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ABSTRACT

The Modular Network Structure of Complex Biological Systems: Cancer, Cognition

and Genes

by

Fengdan Ye

Recent years have witnessed a surge in the application of graph theory to complex

biological systems. The ability of graph theory to extract essential knowledge from

the plethora of information embedded in a complex system has proven rewarding in

many disciplines ranging from evolutionary biology to cancer prediction. The mod-

ular structure of complex networks, a branch of graph theory, is the focus of this

text. Its guiding hypothesis, derived from statistical physics, states that modularity

correlates with performances of complex biological systems and that the direction of

correlation is mediated by environmental stress. This text tests and expands the the-

ory of modularity in three main contexts - gene co-expression networks, human brain

networks, and genome-scale metabolic networks. It is demonstrated that modularity

of cancer-associated gene co-expression network is predictive of cancer aggressiveness,

that modularity of resting-state functional connectivity in healthy young adults corre-

lates with cognitive performance and the correlation is mediated by task complexity,

and that modularity of human brain metabolic network not only predicts risk for

Alzheimer’s disease but also defines the brain regions where metabolism correlates

with dementia-risk gene expression. In addition, definition of modularity and maxi-

mization algorithm for bipartite, directed, and weighted networks are proposed and



subsequently tested on a genome-scale bacterial metabolic network under different

levels of survival stress.

Overall, results presented here support the hypothesis of modularity’s role as a

performance predictor for complex systems. The existing theory of modularity has

been validated in numerous scenarios and expanded with the concept of ”network

fragmentation”. Modularity can be applied to clinical settings for risk evaluation,

and even contribute to individualized therapy. It can also help understand the mech-

anism of biological processes that are currently poorly understood. Of course, future

research is needed to further the understanding of the emergence of modularity in

complex systems and its application. Better definition of modularity, faster and more

functionally appropriate clustering algorithm, and the collection of larger amount of

higher quality data are crucial for the advancement of the field.
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Chapter 1

Introduction

1.1 Overview

This text focuses on the application of network theory, especially the concept of mod-

ularity, to the analyses of complex biological systems. The first chapter provides

key definitions, literature review, and theoretical backgrounds. Chapter 2 studies

the relation between modularity of metabolic gene co-expression networks and the

aggressiveness of hepatocellular carcinoma. Chapter 3 studies modularity and flexi-

bility of the brain and their relation to cognition. Chapter 4 correlates modularity of

elderly human brain metabolic networks with risk for Alzheimer’s disease. Chapter

5 examines modularity of genome-scale bacterial metabolic networks under varying

survival pressure. Chapter 6 serves as a conclusion.

1.2 Definition of a Network

A network is also referred to as a graph. In its simplest form, a graph consists of a set

of vertices (V ) and a set of edges between vertices (E), denoted G(V,E). For example,

the network shown in Figure 1.1A is fully described by vertices V = {A,B,C,D,E}

and edges E = {(A,E), (B,C), (B,D), (D,E)}. In this text, ”vertex” and ”node” are

used interchangeably. ”Edge”, ”link”, and ”connection” are also used interchangeably.

In a directed network, the edges have directions, see Figure 1.1B. Now, (B,C) and

(C,B) represent two different edges. The former starts from vertex B and ends at
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Figure 1.1 : Examples of different types of networks. (A) A simple undirected net-
work. (B) A directed network. (C) A weighted network. The thickness of an edge
is proportional to its weight. (D) A bipartite network. Different colors of the circles
represent different vertex types.

vertex C, whereas the latter starts from vertex C and ends at vertex B. The network

shown in Figure 1.1B can be fully described by vertices V = {A,B,C,D,E} and

edges E = {(A,E), (B,C), (B,D), (C,B), (E,D)}. An undirected network can be

regarded as a special case of a directed network, where edges between vertices always

go both directions.

A weighted network is simply a network with weights attached to its edges. We

denote the network as G(V,E,w) where w(e) is the weight of edge e ∈ E (Figure
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1.1C). Weights are usually positive, but there are tools developed to deal with negative

weights. Both directed and undirected networks can be weighted. An unweighted

network can be regarded as a special case of a weighted network where w(e) is either

0 or 1.

A bipartite network consists of two types of vertices V1 and V2, and edges can only

exist between different types of vertices (Figure 1.1D). We denote an unweighted

bipartite network as G(V1 ∪ V2, E). Here, V1 = {A,C,D}, V2 = {B,E}, and

E = {(A,E), (B,C), (B,D), (D,E)}. A bipartite network can be weighted and/or

directed.

In this text, Chapter 2 deals with both positively weighted networks and un-

weighted networks. Chapter 3 deals with unweighted networks. Chapter 4 deals with

positively and negatively weighted networks. Chapter 5 deals with directed, weighted,

and bipartite networks.

1.3 Biological Networks and Their Modular Structure

The past two decades have witnessed the growth of network science and the essen-

tial role it plays in cross-disciplinary research. Network science has been applied to

numerous physical, chemical, biological, and social systems and has contributed to

exciting discoveries and changes of paradigms in various fields [1]. The emergence

of network pharmacology, for example, has improved clinical efficacy and provided

better insight into side effects and toxicity for drug discovery [2, 3].

This text focuses on the application of network science to complex biological

systems. Some examples of biological networks are food webs [4], human metabolic

networks [5], gene co-expression networks [6], and human brain networks [7]. See

Gosak et al. for a comprehensive review [8].
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Many topological properties have been used to study these biological networks,

ranging from local measures such as nodal clustering coefficient to global measures

such as global efficiency [9, 10]. Here the modular structures of networks are of

particular interests, where modules are defined as non-overlapping sub-networks that

are assembled by groups of densely connected vertices [11]. The modular structure

of a network possesses both local information, i.e. module compositions, and global

information, i.e. the overall level of modularity in the network. Qualitatively, a

less modular network cannot be easily partitioned into modules where within-module

connections are much stronger than between-module connections. A modular network

is the opposite, where it is easy to partition vertices into tightly connected modules.

Examples of networks with different levels of modular structure are shown in Figure

1.2. While networks A and B have the exact same number of vertices and edges (7 and

9, respectively), network A is less modular than network B. The notion of modular

network structure can be easily extended to weighted networks, where edges with

smaller weights are considered weaker and edges with larger weights are considered

stronger (Figure 1.2C). A directed network can also be modular, see Figure 1.2D.

The principal role of modularity in biology was suggested by Hartwell et al. at

the end of last century [12]. Since then, modular structure has been observed and

analyzed in various biological systems [13]. Spirin and Mirny, for example, discov-

ered two types of modules in yeast network of protein–protein interactions: protein

complexes and functional modules [14]. Litvin et al. marked the modular organi-

zation of gene regulation and the influence of interacting loci on the expression of

gene co-expression modules [15]. Krause et al. identified significant compartments

in empirical food webs and explained how compartmentalized interactions increased

food-web stability [16]. Yang suggested that the modular structure of developmental
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pathways contributed to higher rates of diversification [17]. The list goes on. Finding

the general principles that govern the structure and behaviour of biological modules

is crucial to understanding biological functions. In this text, the modular structure of

three types of biological networks are examined in detail: gene co-expression networks

(Chapter 2), human brain networks (Chapter 3 and 4), and genome-scale metabolic

networks (Chapter 5).

1.4 Mathematical Description of Modular Network Struc-

ture

1.4.1 Matrix Representation of a Network

A network is commonly represented by an n by n connection matrix A, where n is

the number of vertices in the network. For an unweighted network, Aij = 1 when

there is an edge between the ith vertex and jth vertex, and 0 otherwise (Figure 1.3A

and B, middle panel). For a weighted network, Aij is simply the weight of the edge

between the ith vertex and jth vertex (Figure 1.3C, middle panel). For example, in

network C, the edge between vertex B and vertex C has the largest weight (8), and

the edge between vertex A and vertex E has the smallest weight (1). The symmetry

of the connection matrix A is broken when the network becomes directed (Figure

1.3D, middle panel), since not all edges are bi-directional.

A common way to visualize the connection matrices is to color the grids based

on edge weights (Figure 1.3, bottom panel). For networks A, B, and D, a red grid

represents an edge and a white grid represents the absence of an edge. For network C,

deeper red represents grids with larger weights and lighter red represents grids with

smaller weights.



7

A Less Modular More ModularB

A B

C

D

E

FG

A B

C

D

E

FG

More Modular (weighted)C

A B

C

D

E

FG

A

B

C

D

E

F

G

A B C D E F G
1 1 1 1

1 1 1

1 1

1 1 1

1 1 1

1 1

1 1

A

B

C

D

E

F

G

A B C D E F G
1 1 1 1

1 1 1

1 1 1

1 1

1 1 1

1 1

1 1 1

A

B

C

D

E

F

G

A B C D E F G
6 5 1 4

6 8 4

5 8 4

7 4

1 7 6

4 6

4 4 4

A

B

C

D

E

F

G

A B C D E F G

1

A

B

C

D

E

F

G

A B C D E F G

A

B

C

D

E

F

G

A B C D E F G

More Modular (directed)D

A B

C

D

E

FG

A

B

C

D

E

F

G

A B C D E F G
1 1 1

1 1

1

1

1 1

1

1 1 1

A

B

C

D

E

F

G

A B C D E F G

Fr
o

m
Fr

o
m

To

To

Figure 1.3 : Matrix representation of networks. Top: diagram representation of
networks. Middle: matrix representation of networks (empty grids means Aij = 0).
Bottom: colored-matrix representation of networks. (A) A less modular unweighted
undirected network. (B) A more modular unweighted undirected network. (C) A
more modular weighted network. (D) A more modular directed network.
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1.4.2 Modularity

A partition of a network describes the allegiance of vertices to modules. Given a

network with n vertices, a partition can be represented by an n by 1 vector σ, where

σi is the module vertex i belongs to. Modularity is calculated to quantify how modular

the network is under a certain partition. The mathematical definition of modularity

for an undirected, unipartite network is [18, 19]:

M =
1

2e

∑

1≤i,j≤n

(

Aij −
kikj
2e

)

δ (σi, σj) (1.1)

Here, A is the connection matrix and Aij equals the weight of edge (i, j), where i

and j are vertices. Aij and wij are sometimes used interchangeably. In an undirected

network, Aij = Aji. The value of ki =
∑

1≤j≤nAij is the degree of vertex i, and

2e =
∑

1≤i≤n ki is the total weight of the network (each edge is counted twice). The

value of delta function δ(σi, σj) depends on partition σ. δ(σi, σj) = 1 if vertex i and

j belong to the same module and 0 otherwise.

The definition of modularity for a directed network can be easily obtained by

modifying Equation 1.1 [20]:

M =
1

e

∑

1≤i,j≤n

(

Aij −
kout
i kin

j

e

)

δ (σi, σj) (1.2)

Here e =
∑

ij Aij is the total weight of the network. kout
i =

∑

1≤j≤n Aij is the

out-degree of vertex i, and kin
j =

∑

1≤i≤n Aij is the in-degree of vertex j. If vertex

i has a small out-degree and large in-degree, whereas vertex j has a small in-degree

and large out-degree, then a connection from i to j is more surprising and should

make larger contribution to modularity.

The modular structure of a network is determined by finding the partition that
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maximizes the modularity value. The larger the maximal modularity value is, the

more modular the network is. Two algorithms for modularity maximization are com-

monly used: Newman algorithm [19] and Louvain algorithm [21]. The former is a

spectral decomposition method. The modularity matrix is constructed for the net-

work and its leading (most positive) eigenvalue and the corresponding eigenvector are

found. The network is divided into two parts according to the signs of the elements

in the eigenvector, and then the process is repeated for each of the parts, using a

generalized modularity matrix. If at any stage a proposed split makes a contribution

to the total modularity smaller than a pre-determined tolerance, the corresponding

subgraph remains undivided. The algorithm ends when the entire network has been

decomposed into indivisible subgraphs [19]. The latter is a fast multi-step technique

for local optimization of modularity. The algorithm begins with each vertex in their

own modules, and then moves vertices around to reach maximal modularity. Subse-

quently, the vertices in each module are aggregated into a super vertex, yielding a

smaller network. The procedure is then iterated until modularity does not increase

any further. Louvain algorithm outputs modular structure on different hierarchical

levels, thanks to the aggregation step [21]. Lancichinetti and Fortunato [22, 23] com-

pared a number of community detection algorithms on a set of benchmark networks

and concluded that Louvain algorithm at its lowest hierarchy is one of the best-

performing algorithms. Therefore, while earlier work presented in this text adopted

Newman algorithm, later work transitioned to Louvain algorithm.

Modified definitions of modularity are discussed in later chapters. Chapter 4 in-

troduces modularity modified for negative weights. Chapter 5 proposes definition and

maximization algorithm of modularity for directed, weighted, and bipartite networks.
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1.4.3 Flexibility

Flexibility is a dynamic measure of modular structure, and is usually calculated when

time series data is available. Different definitions have been suggested for flexibil-

ity, with some modeling the networks as a multi-layer ensemble [24, 25], and others

adopting a sliding window approach [26]. The latter is adopted in this text. The

sliding-window approach divides time-series data into overlapping time windows and

calculates modularity over each time window. Network partitions are compared across

adjacent windows to calculate flexibility [26].

Figure 1.4 illustrates the general design of sliding-window calculation of flexibility.

Blue rectangles represent the time series of vertices A-G. The red frame over the

time series is the sliding time window. The window covers a fixed number of time

points and slides over the entire course of time-series data. Using only the data in

each time window, a network is constructed (Figure 1.4B) and a partition is acquired

through modularity maximization (Figure 1.4C). Partitions in adjacent time windows
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are compared and any vertex that changes its allegiance to modules will have its

flexibility increase by 1. In this example, only vertex B has moved from module 1

to module 2, therefore the flexibility of vertex B will be increased by 1. The overall

flexibility is the mean of vertex-wise flexibility, where vertex-wise flexibility is the

number of times the vertex changes its allegiance to modules between adjacent time

windows. The mathematical definition of flexibility is provided below:

F =
1

n

∑

1≤i≤n

∑

1≤t<T

(1− δ (Ci,t, Ci,t+1)) , (1.3)

where n is the total number of vertices and T is the total number of time win-

dows. The Ci,t is the module number that vertex i belongs to in time window t.

δ (Ci,t, Ci,t+1) = 1 if Ci,t = Ci,t+1, and 0 otherwise.

Application of flexibility to resting-state human brain network and the relationship

between modularity and flexibility are discussed in Chapter 3.

1.4.4 Other Measures

Other measures have been used to describe modular network structure but are not

the focus of this text. Below these measures are briefly summarized.

Clustering Coefficient

There are two versions of clustering coefficient: the local clustering coefficient and

the global clustering coefficient. The local clustering coefficient of a vertex was orig-

inally introduced to determine whether a graph is a small-world network [27]. The

clustering coefficient of vertex i is the proportion of edges between the vertices within

vertex i’s neighbourhood divided by the number of edges that can possibly exist be-

tween these neighboring vertices. The larger the local clustering coefficient, the more
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tightly connected the neighborhood of vertex i is. For an undirected network, the

mathematical definition is:

Ci =
2 |{ejk : j, k ∈ Ni, ejk ∈ E}|

|Ni|(|Ni| − 1)
, (1.4)

where i, j, and k are vertices, and ejk is an edge between vertices j and k. E is the

set of edges present in the network. Ni = {j : eij ∈ E} is the set of vertices within

i’s neighbourhood. |Ni| is the number of vertices in Ni.

The global clustering coefficient gives an overall indication of the clustering in the

network. The measure calculates the fraction of connected triples which actually form

triangles by dividing the number of closed triplets in the network by the total number

of both open and closed triplets in the network [28, 29]. The higher the coefficient,

the more clustered the network is.

