at different time instances [118]. But

such cross-sectional models do not allow us to understand the aging deformation and compare the

same across models from different populations.
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Chapter 3

Population-Speci�c Atlas: Segmentation Map for the Indian Brain

Template

In this study, we aim to explore brain aging in connection with concepts from differential geom-

etry. As discussed in the 'Concept of Orbit,' a template shape exists for a group of brains, and aging

can be modeled as a deformation of this template. When a template carries additional information,

such as structural segmentation maps, it is referred to as an atlas. With this added information, it

becomes possible to map the same to other age points, making the aging model more informative

and easier to validate. Therefore, in this work, we have developed a segmentation map for the Indian

Brain template established in [199].

The brain template and the segmentation map together constitute the �rst Indian brain atlas. Getting

accurate segmentation maps is crucial to develop an atlas. Hence here we discuss the segmentation

map generation for the individual images, validation of segmentation maps and �nally the atlas gen-

eration and validation of the same.

3.1 Indian-speci�c brain segmentation database

A set of 114, 1.5 Tesla, T1 MRI scans with manual delineations for 14 sub-cortical structures

were developed to study population-speci�c differences in the Indian brain. The scans in the dataset

were acquired from healthy young (21-30 years) subjects (58 male and 56 female) and all the struc-

tures are manually delineated by experienced radiology experts. Creating a brain segmentation

database for the Indian population and making the data publicly available is one of the implicit

goals of this thesis as there exists no such database. We present an Indian Brain Segmentation

Dataset (IBSD), for sub-cortical brain segmentation. This has 114 MR volumes generated under a

�xed imaging protocol. Each volume has 14 labeled sub-cortical structures. The number of MR

scans in the dataset is of an approximately equal number of male and female subjects belonging

to a young age group (20-30 years). This data is used to create a template for the young Indian

population.

Our sub-cortical structure segmentation dataset, Indian Brain Segmentation Dataset (IBSD), is avail-

able athttps://doi.org/10.5281/zenodo.5656776 . Some of the widely used public

13



Figure 3.1: Age histogram of 114 volunteers

datasets for brain segmentation and the number of MR volumes and structures with markings/labels

are: i) MICCAI 2012 [20] with 35 MR volumes and 134 labeled structures ii) IBSR [21] with 20

volumes and 43 labeled structures and iii) LPBA40 [63] with 40 volumes and 56 labeled structures

iv) Hammers67n20 [23] with 20 volumes and 67 labeled structures and v) Hammers83n30 [23]

with 30 volumes and 83 labeled structures. Besides these, there are few public structure-speci�c

datasets with only (ex. hippocampus, [24]). private datasets such as those introduced by Babalola

et al. provide 270 volumes and labels (via semi-automated segmentation) for 18 structures. The

neuroimages in these datasets are of young to elderly individuals.

3.1.1 Database Development

3.1.1.1 MRI Images Used to Create Segmentation Database

We used MR scans collected from 114 young (21-30 years) healthy adult volunteers. This

database was created as part of another thesis from our team [136]. All the adults had completed

their schooling, and a majority (> 90%) had an undergraduate-level education. Healthy volunteers

who had no past history of head injury were selected for the study. Figure3.1 shows the age dis-

tribution of all the volunteers. An experienced psychiatrist examined all the volunteers and helped

select only psychologically healthy subjects for the study. A clinician and an experienced neurol-

ogist examined all the scans to identify and exclude those with any structural abnormalities. After

scrutiny, scans of 58 male and 56 female volunteers were �nally selected for inclusion in our study.

As approved by the Institute Review Board, the study involved collecting MRI volumes of young

adults after obtaining informed consent in writing. Written consent from each volunteer is to use

their anonymized MRI scan for research purposes. The work described has been carried out in ac-

cordance with The Code of Ethics of the World Medical Association. Scanning was done at three
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different sites, which had different models of scanners as follows. The sitewise distribution was as

follows: 39 subjects were scanned using Siemens 1.5T MRI scanner with T1 MPRAGE sequence,

TE/TR/TI = 2.9 / 2370/ 1000 ms and �ip angle=7� ; 38 subjects were scanned using GE 1.5T MRI

scanner with T1 BRAVO sequence TE/TR/TI = 4.2 /10.2/450 ms and �ip angle=15� ; and �nally 37

subjects were scanned using Phillips 1.5T MRI scanner with T1 3D TFE sequence with TE/TR/TI

= 3.8/8.2/- and �ip angle=7� . The imaging protocol was �xed to obtain scans with a voxel size of

1 � 1 � 1mm3 and a 3D matrix size of256� 256� 192. The MRI volumes were acquired using

192 sagittal cuts.

Preprocessing

All the MRI volumes were pre-processed using a standard pipeline consisting of N4 Bias �eld

correction [66] followed by denoising using Non-local Means �ltering [59]. Skull stripping was

done with the Brain Extraction Tool [28] and all the images were checked manually slice by slice

(using ITK-SNAP) to ensure good image quality after preprocessing.

3.1.1.2 Sub-cortical segmentation labels

The seven sub-cortical structure pairs (Left and Right) chosen for markings were the Thalamus,

Putamen, Pallidum, Hippocampus, Amygdala, Caudate and Accumbens area. Experts from Sree

Chitra Tirunal Institute for Medical Sciences and Technology, India did all the manual markings.

The seven structures in each of the 2 hemispheres are illustrated with different colors in 3 canonical

views for a sample slice in Figure 3.2.

Sub-cortical structure segmentation approach

The process of image marking/labeling had 4 sequential steps: i) automated labeling, ii) label

correction by a trained person, iii) label correction by a radiologist with 2 years of experience and

iv) label �nalization by a senior neuroradiologist who has more than 25 years of experience. In

order to perform the automated labeling, a set of 14 sub-cortical labels from Talairach Daemon

labels [29] were transferred to each brain MRI scan. These were then manually edited using the

ITK-SNAP [30] tool by a trained person to correct for overshoots and �ll the missing voxels. The

�rst two steps helped the radiologists to concentrate on �ne-tuning the markings and producing

good-quality labels. A radiologist then corrected the labels by overlaying them on the actual 3D

MRI scans slice by slice. The corrected labels were checked in the 3 canonical views (coronal,

sagittal, and axial views) to verify the completeness of the 3D shape and labels. In the same way, the

corrected labels were �nalized by a senior neuroradiologist. Experts delineated the structures using

tissue intensity, relative position, and structure shape information from their experience. 3D-mesh

visualization of each structure helped the experts to verify the delineated structure shape with the

expected shape in their minds. The slice-by-slice delineation and 3D visualized cross-veri�cation

in each step helped the experts to work ef�ciently.
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Figure 3.2: Sub-cortical Structure labels of a sample subject image visualized in 3 planes. The
labels corresponding to each color-mapped structure are given on the right side.

3.1.1.3 Data Records

All 114 scans and their labels are made publicly available athttps://doi.org/10.5281/

zenodo.5656776 . The IBSD dataset is organized: T1 weighted preprocessed 3D MRI scans and

corresponding label �les are stored in the main directory. Each label �le has.ch.nii.gzextension

with the same �lename as the corresponding 3D MRI scan. All the image �les are stored in NIFTI

format. The sub-cortical structure labels are numbered in Figure 3.2.

3.2 Segmentation-map Validation

To gauge the level of corrections made by experts on the markings supplied to them, the dice

and Hausdorff distance (HD) between the supplied and corrected labels are calculated. A dice of

0:985� 0:112 and HD of1:073� 6:908 is observed. As HD captures the worst-case deviations

between the markings, one can infer that the expert did correct the labels up to as many as 8 voxels.

The Dice value on the other hand is a metric for global assessment as it captures the degree of the

overlap between the supplied and corrected labels. This is not very informative in drawing insights

into the degree of corrections made by the expert. This is because the expert was correcting the

boundaries of structures in the supplied markings.

The data quality of IBSD was checked by doing a comparison with other datasets. This is �rst done

via a visual comparison of the image and the segmented structures. Next, IBSD data was used to

train and test currently popular non-DL algorithms as well as state-of-the-art DL algorithms which

report results on public datasets. Speci�cally, segmentation was done with two popular toolboxes

namely the Freesurfer [31] and FIRST, [32]; It was also done with DL methods namely 3D U-

net [33], Residual 3D U-net [34], Dense U-net [35] V-net [36], M-net [13] and the state of the art

 -net [14]. The segmentation performance of Freesurfer [31], FIRST [32]; 3D U-net [33], and -

net [14] was assessed on IBSD as well as two other public datasets namely MICCAI 2012 [20] and

IBSR [21] for comparison.
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3.2.0.1 Evaluation Measures

Two commonly used metrics are used for the quantitative evaluation of the segmentation meth-

ods. These are the Dice Similarity Coef�cient (Dice) [37] and the Hausdorff Distance (HD) [73].

Dice helps assess the degree of overlap between the ground truth and computed segments while the

HD helps capture any tendency to over/under segment at a local level by a method. Since these

two metrics help assess the accuracy of a method at a global and local level they are appropriate to

evaluate accurate and spatially consistency of segmentation results. Let A and B be the predicted

segmentation and ground truth respectively. The Dice coef�cient is found by computing the overlap

between the computed segmentation result and the ground truth:

Dice(A; B ) =
2 � j A \ B j
jAj + jB j

; (3.1)

WherejA \ B j denotes the number of pixels in the overlapping region between computed seg-

mentation and ground truth whilejAj + jB j denotes the number of pixels in A and B. The Dice

score varies between 0 and 1, with 0 indicating no overlap or segmentation failure and 1 indicating

complete overlap with ground truth or perfect segmentation.

HD is a spatial distance based metric, unlike Dice which assesses the overlap. HD therefore is

based on computing the Euclidean distance between A and B as well as B and A as follows.

HD (A; B ) = max(h(A; B ); h(B; A )) ; (3.2)

h(A; B ) = max
a2 A

min
b2 B

k a � b k; (3.3)

k : k is the Euclidean distance. Unlike Dice,HD is not bounded, however, lower values ofHD

indicate better segmentation.

