ABSTRACT

HUANG, JIALI. Functional and Effective Connectivity Based Classification and Prediction of
Alzheimer’s Disease. (Under the direction of Dr. Chang S. Nam).

Alzheimer’s disease (AD) is one of the most common causes of dementia and it costs
hundreds of billions of dollars worldwide each year. There are multiple stages of the disorder:
cognitive normal (CN), early mild cognitive impairment (EMCI), late mild cognitive impairment
(LMCI), and AD. CN subjects age normally with no sign of depression or dementia, while
EMCI and LMCI subjects suffer from difficulties in daily life activity caused by the progressed
disease. AD is the advanced and final stage of the disease leading to death. Such a progression
can worsen rapidly and cause irreversible changes in the brain without timely detection and
proper care. Therefore, accurate understanding and classification of AD are needed as they
provide opportunities to initiate proper treatments that may slow the patient’s AD progression.

The purpose of this dissertation is twofold. First, we study the neural correlates of AD pro-
gression. Key regions affected by AD progression were identified using regional homogeneity
(ReHo) and amplitude of low-frequency fluctuation (ALFF) measures. Functional connectivity
(FC) and effective connectivity (EC) among such regions were calculated. Second, a convolu-
tional neural network (CNN) model was constructed to classify and predict AD progression
stages using the connectivity information calculated.

Previous studies mainly focused on the structural changes and the time dependencies within
the AD brain. Using functional Magnetic Resonance Imaging (fMRI), we analyzed the ReHo
and ALFF, representing the regional brain activity levels and the low-frequency oscillations
respectively. These measures help highlight several brain regions affected by AD progression and
served as a basis for the following connectivity analysis. FC is the temporal correlation between
spatially distinct brain regions and is represented by Pearson’s correlation. EC represents the

causal relationship among regions and is calculated using Dynamic Causal Modeling (DCM)



method. Both FC and EC strengths were calculated and we observed that lowered activities in
neural correlates are associated with later stages in AD progression.

The information derived from FC and EC analyses was then used to train a classifier
to distinguish subjects in the four aforementioned AD progression stages. A CNN model
was constructed for that purpose. The connectivity matrices were augmented using generative
adversarial neural networks (GANSs) to prevent overfitting problems related to the limited sample
size. Cross-validation was carried out to provide an unbiased evaluation. A 91.95% accuracy
rate was achieved, proving the potential of using connectivity to distinguish AD progression
stages. The prediction of transitioned subjects did not achieve concise results possibly due to
the lack of updated patient documentation and limited input information.

By combining FC, EC derived from DCM, and deep learning-based classification, this
dissertation revealed the neural correlates, especially causal mechanisms underlying AD pro-
gression, and how this facilitates the classification and prediction of AD progression stages.
This dissertation laid the groundwork for future connectivity-based neural disorder classification

and prediction, which could help in the faster and smarter diagnosis of mental illnesses.
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CHAPTER 1

Introduction

1.1 Background

1.1.1 Alzheimer's Disease

Alzheimer's Disease (AD) is a progressive neurological disorder and is the most common
cause of dementia. Its characteristic symptoms include cognitive changes (e.g., dif culties
with memory, problem-solving, communication) and psychological changes (e.g., personality
changes, depression, anxiety) (Cerejeira et al., 2012). AD is the sixth-leading cause of death
in the United States and the fth-leading cause of death among Americans age 65 and older
(Alzheimer's Association, 2021). AD is expected to cost US$ 2.8 trillion globally by 2030
according to the World Health Organization (2021).

AD is a progressive disorder that starts with mild memory loss and the symptoms gradually



worsen usually over the course of multiple years (Casey et al., 2010). There are multiple stages
of the disorder: cognitively normal (CN), early mild cognitive impairment (EMCI), late mild
cognitive impairment (LMCI), and Alzheimer's disease (AD) (Ramzan et al., 2020). See Figure
1.1. CN subjects age normally with no sign of depression or dementia, while EMCI and LMCI
subjects suffer from dif culties in daily life activity caused by the progressed disease. AD is the
advanced and nal stage of the disease leading to death (Ramzan et al., 2020). There is no cure
for AD but if detected early and given appropriate care and medication, improvements in the

quality of life of AD patients are still achievable.

Figure 1.1: Multiple stages of the progression: from Cognitive Normal to Alzheimer's Disease
(modi ed from Forlenza et al. 2010).