Davies–Bouldin Index

The Davies-Bouldin index was originally proposed to evaluate the performance of

clustering algorithms [30]. The definition of the index is as follows:

DB =
1

K

K
∑

i=1

max
j 6=i

(

σi + σj

d(ci, cj)

)

(1.5)

Here, K is the number of modules. ci is the centroid of module i. σi is the average

distance of all vertices in module i to its centroid ci, and d(ci, cj) is the distance

between centroids ci and cj. The smaller the index, the more modular the network

is.
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Cophenetic Correlation Coefficient

Cophenetic correlation coefficient (CCC) describes how hierarchical a network is. It

is the correlation between the pairwise distances between vertices in the network and

the pairwise distances between vertices in the best-fitting tree to the original data.

The higher the CCC, the more hierarchical the network is.

The Mathematical definition of the CCC is:

CCC =

∑

i<j (x(i, j)− x̄) (t(i, j)− t̄)
√

[

∑

i<j (x(i, j)− x̄)2
] [

∑

i<j (t(i, j)− t̄)2
]

(1.6)

where x(i, j) is the distance between vertex i and vertex j in the original network,

whereas t(i, j) is the distance between vertex i and vertex j after they are fitted to

a tree topology. x̄ and t̄ are the means of x(i, j) and t(i, j) for all possible pairs of

(i, j), respectively.

Hierarchy of a network is not the same as modularity. However, they are deeply

related, as the cross section of the tree structure at different heights essentially yields

modular structure at different resolutions.

1.5 Relevant Applications of Network Modularity

This section provides a brief review of previous applications of network modularity,

focusing on three fields of research: (1) gene co-expression networks, (2) human brain

networks, and (3) genome-scale metabolic networks. The review aims to provide a

general picture of what have been done using modularity in each field. Project-specific

background information will be provided in its corresponding chapter.
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1.5.1 Gene Co-Expression Networks

Gene co-expression networks are networks that have genes as vertices and similar-

ity between expression patterns of gene pairs as edge weights. The networks expect

strong connections between genes that are likely to co-activate across a group of

samples [6, 31]. The similarity measure is typically calculated through Pearson’s

or Spearman’s correlation [32, 33], least absolute error regression [34], or Bayesian

approach [35]. For a quick primer on gene co-expression networks and their construc-

tion and interpretation, see D’haeseleer [36]. With the advances in high-throughput

technologies such as DNA microarrays and RNA sequencing (RNA-seq), gene co-

expression networks have become a powerful tool to study the healthy and diseased

from a systematic perspective.

Gene co-expression networks are modular. Ever since the first paper that proposed

the clustering of gene co-expression networks [37], studies have clustered genes with

similar expression patterns into modules and shown that such modules represent

specific biological processes [38, 39] and contain genes that are functionally related

and co-regulated [40]. Other studies have argued that modular gene co-expression

patterns confer selective advantage and enhance evolvability [13, 31].

Many studies of gene co-expression networks focus on understanding disease origin

and progression. One can compare the modular structures of the gene co-expression

networks of healthy samples and diseased samples. One can also find hub genes

in each module, or run gene set enrichment analysis (GSEA) on each module, to

further elucidate how disease develops. Amar et al., for example, compared gene

co-expression networks between Alzheimer’s disease patients and controls, as well as

lung cancer patients and controls [41]. They found changes of modular structures of

gene co-expression networks between the diseased and control. In the case of lung
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cancer, the diseased had a more modular gene co-expression network than controls.

Keller et al. constructed gene co-expression networks under three contrast conditions

- obesity, strain, and age - and identified gene expression modules associated with

the onset of diabetes [42]. Kogelman et al. found five gene co-expression modules

that were strongly correlated with obesity-related phenotypes [43]. Other studies

adopted similar philosophy on diseases such as breast cancer [44, 45], glioblastoma

[46], endometrial cancers [47], schizophrenia [48], and autism [49].

Some of these studies further derived hub genes within each module - genes that

has the highest degree of connectivity within a module. For example, Chou et al.

found 19 hub genes that had high predictive power to distinguish among the grade,

type and stage of endometrial cancers (ECs) [47]. Enrichment analysis showed that

the found modules in ECs-related gene co-expression network represented biologically

important processes that are relevant to cancer, such as cell-cycle regulation, antigen

processing, immune response, and cell adhesion. Oh et al. found distinct hubs and

functional enrichment in gene co-expression network in normal breast, and estrogen

receptor-positive and estrogen receptor-negative invasive breast cancer [44].

Modular structures of gene co-expression networks have been used to infer func-

tions and disease associations for novel genes, non-coding genes and splice variants

[33, 50, 51, 52, 53]. The method is sometimes referred to as the guilt-by-association

(GBA) principle. Ala et al., for example, predicted 81 human disease genes by inves-

tigating genes sharing similar expression profiles in both human and mouse [33].

Plenty of studies focused on areas not mentioned above, e.g. evolutionary under-

standing of co-expression modules [54, 55], but these are less pertinent to this text,

and will not be discussed in detail.
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1.5.2 Human Brain Networks

Behavior and cognition are associated with the underlying neuronal activity in the

brain. Over the past several decades, both anatomical and physiological studies have

supported the idea that the interactions among neuronal populations in different brain

regions play a key role in cognitive processes [56, 57, 58]. The evidences have given

rise to the network-based prospective on brain functions, see, for example, a review

by Sporns (2014) [59]. With advanced brain imaging techniques invented and applied

in research [60, 61, 62, 63], and with the availability of big data and the new tools

and methods to analyze these data [64], network neuroscience has become one of the

fastest-growing sub-fields in neuroscience.

A human brain network has brain regions as vertices. As there are many neu-

roimaging modalities, there are many ways to define the connections between brain

regions. The two major categories of brain networks are: structural networks and

functional networks. Structural networks are constructed from either anatomical

magnetic resonance imaging (MRI), or diffusion tensor imaging (DTI). From MRI,

cortical thickness and volume (or other brain morphological measurements) are cal-

culated, and networks are constructed by calculating correlations of cortical thickness

or volume between all pairs of brain regions [65, 66]. From DTI, networks are con-

structed by tracking the white matter fiber bundles [67, 68]. On the other hand,

functional networks define connections as functional connectivity, which is the tem-

poral dependency of neuronal activation patterns between brain regions, and is typ-

ically derived from functional MRI (fMRI) data. The Pearson correlations between

the hemodynamic time series of brain region i and j form the connection matrix Aij

[69, 70, 71]. Last but not least, PET networks was proposed as early as 1984 [72]

and has contributed to brain research since (see [73, 74, 75, 76, 77, 78, 79, 80, 81, 82]
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for some examples). The connections in a PET network are typically derived from

the correlations between regional PET signals across multiple samples. The meaning

of the networks depends on the choice of PET tracer. For example, tracers such as

florbetapir F-18 and florbetaben F-18 detect levels of amyloid in the human brain,

and therefore an amyloid deposition network can be constructed. On the other hand,

tracers like 18F-fluorodeoxyglucose (18F-FDG) detect uptake of glucose, indicating

the metabolism levels of different brain regions, and therefore a metabolic network

can be constructed.

Modular structures were found in all types of brain networks, from structural net-

works [83, 84, 85, 86], functional networks [87, 88, 89, 90], to PET networks [91, 81, 82].

Modularity of brain networks has been primarily studied under two contexts: healthy

cohorts and diseased cohorts. For healthy participants, the focus is generally on the

relationship between modular structures and cognition. For example, Baum et al.

suggested that modules in white matter structural networks supported the develop-

ment of executive function in youth [92]. Godwin et al. showed that target awareness

was associated with degradation of modularity in the brain’s functional networks,

with the network being more modular when the participant was unware of the tar-

get [93]. Chen and Deem [94] showed positive correlation between the modularity of

functional brain network and children’s age and IQ score. Using quasispecies theory,

the paper also predicted that modularity would increase rapidly until early adulthood

and then decrease slowly as the subject ages. Hilger et al. investigated the relation-

ship between modularity of functional networks and general intelligence but did not

find significant association [95]. Instead, they found that nodal measures of within-

and between-module communication in frontal and parietal regions were associated

with general intelligence. Flexibility, which describes the dynamic change of modular



18

network structure, was studied in the context of motor learning [25]. It was shown

that subjects whose functional flexibility was higher had a faster learning rate. The

paper also reported that network flexibility first increased then decreased as learning

went on, possibly indicating consecutive stages of learning.

The goals of studies focusing on diseased cohorts are to understand the mecha-

nism of disease development and to find robust predictors of disease progression. For

example, Bassett et al. [96] showed organizational differences in anatomical networks

derived from gray matter volume between healthy controls and schizophrenia pa-

tients, with the latter showing reduced hierarchy and increased connection distance.

The paper supported the theory that schizophrenia is a dysconnectivity syndrome.

Chavez et al. analyzed brain networks constructed from spontaneous magnetoen-

cephalographic (MEG) signals of healthy controls and epileptic patients and found

that epileptic brains had higher modularity than healthy brains [97].

Resting-state functional connectivity in diseased brain is perhaps one of the most

active fields in network neuroscience. Chen et al. [98] compared the resting-state

functional connectivity networks between healthy controls and Alzheimer’s disease

patients, and found that the insula module in the control group was broken down

to smaller modules in the AD group. Contreras et al. [99] studied the modular

organization of the functional connectivity networks across four different stages in

the Alzheimer’s disease continuum. They observed changes of modularity across

different stages, and found disturbances of modular organization especially in fron-

toparietal network and between frontoparietal network and default mode network.

Bordier et al. [100] compared the modular organization of rs-fMRI networks be-

tween healthy controls and schizophrenia patients, and observed network fragmen-

tation and reorganization involving primary sensory, auditory and visual areas in
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the patients. Hilger et al. [101] found significant associations between non-clinical

attention-deficit/hyperactivity disorder (ADHD) symptoms and region-specific pro-

files of between-module and within-module connectivity. They reported the effects

were located in brain regions such as the default-mode network, the salience network,

and the central executive system.

The concept of ”network fragmentation” under the context of functional brain

networks was mentioned in some of the aforementioned studies such as Chen et al.[98]

and Bordier et al. [100]. In general, network fragmentation refers to the splitting of

a previously integrated network into poorly connected modules, usually due to a

substantial loss of connectivity between brain regions, or targeted attack against hub

nodes in the functional brain network. The fragmentation is speculated to lead to

a lack of communication between brain regions and thus interrupt the integrated

function of the system [102]. The theory implies that higher modularity can be

harmful to the functional capabilities of the brain.

Recently, PET networks have gained significant attentions in Alzheimer’s disease

studies. For example, Pereira et al. [81] compared the modular organizations of

amyloid networks between subjects at risk for Alzheimer’s disease with different levels

of amyloid beta accumulation in their brain. Gonzalez-Escamilla et al. [82] compared

the network modularity of both metabolic and amyloid deposition networks between

healthy controls and AD patients. They found higher modularity in AD patients for

metabolic networks, but lower modularity in AD patients for amyloid networks.

For more detailed reviews of human brain networks, please refer to Bassett and

Bullmore [103], Fornito et al. [102], and Sporns and Betzel [104].
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1.5.3 Genome-Scale Metabolic Networks

A basic metabolic network has metabolites as vertices and reactions as edges. One of

the first studies of modular metabolic networks was by Ravasz et al. [105]. They found

many small and highly connected modules in the metabolic networks of 43 distinct

organisms, and for Escherichia coli (E. coli), the modules closely overlapped with

known metabolic functions. Later, Spirin et al. [106] investigated evolutionary and

functional modules by integrating a metabolic network with evolutionary associations

between genes.

With the growing availability of the whole genome sequences of different organ-

isms, genome-scale metabolic networks have gained significant interest as they pro-

vide one of the best representations of the metabolic capabilities of organisms of

interest [107]. A genome-scale metabolic network has the same structure as a reg-

ular metabolic network but the edges (reactions) are derived from genome informa-

tion. Each reaction is catalyzed by certain enzymes, which are encoded by genes

[108, 109, 110, 111, 112]. The stoichiometry of reactions in a genome-scale metabolic

network is stored in a stoichiometric matrix, and all reactions are mass-and-energy-

balanced, ensuring stoichiometric balance. A genome-scale metabolic network is often

coupled with flux balance analysis (FBA, see [113]) to incorporate information such

as metabolite concentration and flux through reactions.

Many studies focused on modular genome-scale metabolic networks in the evolu-

tionary context. For example, by studying the reconstructed metabolic networks of

more than 300 bacterial species, Kreimer et al. revealed a trend of modularity decrease

from ancestors to descendants, likely due to niche specialization and the incorpora-

tion of peripheral metabolic reactions [114]. Zhao et al. identified core and peripheral

modules in the metabolic network of Homo Sapiens and found that the latter tended
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to evolve more cohesively and faster [115]. Goodman and Feldman studied the hi-

erarchical structure of metabolite flow graphs derived from 2935 bacterial metabolic

networks and concluded that the level of hierarchy increased and then decreased over

evolutionary history [116]. Other studies paid special attention to the relationship

between environmental perturbation and the evolution of modularity. For example,

Holme generated chemical reaction systems with different levels of modularity and

concluded that modularity affected robustness of metabolic networks, but the direc-

tion of the effect depended on the type of the perturbation [117]. They speculated that

robustness drove the evolution of metabolic networks and the modular structure of

the networks emerged from trade-offs between robustness-increasing and robustness-

decreasing changes in modularity. Parter et al. studied metabolic networks of 117

bacterial species with different degrees of variability in their natural habitats [118].

They found that modularity was higher in metabolic networks under changing envi-

ronments than those under more constant conditions. Samal et al. reached similar

conclusion, as they found that highly versatile networks were also highly modular

[119]. Nonetheless, alternative explanations exist as of how modularity came to ex-

istence. For instance, through in silico experiments, Hintze et al. evolved artificial

metabolic networks in environments with different predictability [120]. They con-

cluded that dynamic environments were not required for the evolution of functional

modules and in fact metabolic networks evolved in dynamic environments appear to

be less modular. Takemoto demonstrated that metabolic network modularity could

emerge from simple growth processes, independent of the changes in the evolutionary

goal (e.g. changes in environment) [111]. To reach a consensus on the origin of modu-

larity, more unified definition of ”environmental change” is required, and more careful

examination of relationships between metabolic network modularity and horizontal
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gene transfer, habitats, and environments is needed [121].

The definition of genome-scale metabolic network can be modified. One way to do

so is to represent the metabolic pathways as a bipartite graph, where both reactions

and metabolites are vertices and there are only connections between different types

of vertices (e.g. reaction to metabolite), but no connection between the same type of

vertices (e.g. metabolite to metabolite). Smart et al. studied the relationship between

the structure and robustness of bipartite representation of metabolic networks of

Escherichia coli, Methanosarcina barkeri, Staphylococcus aureus, and Saccharomyces

cerevisiae [122].

The existence of ”currency metabolites” should be accounted for in metabolic

networks. These are over-represented metabolites such as adenosine triphosphate

(ATP) that are involved in a large number of reactions, but are not necessarily of

great interest [123]. Some studies discount these ”currency metabolites” in their

network (see, for example, [124]), while others simply remove the reactant pairs that

contain ”currency metabolites” (see, for example, [125]).

1.6 Modularity - Beneficial or Harmful?

1.6.1 The Conflicting Role of Modularity

Much work, including some of the literature reviewed above, has gone into under-

standing the role of modularity in network performances or fitness. Originally, it was

believed that modularity conferred evolutionary advantages, as it promoted adapt-

ability and robustness. Intuitively, keeping a complex system compartmentalized

reduces the interdependence between functional modules, thus making the system

more resilient to adverse changes. Indeed, early research demonstrated that modu-
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larity promoted adaptation in face of changing environment [126, 127]. Later research

provided various perspectives on how modularity could be beneficial. For example,

Ellefsen et al. suggested that modularity helped artificial intelligence to learn new

skills faster, while also remembering most of the old skills [128]. They argued this

was because with high modularity, learning was selectively turned on in the module

learning the new task without interfering with other modules. Clune et al. suggested

that, in addition to the adaptive advantages, modularity was selected for thanks to

its ability to reduce the cost of connections in networks [129], if the modules were

spatially compact. Espinosa-Soto and Wagner demonstrated that modularity pro-

moted functional specialization in gene regulatory networks [130] and Gallos et al.

showed that the persistence of modular organization linked by weak ties was crucial

for preserving functional specialization in brain networks [131].