Dataset Image Resolution Age Range # of subjects (Male:Female)
# of labels

(total: sub-cortical)

IBSR
0.93x0.93x1.5

or 1x1x1.5mm3 Juvenile to 71 14:4 43:14

MICCAI2012 1x1x1.25mm3 18-90 22:13 134:14
LPBA40 2x2x2mm3 19.3-39.5 20:20 56:6

IBSD 1x1x1mm3 21-30 58:56 14:14

Table 3.1: Broad description of neuroimage datasets (of 1.5 T scans) for segmentation.

Visual assessment of IBSD data

Image resolution and quality have a major role in determining the quality of �nal manual de-

lineations. The speci�cations of various datasets such as image quality parameters and subject

information are listed for comparison in Table 3.1. It can observed that IBSD has the highest num-

ber of scans (58+56 = 114) and the best image resolution (1mm isotropic voxel). A sample slice
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Figure 3.3: Visual Comparison of quality of MR image in (�rst row) and segmentation (second row)
with central slices of the volume

image from 3 public datasets (LPBA40, IBSR, MICCAI 2012) and IBSD is shown in Fig. 3.3. The

IBSD image is seen to be visually similar in the MICCAI 2012 dataset due to the similarity in image

resolution, though with better contrast.

Validation of IBSD via automatic segmentation

Validation of IBSD was done using two types of automated segmentation algorithms, namely

those based on traditional machine learning and DL. If DL methods demonstrate good segmenta-

tion performance then it can be inferred that the size of the dataset and image quality are good as

these DL methods are data driven.

The performance �gures of two commonly used conventional segmentation tools, namely the Freesurfer

[31] and FIRST [32], are presented in TABLE 3.2 while those for DL-based methods are presented

in Table 3.3. The Nucleus Accumbens (Label 1-2) is signi�cantly smaller than others which affects

the automatic segmentation performance. So, the performance excluding Accumbens', i.e. only for

labels 3-14, is also reported in TABLE 3.2 and 3.3.

A six-fold cross validation was done to assess the DL methods by splitting the 114 volumes into

six folds with 19 images in each; of these, four folds were used for training, one fold for validation

and one for testing. Six different models were thus obtained, tested separately and the performance

scores were averaged and reported for each segmentation method.

When one compares the results in Table 3.3 with those for non-DL methods in TABLE 3.2, it is

apparent that the DL methods outperform the non-DL methods. Among the DL methods, the Dense

U-net shows the best performance on IBSD, with a14% improvement in Dice and nearly 100%
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improvement in HD over the best non-DL (FIRST) method. Exclusion/inclusion of Accumbens

appears to impact the Dice score but not the HD value as indicated by the �gures in the last 2 rows

of the Table. A consistent performance is observed with DL methods (see Table 3.3) using U-net

based architectures on the IBSD dataset as the Dice scores are between 0.87 to 0.88 and HD value

is between 2.9 and 5. This attests to the integrity of the IBSD data.

Label Structure Freesurfer FIRST
Dice HD Dice HD

1 Right Nucleus Accumbens 0.55� 0.08 7.14� 3.71 0.64� 0.09 6.27� 3.45
2 Left Nucleus Accumbens 0.51� 0.13 8.67� 3.37 0.57� 0.09 16.26� 10.42
3 Right Amygdala 0.66� 0.04 5.68� 4.7 0.71� 0.05 4.9 � 4.82
4 Left Amygdala 0.67� 0.05 4.16� 0.8 0.71� 0.05 3.76� 1.06
5 Right Caudate 0.8 � 0.03 8.02� 2.64 0.79� 0.04 5.31� 1.38
6 Left Caudate 0.81� 0.03 7.83� 2.48 0.79� 0.05 4.36� 1.43
7 Right Hippocampus 0.81� 0.03 4.18� 0.81 0.8 � 0.03 3.96� 0.89
8 Left Hippocampus 0.77� 0.03 5.04� 0.96 0.76� 0.04 4.78� 1.28
9 Right Pallidum 0.77� 0.03 4.44� 1.2 0.79� 0.05 3.43� 0.67
10 Left Pallidum 0.69� 0.03 4.39� 1.19 0.78� 0.06 3.04� 0.61
11 Right Putamen 0.83� 0.03 5.31� 1.84 0.85� 0.03 4.95� 1.98
12 Left Putamen 0.82� 0.05 8.54� 2.84 0.85� 0.03 8.56� 2.88
13 Right Thalamus 0.84� 0.02 4.69� 0.53 0.86� 0.02 4.47� 0.7
14 Left Thalamus 0.83� 0.03 4.75� 0.89 0.86� 0.02 4.22� 0.81

Average of label 3-14 0.78� 0.04 5.59� 1.74 0.8 � 0.04 4.65� 1.54
Full Average 0.74� 0.05 5.92� 2 0.77� 0.05 5.59� 2.31

Table 3.2: Segmenttation performance of Freesurfer and FIRST on IBSD data. The mean Mean�
Standard Deviation values are reported for Dice coef�cient and HD.

Segmentation performance comparison with IBSD and other datasets

It is well known that the performance of segmentation algorithms depends on many aspects of

the dataset, such as the number of images in the set, image quality, and structural details. As a �nal

experiment, three models were trained and tested on two public datasets (IBSR and MICCAI 2012)

and compared with that on IBSD. The obtained results are presented in Table 3.4, with the best

results for each method indicated in bold font. From this Table, it can be observed that training on

IBSD yields the best Dice consistently for all 3 DL methods (last 3 rows), and the lowest HD value

is obtained for 2 of 3 DL methods.

19



La
be

l
S

tr
uc

tu
re

3D
U

-n
et

R
es

id
ua

l3
D

U
-n

et
D

en
se

U
-n

et
V-

ne
t

M
-n

et
 

�
ne

t

D
ic

e
H

D
D

ic
e

H
D

D
ic

e
H

D
D

ic
e

H
D

D
ic

e
H

D
D

ic
e

H
D

1
R

ig
ht

N
uc

le
us

A
cc

um
be

ns

0.
75

1
�

0.
06

3.
85

6
�

0.
14

7
0.

76
7

�
0.

06
1

4.
68

�
1.

82
7

0.
77

8
�

0.
05

6
3.

78
3

�
0.

41
2

0.
74

�
0.

06
8

3.
66

9
�

0.
62

8
0.

78
8

�
0.

01
2

3.
75

9
�

0.
47

2
0.

78
2

�
0.

06
3.

89
3

�
0.

37
3

2
Le

ft
N

uc
le

us
A

cc
um

be
ns

0.
70

8
�

0.
05

6
4.

02
6

�
0.

37
7

0.
72

�
0.

05
2

3.
70

6
�

0.
24

4
0.

72
8

�
0.

05
4

3.
86

8
�

0.
15

0.
7

�
0.

05
7

3.
86

5
�

0.
47

5
0.

73
5

�
0.

00
8

3.
76

9
�

0.
21

5
0.

72
9

�
0.

06
1

3.
95

5
�

0.
30

8

3
R

ig
ht

A
m

yg
da

la
0.

84
9

�
0.

02
8

3.
03

8
�

0.
85

8
0.

86
�

0.
03

1
3.

49
9

�
1.

22
4

0.
86

4
�

0.
02

9
2.

91
5

�
0.

84
2

0.
83

9
�

0.
03

8
3.

37
8

�
1.

11
2

0.
87

2
�

0.
00

4
2.

88
4

�
0.

73
3

0.
86

7
�

0.
03

6
3.

47
5

�
1.

47
2

4
Le

ft
A

m
yg

da
la

0.
82

8
�

0.
03

3.
19

5
�

0.
29

9
0.

84
1

�
0.

03
5

3.
42

3
�

0.
85

0.
84

6
�

0.
03

1
2.

87
9

�
0.

35
8

0.
80

5
�

0.
05

4
3.

25
2

�
0.

54
0.

85
4

�
0.

00
4

2.
95

8
�

0.
63

0.
84

9
�

0.
03

9
3.

07
4

�
0.

37
9

5
R

ig
ht

C
au

da
te

0.
90

2
�

0.
01

5
3.

11
�

0.
84

9
0.

90
5

�
0.

01
7

3.
51

2
�

0.
92

6
0.

90
8

�
0.

01
4

2.
91

1
�

0.
70

7
0.

89
6

�
0.

03
1

2.
71

8
�

0.
31

1
0.

90
3

�
0.

00
3

2.
86

4
�

0.
98

4
0.

90
9

�
0.

01
5

7.
95

2
�

8.
14

1

6
Le

ft
C

au
da

te
0.

90
2

�
0.

01
4

3.
83

�
1.

85
4

0.
90

6
�

0.
01

4
3.

91
�

0.
48

7
0.

90
8

�
0.

01
3

2.
96

�
0.

15
8

0.
89

8
�

0.
02

2
3.

64
7

�
1.

31
9

0.
90

3
�

0.
00

2
3.

23
4

�
1.

07
3

0.
90

9
�

0.
01

5
4.

39
6

�
1.

21
6

7
R

ig
ht

H
ip

po
ca

m
pu

s
0.

88
5

�
0.

01
3

3.
88

4
�

1.
23

6
0.

89
1

�
0.

01
2

3.
90

3
�

2.
28

3
0.

89
4

�
0.

01
1

2.
68

8
�

0.
26

5
0.

87
5

�
0.

02
3.

58
4

�
0.

71
7

0.
88

9
�

0.
00

4
3.

36
1

�
1.

10
3

0.
89

8
�

0.
01

2
7.

53
3

�
3.

66

8
Le

ft
H

ip
po

ca
m

pu
s

0.
87

1
�

0.
01

7
3.

71
5

�
1.

51
6

0.
87

6
�

0.
01

7
3.

38
2

�
0.

54
8

0.
88

�
0.

01
6

3.
08

6
�

0.
47

9
0.

85
8

�
0.

02
9

3.
28

�
0.