A careful medical assessment is needed to diagnose AD. Patient history, performance
in cognitive tests (e.g. mini-mental state examination, MMSE), functional and behavioral
assessments (e.g., clinical dementia rating, CDR), and neuroimaging results are all crucial

(Sarraf et al., 2016). MMSE is the best-known and the most used short screening tool measuring



cognitive impairment (Arevalo-Rodriguez et al., 2021). The maximum score for MMSE is 30
indicating cognitive normal. The lower the score, the more severer the cognitive impairment.
CDR helps clinicians to evaluate the severity of AD and related disorders on a scale from O
(normal) to 3 (severely demented) based on clinical interviews (Qureshi et al., 2019). In recent
years, neuroimaging-based biomarkers were gaining more attention as evidence shown the

steadiness and reliability through the AD progression.

1.1.2 Neuroimaging and Brain Connectivity

With the help of functional Magnetic Resonance Imaging (fMRI), a noninvasive imaging
technique that measures neuronal activity by inferring changes in blood oxygen level-dependent
(BOLD) signal (Ogawa et al., 1990), more functional insights into AD were revealed. For
example, an fMRI study of a learning task found that compared to CN subjects, people with AD
exhibit reduced brain activity in parietal and hippocampal regions during information encoding
(Rombouts et al., 2000).

Besides the BOLD signal activity during cognitive tasks, resting-state fMRI (rs-fMRI) has
also been proven to reliably identify functional pathology associated with AD risk (Fleisher
et al., 2009). Rs-fMRI focuses on spontaneous low-frequency uctuations in the BOLD signal
and is easy to acquire from patients unable to perform set tasks (Lee et al., 2013). It also provides
data for connectivity-based study in the subject during different AD progression stages.

To evaluate resting-state brain activity, Regional Homogeneity (ReHo) was proposed by
Zang et al. (2004). ReHo can effectively map the regional activity levels across the whole brain
by evaluating the similarity between time series of voxels and their neighboring regions (Zhang
et al., 2012). Another useful measure of brain activity is the Amplitude of Low Frequency
Fluctuations (ALFF). De ned as the total power within the frequency range between 0.01 and

0.1 Hz, ALFF represents the low frequency oscillations in brain regions and is a potentially



useful tool for understanding the pathophysiology of many brain abnormalities (e.g., ADHD,
AD, MCI) (Zang et al., 2007; Liang et al., 2014; Zuo et al., 2010).

Information is being passed around the brain through structural, functional, and effective
connections. Functional connectivity (FC) is de ned as temporal correlations between spatially
distant brain regions (Friston et al., 1993). In recent years, FC alongside its network analog,
functional network connectivity, has gained a lot of attention in the eld of neurological disorder
(Sendi et al., 2021). FC networks were shown to be affected by increasing AD severity. From the
early stages to the late stages of AD, generally reduced correlations within ve studied networks
including Default Mode Network (DMN), Salience Network (SAN), dorsal attention network,
control network, and sensory-motor network were reported (Brier et al., 2012).

As FC is an observable phenomenon that is quanti ed with measures of statistical dependen-
cies, effective connectivity (EC) represents the directional causal relationships between brain
regions and corresponds to the parameter of a model that tries to explain the cause of such
dependencies (Friston, 2011). It depicts the in uence that one neural system exerts over another
(Friston et al., 1993). In AD patients, ECs within DMN are found to decrease compared to
CN subjects (Zhong et al., 2014). Both the intensity and quantity of the connections decreased
and the inter-network interactions were also weaker than that of CN subjects (Liu et al., 2012).
Although not as many studies used EC to reveal the causal dependency differences between
AD patients and CN subijects, it is a promising and necessary tool for a better understanding of
this neurological disorder. By combining EC and advanced machine learning techniques, an

improvement in AD classi cation is expected.

1.1.3 Deep Learning in Brain Activity Analysis

Deep learning (DL) is a sub- eld of machine learning in which neural networks are implemented

to automatically extract features from raw data. It has achieved signi cant success in the



past decade in many elds including natural language processing, image recognition and so
many more. Researchers in the neuroimaging eld also bene t from the development of DL.
Successful classi cation using DL includes autism spectrum disorder (ASD) (Heinsfeld et al.,
2018), attention de cit and hyperactivity disorder (ADHD) (Zou et al., 2017), alcoholism (Khan

et al., 2021),and MCI and AD patients (Ebrahimighahnavieh et al., 2020).

1.2 Current Limitations of Connectivity-based CNN

While multiple studies investigated the functional and structural connectivity of AD patients, not
enough attention was paid to the effective connectivity aspect. Studies in the area of connectivity-

based AD classi cation still have signi cant gaps:

1. Very limited number of studies investigated the brain connectivity patterns and the

development of causal relationships in subjects with AD,;

2. The majority of connectivity studies and classi cation studies only focused on the binary
subject group: AD and healthy controls. There is a lack of understanding of subjects in

different AD progression stages;

3. Even fewer studies compared the classi cation results to the real progression of the

subjects. The prediction of AD progression is not well investigated.