However, other research reported adverse effects of modularity. Gonzalez-Escamilla

et al. [82] demonstrated that modularity of brain metabolic network was higher in

Alzheimer’s disease patients than controls, even though the opposite was observed for

amyloid deposition networks. Chavez et al. found that epileptic brains had higher

modularity than healthy brains [97]. Meunier et al. [132] reported a negative corre-

lation between human brain modularity and odor recognition. Amar et al. observed

higher modularity in gene co-expression networks of lung cancer patients than controls

[41]. Some proposed that modularity limited how freely each vertex in the network

could hop around different modules. The concept is sometimes referred to as ”net-

work fragmentation” [98, 100, 102], where a disruption of the integrated functions of

the system takes place (Figure 1.5).

What mediates the relationship between modularity and performance thus be-

comes a topic of theoretical interest. Below, theoretical framework of modularity
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Figure 1.5 : Illustration of network fragmentation. As network fragmentation goes
on, modularity increases and the integrated functions of the system are interrupted.

developed in our group [133, 134] is reviewed. For a comprehensive review of theo-

retical models of modularity, see Deem (2013) [135].

1.6.2 Theory and Simulations of Modularity in Evolutionary Context

The conflicting role of modularity have been studied in a theoretical framework in the

context of evolution. Two important work done in our group predicted the emergence

of modular structures during evolution in stressful environments [133], and showed

that high modularity systems afforded greater evolutionary fitness at shorter time

scales, whereas low modularity systems afforded greater fitness at longer time scales

[134].

Changing Environment Drives Modularity

Sun and Deem [133] showed that changing environment drove modularity. Studying

population of protein sequences, they adopted a spin glass model that had been com-

monly used in previous studies of evolution. They assumed there were 300 different

protein structures and each structure had a set of 1000 sequences. For each protein
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sequence α, k, its fitness was defined as:

H(sα,k) =
1

2
√
ND

∑

i 6=j

σi,j

(

sα,ki , sα,kj

)

·∆α
i,j (1.7)

Here, α ∈ [1, 300] denoted which structure the sequence had, and k ∈ [1, 1000] denoted

which sequence under that structure was being studied. sα,ki denoted the amino acid at

position i for this sequence (total length was 120 amino acids, 1 ≤ i ≤ 120). σi,j(si, sj)

was an interaction matrix encoding environmental effects and was symmetric in i and

j. Each of σi,j ’s elements was taken from a normal distributionN (0, 1), and it differed

not only for different positions i, j, but also for different couplings of amino acid (si,

sj). ∆
α
i,j determined the structure of α. ∆α

i,j = 1 if position i and j were in contact for

this structure, and 0 otherwise. To observe whether redistribution of protein contacts

emerged from evolution and avoid modularity increase from increasing number of

contacts, ND ≡ ∑

i>j+1 ∆
α
i,j was constrained to 346. By definition, ∆α

i,i±1 = 1 and

∆α
i,i = 0.

The simulation consisted of three important processes happening at different time

scales: (1) Point mutation, gene segment swapping, and selection; (2) Environmental

change; (3) Structural evolution, from fastest to slowest. The pseudo steps for the

simulation are provided below:

1. Initialization of σi,j and ∆α
i,j. Initialization of amino acids for each sequence.

2. For every time step:

(a) Conduct point mutation for each sequence. Number of amino acids change

per sequence follows a Poisson distribution pois(2.4). Selection and re-

placement are random.
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(b) Conduct gene segment swapping by a unit of 10 amino acids. Two ran-

domly selected sequences under one structure exchange each of the 12

fragments of 10 amino acids with probability of 0.1. The fragments have

to be one of the 12 blocks: 1-10, 11-20,..., 111-120. For each structure,

this process goes on until all sequences have been chosen. The swapping

accounts for horizontal gene transfer and recombination.

(c) For each structure, the 50% sequences with the lowest H are kept and

duplicated to reach 1000 sequences per structure again. The microscopic

replication rate, or fitness, for sequence α, k in structure α is rα(sα,k) =

2 · θ[Hα
Nsize/2

−Hα(sα,k)], where θ(x) = 0 if x < 0 and 1 otherwise.

3. For every T2 steps, environmental changes take place with a severity of p by

changing the elements of σi,j with probability p.

4. For every T3 = 104T2 steps, structural evolution takes place. Each structure α

is scored by the cumulative fitness (over T3) of the set of sequences under this

structure. The structures with the top 5% cumulative fitness are then selected

and randomly amplified to reach 300 structures. Each structure matrix ∆α
i,j then

goes through ”mutation” by randomly swapping values of two elements with

opposite status. The number of mutations done follows a Poisson distribution

pois(2). The mutated structures will be used in the next T3 steps.

Modularity of structure α was defined as:

Mα =
11
∑

b=0

10
∑

i=1

10
∑

j=i+2

∆α
10b+i,10b+j , (1.8)

where b is module number (b = 0, 1, ..., 11). The overall excess modularity was aver-
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aged across 300 structures:

δM =
1

300

300
∑

α=1

(Mα −M0) , (1.9)

where M0 represented the modularity of a null model with random distribution of

contacts.

Simulations were run with different values of p and T2, which led to two general

conclusions:

1. The higher the p values were, the faster modularity increased with time, which

indicated that modularity emerged from changing environments. The more se-

vere the changes were, the more stress was introduced, the higher the modularity

became. If p = 0, modularity decreased with time.

2. The lower the T2 values were, the faster modularity increased with time, which

indicated the more frequently the environment changed, the higher the modu-

larity became.

Modularity and Fitness in a Markov Model of Evolutionary Dynamics

Park et al. studied a similar problem by modeling and simulating evolution of a

biological system using Markov processes [134]. The model described a population

of N individuals, and the replication rate (fitness) of individual a was denoted as

fa. For clarity, these individuals can be regarded as cancer cells. L was the number

of interacting genes in each cell. Each of the L genes in a cancer cell could mutate

at a rate µ. Each cancer cell was considered to have K modules of genes, with

l = L/K genes in each module. The kth module contains genes l(k − 1) + 1 to

lk, k = 1, 2, ..., K. Horizontal gene transfer happened at rate ν between two cells’
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corresponding modules.

f [S] denoted the fitness of an individual cancer cell on state S = [s1, s2, ..., sL],

where si was the state of gene i. For simplicity, states of each gene i were restricted

to si = ±1. The fitness function was represented by a spin-glass model:

f [S] = 2L+H[S], (1.10)

H[S] =
∑

ij

sisjJij∆ij, (1.11)

where Jij in the spin-glass Hamiltonian (Equation 1.11) was a Gaussian random

matrix with variance 1/C and represented environmental effects just like σi,j in the

previous section. The offset 2L was chosen by Wigner’s semicircle law so that the

minimum eigenvalue of f was non-negative. The ∆ij was an interaction matrix,

corresponding to the structural matrix ∆ij from the previous section. Each row in

∆ij on average had C connections. To distinguish with-module and between-module

connections, ∆ij had C1/L chance to be 1 if i and j were in the same module and C0/L

chance to be 1 when i and j were not in the same module. From C = C1

L
l+ C0

L
(L− l),

it was straightforward to derive that C = C0 + 1
K
(C1 − C0). Modularity of the

interaction matrix was defined as

M = (C1 − C0)/(KC) (1.12)

The population was fully described by its state {na}, where na was the number

of individuals in state Sa. Since each of the L genes in an individual could have two

states, the total number of possible states for an individual was 2L. The subscript

a labeled one of the 2L possible states. Fitness of the population at state {na} can
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then be expressed as:

f({na}) =
∑

a

f (Sa)na/N (1.13)

Denoting the probability of the population at state {na} at time t as P ({na}; t),
the Markov process master equation was expressed as [134]:

dP ({na}; t)
dt

=
2L
∑

α=1



f(Sα)(nα − 1)
∑

{β 6=α}

nβ + 1

N
P (nα − 1, nβ + 1; t)− f(Sα)nα

∑

{β 6=α}

nβ

N
P (nα, nβ; t)





+ µ

2L
∑

α=1

∑

{β=∂α}

[(nβ + 1)P (nα − 1, nβ + 1; t)− nβP (nα, nβ; t)]

+ ν

2L
∑

α=1

K
∑

k=1

∑

{β,βk 6=αk}

[

(nα/βk
+ 1)

nβ/αk

N
P (nα − 1, nα/βk

+ 1; t)− nα/βk

nβ/αk

N
P (nα, nα/βk

; t)
]

(1.14)

The three lines in Equation 1.14 represented replication (with death to conserve N),

mutation, and horizontal gene transfer, respectively. Simply put, the master equation

accounted for states that could transition into the current state {na} by each of the

three processes, and the probability of transition out of the current state through each

of the three processes (all ”-” terms). To conserve the total number individuals N ,

a replication always accompanied a death event, and the random death happened at

equal chances to an individual in a state not being replicated. The terms
nβ+1

N
and

nβ

N

in the first line of Equation 1.14 represented the probability of a death happening in

state β. Note that nα and nβ in Equation 1.14 represented the number of individuals

in state α and β in the current population state {na}. ∂α denoted all states that were

created from a single mutation in state α. αk and βk represented the kth module in

gene sequence Sα and Sβ, respectively. α/βk denoted sequence Sα but with its kth

module replaced by the kth module of sequence Sβ. The term
nβ/αk

N
in the third line of
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Equation 1.14 was because β/αk needed to transfer its kth model to α/βk in order to

produce α. Note that the transfer was one-way, i.e. the number of individuals at state

β/αk did not change after the transfer. Again, nα/βk
in Equation 1.14 represented

the number of individuals in state α/βk in the current population state {na}. The

compact version of the master equation was:

dP

dt
= LP = LfP + LµP + LνP (1.15)

The expected population fitness at time t was then expressed as

〈f(t)〉 =
∑

{na}

f({na})P ({na}; t) (1.16)

A short-time expansion for the average fitness was derived by recursive application

of the master equation:

〈f(t)〉 = 2L+ at+ bt2 (1.17)

where

a =
d < f >

dt
|t=0 = 2L

(

1− 1

N

)

(1.18)

and

b =
1

2

d2 < f >

dt2
|t=0

= −4L2

N

(

1− 1

N

)

− 4µL

(

1− 1

N

)

− 2νL

[(

1− 1

K

)

(1−M)

(

1− 4

N

)

+
1

N

](

1− 1

N

)

(1.19)

At short times, fitness increased with modularity given the presence of horizontal

gene transfer. However, since modularity was a constraint, it was expected to reduce
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Figure 1.6 : Illustration of the theory proposed by [135]. The theory states that
high modularity systems afford greater evolutionary fitness over shorter time scales,
whereas low modularity systems afford greater over longer time scales.

fitness at long times, see Figure 1.6 and [135, 136, 134].

Lebowitz-Gillespie simulations [137] confirmed the relation between modularity

and fitness. The system was started off with random initial sequences so that <

f(t = 0) > −2L = 0 and then < f(t) > was computed numerically. The modularity

M of the interaction matrix ∆ij was also pre-determined, which then determined the

initialization of ∆ij.

At each time step during the simulation, the list of possible events included (1)

NL mutation events, (2) N(N − 1)K horizontal gene transfer events, and (3) N

replication/death events. The probability of choosing class x events was:

px =
fx

∑

x fx
, (1.20)

where x corresponded to mutation, HGT, or replication/death. fx was the sum of
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rates for events in class x:

freplication/death ∝
2L
∑

α=1

f(Sα)nα

∑

{β 6=α}

nβ/N, (1.21)

fmutation ∝ µ

2L
∑

α=1

∑

{β=∂α}

nβ, (1.22)

and

fHGT ∝ ν
2L
∑

α=1

K
∑

k=1

∑

{β,βk 6=αk}

nα/βk

nβ/αk

N
. (1.23)

Subsequently, one event i in the chosen class was selected with probability

pi =
fi
∑

i fi
, (1.24)

where fi was the rate for event i. For instance, if a specific individual in state

a was chosen to replicate and a specific individual in state b was to be removed,

fi ∝ f(Sa)/N and pi = fi/freplication/death.

The chosen event was executed and time moved forward ∆t = − ln(τ)/
∑

i fi,

where τ was a uniform random number on (0, 1).

Environmental changes was introduced through redrawing of elements in Jij with

a probability p at every T steps.

Without environmental changes, simulation results showed that at shorter time

scale, the M = 1 system had higher fitness, but at longer time scale, the M = 0

system had higher fitness. With environmental changes, high-modularity system had

higher fitness when environmental changes are faster, while low modularity system

had higher fitness when environmental changes are slower.
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1.6.3 Generality of the Theory of Modularity

The above studies supported the hypothesis that high modularity systems performs

better at shorter time scales or in high-stress environments, whereas low modularity

systems perform better at longer time scales or in low-stress environments. The

hypothesis might explain the conflicting role of modularity reported in literature.

However, the generality of the theory of modularity is unclear. While some biological

systems can be clearly represented by a model similar to the ones described in the

previous section, others are not so straightforward.

To test the generality of the theory of modularity, this text examines the hypothe-

sis under different biological contexts. In Chapter 2, modularity of cancer-associated

gene networks for hepatocellcular carcinoma are shown to positively correlate with

cancer aggressiveness (i.e. the ”performance” of tumors) at earlier stage of cancer

development. However, at later stages, modularity is no longer selected for. In Chap-

ter 3, modularity of resting-state functional connectivity of healthy young adults is

shown to positively correlate with the participants’ cognitive performances on simple

tasks, but negatively correlate with their performances on more complex tasks. On

the other hand, the flexibility of the same participants’ brain functional connectivity

show the exact opposite direction in correlation with task performance. In Chapter

4, it is demonstrated that modularity of brain glucose metabolism increases as risk

of Alzheimer’s disease (AD) increases in cognitively normal elderly subjects, likely

indicating functional simplification of the brain. The modularity measure is also able

to distinguish brain regions with different level of susceptibility to AD pathology.

Chapter 5 constructs a bipartite metabolic network for E. coli and proposes a defi-

nition of its modularity. The modular structure of the bipartite network is studied

under varying survival pressure.
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Chapter 2

Modularity of Metabolic Gene Co-Expression

Networks and the Aggressiveness of

Hepatocellular Carcinoma

A stressful biological environments can be interpreted many ways. In the context of

cancer, host defense system constantly attacks tumor cells, likely creating a stressful

environment for the cancer. This chapter tests the theory of modularity in gene

co-expression networks of liver cancer samples.

Abnormal metabolism is an emerging hallmark of cancer [138, 139]. Cancer cells

utilize both aerobic glycolysis and oxidative phosphorylation (OXPHOS) for energy

production and biomass synthesis. Understanding the metabolic reprogramming in

cancer can help design therapies to target metabolism and thereby improve prognosis.

An extension of the theory of modularity introduced in Chapter 1 suggests that more

malignant tumors are usually characterized by a more modular expression pattern of

cancer-associated genes. The hypothesis has been tested by previous research in our

group, but hierarchy was calculated instead of modularity [140, 141]. In this work, the

co-expression patterns of metabolic genes were analyzed in terms of modularity for 371

hepatocellular carcinoma (HCC) samples from the Cancer Genome Atlas (TCGA).

Results showed that higher modularity significantly correlated with glycolytic phe-

notype, later tumor stages, higher metastatic potential, and cancer recurrence, all of

which contributed to poorer prognosis. Among patients with recurred tumors, higher

modularity correlated with worse prognosis during early to mid-progression. However,
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once the transition to imminent recurrence was achieved, the selection for modular-

ity was no longer present, and the observed values of modularity decreased. The

observations supported the theory that modularity is beneficial under highly stress-

ful environments but harmful under low-stress environments. Furthermore, metrics

were developed to calculate individual modularity, which was shown to be predictive

of cancer recurrence and patients’ survival and therefore may serve as a prognostic

biomarker.