30
5

0.
87

4
�

0.
00

3
3.

70
9

�
1.

31
4

0.
88

3
�

0.
01

9
6.

93
4

�
3.

32
3

9
R

ig
ht

P
al

lid
um

0.
88

�
0.

01
7

2.
02

1
�

0.
10

1
0.

88
7

�
0.

01
7

2.
98

3
�

1.
99

6
0.

89
3

�
0.

01
5

1.
81

1
�

0.
07

5
0.

86
8

�
0.

02
1

2.
27

5
�

0.
13

4
0.

89
3

�
0.

00
3

2.
10

6
�

0.
76

9
0.

90
4

�
0.

01
4

2.
73

4
�

2.
17

6

10
Le

ft
P

al
lid

um
0.

87
1

�
0.

02
2

2.
12

1
�

0.
07

6
0.

88
2

�
0.

02
1

2.
02

9
�

0.
11

3
0.

88
3

�
0.

02
1

2.
01

�
0.

13
3

0.
86

�
0.

02
7

2.
34

5
�

0.
18

9
0.

88
6

�
0.

00
2

2.
35

1
�

0.
70

7
0.

89
5

�
0.

02
2.

17
6

�
0.

12
9

11
R

ig
ht

P
ut

am
en

0.
90

7
�

0.
01

3
3.

21
3

�
0.

13
4

0.
91

1
�

0.
01

3
3.

78
3

�
1.

10
8

0.
91

5
�

0.
01

4
3.

20
6

�
0.

16
1

0.
90

4
�

0.
02

3.
42

4
�

0.
50

9
0.

90
8

�
0.

00
1

3.
02

7
�

0.
56

4
0.

92
�

0.
01

2
4.

51
1

�
2.

21
4

12
Le

ft
P

ut
am

en
0.

90
2

�
0.

01
4

3.
74

7
�

0.
44

1
0.

90
6

�
0.

01
4

3.
67

1
�

0.
71

9
0.

90
9

�
0.

01
3

4.
12

6
�

1.
41

9
0.

89
9

�
0.

02
4.

07
1

�
1.

35
8

0.
90

3
�

0.
00

1
3.

56
5

�
0.

49
6

0.
91

3
�

0.
01

5
6.

97
3

�
3.

54
1

13
R

ig
ht

T
ha

la
m

us
0.

92
8

�
0.

01
2.

70
4

�
0.

6
0.

93
1

�
0.

00
9

2.
79

4
�

0.
62

5
0.

93
4

�
0.

00
8

2.
37

7
�

0.
05

1
0.

92
3

�
0.

01
2

2.
64

8
�

0.
21

5
0.

92
4

�
0.

00
2

2.
78

7
�

0.
69

2
0.

93
8

�
0.

00
8

4.
79

5
�

2.
61

9

14
Le

ft
T

ha
la

m
us

0.
92

8
�

0.
01

3.
85

8
�

1.
21

2
0.

93
1

�
0.

01
4.

52
7

�
1.

48
6

0.
93

4
�

0.
00

9
2.

54
4

�
0.

12
0.

92
2

�
0.

01
3

2.
89

6
�

0.
43

0.
92

3
�

0.
00

2
3.

21
9

�
0.

93
3

0.
93

7
�

0.
01

6.
92

8
�

2.
76

6
A

ve
ra

ge
of

la
be

l3
-1

4

0.
88

8
�

0.
01

7
3.

20
3

�
0.

36
8

0.
89

4
�

0.
01

7
3.

45
1

�
0.

40
6

0.
89

7
�

0.
01

6
2.

79
3

�
0.

05
7

0.
87

9
�

0.
02

6
3.

12
6

�
0.

48
9

0.
89

4
�

0.
00

3
3.

00
5

�
0.

83
3

0.
90

2
�

0.
02

7
5.

12
3

�
1.

46
3

F
ul

l
A

ve
ra

ge
0.

86
5

�
0.

02
3

3.
30

8
�

0.
33

2
0.

87
2

�
0.

02
3

3.
55

7
�

0.
44

2
0.

87
7

�
0.

02
2

2.
94

�
0.

04
1

0.
85

6
�

0.
03

1
3.

21
8

�
0.

46
7

0.
86

7
�

0.
00

2
3.

00
5

�
0.

73
4

0.
88

1
�

0.
06

5
4.

95
2

�
1.

23

Table 3.3: Performance of 3D Unet, Residual 3D Unet, Dense U-net and V-net with IBSD data in
terms of dice coef�cient and HD with respect to Ground truth. The values are in Mean� Standard
Deviation format
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IBSR MICCAI IBSD

Dice
Hausdorff
Distance

Dice
Hausdorff
Distance

Dice HD

3D-Unet 0.842� 0.052 3.52� 0.86 0.840� 0.047 4.01� 1.87 0.865� 0.023 3.308� 0.332
Dense U-net 0.846� 0.092 3.41� 1.27 0.864� 0.055 3.24� 1.64 0.877� 0.022 2.94� 0.041

 -net 0.855� 0.074 3.02� 0.55 0.875� 0.056 2.76� 0.72 0.881� 0.065 4.952� 1.23

Table 3.4: Free-surfer,FIRST, 3D U-net, Dense U-net and -net performance compared with IBSR,
MICCAI and IBSD data with average dice coef�cient and HD(in mm) for 14 sub-cortical struc-
tures.The values are in Mean� Standard Deviation format

21



3.3 Brain Atlas for Indian Population

The IBA100 template is an existing brain reference model generated with the IBSD database.

Using 100 brains and corresponding structure maps from IBSD, a brain atlas for the Indian popula-

tion was created. The markings were �rst transferred to the template space(IBA100 template), and

the co-registered structure markings combined to generate a probability map for each structure. The

constructed structure maps overlaid on IBA100 are given in Fig:3.4.

Figure 3.4: Indian brain template (i.e., IBA100) of the young population together with its Maximum
probability structure maps . Left to right:Axial, Coronal and Sagittal slices

3.3.1 Comparison and Validation

We compared IBA100 with two different population atlases at the structure level, namely, LPBA40

[63] and Chinese2020 [57]. This comparison is motivated by the fact that atlases are popular in auto-

mated structure segmentation [39], [45] and selection of the structure atlas could be important. The

Chinese2020 atlas is labeled by AAL atlas [67], where 45 anatomical volumes of interest (AVOI)

in each hemisphere are marked and the LPBA40 has manual markings for 56 structures. IBA100

has manual markings for 6 structures in 2 hemispheres. Two of these structure pairs, namely, hip-

pocampus and putamen are common with the other 2 population atlases and hence their average

volumes (measured in the respective atlas space) were compared. These averages are tabulated as a

percentage of the total brain volume in Table:3.5. The size of the structures of the Indian population

is more similar to that of the Chinese population. Overall, however, there is a signi�cant difference

in the structure volumes across the 3 atlases. Thus, variation across populations appears to also hold

at the structure level.

Structure IBA100 LPBA40 Chinese2020
L-Hippocampus Volume(mm3) 0.23 0.47 0.37
R-Hippocampus Volume(mm3) 0.25 0.49 0.37
L-Puttamen Volume(mm3) 0.32 0.68 0.39
R-Puttamen Volume(mm3) 0.31 0.66 0.43

Table 3.5: Comparison of volume of different structures in % w.r.t. the total volume from different
population atlases.
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Table 3.6: Comparison of Volume of different structures in the Validation set with different popula-
tion speci�c structure maps

Structure
Expert marking

(mm3)
IBA100 label transfer-Volume

(mm3)

IBA100 vs
Expert marking

(dice)

L-Hippocampus 3280.7� 309.9 3214.6� 290.1 0.847
R-Hippocampus 3399.5� 220.6 3353.1� 227.6 0.862
L-Puttamen 4310.6� 300.6 4272.5� 345.2 0.89
R-Puttamen 4215.1� 308.9 4099.5� 338.9 0.88

The probability map, created by using the 100 co-registered volumes, is used to create a maxi-

mum probability structure map. The maximum probability structure map registered with each of the

15 validation volumes, and the labels are transfered to get the corresponding labels for the 15 vali-

dation volumes [54]. On the same 15 volumes, we got markings from experts for 2 structure pairs:

Hippocampus and Puttamen. These markings were done by one medical expert and cross checked

by a senior expert. We analyzed whether there is a good agreement between population speci�c

structure map based segmentation and the expert markings for the 2 structure pair segmentations.

For comparison we used Dice coef�cient and volume statistics of two structure pairs- Hippocampus

and Puttamen and the details is given in Table:3.6.
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Chapter 4

A Diffeomorphic Aging Model for Adult Human Brain from

Cross-Sectional Data

Normative aging trends of the brain can serve as an important reference in the assessment of

neurological structural disorders. Such models are typically developed from longitudinal brain im-

age data – follow-up data of the same subject over different time points. In practice, obtaining such

longitudinal data is dif�cult. We propose a method to develop an aging model for a given popula-

tion, in the absence of longitudinal data, by using images from different subjects at different time

points, the so-called cross-sectional data. We de�ne an aging model as a diffeomorphic deforma-

tion on a structural template derived from the data and propose a method that develops topology

preserving aging model close to natural aging. The proposed model is successfully validated on two

public cross-sectional datasets which provide templates constructed from different sets of subjects

at different age points.

4.1 Introduction

Human brain morphometry varies with respect to age, gender, and population. Since the human

brain changes structurally with age, understanding the normative aging process from structural and

functional images has been of interest both in general and within a speci�c population. Studies

aimed at arriving at such an understanding, either use a longitudinal or a cross-sectional design for

collecting images of the study cohort. The former is usually dif�cult as it is challenging to access

a �xed cohort over an extended number of years and scan them repeatedly. A more pragmatic

approach is based on a cross-sectional design where a set of individuals in different age range forms

the cohort. This approach makes it easier to collect scans but their analysis requires a disentangling

of the inter-subject variations from age-related changes which is not straight forward. A more

elaborate treatment of the differences in such approaches can be found in [132].