1.3 Research Motivation and Aims

To overcome the limitations of previous studies, this dissertation aims at developing a connectivity-
based deep-learning classi cation of subjects in different AD progression stages.
The dynamic causal modeling (DCM) method infers causal relationships within brain regions

by modeling the hemodynamic activity to the observed brain signals. Past studies have used



DCM to investigate cognitive processes such as trust (Huang et al., 2021a), emotion (Huang
et al., 2020), mental workload (Huang et al., 2021b), and working memory (Huang et al., 2022b).
DCM calculates the connectivity strengths, connectivity directions, and the likelihood of each
connection using Bayesian statistics. Such information will further our understanding of AD
progression, it also provides unique information for the development of classi cation algorithms.
Combined with FC, both temporal and causal information among affected brain regions in AD
patients is investigated. In this study, we choose DL as the method to classify and predict the
AD progression stages. See Figure 1.2 for a general pipeline. To achieve the goals mentioned

above, the following objectives will be pursued:

1. Study of the neural correlates including ReHo, ALFF, and brain connectivity for patients
within different AD progression stages. Especially, investigate the causal relationship

changes along with the progression of AD using DCM for fMRI.

2. Construct a convolutional neural network (CNN) that takes both FC and EC matrices
(calculated using DCM for fMRI) as input and classi es AD progression stages (CN,

EMCI, LMCI, AD).

3. Predict the AD progression by classifying the converters and non-converters from CN,

MCI, to AD stage.



Figure 1.2: General Pipeline.

1.4 Dissertation Organization

The remainder of the dissertation is organized as follows:

Chapter 2 studies the neural correlates underlying different stages along the AD progression.
ReHo, ALFF, and FC were calculated. EC was estimated using Dynamic Causal Modeling for
resting-state fMRI.

Chapter 3 proposed and trained a functional and effective connectivity-based CNN multi-
class classi er for AD progression stages. Connectivity matrices calculated in chapter 2 were
used as input. Prediction was carried out for transitioned patients.

Chapter 4 concludes the dissertation.



CHAPTER 2

Estimating Neural Correlates of Alzheimer's

Disease Progression

2.1 Introduction

Alzheimer's disease (AD) is a neurodegenerative disorder in which cognitive functions deteri-
orate and eventually break down. It is the most common form of dementia and is expected to
cost US$ 2.8 trillion globally by 2030 according to the World Health Organization (2021). The
diagnostic criteria of AD evolved throughout the years, changing from unaccountable dementia
to the present linkage between clinical patterns and neuropathology (Reitz et al., 2011). The
classi cation criteria are still under repeated revision as more insights were gained with the
development of genetic and imaging technologies.

Imaging studies in AD began with structural changes that occurred in patients' brains where



atrophy was found in the posterior cortical regions (Chetelat and Baron, 2003). Metabolic
abnormalities were also discovered in key regions associated with the default mode brain
network which correlates with the memory retrieval process (Buckner et al., 2005). With the
help of functional Magnetic Resonance Imaging (fMRI), a noninvasive imaging technique that
measures neuronal activity by inferring changes in blood oxygen level-dependent (BOLD)
signals (Ogawa et al., 1990), more functional insights into AD were revealed. For example, an
fMRI study of a learning task found that compared to cognitive normal (CN) subjects, people
with AD exhibit reduced brain activity in parietal and hippocampal regions during information
encoding (Rombouts et al., 2000). Sperling (2011) discussed the potential of using fMRI as a
biomarker for early-stage AD.

It has been proven useful to study the BOLD signal activity during cognitive tasks, but it
is not practical as a biomarker since task-dependent activation suffers from both inter-subject
variability and scanner variability. It also depends on task performance and study designs.
Cognitively impaired individuals (including early mild cognitive impairment [EMCI] and late
mild cognitive impairment [LMCI] subjects) would have great dif culty just performing the task
(Fleisher et al., 2009). Instead, resting-state fMRI (rs-fMRI) does not depend on differential task
performance. It has been proven that rs-fMRI could identify functional pathology associated
with AD risk with equal effectiveness as task-dependent fMRI, if not more (Fleisher et al., 2009).
Rs-fMRI focuses on spontaneous low-frequency uctuations in the BOLD signal and is easy to
acquire from patients unable to perform set tasks (Lee et al., 2013). Therefore, this chapter uses
rs-fMRI to investigate the brain dynamics of AD patients, LMCI patients, EMCI patients, and

CN subjects.