The project was published in Oncotarget in 2018 [142], co-authored by Dr. Dongya

Jia (co-first author), Dr. Mingyang Lu, Dr. Herbert Levine, and Dr. Michael W.

Deem.

2.1 Introduction

Hepatocellular carcinoma (HCC) is a primary malignancy of the liver, with average

survival time between 6 to 20 months without any intervention [143]. It is also the

third leading cause of cancer mortality worldwide [144]. Despite extensive research

efforts, the prognosis for HCC patients remains poor [145]. Diagnosis of HCC is

currently based on biomarkers such as alphafetoprotein (AFP) and miR-21 [146].

However, the performances of these biomarkers are limited [147, 148], as HCC can

result from a variety of risk factors, such as hepatitis B/C virus or alcoholic liver

disease [149]. One key to a further breakthrough in HCC therapy lies in better

understanding of the underlying mechanism of HCC progression.

In recent years, a significant amount of research has gone into analyzing cancer-

associated pathways and networks to gain insight into the complex biological systems

underlying tumor progression [150, 151]. One promising approach for breast cancer

and leukemia patients has been to identify the varying patterns of cancer-associated
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gene co-expression to predict prognosis [140, 141]. In both examples, the level of

hierarchical organization of the cancer-associated gene network, as measured by the

cophenetic correlation coefficient (CCC), was shown to be correlated with cancer

risk, progression and prognosis. Inspired by these works and guided by the theory of

modularity, the aim here is to characterize HCC progression and patient survival by

analyzing the modular structure of the cancer-associated gene network in HCC.

Liver is an organ in which metabolism plays a key role. And abnormal metabolism

is a hallmark of cancer [138, 139]. Therefore, the co-expression patterns of metabolic

genes in HCC patients were analyzed. Unlike normal cells, cancer cells use glycol-

ysis for energy production irrespective of the availability of oxygen, a process that

is referred to as the Warburg effect or aerobic glycolysis [152, 153]. Interestingly,

although aerobic glycolysis has been regarded as the dominant metabolism pheno-

type in cancer, recent experimental evidence shows that mitochondria are actively

functional in cancer cells [154, 155, 156], and oxidative phosphorylation (OXPHOS)

can enhance metastasis in certain scenarios [157, 158, 159]. Study of the interplay

between glycolysis and OXPHOS will deepen our understanding of cancer metabolism

and metastasis.

To quantify the activities of the two main metabolism phenotypes in HCC, OX-

PHOS and glycolysis, Yu et al. [160] developed the AMPK and HIF-1 signatures

by evaluating the expression of the downstream genes of AMPK (5’ AMP-activated

protein kinase) and HIF-1 (hypoxia-inducible factor 1), in total 33 AMPK down-

stream genes and 23 HIF-1 downstream genes. The AMPK and HIF-1 signatures

have been shown to capture the highly significant metabolic features of HCC samples

[160]. In addition, the AMPK and HIF-1 signatures can associate the metabolism

phenotypes of HCC samples with oncogene activities, such as MYC, c-SRC and RAS,
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which further validates the use of the AMPK and HIF-1 signatures in characterizing

the metabolic activity of HCC samples [160]. Based on these arguments, the AMPK

and HIF-1 downstream genes were chosen for the present study as the set of cancer-

associated genes for HCC. The strong anti-correlation between AMPK and HIF-1

activities in HCC [160] suggests the expression of these metabolic genes is modular,

with the AMPK and HIF-1 downstream gene subsets as two likely modules (Figure

2.1A).

Modular structure of a gene network conveys information regarding the interac-

tion between genes. In particular, genes within the same module cooperate much

more with each other than with those in different modules. Here modularity [11, 19]

was calculated to quantify the modular structure of the metabolic gene network in

HCC. The theory of modularity suggests that high-modularity systems afford greater

evolutionary fitness in high-stress environments or over shorter time scales, whereas

low-modularity systems afford greater fitness in low-stress environments or over longer

time scales [133, 135, 134]. In the current context, modularity quantifies the ability of

tumor cells to organize individual cancer-associated genes so as to maximize network

efficiency. The theory predicts that tumors with a more modular expression pattern

of cancer-associated genes, organized to counteract host defenses, are more fit and

aggressive. At longer time scales, tumor growth overcomes host defenses and loses its

sensitivity to host actions, and modularity is predicted to decline.

In this work, the changes of the modular expression patterns of the AMPK and

HIF-1 downstream genes in HCC samples were analyzed as a function of metabolism

phenotypes, tumor stages, metastatic potentials and tumor recurrence. We found that

(i) HCC samples with a glycolysis phenotype showed significantly higher modularity

than samples with an OXPHOS phenotype; (ii) HCC samples at tumor stages II-IV
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had significantly higher modularity than samples at stage I; (iii) HCC samples with

higher metastatic potential maintained significantly higher modularity than samples

with lower metastatic potential; and (iv) patients that had recurrence within 12,

24 or 36 months had significantly higher modularity than those with no recurrence

within the same amount of time. These results confirmed the theoretical prediction

that more aggressive tumors correspond to a more modular interaction pattern of

the cancer-associated gene network. We also found that modularity increased with

tumor progression up to 8 months before recurrence, but then decreased. This result

is in accord with the aforementioned theoretical expectations. Further, metrics to

calculate individual modularity were developed, which proved to be predictive of

recurrence and survival for individual HCC patients.

2.2 Materials and Methods

2.2.1 Samples

Yu et al. [160] identified 33 AMPK downstream genes and 23 HIF-1 downstream

genes as signature genes for metabolism in HCC cancer cells. Phosphorylated AMPK

(pAMPK) can activate three major transcription factors (TFs): PGC1α, CREB, and

FOXO [161]. Expression of the genes downstream to these three TFs was used to

quantify the activity of AMPK. HIF-1 is a transcription factor, and its downstream

genes are chosen to evaluate its activity. The downstream genes chosen for AMPK

and HIF-1 are listed in Table 2.1. The detailed procedure to obtain these genes can

be found in Yu et al. [160].

RNA-Seq data for 373 HCC samples were obtained from the Cancer Genome

Atlas (TCGA) at cBioPortal [162, 163]. The data contains gene expression data
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Genes
AMPK downstream genes ACADL, ACADM, ACOX1, ACSL1, ACSL5,

ANGPTL4, APOC3, APOE, CAT, CPT1A, CPT2,
CYP27A1, CYP4A11, CYP7A1, EHHADH, FOXA2,
G6PC, GADD45A, GADD45G, HNF4A, ONECUT2,
PCK1, PCK2, PDK4, TOB1, CCND2, DNMT1,
G6PC3, MMP9, PRMT1, RUVBL1, ATF4, BAX

HIF-1 downstream genes ALDOA, BHLHE40, CA9, CCNB1, DDIT4, EGLN3,
EPRS, ETS1, IVNS1ABP, KDM3A, MECOM,
MXD1, PGK1, SERPINE1, SSRP1, STC2, TFRC,
TGFB3, TMEFF1, TMEM45A, VEGFA, ALDH4A1,
BNIP3

Table 2.1 : List of the 33 AMPK downstream genes and 23 HIF-1 downstream genes
identified by Yu et al. [160].

of the 56 signature genes, among many other genes. The data also contains de-

identified demographic information of each sample, as well as neoplasm disease stage

information, recurrence status, and survival status. Among the 373 HCC samples,

371 primary tumor samples were used for subsequent analysis, and 2 recurrent tumor

samples were excluded.

The raw expression data of the 56 genes was transformed before analysis:

x ⇒ log2(x+ 1)− log2(x+ 1)

σ(log2(x+ 1))
, (2.1)

where x was the raw gene expression values of each gene, log2(x+ 1) represented the

mean of the log2-transformed expression across 371 samples, and σ(log2(x+1)) repre-

sented the standard deviation of the log2-transformed expression across 371 samples.

To summary, all raw expression values were added by 1 and log transformed. Then,

z-scores of the gene expression were calculated for each of the 56 genes, respectively,

across all 371 samples.
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2.2.2 Calculation of Group Modularity

The definition of modularity MG of a given connection matrix Aij has already been

introduced in Chapter 1, see Equation 1.1. Here a subscript G was used to denote

group modularity.

For a group of samples of interest, the metabolic gene co-expression network was

defined by setting the 56 genes as vertices and the Pearson correlation coefficients

between gene expressions as edge weights. The resulting network was represented by

a 56×56 correlation matrix A (see Figure 2.1B for an example). Regular modularity

algorithm can only deal with non-negative weights, and therefore the whole matrix

was shifted, A′ = (A + 1)/2. The shifting implied that negative correlations were

considered weaker than positive correlations.The diagonal elements of A′ were then

set to 0 to eliminate self-loops. Newman algorithm [19] was applied to A′ to calculate

the maximized modularity and obtain the corresponding partition of the network.

To compare modularity between different sample groups, a bootstrapping method

was used. The method assumed the observed individual gene expression values were

the most representative measures of the underlying distribution of expression values.

That is, the distribution of expression values was taken as a sum over δ functions at the

observed values. Predictions were computed from samples taken from this estimated

distribution. For a group of 75 samples, the gene expression correlation matrix was

constructed by randomly sampling the 75 samples with replacement 75 times. The

modularity of the correlation matrix was computed as described above. This sampling

process was repeated 10,000 times to obtain 10,000 modularity values for the group.

Mean modularity and standard error were then obtained. Calculation of p-values for

the differences in modularity between two groups is described in subsection ”Monte

Carlo Test for Significance”.
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2.2.3 Calculation of Individual Modularity

Typically, for each patient there was one expression value for each gene, and no

correlation between genes based upon only a single patient’s data can be computed.

Modularity would be more applicable in clinical scenarios if it can be calculated on a

single patient. We proposed, therefore, to define the edge weight between gene i and

gene j of patient α as

lαi,j = exp (−|Xα,i −Xα,j|/σ) , (2.2)

where Xα,i was the raw expression of gene i of patient α, and σ was the standard

deviation of |Xα,i−Xα,j| averaged across all pairs of gene and all patients. Here, σ =

57887. The connection between gene i and gene j was weak if the distance between

them, i.e., |Xα,i − Xα,j| was large. The scaling by σ ensured that |Xα,i − Xα,j|/σ

remained within a reasonable order of magnitude.

Due to limited data, noise had a greater impact on individual modularity than

group modularity. To enhance signal-to-noise ratio, the original data was first trans-

formed into wavelet domain using discrete wavelet transform (DWT). Iterative thresh-

olding sparse PCA (ITSPCA) was then applied to obtain leading eigenvectors of the

sample covariance matrix in wavelet domain [164]. An inverse transform took place

to convert the leading eigenvectors back to the original space. Data that were dense

in real space became sparse in wavelet space, and the thresholding step in ITSPCA

helped reduce the noise. Since the standard wavelet transformation algorithm re-

quires that the number of entries be a power of two, zero-padding was applied to

the input data matrix so that it became a 371 × 64 matrix, with the last 8 columns

containing only zeros. For more details on ITSPCA and DWT, see Appendix A. The

ITSPCA algorithm output the cleaned 56 ×m matrix of the m leading eigenvectors
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Pm, which was used to reconstruct the raw data as

X ′ = XPmP
T
m, (2.3)

where X was the original raw data matrix, and X ′ was the reconstructed matrix

with the same dimensions as X. The cleaned data X ′ contained mostly signal and

much less noise than X. Unlike the group modularity calculation, X is the raw data

matrix without taking a logarithm. Since noise had already been filtered out by

ITSPCA, taking the logarithm would only weaken the signal. See Table A.2 for input

parameters of the ITSPCA algorithm.

The individual gene network linkage was calculated from Equation 2.2 using X ′.

The resulting connection matrix was binarized, where the top 11.55% edges (178

edges) with the largest connection weights were set to 1 and the rest to zero. The

Newman algorithm [19] was used to compute modularity for each patient, MI . Similar

to group modularity, the bootstrapping method was adopted to compare individual

modularity values between groups. 10,000 bootstrap samples of the individual modu-

larity values were obtained for each group, and the mean of the individual modularity

values were calculated for each bootstrap sample. The average and standard devia-

tion of the 10,000 mean modularity values were plotted in the bar plots in the Results

section. The method gave the same mean as the one directly calculated from the vec-

tor of MI , and the same standard deviation of the mean as directly calculated from

the vector of MI . P-values were calculated using the method described in subsection

”Monte Carlo Test for Significance”, which gave the same p-values as one-tailed t test

on two vectors of MI .
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2.2.4 Probability of Survival and Recurrence

Two probability measures were of interest: the probability of surviving longer than

24 months given individual modularity and the probability of no recurrence in 12

months given individual modularity.

The definition of the former was:

Psurvival,24(MI) =
Nsurvived,24fsurvived,24(MI)

Nsurvived,24fsurvived,24(MI) +Ndeceased,24fdeceased,24(MI)
, (2.4)

where Nsurvived,24 and Ndeceased,24 were the numbers of patients that lived longer than

24 months and deceased within 24 months, respectively. fsurvived,24 and fdeceased,24

were the probability density functions of the modularity distribution of survived and

deceased group, respectively. Given modularity MI , Psurvival,24 was calculated and

the probability curve of surviving more than 24 months was obtained (see Results

section).

The definition of the latter was:

Pno recurrence,12(MI) =
Nno recurrence,12fno recurrence,12(MI)

Nno recurrence,12fno recurrence,12(MI) +Nrecurrence,12frecurrence,12(MI)
,

(2.5)

where Nno recurrence,12 and Nrecurrence,12 were the numbers of patients that remained

disease free for more than 12 months and those that recurred within 12 months, re-

spectively. fno recurrence,12 and frecurrence,12 were the probability density functions of the

modularity distribution of disease-free and recurred group, respectively. Given mod-

ularity MI , Pno recurrence,12 was calculated and the probability curve of no recurrence

within 12 months was obtained (see Results section).
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2.2.5 Monte Carlo Test for Significance

Given two samples x1 and x2, a standard way to test for equal means is the two-

sample t test. However, in the current research, it was often the case that no direct

access to x1 and x2 was available, or that the original x1 and x2 were of no interest.

For example, in the case of group modularity, vectors of the bootstrapped modularity

values of each group were compared and the original x1 and x2, which were the gene

expression of samples in the group, were of no interest.

A standard Monte Carlo test was therefore conducted. Given input data x1, x2,

and function of interest F , B bootstrap samples were obtained from x1 and x2, and

vectors of function values for all bootstrap samples, F1 and F2, were obtained for

group 1 and 2. Each element of Fi was obtained by calculating F (x̃ib), where x̃ib was

the bootstrapped sample of xi in bootstrap b (b = 1,2, . . . , B). Assuming the mean

of F1 was greater than F2, we defined

uobs = F̄1 − F̄2 (2.6)

and shifted the bootstrap samples as follows:

z = (F̄1 + F̄2)/2 (2.7)

F ∗
1 = F1 − F̄1 + z (2.8)

F ∗
2 = F2 − F̄2 + z (2.9)

Note that z was the mean of the concatenated vector of F1 and F2, and B was set to

10,000 in all cases.
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For each bootstrap sample b

ub = F ∗
1 (b)− F ∗

2 (b). (2.10)

Then the p-value was defined as

p-value =
number of ub where ub > uobs

B
. (2.11)

The null hypothesis H0 of the test was that F1 and F2 had equal means, and the

alternative hypothesis H1 was that the mean of F1 was larger than that of F2. For

function F (x) = x̄ the Monte Carlo test gave the same p-values as an one-tailed t

test on (x1, x2).

For bar plots involving group modularity, x1 and x2 were gene expressions of

group 1 and group 2, and F was the modularity. For bar plots involving individual

modularity, x1 and x2 were individual modularity of group 1 and group 2, and F was

the mean. For bar plots involving proportion of patients, x1 and x2 were disease free

time or survival time of group 1 and group 2, and F was the proportion of patients

that were disease-free for more than 12 months, or survived longer than 24 months.