Regardless of the design, templates play a major role in gaining an understanding of the aging

process and derive a normative standard. Templates are images de�ned using an appropriate ref-

erence coordinate space. Templates created for the young adult Caucasian population [133, 134]

are the most well known and used, though population speci�c templates are also gaining atten-

tion [135,136]. In computational anatomy, aging is typically modelled as acontinuousdeformation
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of a template image over time [137]. This modelling helps to derive any age-speci�c template from

the model, develop subject speci�c growth trajectory and derive direct interpretations from the de-

formation �eld about the aging pattern. In this work, we propose a method to develop such an

aging model for the adult human brain from cross-sectional data drawn from a speci�c population.

Aging has been modeled as a time series regression. The time-series regression methods �nd the

best �t model by minimizing a distance metric, that accounts for deviation of the regression model

prediction with respect to the observations via optimization. One class of approach to time-series

regression �nds an optimal deformation path after selecting an initial image [149] and another class

of approach jointly optimizes the metric and the initial image as it updates the selected initial im-

age [138, 139, 144, 150]. Nevertheless, the initial image selection does have a notable in�uence on

their result when an aging model is derived from cross-sectional data. Methods [140–143,145,146]

are time series regression methods proposed for longitudinal data. The Global template is not rel-

evant here as the same subject scans are considered at different time points. Method [148] also

addresses longitudinal scans albeit from multiple subjects and develops the global aging model but

only for a short age range of maximum 7 years.

In a cohort-based longitudinal study, the variability in inter-subject aging trends can also be high.

This was handled in [151] by considering a tubular neighbourhood for the deformation. Alterna-

tively, a powerful approach is to model individual changes as random effects and group changes

as �xed effects, as demonstrated by Gerig et al. in [200]. This mixed-effects model effectively

separates within-subject variations from between-subject differences, providing a comprehensive

framework for analyzing complex longitudinal data in medical imaging. The spatio-temporal model

suggested in [152] also considers similar variations due to diseased data points in the dataset and

uses partial least squares regression to compute normal aging deformations; this gives modes of ag-

ing and corresponding scores for each subject. It has been reported [147] that a longitudinal change

in signal intensity of different anatomical structures is a good indicator of aging. This has not been

considered in the current work as it is outside the scope of our aging model. A cross-sectional

design allows creation of larger data sets compared to that with longitudinal data. In aging stud-

ies with a cross-sectional design, the inter-subject variability within an age group and across age

groups is disentangled to some extent by developing templates which represent subjects in some

small age interval [154, 155, 178]. Several such template data are publicly accessible even though

the image-sets used for template generation are not publicly available [155,177,178].

We are aware of only two reports that explicitly develop an aging model from cross-sectional

data. In the �rst [157], an image regression approach based on weighted averaging is proposed for

the aging model. In the second [183], the global template is derived from the given template data

and the mapping between each of the template data point to the global template constitutes the aging

model. The consequence of the second approach is that any comparison of a subject image with the

global template space needs two transformations of the subject image; one from the subject image

to the corresponding template data point and then to the global template image. Further, this is a

departure from the notion of aging as a deformation process which acts on a template image [137].
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We argue that an aging model represented by a set of image points developed by smoothly

deforming a template image is more natural than a weighted average of image points in neighbour-

hoods. Hence given cross-sectional data, we explore the use of a diffeomorphic deformation of a

template image as an aging model. In this work, we focus on developing the aging model from

template data. The contributions of this work are: a method to derive i) a continuous aging model

from cross-sectional data covering a long age span and ii) an aging model based on a diffeomorphic

deformation of the global template; this is closer to the de�nition for an aging model in [137].

4.2 Methods

The proposed method derives an aging model from a given set of cross-sectional data for different

age groups. The aging is modelled as a diffeomorphic deformation of the global structural template

de�ned from all the images in the given data. The method requires only template data of a cohort

instead of scans of subjects in the cohort as such scans are usually not publicly available.

The proposed aging model has two elements derived from the supplied templates: (i) a structural

template for the brain and (ii) an aging deformation as a function of time de�ned on the structural

template. The diffeomorphic aging is de�ned as a suitable deformation of the structural template.

Computing the aging deformation, and mapping it to the structural template are the main steps

of this method. The model derives temporally and spatially smooth deformations to minimize the

effect of cross-sectional variations in the aging deformation computed from the cross-sectional data.

These are discussed in detail below.

4.2.1 Computing the structural template

Template data points are used as input to derive the aging model. Closely and equally spaced

data points, each of them generated from equal number of images is preferred. Let the template data

Ti be the group average of images of subjects whose age is in thei th interval and let us assume that

we haveN such data points. As each of the templates is derived from different sets of images, the

template space de�ned for each set need not be the same and thus the aging path will be different

for eachTi . Finding the common aging path from the unalignedT1; T2; � � � ; TN is the challenge

here. The �nal aging model is de�ned using a templateG constructed from the set of allTi s in the

diffeomorphic spaceG. The templateG is the best structural representation of all theTi s, which is

computed using a non-rigid group-wise registration method called SyNG proposed in [159]. SyNG

iteratively computes the templates that minimizes the average distance from the template to each

of the Ti s on the diffeomorphic spaceG, and the optimal template isG. The distance from this

template to each of theTi incorporates two aspects; the cross-sectional and aging deformations.

The cross-sectional variations and aging deformations in the data affectG less as it is the template

developed from the whole data covering the entire age range of interest. The templateG can be

considered as the global template for allTi s and considering it as the structural template element

in the proposed model avoids biases toward anyTi . All the Ti s are aligned toG using an af�ne
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transformation before developing the model to make it af�ne invariant. This simpli�es the model as

an af�ne alignment can be done accurately from one template to another or to an image.

4.2.2 Computing the Aging Deformation

4.2.2.1 Assumptions made while computing the aging deformation

In order to compute the aging deformation from cross-sectional data, it is useful to understand

the natural aging process from a physiological/structural perspective.We begin with the assumption

that the data represents a cohort with some homogeneity in brain morphology. It is observed that in

a mature human brain (from approximately 20 years), brain tissue regions shrink and the ventricular

space increases with aging [160–162]. A key implication of this observation is that the deforma-

tion that the brain undergoes with normal aging is spatially and temporally smooth and topology is

preserved as no new structure appears with aging. We can therefore assume that growth-induced

deformation will be the smoothest and the most predictable among other types of spatial (cross-

sectional variation) and temporal (atrophy) deformations. The log-Euclidean framework [163] cov-

ers such less-complex diffeomorphic deformations, and can be used to extract aging deformations

from cross-sectional data. The space of diffeomorphisms is an in�nite-dimensional manifold, and

subject-images can be generated by applying a set of diffeomorphismsGon a template image. The

log-Euclidean framework uses the locally Euclidean nature of the manifold to work with diffeomor-

phisms in a computationally ef�cient manner. This is de�ned by representing the diffeomorphism

by Stationary Velocity Fields (SVF). Group exponential maps are generally used to compute the

deformation� represented by the SVFv, that is,� = exp( v).

4.2.2.2 Aging deformation modelled by two SVFs

Recall that we already have template dataf Ti g and their global representationG. The aging

deformation is the second element in the aging model. As mentioned in before,G does not carry any

information about the aging deformation. Mapping betweenG andTi s constitutes both aging and

cross-sectional deformations. ThereforeG cannot be used directly to extract the aging deformation

from theTi s. We �nd TM among theTi s that needs the smallest deformation to map toG. TM is

used as a reference data point to compute the aging deformation. The aging deformation computed

with respect toTM can be mapped toG fairly accurately as they are close. The SVFsf vi g that

maps eachTi to G are computed �rst to �nd the reference templateTM . Let kvi k be a measure of

the distance betweenG andTi . Then the desiredTM is the template corresponding to the smallest

normkvi k. In other words,

TM = Ti wherei is such thatkvi k = minfk vkk; 1 � k � ng: (4.1)

The deformationexp(vM ) which mapsTM to G is used to map the deformation computed with

respect toTM to the common space. In the proposed model, the aging deformation is considered as

a temporal relationship with a consistent trend between subsequentTi s, withTM being considered
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as the reference template. An example of consistent trend is the �uid-�lled regions in a mature brain

increasing in size with aging. This temporally consistent aging deformation is derived from the de-

formations between template pairs in the forward (f ) and backward (b) directions. For instance, the

deformationsvj f between(TM +( j � 1)f
; TM + j f ) for j = 1 ; 2; � � � ; (N � M ) are the SVF parame-

terizations for pairs in the forward direction. Similarly, the deformationsvj b obtained by registering

template pairs(TM � (j � 1)b
; TM � j b) for j = 1 ; 2; � � � ; (M � 1) are the corresponding SVF param-

eterizations for pairs in the backward direction. The spatial aging trends will be locally consistent

and therefore, composing the forward/backward pairwise deformations can be used to extract the

consistent trends in the deformation with respect toTM in both directions. We propose to do this by

composing the deformations sequentially using the Baker–Campbell–Hausdorff (BCH) formulation

given in Eqn. 4.4 below. This allows compositions of group exponentials to be expressed as a single

SVF. Let the velocity vector �eld obtained as a result of repeated application of BCH formula on

the forward (backward) deformations be denoted asv j f (v j b ). The vector �eldv j f de�nes the single

SVF parameterization of the forward deformation fromTM to T(M + j ) f
andv j b de�nes the same

for the backward deformation fromTM to T(M � j )b
. These velocity �elds are computed from Eqn.

4.2 and Eqn. 4.3 with an initialization ofv1f = v1f andv1b = v1b .

v j f = BCH(BCH(� � � (BCH(v1f ; v2f ); v3f ); :::); vj f ); j = 2 :::(N � M ); (4.2)

v j b = BCH(BCH(� � � (BCH(v1b ; v2b); v3b); :::); vj b); j = 2 :::(M � 1): (4.3)

The BCH formula for a pair of forward deformations is given in Eqn. 4.4. Backward deformations

can be computed in a similar manner.