2.2 Background

2.2.1 Brain Regions and Networks Associated with AD

Alzheimer's disease affects the whole brain from the cellular level to the entire brain network
structure. Over time, AD leads to the death of nerve cells and loss of brain tissues, which result
in brain size shrinkage causing disturbed brain functioning (Deeksha and Abhishek, 2019).
Volume reduction is most severe in the hippocampus (HC) area of the brain important for the
formation of new memories (Smith, 2002). Colliot et al. (2008) used the volumetric information
of HC to identify AD stages and achieved an 84% correction rate. Decreased ALFF activity was
also found in HC (Han et al., 2011). Another important brain region whose reduced activity
is associated with AD regardless of subtypes is the posterior cingulate cortex (PCC) (Herholz
et al., 2018). PCC is a critical part of the retrieval process of episodic memories (Greicius et al.,
2003). Bernard et al. (2015) identi ed PCC as the most connected brain region in the altered
brain networks of groups suffering from memory declines.

Network studies on AD also found that the aforementioned brain regions are embedded in
large-scale brain networks. One of the most studied networks associated with AD is Default
Mode Network (DMN). DMN consists of a set of brain regions that tend to be active in a
conscious resting-state with stimulus-independent thought, representing a default mode of brain
function (Greicius et al., 2003). Brain regions involved in DMN include PCC, precuneus (Prec),
medial prefrontal cortex (mPFC), intraparietal cortex (IPC), inferior temporal cortex (ITC), and
HC (Buckner et al., 2008). Studies of resting glucose metabolism, brain atrophy, ReHo, and
ALFF all converged to show disruptions in the DMN of AD patients. Similar disruptions were
also found in subjects who are at genetic risk for AD, implying the changes in DMN occur
early in the course of the disease (Su et al., 2017). Reduced DMN activity in patients with AD

was prevalently observed in past studies (Brier et al., 2014; Greicius et al., 2004; Greicius and
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Kimmel, 2012). Yet not enough evidence is available to show whether the level of activation
in DMN is related to AD progression. This led to the hypothesis concerning the relationship
between the DMN activation levels and the progression stages of the patients:

H1: Brain activities in regions embedded in DMN will be signi cantly different for CN,
EMCI, LMCI, and AD subjects.

Other brain networks are also affected by AD. Chand et al. (2017b) studied the modulatory
interactions between DMN, salience network (SAN), and central executive network (CEN) in
subjects with normal cognition and MCI. They found SAN modulates the interaction between the
DMN and CEN, and such modulation was disrupted in MCI. CEN, anchored in the dorsolateral
prefrontal cortex (dIPFC) and posterior parietal cortex, is widely reported to be more activated
for cognitive functions such as attention, working memory, and decision-making (Bor and Seth,
2012). SAN, anchored in the insula and anterior cingulate cortex (ACC), was also studied to
understand the altered patterns of cognitive impairment (Chand et al., 2017a). The connections

between DMN, SAN, and CEN in AD patients remain an interesting and understudied topic.

2.2.2 Functional and Effective Connectivity of AD

While brain regions are often responsible for speci ¢ functions, information is passed around
through structural, functional, and effective connections. Functional connectivity (FC) is de ned
as temporal correlations between spatially distant brain regions (Friston et al., 1993). In recent
years, FC alongside its network analog, functional network connectivity, has gained a lot of
attention in the eld of neurological disorder (Sendi et al., 2021). Reduction of FC in the DMN
was primarily and consistently reported in AD compared with MCI patients and CN subjects
(e.g., Soman et al. 2020; Wu et al. 2011; Grieder et al. 2018; Greicius et al. 2004). Other FC
networks were also affected by increasing AD severity. From the early stages to the late stages of

AD, generally reduced correlations within ve studied networks including DMN, SAN, dorsal
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attention network, control network, and sensory-motor network were reported (Brier et al.,
2012). The decreased FCs between the posterior part of the cerebral cortex (Prec & PCC) and
the anterior parts (ACC & mPFC) were particularly signi cant in AD patients (Ibrahim et al.,
2021).