2.2.6 Kaplan-Meier Survival Curves

One way to quantify the aggressiveness of cancer is to look at the survival rate of

patients. In the data obtained from TCGA, each sample’s overall survival time after

diagnosis as well as the last known survival status (”deceased” or ”living”) were

provided. For the deceased patients, the overall survival time is the time an event

of death took place after diagnosis. For the living patients, the overall survival time

means it is known the patient was alive at that time but the time for event of death
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is unknown.

To take advantage of both types of data, the Kaplan-Meier estimate was used to

plot survival curves. The Kaplan-Meier survival curve describes the probability of

surviving in a given length of time from a starting point, and it considers time in

many small intervals [165]. For each time interval, the survival probability in that

interval is calculated:

St =
# of subjects living at the start−# of subjects died

# of subjects living at the start
. (2.12)

If a subject has died or discontinued the study before the time interval starts, they

would not be counted as one of the subjects living at the start. However, they do

still contribute to the survival probability of all time intervals before they had died

or discontinued. The total probability of survival until a time interval was calculated

by multiplying all St from all t preceding this time interval:

Pt = S1 · S2 · · ·St (2.13)

Goel et al. provided a few examples on how Kaplan-Meier survival probability is

calculated, see, for example, Table 1 in [166].

Log-rank test [167] was used to statistically compare two survival curves. The null

hypothesis of the test is that there is no difference between the population survival

curves, i.e. the probability of an event occurring at any time point is the same for

each group.
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Figure 2.1 : Modular gene expression pattern of the metabolic genes. (A) Evaluation
of the AMPK and HIF-1 activities in HCC patients’ samples (n = 371, r = −0.59,
p < 0.0001). Each point represents the AMPK and HIF-1 activities of one sample.
(B) Correlation matrix of the 33 AMPK downstream genes and 23 HIF-1 downstream
genes. (C) Rearranged correlation matrix calculated from the complete dataset of
371 HCC patients by the Newman algorithm. The Newman algorithm obtained a
partition into two modules. Modules are labeled by black dashed lines. The red
dashed lines in (B) and (C) are the diagonal elements of the correlation matrix. The
red color corresponds to a correlation coefficient of 1, as each gene is fully correlated
with itself. In modularity calculation, the diagonal elements were set to 0, as it was
assumed that there were no self-loops.

2.3 Results

In the HCC cancer-associated gene co-expression networks, the 33 AMPK downstream

genes and 23 HIF-1 downstream genes identified by Yu et al. [160] were vertices. For

each group of patients, the connection between genes were calculated using Pearson

correlation. Two genes had a strong connection if they showed a similar pattern

of gene expression across patients. If one gene’s expression increased and another

gene’s expression also increased, then these genes were likely cooperating and strongly

interacting with each other. After vertices and connections were established, Newman

algorithm [19] was applied to obtain the modular structure of the networks and the

corresponding modularity values.
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2.3.1 Modular Pattern of Cancer-Associated Gene Co-Expression Net-

works

There existed a strong anti-correlation between the AMPK activity and HIF-1 activ-

ity across all 371 HCC samples (Figure 2.1A). In addition, expression of individual

AMPK downstream genes was highly positively correlated within the AMPK gene

group and negatively correlated with the HIF-1 downstream genes, and vice versa

(Figure 2.1B). The expression pattern of these genes was highly modular and con-

sisted of two modules, one containing mainly AMPK downstream genes and the other

HIF-1 downstream genes, as identified by the Newman algorithm (Figure 2.1C).

2.3.2 Modularity and Metabolism Phenotypes

To evaluate the modular gene expression pattern of different metabolism phenotypes

of HCC samples, principal component analysis (PCA) on the RNA-Seq data of 33

AMPK downstream genes and 23 HIF downstream genes was performed. Since

AMPK and HIF-1 are master regulators of OXPHOS and glycolysis, respectively

[160], the resulting first principal components (PC1s) for AMPK and HIF-1 down-

stream genes were assigned as the axes to quantify the activities of OXPHOS and

glycolysis. After projecting all 371 HCC samples to the AMPK and HIF-1 axes,

each HCC sample was assigned a metabolic state of glycolysis (HIF-1high/AMPKlow),

hybrid (HIF-1high/ AMPKhigh) or OXPHOS (HIF-1low/AMPKhigh) through k-means

clustering using the sum of absolute differences (Figure 2.2A). Group modularity cal-

culation showed that the OXPHOS group had the lowest mean modularity and the

glycolysis group had the highest mean modularity (Figure 2.2B). Combined with sur-

vival curves of the three groups (Figure 2.2C), it was clear that the glycolysis group

had the worst survival and OXPHOS the best, with hybrid in the middle, indicating
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Figure 2.2 : Modularity and metabolism phenotypes. (A) The 371 patients’ samples
are clustered into three metabolism phenotypes: OXPHOS (blue), hybrid (magenta),
and glycolysis (red). (B) Group modularity of three metabolism phenotypes. Here,
”*” represents 0.01<p≤0.05, and ”**” represents 0.001<p≤0.01. If there is no label-
ing of the significance level, it means the difference is not significant. (C) Kaplan-
Meier overall survival curves of HCC patients in OXPHOS, hybrid and glycolysis.

that higher modularity corresponded to a more aggressive tumor.

2.3.3 Modularity and Tumor Stages

Among 371 HCC samples, 348 had neoplasm disease stage information. These samples

were classified into two groups, stage I (171 samples) and stage II-IV (177 samples),

so that each group had similar number of samples. Group modularity calculations

showed that the HCC samples in the stage II-IV group had a significantly higher mean

modularity than the HCC samples in the stage I group (Figure 2.3A). HCC samples

at stage II-IV had a significantly worse survival than samples at stage I (Figure 2.3B),

which further confirmed that higher modularity corresponded to worse survival, i.e.

a more aggressive tumor.

2.3.4 Modularity and Metastatic Potential

Metastasis accounts for more than 90% of cancer-related deaths [168]. Samples were

grouped based on their metastatic potential and the group modularity of each group
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Figure 2.3 : Modularity and tumor stages. (A) Bar plot of the group modularity of
HCC patients at stage I and that at stage II–IV. Here ”***” represents p ≤ 0.001.
(B) Kaplan-Meier overall survival curves of HCC patients at stage I and stage II–IV.

was calculated. Genes SNRPF, EIF4EL3, HNRPAB, DHPS, PTTG1, COL1A1,

COL1A2, and LMNB1 (comprising the eight-gene signature) have been shown to

be up-regulated in metastases compared to primary tumor sites [169]. Expression

levels of these genes has been used to evaluate the metastatic potential of primary tu-

mors [169]. We here used the sum of log2-transformed expression levels of these eight

genes to represent the metastatic potential of primary HCC samples. The 123 samples

with the lowest metastatic potential were classified as the low potential group, and

the 123 samples with the highest metastatic potential as the high potential group.

Group modularity calculation results show that the high metastatic potential group

had higher modularity and worse prognosis (Figure 2.4A). Gene SPP1 has been shown

to be a diagnostic marker for metastatic HCC [170]. The expression of gene SPP1

was therefore also used to quantify the metastatic potential of HCC samples. The

grouping of HCC samples by the SPP1 signature showed consistent results to that

observed from the eight-gene signature (Figure 2.4B). This result indicated that a
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highly modular pattern of cancer-associated gene interactions may serve as a sign of

metastasis.

2.3.5 Modularity and Tumor Recurrence

Tumor relapse is a supreme clinical challenge [171]. 319 of the 371 HCC samples

had tumor recurrence information - ”recurred” or ”disease free”. Here the 319 sam-

ples were classified into non-recurrence and recurrence groups within 12 months, 24

months, or 36 months respectively. For example, the recurrence group within 12

months included HCC samples whose disease free status was ”recurred” and the ”dis-

ease free time” was shorter than 12 months. The non-recurrence group within 12

months included HCC samples whose ”disease free time” was longer than 12 months,

with either ”recurred” or ”disease free” status.

For all three follow-up lengths, it is observed that the group of HCC patients

with recurred tumors had a higher mean modularity than the group of patients with-

out recurred tumors (Figure 2.5A). The difference between the recurrence and no-

recurrence groups became more significant as follow-up time increased from 12 to 24

to 36 months. The survival curves confirmed that the recurrence group, which was

also the group with larger modularity, had poor survival (Figure 2.5A).

To understand the origin of the correlation between higher modularity and worse

survival, the relation between modularity and tumor recurrence time were examined

among recurred patients. Among the 319 samples, 174 had disease-free status as

”recurred”. After discarding 4 patients with the longest disease-free time, the rest

were sorted based on the disease-free time and classified into five groups – group 1,

2, 3, 4 and 5 with decreasing disease-free time. Group 1 had the longest recurrence

time, and group 5 had the shortest recurrence time. The modularity bar plot and
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Figure 2.4 : Modularity and metastatic potential. Left panel: Group modularity of
HCC samples with low and high metastatic potential evaluated by eight-gene signa-
ture (A) and SPP1 (B). Right panel: Kaplan-Meier overall survival curves of HCC
patients with low and high metastatic potential evaluated by eight-gene signature (A)
and SPP1 expression (B). Here ”***” represents p ≤ 0.001.
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the survival curves are shown in Figure 2.5B and C. Modularity first increased with

tumor progression, and then decreased. Even though the differences between each

group were not always significant, the significant difference between group 1 and

group 3 and between group 3 and group 5 strongly supported this non-monotonic

trend. Interestingly, modularity correlated with worse survival for the first 3 groups,

but the correlation was absent for groups 4 and 5, similar to the observations in

acute myeloid leukemia [141]. At early stages, increased modularity correlated with

decreased survival as cancer cells organized their gene expression against the host. At

later stages, cancer had overcome the host defenses, and a high value of modularity

was no longer selected for. This crossover occurred rather late: recurrence times for

groups 1, 2, 3 were 90–22 months, 22–13 months, and 13–8 months; the recurrence

times for groups 4 and 5 were 8–4 and 4–1 months, respectively. Note that Figure

2.5B and 2.5C are based on patients with recurred tumors only, whereas Figure 2.5A

contains both recurred patients and disease-free patients.

2.3.6 Clinical Application of Modularity: Individual Modularity and Pre-

diction

Calculation of group modularity was useful for understanding the group differences

of metabolic gene expression patterns and the general relation between modularity

and cancer malignancy. However, in a clinical setting, individual modularity would

be much more valuable to the prediction of individual survival.

Individual modularity for all 371 samples ranged from 0.248 to 0.652 (mean=0.453

and standard deviation=0.079). These numbers appeared to be consistent with mod-

ularity values found in other functional human biological networks [172]. Modularity

at the individual level largely confirmed the above group-level trends of modularity
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Figure 2.5 : Modularity and tumor recurrence. (A) Modularity (left panels) and
Kaplan-Meier overall survival curves (right panels) of patients that were stratified
into recurrence and non-recurrence within 12, 24 and 36 months. (B) Non-monotonic
change of modularity with tumor recurrence time. Samples in group 1 have the longest
recurrence time and samples in group 5 have the shortest recurrence time. (C) Ka-
plan–Meier overall survival curves of group 1–5. Here ”*” represents 0.01<p≤0.05,
and ”**” represents 0.001<p≤0.01. If there is no labeling of the significance level, it
means the difference is not significant. Significant p-values in (C) are as follows:
p(G1, G2) < 0.01, p(G1, G3) < 0.0001, p(G1, G4) < 0.0001, p(G1, G5) < 0.01,
p(G2, G3) < 0.05, p(G2, G4) < 0.01.
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for HCC patients classified by metabolism phenotypes, stage information, recurrence

status and metastatic potential. Higher individual modularity corresponded to the

glycolysis phenotype, Figure 2.6A, later tumor stage, Figure 2.6B, tumor recurrence,

Figure 2.7A–2.7C, and higher metastatic potential, as determined by the eight-gene

signature, Figure 2.6C, and SPP1 expression, Figure 2.7D and worse patient survival,

Figure 2.8.

Samples were classified based on survival and recurrence. The follow-up lengths

were selected so that each group had a comparable amount of samples: survived longer

than 24 months, 140 samples; shorter than 24 months, 91 samples; no recurrence in 12

months, 176 samples; and recurrence within 12 months, 104 samples. Samples were

then stratified into 6 groups based on their individual modularity values: 0.24–0.31,

0.31–0.38, 0.38–0.45, 0.45–0.52, 0.52–0.59, and 0.59–0.66. For each group, the number

of patients that survived longer than 24 months and that remained disease-free for

more than 12 months were counted. The proportion of these patients in each mod-

ularity group were subsequently calculated (Figure 2.6D–2.6E, left panel). Overall,

the higher the modularity, the lower the survival and disease-free probability. The

only exception was the first bar in the left panel of Figure 2.6D, which was possibly

due to the very small number of 7 patients in the group.

A Gaussian model was fit to the modularity distribution of each group, with mean

and standard deviation computed from individual modularity values (Figure 2.6D

and 2.6E, middle panel). Based on Equation 2.4 and 2.5, the probability of survival

over 24 months and the probability of no recurrence in 12 months were calculated

(Figure 2.6D and 2.6E, right panel). This simple model was able to recapitulate the

trend observed in the clinical data (Figure 2.6D and 2.6E, left panel). The range of

modularity here was selected as 0.248 – 0.652 to match with the observed individual
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Figure 2.6 : Individual modularity. (A–C) Individual modularity results show the
same trend of modularity with metabolism types, stages, and metastatic potential.
Pearson correlation between individual modularity and eight-gene metastatic poten-
tial r = 0.46, p < 0.0001 (C). (D) Left: probability of survival longer than 24 months
derived from data. Middle: Gaussian distribution of modularity values for the two
groups. Right: same probability based on Gaussian model. (E) Left: probability
of no recurrence in 12 months derived from data. Middle: Gaussian distribution of
modularity values for the two groups. Right: same probability based on Gaussian
model. Here ”*” represents 0.01<p≤0.05, ”**” represents 0.001<p≤0.01, and ”***”
represents p≤0.001. If there is no labeling of the significance level, it means the
difference is not significant.
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C D

Figure 2.7 : Individual modularity regarding recurrence and SPP1 expression. (A–C)
Averaged individual modularity in the recurrence group and the non-recurrence
group. (D) Individual modularity was positively correlated with SPP1 expression
(Pearson correlation, r = 0.35, p < 0.0001). Here, ”***” represents p≤0.001. If there
is no labeling of the significance level, it means the difference is not significant.

modularity values. Individual modularity showed significant potential as a predictor

of patients’ survival or tumor recurrence. A high value of individual modularity was

predictive of poor prognosis, with values of M>0.6 correlated to survival and non-

recurrence probabilities less than 0.4.



58

Figure 2.8 : Kaplan-Meier overall survival curves of HCC patients with low and high
individual modularity. We chose 123 patients with the lowest individual modularity
as the ”low” group, and the 123 patients with the highest individual modularity as
the ”high” group.

2.4 Discussion

2.4.1 Modularity Predicts Cancer Aggressiveness

Metabolic reprogramming is an emerging hallmark of cancer [138, 139]. Both aerobic

glycolysis and oxidative phosphorylation (OXPHOS) play important roles in orches-

trating cancer metabolism [152, 153, 155, 154, 157, 158, 156]. Previously, Yu et al.

developed the AMPK and HIF-1 signatures to quantify the activities of metabolism

phenotypes in hepatocellular carcinoma (HCC) [160]. There was a visually appar-

ent modular pattern of gene expression due to the strong anti-correlation between

AMPK and HIF-1 activities in HCC. In this work, the gene expression pattern of

metabolic genes in HCC were analyzed in term of modularity and its correlations

with metabolism phenotypes, tumor stages, metastatic potentials and tumor recur-

rence were examined.