BCH(v (j � 1) f
; vj f ) = log(exp( v (j � 1) f

) exp(vj f ))

= v (j � 1) f
+ v(j f )+

1
2

([v (j � 1) f
; v(j f ) ])+

1
12

([v (j � 1) f
; [v (j � 1) f

; v(j f ) ]]+[ vj f ; [v(j f ) ; v (j � 1) f
]])+ � � � = v j f :

(4.4)

Here,[�; �] denotes the Lie bracket of two vector �elds.

It should be noted that since the BCH approximation is valid only for small deformations, in prac-

tice, v(j f ) is divided inton smaller deformations such that
v( j f )

n < 0:5� voxel dimension, and

these smaller deformations are composed iteratively withv (j � 1) f
to computev j f . In the proposed

method, the extracted deformation is constrained to be spatially smooth due to the log-Euclidean

framework and temporally smooth since the composing step captures only the temporally consis-

tent trends from the sequential data. For simplicity, the forward aging deformation fromTM to TN ,

� f = exp( v (N � M ) f
t) is denoted asexp(v f t) and the backward aging deformation fromTM to

T1, � b = exp( v (M � 1)b
t) is denoted asexp(vb t). The computed aging deformations� f and� b

vary uniformly with time which is not consistent with the natural aging trends whereas the aging

deformation cannot be expected to vary uniformly, for example tissue degradation will be rapid for
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elderly age range [162]. Hence, a temporal dependency is introduced in� f and� b to accommodate

any non-uniform changes in natural aging. This step is explained in the next section.

4.2.2.3 Imposing non-uniform temporal variations on aging deformation

Figure 4.1: A schematic representation of the aging model. Included is an illustration of how the
model maps a subject scan at age=61 years to the global space

The aging deformation need not increase linearly in time with respect toTM . Hence we propose

a quanti�cation for the aging deformation (denoted asR) at each time point in Eqn. 4.5. This is

de�ned in terms of the distance betweenTi andTM as in Eqn. 4.5. Herev � = v f in the forward

direction andv � = vb in the backward direction. Further,v i = v j f for i = ( M + j )f andv i = v j b

for i = ( M � j )b. With this, let us de�ne

R(i ) =
d(T1; Ti )
d(TM ; Ti )

=
kv i k
kv � k

: (4.5)

SinceR(i ) is a discrete sequence, whereas a continuous aging trend is of interest, a smooth curve


 (t) is found by �tting a curve toR(i ). In our implementation, a cubic spline �tting was done in

the forward and backward directions for the
 curve. The function
 (t) for t = [ t0; tN ], quanti�es

the aging deformation at a particular time point with respect toTM . As this deformation increases

in both directions with time, the curve will, in general, have a bilateral increasing trend about the

age point corresponding toTM . An illustration of the proposed method to extract the aging trends

is shown in Fig. 4.1.
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Figure 4.2: TM is mapped toG using exp(vM ), and the path is used to transportexp(v f ) and
exp(vb ) to the global template space.

4.2.2.4 Transferring the deformations to the global template space

The deformations captured using Eqn. 4.4 are mapped to the global template space using the

mapping fromTM to G, i.e.,exp(vM ). The captured deformations on the manifoldG are parame-

terized by SVF. In order to transfer the aging deformations to the global template space we use an

existing algorithm [164] for parallel transport. This is explained next.

Let the global template space images corresponding toTi s beGi s. The deformations to be trans-

ported are parameterized by SVFsv f andvb . A schematic of the deformation mapping scheme is

shown in Fig. 4.2. In Fig. 4.2,G0
1 = G � exp(� �( vb )) andG0

N +1 = G � exp(� �( v f )) . Thus, the

inverse of the mappings fromG to G0
1 andG0

N +1 i.e., exp(�( vb )) and(exp(�( v f )) gives� b and

� f respectively. Here� b = exp
� vM

2

�
� exp(� vb ) andexp(�( vb )) = exp

� vM
2

�
� � � 1

b . Therefore,

exp(�( vb )) = exp
� vM

2

�
� exp(vb ) exp

�
� vM

2

�
; (4.6)

and similarly,

exp(�( v f )) = exp
� vM

2

�
� exp(v f ) exp

�
� vM

2

�
: (4.7)

4.2.3 The aging model

The aging model has three components,G, 
 (t) and the SVF parameterization of the transported

forward and backward deformations�( v f ); �( vb ) respectively. An age-speci�c template at any

time pointt can be computed using the following formula:

T(t) =

8
<

:
G � exp(�( v f )
 (t)) for t � M;

G � exp(�( vb )
 (t)) for t � M:
(4.8)

The aging model implementation has made publicly available inhttp://dx.doi.org/10.

17632/nw983x225c.1 .
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Algorithm 1 Proposed Algorithm

Input: T1; T2; � � � ; TN +1

Result: Aging Model (G, �( v f ); �( vb ), 
 (t))
Step 1: Compute the global template as group mean ofT1; T2; � � � ; TN +1 �! G
Step 2: RegisterG to Ti 8i 2 [1:::N ] �! vi

Step 3: Compute the distancedi = jj (vi )jj betweenG and eachTi

Step 4: Find Ti which is closest toG by comparingdi values�! TM

Repeat Step 5andStep 6for (T(M +( j � 1)) f
; T(M + j ) f

) wherej = 1 ; 2:::(N � M )
Step 5: Register each pair(T(M +( j � 1)) f

; T(M + j ) f
) using log-demons registration�! vj f

Step 6: Single SVF parameterization of the composed aging deformation fromTM to T(M + j ) f
)

using Eqn. 4.2�! v j f

Repeat Step 7andStep 8for (T(M � (j � 1)) b
; T(M � j )b

) for j = 1 ; 2; � � � ; (M � 1)
Step 7: Register each pair(T(M � (j � 1)) b

; T(M � j )b
) using log-demons registration�! vj b

Step 8: Single SVF parameterization of the composed aging deformation fromTM to T(M � j )b

using Eqn. 4.3�! v j b Step 9: v f  � v (N � M ) f
andvb  � v (M � 1)b

Step 10: Parallel Transportv f , vb along vM using Eqn. 4.6 and 5.4 respectively�!
�( v f ); �( vb ).
Step 11:Compute a curve �tting for the discrete function R de�ned by Eqn. 4.5 usingv j f ; v j b ; v f

andvb �! 
 (t)

The entire procedure for comparing aging models is summarized in the �owchart shown in Figure

4.3.
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Figure 4.3: Aging model Creation Pipeline
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4.3 Results

In this section, we report on validation of the proposed model and experiments with the model.

All experiments, barring the one with simulated data, were done on 3D data though only 2D cen-

tral slices from the results are shown for visual comparison. The proposed aging model is af�ne

invariant, and therefore results were also aligned using af�ne transformation prior to comparison.

The proposed method to create an aging model was implemented using two cross-sectional template

datasets: (i) Brain Imaging of Normal Subjects (BRAINS) [177] with 7 templates of subjects aged

25-93 years and (ii) Neurodevelopmental MRI Database (Neurodev) [178] with 14 templates of

subjects aged 20-89 years. T1 scans were used in both datasets and more information regarding the

subject scans can be found in [177,178]. Only templates are accessible in these datasets along with

information on the age interval and number of scans of subjects were used to create each template.

In BRAINS, the sampling of the age range is not uniform, particularly at the upper age level, and the

number of scans used for template data creation is less relative to Neurodev. The spacing between

template data is shorter (5 years) and uniform in Neurodev. Experiments done to assess and validate

the quality of representation of the proposed model.

4.3.1 Aging Model

Recall that the proposed aging model has two elements, namely, the structural templateG and the

aging deformation. The aging deformation has three components: the forward aging deformation� f

parameterized byv f , � b parameterized byvb and the
 function. The proposed model developed

with Neurodev and BRAINS datasets are shown in Fig. 4.4. A direct interpretation of
 (t) plot

does not give much information about the aging trend as it represents the degree of deformation

with respect toG, rather than any of the end point templates. It however does indicate the age point

that corresponds to the reference templateTM . In the case of Neurodev this is 67 years and for

BRAINS it is 77 years.

4.3.2 Representation Quality Analysis

Age-speci�c templates were generated with the proposed aging model using Eqn. 5.2, and were

used for visual comparison to assess the quality of representation. Comparisons are done with natu-

ral aging trends, existing spatio-temporal atlas and the supplied templates used for model creation.

4.3.2.1 Compatibility with Natural Aging

Templates at increasing age points were generated with the proposed aging model to study the

structural change with aging. The BRAINS dataset [177] was chosen to do this experiment as it

covers a longer span at the elderly age end where more changes are expected. Human brain aging

literature [162, 165, 166] indicates that a mature brain undergoes minimal cognitive and structural

changes up to the age of� 50 and more for the elderly, i.e.� 60+. This trend was veri�ed by

computing the intensity difference between the current template and the �rst (at age 30) template.
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Figure 4.4: The aging model computed with Neurodev and BRAINS datasets

This difference essentially is due to age-induced structural change.

Fig. 4.5 shows the generated sequential templates (�rst row) and difference between the sequential

templates and the �rst template (second row). The difference images facilitate understanding the

structural changes with aging. The difference appears to be very low for the �rst few decades relative

to the last few decades where changes like ventricular expansion occurs. This trend is consistent

with the existing information about natural healthy aging.

4.3.2.2 Growth Trend across Aging Models

Huizinga et al. in [152] proposed a cross-sectional spatio-temporal reference model for repre-

senting aging. This model does not ensure a diffeomorphic aging deformation and the template

space representation of a subject image needs a computationally intensive group-wise registration

with a training set used to generate the model. In contrast, our model requires only one pairwise

registration from a subject to the corresponding age-speci�c template, derived from the model. The

aging trends observable in the templates derived from our model was compared with those derived

using [152]; the latter templates are available inhttp://www.agingbrain.nl/ for the age

range of 45-92 years. Templates at the same age points were generated with the proposed method

using the Neurodev dataset.