Effective connectivity (EC) represents the directional causal relationships between brain
regions. It depicts the in uence that one neural system exerts over another (Friston et al., 1993).
As FC is an observable phenomenon that is quanti ed with measures of statistical dependencies,
EC corresponds to the parameter of a model that tries to explain the cause of such dependencies
(Friston, 2011). In AD patients, ECs within DMN are found to decrease compared to CN
subjects (Zhong et al., 2014). Both the intensity and quantity of the connections decreased and
the inter-network interactions were also weaker than that of CN subjects (Liu et al., 2012). Wu
et al. (2011) found the ECs from HC to IPC, mPFC, and PCC were all lost in AD patients. ECs
in CEN were also disturbed by AD progression. Cai et al. (2017) reported decreased EC within
the dIPFC! caudate! thalamus! dIPFC circuit. Their results distinguished MCI patients
who since reverted to the normal functioning state, patients who maintained the MCI state,
and patients who progressed to AD using such differences in the circuit. Babiloni et al. (2016)
reviewed EC studies of AD using electroencephalogram (EEG) and found the propagation of
information starts from the posterior and ends in anterior cortical regions. Although not as many
studies used EC to reveal the causal dependency differences between AD patients, MCI patients
with different levels of severity, and CN subjects, it is a promising and necessary tool for a
better understanding of this neurological disorder. This led to the hypothesis on the connectivity
differences among patients in different stages of AD progression:

H2: The functional and effective connectivity of EMCI, LMCI, and AD patients will be

reduced compared to that of CN subjects.
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2.2.3 Dynamic Causal Modeling and Parametric Empirical Bayes
Dynamic Causal Modeling

To study the effective connectivity of AD patients, we use the dynamic causal modeling method
on rs-fMRI. First introduced in 2003, DCM has quickly became the most popular approach
to EC (Friston et al., 2013). DCM regards the propagation of neural activity through brain
networks as an input-state-output system (Friston et al., 2003). It comprises two models: the

neuronal model and the observation model. The neuronal model (equation 2.1):
X(t) = AX(t)+ § u;Bix+ Cu (2.1)

describes the neurophysiological in uences exerted on brain regions Qythtieput as well as

the in uences caused by intrinsic and extrinsic couplingenotes the neuronal activity and
denotes stimulus. The parametgrs f A; Bl;:Cg represent the intrinsic connectivity, extrinsic
connectivity, and input respectively. For resting state activity, equation 2.1 takes a simpler form,

stripping the extrinsic modulation from the experimental context (Friston et al., 2014):
X(t) = AX(t)+ Cu+ v (2.2)

In the equation above,denotes the random neuronal uctuation that represents the state noise.
Stimulusu is still included in the equation for the resting state scenario, but are usually set to
zero in resting state models.

Collectively, the neuronal state equation could be written as:
x= f(x;u;q)+ v (2.3)

Changes in volume and deoxyhemoglobin level were caused by neuronal activities, and in
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turn, changed the observed BOLD signal responses. Such hemodynamics could be described by

the following equations 2.4-2.7:

(= x0 ks) o) D 24)
)= s 25)
0= (1O o 26)

.. 1 )
av=; — 0w Jwo! 27)

where equation 2.4 relates the vasodilatory sigralthe neuronal signadusing signal decay

k and feedback regulatian Blood in ow f is modulated by such vasodilatory signal and it,

in turn, determines the changes in blood volunfequation 2.6 where represents the mean
transit time of blood). The deoxyhemoglobin content change is a function of oxygen extraction
fractionEp, t, v, vessel stiffnesa, andf (equation 2.7).

The second model in DCM is the observation model. fMRI machines detect the activated
brain regions by observing the changes in BOLD signdlhe generalized BOLD signal model
was proposed by Stephan et al. (2007), in which baahdq affect the observations:

q(t)

y(t) Vo k(1 q(t)+ ke 1 o) + ka(1 v(t)) (2.8)

whereVj is the resting venous blood volume fraction dagky; ks represent the coef cients
associated with the machine's echo time and relaxation time. Figure 2.1 shows an overview of

the proposed DCM.
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Figure 2.1: DCM overview (Adopted from Stephan et al. 2007).

A few previous studies investigated the connections in AD patients using the DCM method.
Chand et al. (2017a) found the control effect of the anterior insula was weaker in MCI patients
compared to CNs. Chand et al. (2017b) found DMN and CEN are controlled by SAN in CNs
and such control was interrupted in AD patients. Although the tiny handful of studies shed some
light on the connectivity pattern difference between CN and AD patients, no investigation was
done on the strengths of such connections. The relationships between the connection strengths

and severity of AD were also neglected.
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Parametric Empirical Bayes

To better understand the EC development in the AD progression, we propose using DCM to
investigate the connection patterns, as well as connection strengths, of patients in different AD
stages. To infer the connection strengths, Parametric Empirical Bayes (PEB) method is used.
This hierarchical method is used to quantify the commonalities and differences across subjects
by collating parameters of interest in a two-level model (within-subject level & between-subject

level) illustrated in Figure 2.2 (Zeidman et al., 2019).

Figure 2.2: The Parametric Empirical Bayes Model (Adopted from Zeidman et al. 2019).