The analyses of modularity in the glycolysis, hybrid and OXPHOS metabolism
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phenotypes; stage I and stage II–IV tumor stages; and varying tumor metastatic

potentials and recurrence status consistently showed that a higher modularity of the

AMPK and HIF-1 downstream gene network corresponded to worse overall survival

results of HCC patients. For example, a group of samples characterized by high

glycolytic activity showed significantly higher modularity than a group of samples

characterized by high OXPHOS activity, and worse prognosis. The result aligned

well with the experimental observation that hepatocarcinogenesis initiates with a

switch of metabolism from OXPHOS to glycolysis, and glycolysis is maintained to

facilitate the aggressive features of advanced HCCs [173, 174]. Similarly, comparison

of HCC samples at stage I to that at stage II–IV showed that HCC samples at stage

II–IV had a more modular expression pattern of metabolic genes and worse survival.

Additionally, HCC patients with a higher metastatic potential had a more modular

expression pattern of metabolic genes and worse survival. Finally, patients with

tumor recurrence within a given time had a higher modularity of the metabolic gene

networks and worse prognosis than patients with no tumor recurrence.

2.4.2 Tumor Progression Mediates the Selection of Modularity

Modularity exhibited a non-monotonic relation with tumor progression (Figure 2.5B),

increasing first and then decreasing. Using the theory of modularity, we argue that at

early stages of tumor progression, the tumor was under a high-stress environment. A

modular pattern of cancer-associated gene interactions was organized by tumor cells,

so that they could counteract the host defense systems. At later stages of tumor

progression, cancer had overcome the host defenses, and a high value of modularity

was no longer selected for. Therefore, the relation between modularity and tumor

aggressiveness is mediated by tumor progression. For most of the patient’s history, a
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higher modularity indicated higher risk. Only when tumor progression had reached a

very late stage, may a lower modularity indicate higher risk. Naturally, an accurate

interpretation of modularity should take progression stage into consideration.

The relation between modularity and tumor recurrence time was further investi-

gated in three subsets: HCC samples with glycolysis phenotype, at stage II–IV, and

with high metastatic potential determined by the eight-gene signature (Figure 2.9).

These groups were chosen as they are likely to be under highly stressful conditions

such as hypoxia due to rapid proliferation of tumor and response from the host im-

mune systems during metastasis. The glycolysis group had 37 patients that recurred.

After discarding 2 samples with the shortest recurrence time, the rest were distributed

into 5 equal size groups. A similar procedure was taken for the other two groups.

Again, HCC samples in group 1 had the longest recurrence time and HCC samples

in group 5 had the shortest recurrence time. Survival curves for each group were

plotted. The correlation of higher modularity with worse prognosis existed for the

roughly 60% (top 3 groups) of patients with the longest recurrence time in all three

cases. Interestingly, a reversal of this correlation occurs at about the same recurrence

time: 9.1 months for the glycolysis group, 6.4 months for the stage II-IV group, and

7.9 months for the high metastatic potential group. These times were consistent with

the reversal of the correlation at 8 months found among all recurred patients (Figure

2.5B).

Taken together, modularity was selected for under the stressful conditions of early

to mid-progression. That is, more aggressive early and mid-progression tumors, as

judged by decreased host survival probability, had higher modularity of metabolic

gene co-expression networks. Our hypothesis that more malignant tumors are usu-

ally characterized by a more modular expression pattern of cancer-associated genes
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Figure 2.9 : Non-monotonic change of group modularity with tumor recurrence time
among HCC patients with recurred tumor. (A) Glycolysis group. There were 37
patients that recurred, and 35 of them were selected and divided into five subgroups.
Patients in G1 has the longest recurrence time, and patients in G5 has the shortest
recurrence time. Recurrence time ranged from 28.9 – 9.1 months for the first three
groups. Significant p-values among the 5 groups are as follows: p(G1, G3) < 0.01,
p(G2, G3) < 0.01, and p(G3, G4) < 0.05. (B) Stage II-IV group. There are 100
patients with recurred tumors, and all of them were selected and divided into five
subgroups. Recurrence time ranged from 55.1 – 6.4 months for the first three groups.
Significant p-values among the 5 groups are as follows: p(G1, G2) < 0.01, p(G1, G3) <
0.05, p(G1, G4) < 0.001, and p(G1, G5) < 0.05. (C) High metastatic potential group.
There were 57 patients that recurred, and 55 of them were selected and divided into
five subgroups. Recurrence time ranged from 70.1–7.9 months for the first three
groups. Significant p-values among the 5 groups are as follows: p(G1, G3) < 0.01,
p(G1, G4) < 0.05, and p(G2, G3) < 0.05. In all cases, we find the correlation of larger
modularity with worse prognosis for roughly 60% (the top 3 groups) of patients.
The correlation reversed at a recurrence time of 8 months. Here, ”*” represents
0.01<p≤0.05.
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were confirmed [140, 141]. Higher modularity increased the fitness of tumors because

metabolic networks were under stress [175]. Thus, tumors with a more modular

metabolic gene network typically are more fit and are more likely to overcome the

body’s defenses. Once the transition to imminent recurrence was achieved, the se-

lection for modularity was no longer present, and the observed values of modularity

decreased.

2.4.3 Modularity is Predictive of Prognosis Independent of Metastatic

Status

Notably, modularity was predictive of prognosis independent of metastatic status of

HCC samples. The association of modularity with different metabolism phenotypes,

varying stages, and tumor recurrence were analyzed for the HCC samples with no

distant metastasis, cancer staging ”M0”, i.e. no spread of tumor to other parts of the

body (Figures 2.10–2.13). More modular gene expression patterns of metabolic genes

were observed for HCC samples in the glycolysis phenotype than in the OXPHOS

phenotype, Figure 2.11, at stage II– IV than that at stage I, Figure 2.12, and with

tumor recurrence than without recurrence, Figure 2.13. The results supported the

hypothesis that modularity is a fundamental order parameter correlated with tumor

aggressiveness.

To the best of our knowledge, this was the first effort to evaluate aggressiveness

of HCC samples by evaluating the modular expression patterns of metabolic genes.

Future work should examine the role of modularity in other types of tumors. There

are at least two avenues for the improvement of the present study. First, a different

set of parameters used in calculating individual modularity might affect the predic-

tive power. Table A.2 in Appendix A lists the parameters for calculating individual
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Figure 2.10 : Modular expression pattern of the metabolic genes for HCC patients
with no distant metastasis. (A) Gene expression correlation matrix of the 33 AMPK-
downstream genes and 23 HIF-1-downstream genes. (B) Rearranged correlation ma-
trix calculated by the Newman algorithm. Two modules were identified. One mod-
ule contains mainly AMPK-downstream genes, and the other contains mainly HIF-1
downstream genes. The red dashed lines along the diagonal in (A) and (B) corre-
spond to the correlation coefficient of 1, which is the expression correlation of a gene
with itself. In modularity calculation, the diagonal elements were set to 0, as it was
assumed that there were no self-loops.

Figure 2.11 : Modularity and metabolism phenotypes for HCC patients with no
distant metastasis. (A) Group modularity of three metabolism phenotypes. Here,
”*” represents 0.01<p≤0.05, and ”**” represents 0.01<p≤0.01. If there is no labeling
of the significance level, it means the difference is not significant. (B) Kaplan-Meier
overall survival curves for HCC patients in three metabolism phenotypes.
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Figure 2.12 : Modularity and tumor stages for HCC patients with no distant metas-
tasis. (A) Bar plot of the modularity for HCC patients at stage I and stage II–IV.
Here, ”***” represents p≤0.001. (B) Kaplan-Meier overall survival curves for HCC
patients at stage I and stage II–IV.

modularity using iterative sparse principal components analysis (ITSPCA). Alterna-

tive values of these standard parameters were tested and similar results were found,

but a systematic search of the parameter space should be carried out to validate

the findings. Second, if possible, temporal expression profiles of the metabolic genes

should be collected. The gene expression time series will enable the calculation of

individual modularity using a correlation matrix and largely avoid the need for strict

noise reduction methods.

In summary, modular interactions between metabolic genes in HCC play a key

role in HCC prognosis. As the theory of modularity hypothesized, higher modularity

of the gene co-expression networks was found to significantly correlate with glycolytic

phenotype, later tumor stages, higher metastatic potential, and cancer recurrence,

all of which contributed to poorer survival outcome. Among patients with recurred

tumors, modularity was observed to increase with tumor progression up to 8 months
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Figure 2.13 : Modularity and tumor recurrence for HCC patients with no distant
metastasis. (A) Modularity (left panels) and Kaplan-Meier overall survival curves
(right panels) of HCC patients that were stratified into recurrence and non-recurrence
group within 12, 24 and 36 months. (B) Non-monotonic change of modularity with
tumor recurrence time among patients with recurred tumor. HCC patients in group
1 have the longest recurrence time, and HCC patients in group 5 have the shortest
recurrence time. (C) Kaplan-Meier overall survival curves of each group. Here, ”*”
represents 0.01<p≤0.05. If there is no labeling of the significance level, it means the
difference is not significant. Significant p-values in (C) are as follows: p(G1, G2) <
0.01, p(G1, G3) < 0.001, p(G1, G4) < 0.0001, p(G1, G5) < 0.001, and p(G2, G4) <
0.001.
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before recurrence, but then decrease. The results suggested that higher modularity

represented more aggressive tumor during early to mid-progression, but was no longer

selected for once the host defenses were overcome and recurrence was imminent.

Furthermore, metrics were developed to calculate individual modularity, which was

shown to be predictive of cancer recurrence and patients’ survival and may serve as a

prognostic biomarker. The success of the theory of modularity in HCC supports the

speculation that the role of modularity follows a general principle in biology.
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Chapter 3

Modularity and Flexibility of the Brain and Their

Relation to Cognitive Performances of Healthy

Young Adults

The concept of ”network fragmentation” describes a scenario where higher modular-

ity disrupts the integrated function of a network and is mostly discussed under the

context of functional brain networks [98, 102, 100]. Guided by this concept, the cog-

nitive performances of human brain should benefit from modularity if it is performing

cognitive tasks that call for local activation of brain regions (i.e. simpler tasks), but

would be hurt by modularity if the tasks call for global cooperation between brain

regions (i.e. more complex tasks). The hypothesis aligns well with the theory of

modularity introduced in Chapter 1 in the sense that (1) both theories point out

the existence of factors that mediate the relationship between modularity and perfor-

mances, accommodating the observations of the conflicting role of modularity and (2)

a simple cognitive behavioral task can be regarded as an event happening at shorter

time scales and a complex task can be regarded as an event happening at longer time

scales. In any case, both theories hypothesize that modularity should enhance human

brain performances on simpler tasks but hinder the performances on more complex

tasks.

This chapter tests the aforementioned hypothesis by studying the resting-state

functional connectivity of the brain and its relation to cognitive performances of

healthy young adults. Recent work in cognitive neuroscience has focused on analyz-
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ing the brain as a network, rather than as a collection of independent regions. Prior

studies taking this approach have found that individual differences in the degree of

modularity of the brain network relate to performance on cognitive tasks. However,

inconsistent results concerning the direction of this relationship have been obtained,

with some tasks showing better performance as modularity increases and other tasks

showing worse performance. The current study related modularity from resting-state

fMRI to participants’ performances on a set of simple and complex behavioral tasks.

Complex and simple tasks were defined on the basis of whether they did or did not

draw on executive attention. Consistent with our prediction, we found a negative

correlation between modularity and complex-task performances but a positive corre-

lation with simple-task performances.

Flexibility is a dynamic measure of network connectivity, but has been rarely

studied together with modularity. The present study investigates the relationship be-

tween these two measures of connectivity and how they make separable contribution

to predicting individual differences in performance on cognitive tasks. We found that

flexibility and modularity were highly negatively correlated, but they made unique

contributions to task performances, with modularity playing a greater role in predict-

ing performances for simple tasks and flexibility playing a greater role in predicting

performances on complex tasks. These results provide a framework for linking mea-

sures of whole-brain organization from network neuroscience to cognitive processing.

The project was published in two separate papers, one focuses on modularity [172],

the other on flexibility [176]. The co-authors on the modularity paper are Dr. Qiuhai

Yue (first author), Dr. Randi C. Martin, Dr. Simon Fischer-Baum, Dr.Aurora I.

Ramos-Nuñez, and Dr. Michael W. Deem. The co-authors on the flexibility paper

are Dr. Aurora I. Ramos-Nuñez (first author), Dr. Simon Fischer-Baum1, Dr. Randi
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C. Martin1, Dr. Qiuhai Yue, and Dr. Michael W. Deem.

3.1 Introduction

Recent work in cognitive neuroscience has moved away from analyzing the function

of localized brain structures toward analysis of the brain as a network. Previous

studies have shown that the human brain is organized into different sub-networks,

termed modules [104, 88, 177, 178, 87], which support different aspects of behavioral

function, for example, modules for visual perception, motor control, and attentional

processing [179, 180, 25, 181]. Understanding the network organization of the brain

has been advanced using graph theory to quantify various local and global properties

of its organization, with the vertices of the network defined by brain regions and

connections between vertices determined usually by structural connectivity derived

from diffusion tensor imaging or by functional connectivity derived from resting-state

or task-based fMRI, between these regions [182, 183, 184, 185].

The current work focuses on two global measures of network organization — mod-

ularity and flexibility. Modularity characterizes the community structure of the net-

work in terms of the relative strength of within- and between-module connections.

Using Newman’s algorithm, vertices in the network are sorted into modules so as to

maximize this value separately for each individual [19, 11]. Individuals differ in their

modularity, and the degree of modularity has been found to relate to characteristics

such as age [94, 186, 187, 188, 189], mental state [190, 93], and neurological status

[102, 191, 192].

Correlations between modularity and performances on a variety of tasks have also

been reported, focusing on individuals within a developmental stage. However, there

are inconsistencies regarding the direction of the relationship. For example, Stevens
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et al. [193] reported a positive correlation between modularity and performance on

a visual working memory task, whereas Meunier et al. [132] reported a negative

correlation with odor recognition. Even within the same group of participants, the

direction of the correlation varies as a function of task. Alavash et al. [194] reported

a positive correlation between modularity and visual working memory performance

but a trend toward a negative correlation with a complex working memory span task.

Thus, although there is accumulating evidence that whole-brain measures relate to

behavioral performance [179, 195, 196, 197, 198, 88], the exact relationship between

modularity and performance is unclear.

The theory of modularity may help to explain why high modularity is beneficial for

some tasks whereas low modularity is beneficial for others. Chen and Deem (2015) [94]

developed a computational model to examine this principle in recognition memory.

Simulations showed that high-modularity architectures resulted in better performance

in recognition memory with shorter response deadlines, whereas low-modularity ar-

chitectures resulted in better performance with longer response deadlines. More gen-

erally, the theory leads to the prediction that high-modularity architectures are better

for simple tasks, which are completed over a short timescale and draw mainly on a

specific module, whereas low-modularity architectures are better for complex tasks,

which take more time and draw on the interaction of several modules. On the ba-

sis of this interpretation, the inconsistent previous findings relating modularity to

performance might be due to variation in the complexity of the tasks.

On the other hand, network flexibility characterizes how frequently regions of the

brain switch allegiance from one module to another over time [25]. Many recent

studies have reported that individual variation in network flexibility can explain a

host of performance measures, such as skill learning (e.g.,[25, 199]), cognitive control
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(e.g., [200, 201]), and mood [202]. Indeed, brain network flexibility has been identified

as a biomarker of the cognitive construct of cognitive flexibility [201].

Existing investigations have focused on either modularity or flexibility as a network

measure. Some of the studies have investigated quite different cognitive processes for

modularity (e.g., attentional control) and flexibility (e.g., mood). Other studies have

focused on similar constructs (e.g., working memory for modularity and cognitive

control for flexibility or motor learning for both). Thus, these studies leave open the

question of the extent to which modularity and flexibility underlie different or similar

cognitive abilities. There is an intuitive basis for thinking that they reflect different

capacities, as flexibility relates to how much brain networks change over time, and

modularity relates to differences in inter-connectivity. However, such a conclusion

would be premature, since each of these previous studies measured modularity and

flexibility in isolation, without considering whether the other measure could also

explain variation in the same cognitive performance and whether each contributes

independently when the contributions of both are considered simultaneously. No

study has directly addressed the basic question of the relationship between modularity

and flexibility∗. This relationship might be one key to understanding how different

measures from network neuroscience relate to different cognitive functions.