Fig. 4.6, shows sample 2D slices of templates from [152] in odd numbered rows, along with the ones
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Figure 4.5: The proposed aging model at different time points(�rst row) along with the difference
image with respect to the initial time point(second row)

derived with the proposed model (from the Neurodev dataset) in even numbered rows, for compar-

ison. The comparison at image-level comparison is not meaningful as the templates are generated

from different data-sets. However, one can observe growth trends. The structural similarity across

rows in a column appear to have similar trends across age indicating growth trend to be consistent.

4.3.2.3 Age-speci�c Template Assessment

The generated templates with our model were visually compared with the templates given in

the Neurodev dataset to understand how well the model have represented these templates. The

templates for the �rst and last time points in our aging model have undergone maximum deformation

compared to those at other age points. Hence, such a visual comparison is of interest. The given

templates along with our generated templates are shown in Fig. 4.7 for comparison. The �rst and last

time points for Neurodev are shown as the �rst image in each pair, while the corresponding templates

generated by the proposed model are shown as the second image in each pair. As per the proposed

aging model, the template for the �rst and last time points are maximally deformed with respect

to the template closest toG, i.e., TM . Yet, the derived templates are visually quite similar to the

templates from the two datasets. Thus, the proposed model appears to preserve the structural details

of the given template at each time point. We assessed the interpolation/extrapolation capability

of the proposed model and observed that the derived templates are qualitatively and quantitatively

similar to given templates. Thus, the model is quite robust to missing data.

4.3.3 Aging Model Validation

Model validation was done by analysing the ability of the model to capture natural deformations

and the similarity of model-generated age-speci�c templates to a set of subject images of same
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Figure 4.6: Correctness of Aging trends captured in the model: Publicly available spatio-temporal
images [152](row 1,3,5) compared with images generated at same time points with proposed aging
model using Neurodev data at different time points(row 2,4,6) Each highlighted row pairs compare
same slices as speci�ed in the �gure.
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age. Since our model was derived for a cross-sectional setting, we also studied its performance in a

longitudinal data setting as it is of interest.

4.3.3.1 Topology Preservation

Since diffeomorphic deformations best �tnatural deformations, we considered aging related

deformation also as a diffeomorphism. Accordingly, our model is de�ned on a manifoldG of dif-

feomorphisms. It is of interest to verify if an extrapolation of the model generates deformations in

G itself. This was done by extrapolating the aging trend and deriving templates in both younger

and older ages. Neurodev data which covers that age range of 22-87 (reference template age point,

M=77 years) is used for this experiment. The templates from extrapolation in both directions were

generated for this experiment with Eqn. 5.2. Two templates, namely at age 20 and age 100, gen-

erated with the proposed model are shown in Fig. 4.8 along with the Global template. These are

results of extrapolation from the data given in the Neurodev dataset [178]. The topology appears

to be preserved even when the aging model is extrapolated in both directions implying that the ex-

trapolated deformations also belong toG. It can also been that while global similarity (in structure)

exists across age, local deformations persist. For instance, the ventricle is much smaller at age 20

and enlarges with age, consistent with the expected aging trend. The Jacobians of the forward and

backward deformations were veri�ed to be positive valued.

Figure 4.7: Comparison of templates(�rst image in each pair) given in the Neurodev dataset with
those generated by the proposed aging model(second image in each pair). Only the templates for
the �rst and last time-points are shown.

4.3.3.2 Validation with Segmentation

A localised assessment, i.e., of few structures, is of interest in many situations. This requires

labeling by aligning the subject image to a labeled template and doing a label transfer. An alignment

process that requires smaller deformations indicates that the template is structurally very close to the

subject image. This will lead to better segmentation. With our age model, this involves only a single

registration step as shown in Figure 4.1 and hence potentially least deformation. This is in contrast

to the steps required when using the model in [183] which requires two registration steps: one to
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Figure 4.8: The central coronal slices of extrapolated age-templates are shown along with the global
template image

transfer the labels from the global template to the template data that is closest to the given subject

age, and a second to transfer the template labels to the subject image. Each of these registration

steps can contribute to error in labeling in addition to the structural dissimilarity of template and

subject image. An experiment was done to quantitatively compare the accuracy of labeling using

the proposed method and with [183]. From MICCAI 2012 dataset [167] 35 subject images in 18-90

age range along with the ground truth labels were used to perform the comparison. The templates

corresponding to the subject ages outside the range [22-87] years, were constructed by extrapolating

the proposed aging model. The accuracy of label transfer from a template is highly in�uenced by

the registration method and the global template labels being used. For a fair comparison, both

models were developed with Neurodev [178] templates and the labeledG was taken to be identical.

Both methods used DRAMMS-based registrations [168] with identical parameters for label transfer

steps. The Dice score was used for assessing the segmentation accuracy.

Figure 8 shows the dice scores and volume comparison for 14 sub-cortical structures for our model

and [183]. Results of direct label transfer from [136] and G are also included as baseline as [136] is

the atlas used to label G and that labelled G is used by proposed method and [183] as starting point.

It should be noted that in [183] a manually labeled G is used unlike our case. It can be observed

that in terms of dice and volume the proposed model performs better than both baseline methods

and [183] for large structures. Whereas for small structures the label transfer from G performs

better than the rest three. The proposed model's better performance in label transfer is due to its

ability to generate accurate age-matched (to the subject) template unlike [183] which only allows an

approximate age match along with an extra registration step. The p-values computed between dice

values with our method and with [183] was less than 0.05 for all structures except left Amygdala.

From the visualized segmentations, the results of our aging model are closer to the ground truth and

smoother (less spikes and missing pixels) compared with [183].

The segmentation performance of the proposed model and [183] were found to be different for the

2 datasets. A 10% improvement in average dice score is achieved with the proposed model with the

Neurodev dataset while this �gure is much higher for [183]. This indicates the superior robustness

of the proposed aging model to change in sampling of the age range.
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Figure 4.9: Segmentation performance comparison of proposed method with [183], Labels trans-
ferred from G and Labels transferred from [136]. The average dice (�rst row) and volume (second
row) are plotted for 14 structures. lllustration of the transferred segmentations in last row

4.3.3.3 Validation with Simulated Longitudinal Data

The proposed method was aimed at handling cross-sectional data. In order to understand how

the model would handle longitudinal data, an experiment was done using simulations as longitu-

dinal data is unavailable. The Shepp-Logan phantom was used for this purpose and the deformed

phantoms were generated as follows. A few locations on the image were chosen and each selected

point and its neighborhood were displaced in X and Y directions; the displacement value was sam-

pled from a Gaussian distribution. The degree of deformation is controlled by the parameters of the

Gaussian. A set (S) of �fty randomly deformed phantoms were taken (to simulate a cohort) and �ve

copies were made. Deformations with increasing degree was applied on these �ve copies to simu-

late aging of different subjects. The �ve sets thus form our longitudinal data. For each of the �ve

sets a template was computed separately using the method suggested in [170]. The templates were

then used as inputs for the proposed model to generate templates at different age points. These were

then compared against the deformed versions of the Shepp-Logan phantom (proxy ground truth).

Sample images generated by applying the simulated deformations on the Shepp-Logan phantom are

shown in the �rst row of Fig. 5.3. This forms the ground truth. The template images derived with

the proposed model are shown in the second row. The images in the 2 rows appear to be very similar

to each other at the same time points. The template images generated with the proposed model and

corresponding
 curve is also shown in the same �gure. The degree of deformation in the simulated

deformation is uniformly increasing with time and hence it can be expected that the
 curve will be
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symmetric with respect to mid-time point. We see that, in Fig. 5.3, is indeed true. The proposed

model captures the applied deformation without much errors from the simulated longitudinal data.

TER

Figure 4.10: Aging model for a simulated longitudinal dataset. A - First row: Deformed images
with known transformation and second row: images generated with the proposed model, for the
same time points (as in the �rst row) and last row: the MSE and SSIM of �rst and second rows; B -
The
 curve of our aging model and C - Some sample images used inS

4.4 Discussion

Cross-sectional images at different age points are easier to acquire than that of the same subject.

This motivated us to develop a method to generate an aging model using cross-sectional data. The

aging model is based on continuous deformation applied to a template. Experimental results show

that our aging model can be used to generate templates at different time points in a manner that is

consistent with the natural aging trend observed by other studies; it preserves structural details of

the supplied templates and generates topology-preserving aging deformations.

The proposed aging model has a few limitations. Firstly, it is applicable only for matured brain

growth where no new brain structures are introduced. The quality of the proposed model is com-

pletely dependent on the data. Consequently, the number of scans in each age interval needs to

be large to generate the template data that are representative of the cohort/population under study.

Though the de�nition of `large' remains open, current studies have typically used 20 or more scans

at every interval. Secondly, while the model reduces the effect of cross-sectional data induced

variations in the aging deformation, there is no formal proof as yet that it completely removes the

cross-sectional variation. Finally, the proposed aging model de�nes a single average growth path

and does not attempt to model the cross-sectional aging variations.

Since the proposed model works only to obtain a mean aging path, future work can be a re�nement
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in terms of de�ning the aging model as a distribution of paths about the average path. The basic

requirement to develop such a model however, is the availability of scans at different age points, not

the templates alone. Our current work is directed at developing a public database for this purpose

with subject scans at different age points.

The spatio-temporal smoothness and consistency are assured in the proposed model to make it

closer to natural aging. The model has the potential to be used for clinical purposes. Currently

population speci�c aging trends are of interest and this can be generated with the proposed model

with less efforts. The code to generate proposed the aging model has made publicly available in

http://dx.doi.org/10.17632/nw983x225c.1 .
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Chapter 5

A Metric to Quantify Difference in Aging across Populations

Biological processes like growth, aging, and disease progression are generally studied with

follow-up scans taken at different time points, i.e., with image time series (TS) based analysis.

Comparison between TS representing a biological process of two individuals/populations is of in-

terest. A metric to quantify the difference between TS is desirable for such a comparison. The two

TS represent the evolution of two different subject/population average anatomies through two paths.