In the PEB framework, DCM generates the observed sigrfar subjecti with functionG
and parameten:;i(l). Equation 2.9 represents the rst level of PEB: the within-subject level for
each individual. Uninterested effects are modeled by a general linear model with design matrix

Xo and parametels;. ei(l) were added to the equation to represent the observation noise.

Yi= G qi(l) + Xob; + ei(l) (2.9)
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The second level of PEB is the between-subject level for the group in which a general
linear model is constructed with design matdand group-level parametetq@. In equation
2.10, each column of the design matkxencodes the hypothesized sources of variation across
subjects for each experimental effect. A zero-mean additive re$fsevas also added to

represent between-subject differences not captured by the model.
q® = Xq@+ e? (2.10)

In general, for PEB, a parameter vector is rst sampled from a prior distribution (equation
2.11). Arandom effect is added to the parameter vector for this subject (equation 2.10). Then
data are generated using the DCM and observation noise is added to model the observed response
(equation 2.9).

q?=h+e® (2.11)

Written in terms of probability densities (equation 2.12), PEB collated and modeled the

parameters of interest (i.e. connectivity strengths).

PY;qg®q? =3Inp yiq® +inp q®jq@ +Inp g

| —{z—} | {z }ol—{z—}
1st level 2nd level Group priors
pqg? =N h;s® (2.12)

p Yijg® =N g g ;s¥

2.3 Objectives and hypotheses

The aim of this study is to investigate the neural correlates of the subject in different AD

progression stages. As reviewed in the previous section 2.2.2, there are few, if any, studies that
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addressed the EC changes with the progression of AD.

Four stages within the AD progression were considered in this study: CN, EMCI, LMCI,
and AD. Cognitive test scores (e.g., MMSE) and neuropsychological assessment scores (e.g.,
CDR) were used to corroborate the current stage of the subject. ReHo and ALFF analysis were
assessed for each subject groups to reveal the affected brain regions. Functional connectivity
represented using Pearson's correlation and effective connectivity of each subject and group
were estimated using DCM so the directions and intensities of the connections can be compared
to reveal the development of AD.

The hypotheses for this study are as follows:

H1: Brain activities in the regions embedded in DMN will be signi cantly different for CN,
EMCI, LMCI, and AD subjects. The level of activation within DMN will be lower for AD

and LMCI subjects compared to CN and EMCI subjects.

H2: The functional and effective connectivity of EMCI, LMCI, and AD patients will be reduced

compared to that of CN subjects.

H2a: The strength of the connections will be weaker in AD and LMCI subjects compared

to EMCI and CN subjects.

H2b: The connectivity strength will be positively related to the MMSE scores and nega-
tively related to CDR scores. The worse the cognitive test performance, the weaker

the connection.
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2.4 Method

2.4.1 fMRI Data

Data used in this chapter are obtained from the Alzheimer's Disease Neuroimaging Initiative
(ADNI) database (adni.loni.usc.edu). The ADNI was launched in 2003 as a public-private
partnership, led by Principal Investigator Michael W. Weiner, MD. The primary goal of ADNI
has been to test whether serial magnetic resonance imaging (MRI), positron emission tomogra-
phy (PET), other biological markers, and clinical and neuropsychological assessment can be
combined to measure the progression of MCI and early Alzheimer's disease (AD).

Under ADNI, there are numerous research data sets available. We used fMRI data from
subjects whose longitudinal records of the visits were fully documented and publicly available.
To ensure the uniformity of data acquisition protocols and formats, all images and corresponding
clinical data were downloaded from ADNI-2 phase since it has most of the fMRI data.We
selected four types of subjects, whose general inclusion/exclusion criteria are as follows: 1) CN
subjects: MMSE scores above 24, CDR = 0, free of memory complaints; 2) EMCI patients:
MMSE scores above 24, CDR = 0.5, have subjective memory complaints, abnormal memory
functions; 3) LMCI patients: MMSE scores above 24, CDR = 0.5, have subjective memory
complaints, abnormal memory functions (more severe compared to EMCIs); AD patients:
MMSE scores ranging from 20 to 26, CDR above 0.5, have subjective memory complaints,
abnormal memory functions (same as LMCIs). For details of the full inclusion/exclusion criteria,