∗There are several recent studies that have focused on the relationships between static and dy-
namic measure of connectivity that are tangentially relevant to our current investigation. Thompson
and Fransson (2015) [203] focus on variation in the connectivity between brain regions. They used a
sliding time-window of 90 seconds and calculated the correlation coefficients between regions during
each time window. They calculated the mean and variance of the connectivity timeseries for each
subject and pair of connections. Their results showed that the mean and variance of fMRI con-
nectivity time-series scale negatively. Betzel et al. (2016) [202] examined variation in connectivity
over time, using a sliding window to identify time periods when functional connectivity deviates
significantly from the connectivity found for data from the whole session. These time periods with
greater deviance showed higher modularity compared with time periods in which the functional con-
nectivity is closer to the average. Both papers suggest some relationship between static and dynamic
measure of functional connectivity, though neither investigates the relationship between whole brain
flexibility and modularity across individual subjects.
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The current study therefore has two focuses. First, we varied task complexity and

investigated whether the predicted relation between modularity and complexity on

task performance would be observed in a population of young adults. For complex

tasks, we selected an operation span task [204], a visual arrays short-term mem-

ory (STM) test [205, 206], an auditory digit span task [207], a cued task-switching

paradigm [208], and a measure of conflict resolution in the domain of visuospatial

attention from the Attention Network Task (ANT; [209]). These tasks were identified

as complex because each relies on executive attention, that is, the ability to control

attention. Operation span and cued task-switching require shifting between tasks.

Performance on the visual arrays task has also been demonstrated to relate to atten-

tional control abilities [210]. Although digit span task is often thought as reflecting

passive short-term maintenance, other evidence indicates that it shares many cogni-

tive components with complex span measures, including controlled search of memory,

particularly when longer lists are presented for recall [207]. The conflict resolution

measure taps into the coordination of perception and cognitive control. Simple tasks

included two simple visuospatial attention measures, alerting and orienting, again

from the ANT, and a “traffic light” task in which participants press a button when

a red square turns into a green circle. The alerting and orienting measures from

the ANT reflect automatic response to exogenous attentional cues [211], whereas the

”traffic light” task reflects the ability to respond to low-level visual properties. Com-

posite simple and complex scores were generated from the behavioral measures by

averaging the standard scores within the complex and simple tasks. Given the great

differences in the tasks going into the composites and the variety of abilities that are

tapped by each, one would not expect high correlations among the tasks. However,

by forming a composite of the measures, one can tap the cognitive mechanisms com-
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mon to the tasks within a composite and improve the reliability of the dependent

measure [212, 213]. These composite measures were correlated with modularity as

measured by functional connectivity of resting-state fMRI. Second, we investigated

the relationship between flexibility and the composite scores of the aforementioned

task, as well as the relationship between flexibility and modularity.

3.2 Materials and Methods

3.2.1 Participants

Fifty-two (18–26 years old, mean = 19.8 years old; 16 men and 36 women) students

from Rice University participated in this study. Participants reported no neurologi-

cal or psychiatric disorders. Informed consent was obtained according to procedures

approved by the Rice University institutional review board. Participants were com-

pensated $50 for their participation.

3.2.2 Resting-state fMRI

Imaging Data Acquisition

Resting-state fMRI scans were conducted at the Core for Advanced Magnetic Reso-

nance Imaging at Baylor College of Medicine. Images were obtained on a 3-T Siemens

(Erlangen, Germany) Magnetom Tim Trio scanner equipped with a 12-channel head

coil. Foam pads were used to keep participants’ heads stable during the scanning.

A high-resolution T1-weighted structural image was acquired by using magnetization

prepared rapid gradient-echo sequence in the sagittal direction (repetition time =

2500 msec, echo time = 4.71 msec, field of view = 256 mm, voxel size = 1 × 1 × 1

mm3). Three 7-min resting-state functional runs were obtained by using an echo pla-
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nar imaging (EPI) sequence as follows: repetition time = 2000 msec, echo time=40

msec, field of view=220 mm, voxel size=3× 3 mm2, and slice thickness=4 mm. Each

resting-state run had 210 volumes, and each volume had 34 slices in the axial plane

to cover the whole brain. All 52 participants completed the imaging session.

Preprocessing

Image preprocessing was conducted using the AFNI software (AFNI version: AFNI-

2011-12-21-1014; Cox, 1996 [214]). The first six volumes of each functional run

were discarded to allow stabilization of the BOLD signal. Preprocessing procedures

basically followed the pipelines recommended by Jo et al.[215] and AFNI’s script

afni proc.py. Each functional run was preprocessed separately, including de-spiking

of large fluctuations for some time points, slice timing, and head motion correction.

Then, each participant’s functional images were aligned to that individual’s structural

image, warped to the Talairach standard space, and resampled to 3-mm isotropic

voxels. Next, the functional images were spatially smoothed with a 4-mm FWHM

Gaussian kernel. A whole-brain mask was then generated and applied for all subse-

quent analyses. A multiple regression model was then applied to each voxel’s time

series to regress out several nuisance signals, including third-order polynomial baseline

trends, six head motion correction parameters, and six derivatives of head motion†.

Bandpass (0.005–0.1 Hz) filtering and outlier censoring were conducted in the same

regression model. The outlier censoring recorded the time points in which head mo-

tion exceeded a distance (Euclidean norm) of 0.2 mm with respect to the previous

time point or in which >10% of whole-brain voxels were considered as outliers by

AFNI’s 3dToutcount. Then, the recorded time points in each brain voxel were cen-

sored by replacing signal at these points using linear interpolation. The residual time
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series after application of the regression model were used for the following network

analyses.

3.2.3 Network Reconstruction, Modularity and Flexibility Calculation

Network Reconstruction

The whole brain network was re-constructed based on different functional and anatom-

ical brain parcellations including others used in the resting state literature [88, 220,

221, 222]. The results were largely consistent across parcellation scheme, but were

the clearest with the anatomical parcellation from the 84 Brodmann areas (BA) (42

Brodmann areas for left and right hemispheres, respectively). Therefore, results

from the BA anatomical parcellation are reported here, with occasional mentions

of other atlases. We illustrate the network reconstruction methods for the 84 BAs.

First, Brodmann area masks were generated using the Brodmann atlas in AFNI Ta-

lairach–Daemon (AFNI version: AFNI-2011-12-21-1014; [223, 224]). Then the mean

time series for each area was extracted by averaging the preprocessed time series

across all voxels covered by the corresponding mask. In the network, each Brodmann

area served as a vertex and the edge between any two vertices was defined by the

Pearson correlation of the BOLD time series for those two vertices. For each subject

†Some previous resting-state fMRI studies also included averaged signals in the white matter
and ventricle as nuisance signals and regressed them out. A recent study by Aurich, Alves Filho,
Marques da Silva, and Franco (2015) [216] showed that different preprocessing strategies with respect
to these tissue-based signals had an impact on some graph theoretical measures, but this study did
not evaluate the effect on the modularity measure. Because of Aurich et al.’s findings, we conducted
an extra analysis in which the tissue-based (e.g., white matter and ventricle) regression was included
in preprocessing by following the anaticor procedure in AFNI [217]. Specifically, we segmented an
individual’s structural image by using FreeSurfer [218, 219]. Then, white matter and ventricle masks
were created and eroded. The averaged time series in eroded ventricle mask and regionally averaged
time series within a 15-mm-radius sphere in eroded white matter mask were extracted and included
as two additional nuisance signals in the regression model. In the text, we report the results without
regressing out tissue-based signals.



76

and each run, edges for all pairs of vertices in the network were estimated, resulting

in an 84× 84 correlation matrix. While the modularity values varied within subject

across the three runs, calculating modularity values from each of the runs separately

and then averaging together those three modularity values was highly correlated with

the modularity value obtained from a correlation matrix that averaged the correla-

tions across the three runs (r = 0.92, p = 1.8×10−22). Thus, the averaged correlation

matrix across three runs (see Figure 3.1A for an example) was later used to calculate

modularity for each subject by applying the Newman algorithm [19]. We did not

concatenate the three runs for each participant because this would introduce a large

discontinuity in the fMRI signal at the point of concatenation, leading to spurious

correlation.

Modularity

To calculate modularity, we first took the absolute values of each correlation and set

all the diagonal elements of the correlation matrix to zero. Since fewer than 0.05%

of the elements in the matrix were negative and their absolute values were relatively

small, taking absolute values did not have a major effect on the results. The resulting

matrix was binarized by setting the largest 400 edges (i.e., 11.47% graph density) in

the network to 1 and all others to 0 (see 3.1B for an example). We also considered

300 (8.61%) and 500 edges (14.34%) and the results were persistent. The definition of

modularity M has already been introduced in Chapter 1, see Equation 1.1. Here, the

connection matrix Aij was the binarized correlation matrix, where Aij = 1 if there

was an edge between Broadmann areas i and j and zero otherwise. e =
∑

1≤i≤n ki/2

is the total number of edges, here set to 300, 400, or 500. Newman’s algorithm

was applied to the binarized matrix to obtain the (maximal) modularity value and
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Figure 3.1 : Partitioning of the average correlation matrix. (A) The average correla-
tion matrix in which each element represents the edge (i.e., functional connectivity)
between each pair of 84 Brodmann vertices. (B) The binarized correlation matrix
by setting the off-diagonal top 400 edges of correlation matrix in A to 1, whereas all
others to 0. (C) The whole-brain modular organization with the BAs in each module
marked by the same color. The modular partition were mapped onto a brain surface
model for display by using SUMA in AFNI. (D) The binarized correlation matrix
sorted by the modular partition. The modular color markers are the same as in C.
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the corresponding partitioning of Brodmann areas into different modules for each

subject‡.

An average correlation matrix (Figure 3.1A) was obtained by averaging the cor-

relation matrices across all participants. The partitioning into modules was also

conducted at the group level. To assess individual variability in the modular struc-

ture of the brain, we maximally aligned each participant’s partitioning of BAs with

the partitioning identified from the average correlation matrix. When comparing the

distance between two assignments of BAs to modules, we took into account that the

labeling of the modules could be permuted and that the number of modules of the two

assignments needed not be identical. Thus, the maximal alignment was the one that

minimized the distance across all permutations of the assignment with the greater (or

equal) number of modules. The value d was the number of vertices whose modular

assignment differed between the participant and the group average:

d = min
P

84
∑

i=1

(1− δm1i,Pm2i) (3.1)

Here, BAs were indexed by i, m1i denoted the module to which BA i belonged in

Assignment 1, m2i denoted the module to which BA i belonged in Assignment 2, P

is a permutation of module labeling, and we assumed that the number of modules in

Assignment 1 was not greater than that in Assignment 2. To assess which cortical

regions drove this individual variation in modular structure, we also calculated, for

each of the 84 BAs, the number of participants for whom the BA was assigned to a

different module than the assignment for average data.

‡Because of the resolution limitation issue with Newman algorithm [225], modularity values were
also estimated by using the lowest hierarchy level in the Louvain algorithm [21], which could avoid
resolution limit issue [22, 23]. Results in terms of modularity–performance correlations based on
Louvain algorithm are similar to those with modularity calculated from Newman algorithm.
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Although BAs have the virtue of covering most of the gray matter, many of the

areas are quite large, meaning that each BA likely contains multiple functionally se-

lective regions. Given that each BA can only be assigned to one module, that modular

assignment may only be appropriate for a subregion, thereby potentially reducing the

relation between modularity and behavioral performance. Thus, modularity was also

calculated for each participant based on another anatomical parcellation, which is

available in AFNI (Eickhoff–Zilles macro labels atlas from N27 template in Talairach

space; [226]), and several functional parcellations, including Power et al. [88], Crad-

dock et al. [220], and Glasser et al.’s [221] networks. We used 90 of the 115 masks from

the Eickhoff–Zilles atlas, excluding those in the cerebellum. Power et al. defined many

small spherical vertices that are associated with specific cognitive functions identified

by meta-analyses of task-based fMRI§. Craddock et al. parceled the gray matter into

many spatially coherent clusters, identifying clusters based on homogeneity of local

functional connectivity. We chose the 100-vertex version of Craddock et al.’s parcel-

lation, which has a similar number of vertices with the Brodmann network. Glasser

et al. used multiple properties (e.g., cortical myelin content, cortical response to task

functional MRI, resting-state functional connectivity pattern) of MRI data from the

Human Connectome Project. Feature gradient maps were generated to identify the

boundaries of structurally and functionally homogeneous areas on the cortical surface

model, and then 180 areas were created in each hemisphere¶. The correlation matri-

ces for functional parcellations were binarized by setting the top 11.47% connections

§The original Power et al.’s network consisted of 264 vertices. To apply it to our data, we first
converted the coordinates provided in Power et al.’s article from Montreal Neurological Institute
space to Talairach space through a converter tool [227] in GingerALE. Then, spherical ROIs with
10mm diameter were created around the coordinates. Eight ROIs in the cerebellum in Talairach
space were excluded as they were not covered by images for some of our participants, resulting in
256 vertices in our analyses.
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to 1 and the rest to 0.

Flexibility

Different methods have been proposed for calculating flexibility, with some modeling

the networks as a multi-layer ensemble [24, 25], and others adopting a sliding window

approach [26]. The sliding-window approach divides time-series data into overlapping

time windows and calculates modularity over each time window. Network partitions

are compared across adjacent windows to calculate flexibility [26]. Here we adopted

the sliding-window approach, as it is the most commonly used strategy for examining

dynamics in resting-state connectivity (see [26] for a discussion).

Flexibility was calculated from the BOLD time series by following a sliding time

window (Figure 3.2A). The size of the time window was set to 40 time points because

the average auto-correlations of the BOLD time series data returned to zero at around

time 40 (80s). The size is also within the norm of previous studies [228, 229]. For

each time window, a correlation matrix was obtained (Figure 3.2B) and subsequently

partitioned (Figure 3.2C). Denoting the allegiance to modules of the ith Brodmann

area at time window t (1 ≤ t ≤ 165) as Ci(t), flexibility of Brodmann area i of a given

participant was the number of times the value of Ci(t) changed across the 165 time

windows. Given the possibility that module were numbered differently in each time

window, module numbers were relabelled so that the difference between adjacent time

¶The original Glasser et al.’s parcellation was based on a 2-D cortical surface model. The volu-
metric parcellation was obtained through projection to the Montreal Neurological Institute space.
This volumetric parcellation was applied to our data using AFNI script @auto tlrc. We first warped
the anatomical template into Talairach space and registered it to the template used in AFNI with
linear interpolation. Then, a set of masks for volumetric parcellation were warped into Talairach
space by using the same transformation and resampled to match the resolution of our data with
nearest neighbor interpolation. Craddock et al.’s parcellation was applied to our data in a similar
way.
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windows, defined as the number of brain regions with Ci(t+ 1) 6= Ci(t) (i = 1− 84),

was minimized (Figure 3.2D). The allegiance of brain regions either only changed

minimally or did not change at all between windows t and t + 1, because they only

differed by one time point. An example of the relabeling process is provided in Figure

3.2E.

Flexibility for each run of fMRI was the mean of flexibility across all Brodmann

areas. Participant-level flexibility was the mean of flexibility across all three runs.

Several recent studies have raised doubts upon the use of sliding-window approach for

flexibility calculation [230, 231], particularly regarding the ability of the method to

differentiate signal from noise with small time series. Should our time series contain

mostly noise, no correlations would be observed between flexibility calculated from

different fMRI runs as flexibility merely measured fluctuations. However, significant

correlations were found between the flexibility values from any two runs (average

r = 0.40, all three p < 0.03), indicating that signal was present in the data.