A method to untangle and quantify the path and inter-subject anatomy(shape) difference between

the TS is presented in this work. The proposed metric is a generalized version of Fréchet distance

designed to compare curves. The proposed method is evaluated with simulated and adult and fetal

neuro templates. Results show that the metric is able to separate and quantify the path and shape

differences between TS.

5.1 Introduction

Studying natural processes such as growth, disease progression, and other physiological pro-

cesses often requires imaging at different time points, thus generating an image time series (TS).

The images in such TS typically represent a deforming organ of an individual or population average

anatomies derived to represent the general trend of a process. Modeling the TS as a continuously

deforming image/shapethough a temporalpath[139,149] helps to directly analyze the deformation

happening in the anatomy with time [137]. However, it is a fact that anatomy and the biological

process vary across individuals. When two TS are of individuals from the same population, it is

presumed that there is anatomical (orshape) similarity, and for a population-level analysis with a

group of TS, the focus is on understanding thepathdifference directly or by mapping to a common

space [82]. For a pair of TS, bothshapeandpath difference will signi�cantly contribute towards

the difference between them, and it has to be captured by a metric that de�nes the distance between

them. It is more interesting to study these separately when comparing two population average TS.

Let us consider an analogous problem to understand the requirement of such an analysis better.

Consider the growth of two chilies represented by two TS. Each chili will have a uniqueshapethat

changes as it grows. Chilies of the same variety will be similar in shape, whereas those of differ-

ent varieties will not, as in the case of long versus round chili varieties. Consequently, comparing
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the growth of two long chili varieties requires only understanding the course of temporal variation,

whereas comparing the growth of a round variety and a long variety chili also requires accounting

for the basic shape difference between the two varieties. We de�ne theshapevariation between TS

to represent the time-independent variation between the TS pair and thepathvariation to represent

the time-dependent variation between TS. This work proposes a method that separately quanti�es

theshapeandpathvariation to de�ne the distance between two TS.

Image similarity metrics such as SSIM and MSE are popular for image-level comparisons. They

are inappropriate for image TS because they fail to quantify spatial and temporal differences sep-

arately. The terminology 'path difference' is generally used to compare two 1D curves, where the

initial points in both curves are assumed to be the same. Hausdorff distance [73] is a common met-

ric to measure the distance between two curves, but it does not consider the course of the curves.

Dynamic time Warping [75] aids in comparing two trajectories of different speeds, but it is also

a discrete measure. Fréchet distance [80] is the standard for comparing two continuous curves or

paths. The idea of Fréchet distance is de�ned in [80] as the minimum leash length when a person

walks with a dog on a leash forward, from start to end. In image TS representing biological pro-

cesses, the spatial context is as important as the temporal variation, but Fréchet distance (FD) [72] is

not designed to handle these directly. In general, none of the existing methods for curve comparison

are directly applicable to compare and quantify 3D image TS differences.

3D-image-based qualitative and quantitative comparison of biological process in the existing lit-

erature is limited to characteristics like cerebral volume and dimensions of the brain, which are

derived from each TS [76, 184, 194, 195]; this translates to image level comparison for 3D image

TS. Such analysis, however, will not help to separately compare theshapevariation andpathvari-

ations. Measures like changes in volume and structure/organ dimensions have been reported but

cannot capture the non-rigid anatomical changes. For instance, growth trajectories have been com-

pared in [82] to study the difference between the human brain in healthy/normal individuals and

those with Alzheimer's disease by �rst mapping the trajectories of two groups of individual follow-

up scans to a common space in [82] and then performing a volume change analysis. Such methods

are useful for case-speci�c group analysis, but a metric that de�nes the distance between two TS

will facilitate a more general analysis framework.

5.1.1 Our Contribution

The main contribution of this work is a metric for comparing a pair of TS, which considers

both shapeandpath variations. To our knowledge, this has not been addressed in the context of

group analysis. We propose a metric to quantifypath variation inspired by the idea of FD for

curves because FD considers the course of the path, unlike other measures, and de�nes a single

metric to quantify thepathvariation. We also propose a metric to quantifyshapevariation based on

the deformation-based distance between theshapes of the individual TS. Proposedshapeandpath
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distance metrics are de�ned for every point in 3D space. The sum of the averageshapeandpath

distances quanti�es the difference between the two TS.

5.2 Method

TS data corresponds to either an individual anatomy variation or average population anatomy

variation with time. Henceforth, the term 'subject' is used generically to refer to both an individual

or a population average. It should be pointed out that af�ne invariant, intensity normalized image

TS are considered in this work as these factors are separately quanti�able.

5.2.1 Assumptions

Let TS1 andTS2 be two TS acquired from two different subjects for approximately the same

time range at different/same time instances. I.e., the two TS are aligned with respect to each other

in terms of time. The foremost challenge in TS comparison is the discrete nature of the TS. We

propose to overcome it by deriving continuous models corresponding to each TS as a �rst step.

5.2.2 Deriving continuous representation of TS

A natural process in the human body can be considered as a deformation happening on the un-

derlying anatomy [137]. When images are acquired from the same subject, the TS is modeled as an

anatomy deforming through a path. Kernel-based regression [77] is another modeling option which

however does not separately model the path and the underlying anatomy. Since the purpose is to

separately quantify the difference in terms ofshapeandpathvariation between two TS, we choose

a path-based modeling approach such as [179] where the TS is modeled as the continuous defor-

mation of a global anatomy. The global anatomy (G) lies around the middle of the time interval

and hence a forward(exp(v f � 
 (t)) ) and backward (exp(vb � 
 (t)) ) time-varying deformation of

G models the continuous image path, where
 represents the temporal changes of the deformation.

The 2-piece path modelling helps to match the time interval of the two TS via extrapolation of the

model towards the required time points as shown in Figure 5.1. To model the continuous image path

with [179] theG has to be generated �rst. The type of the TS being used for comparison has to be

considered to derive theG.

For Cross-sectional data based population comparison, [179] can be followed to derive the contin-

uous image path. This model is applicable for population average TS derived from cross-sectional

data. The global anatomy (G) in [179] represents the anatomy that normalizes all inter-subject vari-

ation and the temporal variation. If the TS is longitudinal data thenG generation is not needed as

the same subject is being scanned. Hence, select a central image in each series and the forward and

backward time deformation of the central image models the TS. Except theG generation, the other

steps will be same for longitudinal data.
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The derived representation ofTS1 andTS2 with [179] areI 1(t) andI 2(t) as given in Equation 6.1-

5.2. G1 andG2 represents the global anatomy in the continuous models ofTS1 andTS2. It should

be noted that,� corresponds tof andb subscripts throughout this chapter, wheref corresponds to

forward andbto backward. Thev � 1 � 
 1(t)) andv � 2 � 
 2(t)) corresponds to forward/backward path

representations in the models correspond toTS1 andTS2. The global anatomiesG1(G2) occurs at

m1(m2).

I 1(t) =

8
<

:
G1 � exp(v f1 � 
 1(t)) for t � m1;

G1 � exp(vb 1 � 
 1(t)) for t � m1:
(5.1)

I 2(t) =

8
<

:
G2 � exp(v f2 � 
 2(t)) for t � m2;

G2 � exp(vb 2 � 
 2(t)) for t � m2:
(5.2)

5.2.3 Temporal alignment of the continuous representations

The models are derived separately for each TS as given in Equation 6.1-5.2. TheG1 andG2

occurs atm1 andm2 respectively. To temporally align the two models the global anatomies has to

be moved to the same time point. Then the models can be reformulated with new global anatomies

G0
1 andG0

2 at (m1 + m2)=2. Supposem1 < (m1 + m2)=2 andm2 > (m1 + m2)=2. ThenG0
1 and

G0
2 are given by Equation 5.5 and 5.4 respectively.

G0
1 = G1 � exp(v � 1 � 
 1

�
m2 � m1

2

�
) (5.3)

G0
2 = G2 � exp(v � 2 � 
 2

�
m1 � m2

2

�
) (5.4)

The updated deformations are given by Equation 5.5 - 5.8. In order to relocate theG1 andG2 to

(m1+ m2)=2, the deformations has to be updated. Composition steps are required to map part of the

forward or backward deformation towards the other side to keep global anatomy at(m1 + m2)=2.

The updated deformations are given by Equation 5.5 - 5.8.

V b 1 = vb 1 � vb 1 
 1

�
m2 � m1

2

�
(5.5)

V f 1 = log
�

exp(v f 1) � exp(� vb 1 
 1

�
m2 � m1

2

�
)
�

(5.6)

V b 2 = log
�

exp(vb 2) � exp(vb 2 
 2

�
m1 � m2

2

�
)
�

(5.7)
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V f 2 = v f 2 � vb 2 
 2

�
m1 � m2

2

�
(5.8)

Equation 5.6 and 5.7 are computed with BCH formulation. For two deformations modelled with

SVFsva andvb, the composition of the two deformations is derived as given in Eqn. 5.9. This

approximation is done with the assumption thatvb is very small. Hence proposed method will work

only if the TS is from approximately the same time interval.

log(exp(va) � exp(vb))

= va + vb +
1
2

([va; vb]) +
1
12

([va; [va; vb]] + [ vb; [vb; va]]) + � � � (5.9)

The 
 1 and
 2 has to be recomputed by �tting a smooth spline curve on their old values and

new values aroundt = m1+ m2
2 . Let the new �tted
 s be
 0

1 and 
 0
2. The continuous models is

extrapolated /truncated to the same time interval before comparing the two. Figure 5.1 shows the

steps to be followed to derive the continuous temporally aligned, range compensated continuous

models from the TS., which are used to compute the distance between the pair of TS.