see Table2.1.
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Component CN EMCI LMCI AD
Memory complaints None, aside from th'ose common Subjegtive memory concern as (eported Same as EMCI Same as EMCI
to other normal subjects of that age range by subject, study partner, or clinician
inclusion Normal memory function scaled Abnormal memory function scaled Abnormal memory function scaled
by the Logical Memory Il subscale: by the Logical Memory Il subscale: by the Logical Memory Il subscale:
Memory function 9 for 16 or more years of education 9-11 for 16 or more years of education 8 for 16 or more years of educatiorSame as LMCI
5 for 8-15 years of education 5-9 for 8-15 years of education 4 for 8-15 years of education
3 for 0-7 years of education 3-6 for 0-7 years of education 2 for 0-7 years of education
MMSE 24 24 24 20-26 (inclusive)
CDR 0. Memory box score must be O 0.5. Memory box scobes Same as EMCI 0.5
General cognition l\!ormal, bgsed onan gbsenc«_e _of _ Gengral cognition and functional performance NINCDS/ADRDA criteria f
: signi cant impairment in cognitive functions suf ciently preserved such that Same as EMCI
and functional status or probable AD

or activities of daily living a diagnosis of AD cannot be made
Any signi cant neurologic disease

Exclusion Other neurologic disease Any signi cant neurologic disease other than suspected incipient AD

Any signi cant neurologic disease

Same as EMCI other than AD

Table 2.1: A summary of inclusion and exclusion criteria for subjects in CN/EMCI/LMCI/AD groups.



In this study, 34 AD patients, 31 LMCI patients, 34 EMCI patients, and 31 CN subjects were
selected and analyzed. All subjects remained in their progression stage (stable) throughout the
entire data collection visits (spanning for at least 24 months). There is no signi cant difference
in the average age between the four groups. The average age was 76.65, 72.00, 73.00, and
73.34 for CNs, EMCIs, LMClIs, and ADs respectively. Details of the demographic and clinical

information could be found in Table 2.2.

Table 2.2: Demographics and clinical information.

CN EMCI LMCI AD p value
Gender 19F/12M 24F/10M 13F/18M 18F/16M
Age 76.65+6.40 72.00+6.56 73.00+8.51 73.34+7.36 .059

MMSE score 29.32+0.93 27.91+1.89 27.54+1.87 19.80+492001
CDR score 0.00+£0.00 0.47+0.12 0.48+0.10 1.02+0.41:001

2.4.2 Data Acquisition and Preprocessing

The data were acquired on a 3.0-T (Philips) scanner with TR/TE set as 3,000/30 ms and ip angle
of 80. Resting-state functional images were obtained using an echo-planar imaging sequence
(EPI). Each series has 140 volumes, and each volume consists of 48 slices of image matrices
with dimensions 64 64 with a voxel size of 3.3% 3.31x 3.31mn?. During the fMRI scans,
all participants were instructed to keep their eyes open and relax.

The preprocessing was carried out using Statistical Parametric Mapping 12 (SPM 12,
http://www. l.ion.ucl.ac.uk/spm) and RESTplus toolkits (Jia et al., 2019). The rst 10 volumes
of each functional time series were discarded from analysis to allow for the participant's
stabilization and magnetic eld equilibrium. The remaining 130 volumes were corrected for the

staggered order of slice acquisition that was used during echo-planar scanning. The correction
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ensures the data on each slice corresponds to the same point in time. The preprocessing also
included regression of head motion parameters, realignment for head movement, and spatial
normalization using T1 image uni ed segmentation to the Montreal Neurological Institute

(MNI) space.

2.4.3 ReHo Measures, ALFF Analysis, and Functional Connectivity

The ReHo measures the similarity of the time series of a given voxel with its nearest neighbors
using Kendall's coef cient concordance (KCC) (Zang et al., 2004). The underlying hypothesis
of ReHo is that signi cant activities in the brain would likely occur in clusters instead of a
single voxel. ReHo value closer to 1 indicates a greater level of similarity of the given voxel
with its nearest neighbors, while a ReHo value closer to 0 indicates a lesser level of similarity
(Cai et al., 2018). Previous studies revealed signi cant ReHo differences in mPFC, PCC, and
inferior parietal lobule (IPL) between AD patients, MCI patients, and CN subjects (Zhang et al.,
2012, 2021).

ALFF calculates the total power within the frequency range between 0.01 and 0.1 Hz,
therefore represents the low-frequency oscillations in brain regions (Zang et al., 2007). Decreased
ALFF values in the PCC, mPFC, HC, basal ganglia, and prefrontal regions were reported in
past studies (Han et al., 2011). Increased ALFF activity was discovered in the parahippocampal
gyrus as well (Liang et al., 2014). Taken together, ReHo and ALFF showed altered activities
among patients with different progression stage.