Figure 5.1: A) Temporally alignedTS1; TS2, B) Continuous image pathsI 1(t); I 2(t) C) Temporally
aligned paths with extrapolated deformation(red curve)

5.2.4 Computing theshapeand pathdistance

5.2.4.1 Shapedistance:

In the continuous models for the two TS,~SI and ~SJ represent theshapescorresponding to

TS1 andTS2, respectively, at the same time point. Hence, the deformation between the~SI and
~SJ captures theshapevariation � S between the two TS. Since the deformation is modeled as

� S = exp( V S), with V S representing a stationary velocity �eld, the norm of this vector �eld

can be directly used to quantify the deformation as given in [96]. Theshapedistance (ds) between

TS1 andTS2 is hence de�ned as

ds = kV Sk (5.10)
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5.2.4.2 Pathdistance:

Our aim is to enable the comparison of a pair of TS on a common interval[ta; tb], which can

be �exibly selected. Extrapolation or truncation may be required, depending on the selected time

interval.

Figure 5.2:Shape(ds) andpath(dp) distance computation

The path distance is de�ned as the maximum distance between the two paths over the chosen

interval at each spatial location. When the two TS are modeled with oneshape, then the only

distance between the TS will be thepathdistance (dp). When the shapes differ, then the distance

between the paths has to be computed after accounting for theshapedistance between the two

TS. We therefore forceds = 0 by mapping the paths to either~SI or ~SJ via parallel transport.

Speci�cally, if we consider~SJ as the reference to de�ne theshapeandpath distance, the paths
~� I

1(t) and ~� I
2(t) are transferred to~SJ via parallel transport [164] throughV S to get ~� I

1(t) and
~� I

2(t). TheJ (t) paths~� J
1 (t) and ~� J

2 (t) and the transferred paths are de�ned on~SJ . A schematic for

computing thepathdistance as described is shown in Figure 5.2.

Let the distance between the transferred paths of a TS and the paths of another TS (see Fig.5.2) be

denoted asf d1(t); d2(t)g whered1(t) corresponds to the distance in[ta; m] andd2(t) corresponds

to the distance de�ned in(m; t b]. Since the path is modeled with vector �eldsv � 
 (t), the norm of

the difference between the vector �elds inI (t) andJ (t) models can be used to compute thepath

distanced� (t) as follows.

d� (t) =



 vI

� � 
 I (t) � vJ
� � 
 J (t)




 (5.11)

The net difference between the paths has to be �nally quanti�ed. We follow the FD formulation for

this purpose. Outliers are known to occur in FD. In the current case, sinced� (t) is a continuous

smooth function in time the chance of outlier-caused errors is minimal. The maximum distance

maxd� (t) in t = [ ta; tb] at each spatial position is computed �rst. The distance,maxd� (t) is

not de�ned on ~SJ , hence it is transported to~SJ via ~� I
� (t) to getmax f d� (t)gtb

ta
. In Figure 5.2dp
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corresponds topathdistance, and it is de�ned as

dp = max f d� (t)gtb
ta

(5.12)

Finally, the total distanceD between the two TS (D) is de�ned as the sum total ofshape(ds and

path(dp variation.

D = ds + dp = kV Sk +





 max f d� (t)gtb

ta






 (5.13)

Both shapeandpathdistances satisfy the distance properties; hence,D also de�nes a distance that

satis�es all distance properties. Asd� (t) is spatially and temporally smooth themax operation will

not add outlier issues in the �nal distance.

5.3 Results

A variety of experiments were done to validate the proposed method. We believe the proposed

method is the �rst attempt towards separating theshapeandpathdistance between two TS. Hence,

bench-marking was not possible.

5.3.1 Implementation Details

If the TS under consideration is longitudinal data, thenshapeS can correspond to any point in

the TS, as the same subject is scanned at different time points. If the TS ithe s population average

image (i.,e. a template) at each time point, thenS is found by averaging all samples in the TS. Now

S represents the anatomy that normalizes all inter-subject and temporal variation. In both cases, an

S is not preferred to lie at the end of the time range. This constraint in modeling helps to perform

time range matching of the two TS. It also demands a two-piece path modeling which is helpful in

handling a complex path as a diffeomorphic deformation.

5.3.2 Simulated data-based experiment

In order to understand how well the proposed method separates and quanti�es time-dependent

and independent distances, a simulation experiment was done with three sample TS pairs which

were constructed by deforming a Shepp-Logan phantom with simulated path and shape deformation

as shown in the �rst column of Figure 5.3. The �rst set of TS (rows 1-2) was constructed such that

they differed only by shape, while the second set of TS (rows 3-4) was constructed to differ only by

the path, and �nally, the last set of TS ( rows 5-6) was constructed to differ in terms of both shape

and path. To generate the second set (rows 3-4), two mutually inverse paths were constructed using

the path deformation on the phantom image. The third set (rows 5-6) was constructed with different

source images; one was the original phantom image, and the other was the shape-deformed phantom

image. Inverse paths were applied to these images to construct the TS pair. The last column in Figure

5.3 displays a heat map for each set of the computed shape(ds) and path(dp) distance values. For
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the �rst set, thepathvariation is negligible, andshapevariation is maximum and vice versa for the

second set. For the last pair of TS, bothshapeandpathvariations are observed. This observation is

in line with the expected results. Hence, this experiment validates the proposed method's ability to

separate the time-dependent and independent distances between a pair of TS.

Figure 5.3: Shepp Logan-based validation of the proposed method to quantify the path distance.
Column 1: phantom and the deformations �elds for shape and path Column 2: three sets of TS used
in the validation; column 4:Shapeandpathdistance maps

5.3.3 Aging data-based experiment

The second experiment is with real data. The intended application domain of the proposed

method is biological processes and their comparison, speci�cally the structural variations over time.

This comparison can involve solely healthy individuals drawn from different cohorts or a cohort

with both healthy individuals and those with a disease condition. We selected three case studies

where the proposed method has potential application: healthy fetal growth, adult aging across pop-

ulations, and Alzheimer's progression.
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Case1: Fetal growth comparison -In this experiment, the focus is on the structural variations

associated with fetal growth. Fetal templates of Caucasian (CRL database [81] ) and Chinese (FBA

database [135]) populations were considered for this purpose. Scans of subjects aged 23-35 weeks

were used for both populations. As both the TS were well sampled, the intra-population TS were

generated in the same manner as in the previous experiment. A few sample points of the two TS

are shown in (Figure 5.4 A - row 1).P1a andP1b constructed from Causian(P1), andP2a vs P2b

constructed from Chinese(P2). Two intra-population cases (P1a vsP1b, andP2a vsP2b) and one

inter-population (P1 vsP2) case were compared.

If we examine the shape distance maps (Figure 5.4 B), we observe that the inter and intra shape dis-

tances are less signi�cant compared to corresponding path distances. Speci�cally, while there are

high values/ bright spots in the path distance maps for the inter-population case, there are no signi�-

cant bright spots for the intra-population case. This implies that the major cause of difference across

the TS is the temporal changes. In (Figure 5.4 C), averaged� (t) values were computed and plot-

ted over time to compare these variations in fetal development between inter- and intra-population

TS pairs. In both scenarios, we analyze the growth patterns over time, with path distance solely

representing the temporal differences associated with the two-time series. From (Figure 5.4 C) we

observe that in both cases, the path distance is a monotonically growing function. The variation in

growth patterns within the Chinese and Caucasian populations (the red and blue curves) are seen to

be similar. However, the path distance between Chinese and Caucasian fetuses can be seen (in the

pink curve) to be larger as the fetus grows.

Observations from all the plots con�rm that inter-population differences are more pronounced, pri-

marily due to growth disparities, and these differences consistently increase over time.

Case 2: Adult aging comparison - This experiment focuses on aging trends across adult pop-

ulations. The aging process and brain anatomy are expected to vary across two different popu-

lations [76]. Hence, it is generally expected that inter-population distances will be greater than

intra-population distances. However, it should be noted that in a cross-sectional experiment with a

small sample size, it is not realistic to expect an intra-population distance of zero. Datasets drawn

from the Caucasian (Neurodev [78]) and Japanese (AOBA [94] populations were used for the inter-

population study in this experiment. The age range of subjects was 22-87 years for the former and

25-75 years for the latter. An intra-population TS pair was also constructed from the Neurodev data

by sampling the data at odd (P1a) and even (P1b) time indices. This was possible because Neu-

rodev templates are densely sample at 5 year-intervals, whereas AOBA templates are only available

for every decade. Hence, intra-population analysis was not done with AOBA. The time interval con-

sidered for analysis was 30-70 years, as the time ranges differ for the two TS. Sample time points of

each TS considered in this analysis are shown in (Figure 5.5 A). The 3D visualization ofshapeand

path distances are shown in (Figure 5.5 A) in three canonical planes(middle slice of the volume)

for a better understanding of the spatial distribution of the distance. It can be observed that both the

shape and path distances are smaller (i.e., in the blue range) within a population relative to across

populations; this inter-population difference appears to be primarily due to thepathdifference rather
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Figure 5.4: Fetal growth study results. A) Samples of population average templates for the Cau-
casian and Chinese populations are shown in rows 1-2 and the average distance plots for the intra-
(P1a, P1b ) and inter-populations (P1 vs. P2) are in row 3; B) Validation results. The temporal
plots for white matter (WM)/Brain volume ratio are shown for each quadrant. The double-sided
arrow represents the distance across the curves; C) Temporal variation in path distance for inter-
and intra-population.

than theshapedifference. In addition to this comparison, we have computed the geodesic regressed

paths [179] and plotted the Mean Squared Error (MSE) between the regressed images at each time

point for both inter-population and intra-population regression paths in (Figure 5.5 B). It is evi-

dent that the inter-population difference (P1 vs. P2)) is higher relative to intrapopulation (P1a vs.

P1b); this observation is consistent with the patterns seen in the heatmaps derived with the proposed

method. However, the MSE plots in (Figure 5.5 B) do not provide detailed insights. In contrast,

the distance maps shown in (Figure 5.5 A) are richer as one can discern both the fundamental shape

variances between the two populations and the aging-related disparities. Moreover, by pinpointing

speci�c spatial locations, we can identify which regions of the brain are particularly differently ag-

ing across populations.
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