Following the preprocessing, the calculation of ReHo, ALFF, and functional connectivity
was carried out using RESTPIus, the resting-state fMRI data analysis toolkit (http://resting-
fmri.sourceforge.net). ReHo was obtained by calculating Kendall's coef cient concordance.
Two-samplet tests were carried out for each subject pair (AD-CN, AD-EMCI, AD-LMCI,
LMCI-CN, LMCI-EMCI, and EMCI-CN). For each pair, a voxel threshold valuePof : 01,
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and a cluster threshold value Bf< : 05 were used and corrected for multiple comparisons
with random- eld theory (RFT). ALFF was calculated by rst converting the time series to the
frequency domain using a Fast Fourier Transform. Then the square root of the power spectrum
was computed and averaged across 0.01 - 0.1 Hz. The resulting ALFF of each voxel was then
divided by the global mean ALFF value to obtain the mALFF value. This averaging procedure
was to reduce the global effects of variability across participants (Liang et al., 2014). The
mALFF went through the two-samplaests similar to the ones performed on ReHo for each
subject pair (voxel threshol < : 01, and a cluster threshold value®k : 05, RFT corrected

for multiple comparisons).

To reveal the differences in temporal dynamics among brain regions embedded in DMN,
we also calculated FC for all subject groups. Pearson's correlation coef cients were used to
calculate functional connectivity between the mean time series of each ROI. The results were
visualized using BrainNet Viewer (Xia et al., 2013). One-way ANOVA was performed to reveal
the signi cant differences between groups for each connection. Bonferroni correction was

applied for multiple comparisons.

2.4.4 Dynamic Causal Modeling

We modeled the regions of interest (ROIs) as nodes in the effective connectivity networks.
Regions from DMN, SAN, and CEN were chosen to investigate the interactions between the
three large-scale networks during the progression of AD. Bilateral PCC, dIPFC, ACC, and
mPFC were chosen whose coordinates in Montreal Neurological Institute (MNI) space could be
found in Table 2.3. The coordinates were chosen based on ReHo and ALFF results, as well as
previous investigations on bilateral PCC (Jeong et al., 2009), dIPFC (Gruber et al., 2010), ACC
(Mannell et al., 2010), and mPFC (Maguire et al., 2010).
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Table 2.3: Coordinates of ROl in MNI space.

Regions x vy z

L-dIPFC -39 34 37
R-dIPFC 35 39 31
L-ACC -5 39 20
R-ACC 6 33 16
L-PCC -8 -49 38
R-PCC 8 -48 39
mPFC 0 53 -14

We used PEB to infer the connectivity strengths for the four subject groups. Bayesian Model
Reduction (BMR) was used to control the switching on and off of each connection and pruned
the parameter to infer the connectivity pattern. The connectivity strengths for each subject group
were compared using analysis of variance (ANOVA). Bonferroni correction was applied for

multiple comparisons. A linear regression analysis was also carried out to test if EC between

regions could predict subjects' cognitive scores.

2.5 Results

2.5.1 Results for H1

ReHo

ReHo was signi cantly different for all subject pairs except the LMCI-CN pair. The statistical
analysis showed that the different brain regions were located in the Fusiform, cingulate cortex

(including ACC & PCC), mPFC, dIPFC, HC, and occipital lobe. Compared to CN and EMCI,

24



patients in LMCI and AD groups showed lower ReHo values for regions embedded in DMN

(e.g., HC, PCC). See Figure 2.3 and Table 2.4 for details.

(a) AD-CN (b) AD-EMCI (c) AD-LMCI

(d) LMCI-CN (e) LMCI-EMCI (f) EMCI-CN

Figure 2.3: Statistic t-map showing the difference between each participant pair (two sample
t-test, p < 0.005, voxel p < 0.01). The red color indicates increased ReHo value and the blue
color indicates decreased ReHo value.
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Table 2.4: Signi cant differences in ReHo between participant pairs of brain regions.

MNI
Brain Regions BA X y z T Voxels Size
AD-CN
Fusiform_R 37 24 -45 -12 4.3439 164
Cingulate Gyrus 43 -18 39 30 4.198 415
mPFC/dIPFC 46/10 39 51 15 3.6044 106
AD-EMCI
mPFC 11 12 -30 -12 -5.6793 213
HC 37 -27 -33 -6 -5.5803 92
HC extend into PCC 48/23 -24 -9 33 -7.1448 2238
AD-LMCI
occipital lobe 19 -36 -81 -30 4.0205 122
HC 48 -48 -6 -9 4.2038 121
precentral gyrus 3/6 -21 -27 51 4.637 127
LMCI-EMCI

insula/HC extend into Fusiform 48/37 -21 -6 -30 -7.4375 6868
EMCI-CN
HC extend into PCC 48/23 -24 -9 27 6.7841 4607

Note.T value was obtained by a 2-tail two-samplest. See Figure 2.3 for the regions with a
slice view.
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