3.2.4 Behavioral Tasks

All 52 participants took part in the operation span and task-shifting tasks. Forty-

three of them participated in the ANT task and visual arrays task, and 44 participants

took part in the traffic light task, as these were done in a different session; not all

participants returned to be involved in all tasks. The interval between neuroimaging

and behavioral sessions varied from 0 (i.e., measuring resting-state fMRI and behav-

ior on the same day but during different sessions) to 140 days. Forty participants

completed all behavioral tasks.
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Figure 3.2 : Illustration of flexibility calculation from rs-fMRI time series. (A) A
sliding window of 40 time points was run through the whole course of BOLD time
series. (B) For each window, a correlation matrix was obtained. (C) Partition of
the network at each time window t was obtained. (D) Partitions were relabelled to
account for changes in module numbering between time windows. The relabeling
process minimized the difference between adjacent time windows. (E) An example of
the relabeling process. The red star indicates best match.
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Operation Span

Participants were administered the operation span task [204], which is a standard

measure of working memory capacity with high test–retest reliability [232]. On each

trial, participants saw an arithmetic problem for 2 sec, for example, (2 × 3) + 1,

and were instructed to solve it as quickly and accurately as possible. Participants

judged whether a digit presented on the next screen was the correct solution to the

previous arithmetic problem. After the arithmetic problem, a letter was presented

on the screen for 800 msec that participants were instructed to remember. A single

trial consisted of repeating these steps six or seven times. At the end of each trial,

participants recalled the letters in the order in which they were presented. The recall

screen consisted of a 3×4 matrix of letters, and participants used the mouse to check

the boxes aside letters during recall. There were 12 trials for each set size (six or seven

arithmetic problem–letter pairs, randomly presented), resulting in 156 letters and 156

arithmetic problems. The dependent measure was the total number of letters recalled

at the correct position with a maximum of 156. Before the experiment, participants

practiced with (1) a block involving only letter recall, (2) a block involving only

arithmetic problems, and (3) a mixed block in which the trial had the same procedure

as in the experimental trials. Practice blocks included only set sizes of 2, 3, or 4.

Visual Arrays Task

A visual arrays task was used to tap visual short term memory (STM) capacity. In

this task, participants fixated the center of the screen. Arrays of two to five colored

squares at different screen locations were presented for 500 msec, followed by a blank

screen for 500 msec, and then by multicolored masks for 500 msec. A single probe

square was then presented at one of the locations where the colored squares had
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appeared. Participants had to judge whether the probe square had the same color as

the one at the same location. The order of different array sizes was random. There

were 32 trials at each array size — half of which required positive responses; and half,

negative. The visual STM score was calculated by averaging the accuracy across all

array sizes.

Digit Span Task

Participants heard a list of spoken digits at the rate of one per second. After the

last digit in each list, a blank screen prompted participants to recall the digits in

the order presented by typing them on the keyboard. Participants were tested on

five trials for each set size starting at a set size of two to a maximum of nine. The

program was terminated if participants scored fewer than three correct trials at a

given set size (60% accuracy). Digit span was calculated by estimating the set size

at which a participant would score 60% through linear interpolation between the two

sizes spanning this accuracy threshold.

Task-shifting Task

Participants responded to an object (blue and yellow squares and triangles) according

to a preceding cue word. If the cue was “color,” participants pressed a button to

indicate whether the object was blue or yellow, and if the cue was “shape,” they

pressed a button to indicate whether the object was a square or a triangle. The same

buttons were used for the two tasks. Reaction time (RT) was recorded from the onset

of the object. For half of the trials, the cue was the same as that in the previous

trial (a repeat trial), and for the other half, the cue changed (a switch trial). To take

into account both RT and accuracy in a single measure, we calculated the inverse
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efficiency (IE) score [233] as IE = mean RT/proportion correct. The task-shifting

cost was measured as the difference in IE scores between repeat and switch trials.

Cue–stimulus interval (CSI) was varied, which is the time between onset of the cue

and onset of the object, using CSIs of 200, 400, 600, and 800 msec. However, as the

effect of modularity on IE did not differ for different CSIs, the data were averaged

across CSI. In total, there were 256 repeat trials and 256 switch trials.

Attention Network Test

The attention network test (ANT) [209] measure three different attentional compo-

nents: alerting, orienting, and conflict resolution. This task involves a simple visual

discrimination - that is, indicating whether a central arrow is pointing left or right via

a mouse press. The arrow(s) appeared above or below the fixation cross, which was

in the center of the screen. The central arrow appeared alone on a third of the trials

and was flanked by two arrows on the left and two on the right on the remaining two

thirds of the trials. The flanking arrow trials were evenly split between a congruent

condition in which they pointed in the same direction as the central arrow and an

incongruent condition in which they pointed in the opposite direction. In the neu-

tral condition, there were no flanking arrows. The timing of the appearance of the

arrow(s) was cued by zero, one, or two asterisks, which appeared for 100 msec on the

screen. The interval between offset of the cue and onset of the arrow was 400 msec.

The four cue conditions were (1) no cue condition; (2) a cue at fixation; (3) double-

cue condition, with one cue above and the other below fixation; and (4) spatial cue

condition, where the cue appeared above or below the fixation to indicate where the

arrows would appear, providing both timing and location information. Thus, the task

had a 4 cue × 3 flanker condition factorial design. The experimental trials consisted
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of three sessions, with 96 trials in each session and eight trials in each cell of each

condition. For half of all trials, arrows were presented above the fixation; and for the

other half, below. In addition, for half of the trials, the middle arrow pointed left; and

for the other half, right. The order of trials in each session was random. Before the

experimental trials, 24 practice trials with feedback were given to the participants.

RTs and accuracy were recorded, and the mean RT was calculated from correct

trials only. The alerting effect was computed by subtracting the IE for the no-cue

condition from the IE for the double-cue condition. The orienting effect was com-

puted by subtracting the IE for the center cue condition from the IE for the spatial

cue condition. The conflict effect was computed by subtracting the IE for the con-

gruent condition from the IE for the incongruent condition. The sign of the conflict

was reversed so that the direction of the conflict effect was the same as alerting and

orienting effects. The more negative the conflict, the greater the interference from the

incongruent flankers. The alerting and orienting effects tap into sensitivity to exoge-

nous or stimulus-driven cues within the visual domain, whereas the conflict effect taps

into individuals’ ability to direct attention to the central cue and ignore conflicting

flankers, drawing on endogenous, or participant-driven, attentional abilities [234].

Traffic Light Task

In this task, participants saw a red square in the center of screen, which was replaced

after an unpredictable time delay (from 2 to 3 sec) by a green circle. Participants

pressed a button as quickly as possible when they saw the green circle. There were

25 trials in total. Mean RT was calculated for each participant.
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3.2.5 Composite Scores and Correlation Analyses

Split-half reliability for each task was calculated using the Spearman–Brown prophecy

formula [235]. As discussed in the results, the reliabilities were moderate to high for all

measures. The only exception was the alerting component of the ANT, which had low

reliability consistent with previous reports [209]. As a result, the alerting component

was eliminated from further analysis. Composite scores were calculated for complex

tasks and simple tasks, respectively. Similar to the conflict effect in ANT, task-shifting

cost and traffic light reaction times were multiplied by -1 so that higher values would

be associated with better performance for all tasks. Z-scores were obtained based on

the 40 participants who had scores on all eight tasks. A complex composite score was

calculated by averaging the z-scores across the five complex tasks: operation span,

visual arrays task, digit span, task-shifting task, and the conflict measure of the ANT

task. A simple composite score was calculated by averaging the z-scores across two

simple tasks: orienting from the ANT and the traffic light task (RT).

The present study examined the relationship between modularity and flexibility,

modularity with simple and complex task performances, and flexibility with simple

and complex task performances by calculating Pearson correlation coefficients. In

order to measure the unique contribution of modularity and flexibility on simple and

complex task performance, partial correlation analyses were used in which the effect

of one variable was controlled for to examine the effect of the other.
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3.3 Results

3.3.1 Modular Structure of Human Brain Resting-State Functional Con-

nectivity

For BA networks of 400 edges, modularity values ranged across participants from

0.33 to 0.59, with a mean of 0.47 on a scale from 0 to 1.0. For the BA networks of

300 edges and 500 edges, the means were 0.53 (range = 0.39 - 0.64) and 0.42 (range

= 0.31 - 0.52), respectively. Foucsing on BA network with 400 edges, a modularity

value greater than 0.29 was considered to represent a significant degree of modular

structure as random data led to M = 0.25 (SD = 0.022, max value out of 52 = 0.29).

Individuals differed in the number of modules found in their functional connectivity

networks. Thirty-one participants had four modules, 14 had three modules, and 7

had five modules.

At the group level, the 84 BAs were organized into four modules (Figure 3.1C and

D). For all modules, the brain regions making up the module were contiguous and

symmetrical, with the left and right BAs assigned to the same module for 40 of the

42 BA labels. The first module (a sensory-motor module) consisted of BAs covering

bilateral primary somatosensory cortex (BAs 1, 2, and 3), primary motor cortex (BA

4), somatosensory association cortex (BA 5), premotor cortex and supplementary

motor cortex (BA 6), supramarginal gyrus (BA 40), and ventromedial pFC (BA 25)‖.

The second module included auditory and language-related regions covering both

Broca and Wernicke’s areas, although areas were bilateral, consisting of bilateral

auditory cortex (BAs 41 and 42), superior temporal gyrus (BA 22), temporal pole

area (BA 38), insular gyrus (BA 13), primary gustatory cortex (BA 43), ventral part

of dorsolateral pFC (BA 46), and inferior frontal gyrus, including pars opercularis
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(BA 44), pars triangularis (BA 45), and pars orbitalis (BA 47). The third module

overlapped considerably with the default mode network [236], consisting of bilateral

angular gyrus (BA 39), inferior temporal gyrus (BA 20), middle temporal gyrus (BA

21), and some frontal regions, such as fontal eye fields (FEFs, BA 8), the dorsal part

of dorsolateral pFC (BA 9), and anterior pFC (BA 10) as well as some medial regions,

such as anterior cingulate gyrus (BAs 24 and 32 and left BA 33) and a part of posterior

cingulate gyrus (left BA 31). The fourth module was the largest and most diverse.

It included visual, attentional, and medial memory-related areas. More specifically,

this module included bilateral orbitofrontal cortex (OFC, BA 11); posterior superior

parietal cortex (BA 7); primary, secondary, and associative visual cortex (BAs 17, 18,

and 19); and fusiform gyrus (BA 37) as well as some medial regions, including the

posterior cingulate cortex (BAs 23, 29, and 30 and right BA 31), a part of anterior

cingulate gyrus (right BA 33), piriform cortex (BA 27), entorhinal cortex (BAs 28 and

34), and perirhinal cortex (BAs 35 and 36). The four modules roughly replicated prior

results on various parcellation schemes (BAs using Newman’s algorithm: [94]; AAL

atlas using Newman’s algorithm: [178]; 8×8×8 mm3 cubic vertices within the coverage

of AAL atlas using Louvain algorithm: [177, 87]). Group level modular organizations

were also obtained for other parcellations, which revealed four modules for Power

and Craddock’s vertices, three for Glasser’s vertices, and five for the Eickhoff–Zilles

vertices. The modular organization was largely consistent across atlases for three of

the four modules from BAs (i.e., the sensorymotor module, the default-mode module,

and the diverse module that covered the occipital, dorsal parietal, and some frontal

regions); however, the auditory/language module was not evident in non-BA atlases.

‖Left and right BA 25 had no connection with any other vertices when we binarized the correlation
matrix, resulting in random assignment of these two vertices into this module.
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The assignment of brain regions to modules differed considerably across partic-

ipants, and the degree of individual differences varied across brain regions. The

number of individuals for which each brain region was in a module different from

the average partition was mapped (Figure 3.3A). In low-level sensory and motor area

such as the motor cortex, individual differences in module assignment were small.

In contrast, for brain regions associated with higher-order cognitive functions such

as lateral prefrontal cortex (pFC), individual differences in module assignment were

large. In several temporal and parietal regions, module identity differed from the

group average for about half of the participants. The medial ventral frontal lobe

had the most participants deviating from the group average, most likely due to poor

signal-to-noise ratio caused by the distorted magnetic field in this region. Notably,

however, cognitive control regions that do not experience such signal loss also showed

considerable variability in module assignment across individuals.

The distances between individual-specific partitions and the average partition were

calculated as described in Equation 3.1. Distances ranged from 14 to 48 with a mean

of 33.8. Significant negative correlation (r = −0.36, p = 0.008) between modularity

and distance was found (Figure 3.3B), indicating that modules identified for high-

modularity individuals were closer to the group average modules than those for low-

modularity individuals.

3.3.2 Task Performances

For the operation span task, one participant was excluded from the analysis because

of a very low score (27/156), which was more than 3 standard deviations below the

group mean (mean = 123, σ = 24). For the task-shifting task, two participants were

excluded as one performed at a chance level of accuracy and the other showed shift
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Figure 3.3 : Variability of the modular structure of brain functional connectivity.
(A) The degree of individual differences varied across brain regions. (B) Significant
negative correlation was found between distance and modularity. Histograms on top
and right axes are distribution of modularity and distances, respectively.

costs more than 3 standard deviations greater than the group mean. Overall, there

was a significant task-shifting effect (mean shift cost = 194, σ = 94; t(49) = 14.54,

p < 0.0001). Forty-three participants participated in the visual arrays task and the

ANT task. The mean accuracy for visual arrays was 89% (standard deviation = 5.4%),

consistent with prior reports [206]. One participant was excluded from the estimation

of the conflict effect in ANT due to a score more than 4 standard deviations greater

than the group mean. Overall, the ANT task results replicated prior reports [209].

There was a significant alerting effect (mean = 43, σ = 28; t(42) = 10.14, p < 0.001),

a significant orienting effect (mean = 49, σ = 29; t(42) = 10.89, p < 0.001), and a

significant conflict effect (mean = 139, σ = 42; t(41) = 21.26, p < 0.001). Forty-four

participants participated in the digit span task. The mean capacity for digit span

was 7.26, with a standard deviation of 0.94. Forty-four participants participated in

the traffic light task. The group mean RT was 227 msec, with a standard deviation

of 17 msec. All behavioral tasks except for alerting had medium to high reliabilities.
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The Spearman–Brown prophecy reliabilities were 0.85 for operation span, 0.84 for the

visual arrays task, 0.90 for digit span, 0.68 for shifting task, 0.55 for conflict measure

of ANT task, 0.38 for orienting measure of ANT task, and 0.94 for the traffic light

task. The reliability for the alerting measures from the ANT task was -0.31. Thus,

this measure was removed from further consideration.

Composite scores were generated based on 40 participants who had scores on all

tasks. Examination of correlations between the task scores and the composites and

between the two composites verified that these composites tapped different underlying

cognitive constructs. All five complex tasks’ measures correlated significantly with

the complex composite score (r = 0.63, p < 0.001, for operation span; r = 0.49,

p = 0.001, for visual arrays; r = 0.72, p < 0.001, for digit span; r = 0.58, p < 0.001,

for conflict from the ANT task; r = 0.37, p = 0.018, for shifting) but were not

significantly correlated with the simple composite score (r = −0.25, p = 0.13, for

operation span; r = 0.27, p = 0.09, for visual arrays; r = 0.08, p = 0.63, for digit

span; r = 0.06, p = 0.7, for conflict from the ANT task; r = −0.15, p = 0.34, for

shifting). For the simple composite score, given that only two measures went into

the composite, the correlations between the individual measures and the composite

were necessarily high and equivalent (r = 0.73, p < 0.001, for orienting measures of

the ANT task and for the traffic light task). The scores from the simple tasks were

not significantly correlated with the complex composite score (r = 0.03, p = 0.84, for

orienting measures of the ANT task; r = −0.03, p = 0.87, for the traffic light task).

The correlation between the simple and complex composite scores was insignificant

and near-zero (r = 0.005, p = 0.98).
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Figure 3.4 : The relation between modularity and task performances. Modularity’s
correlation with simple task performances is on the left and the correlation with
complex task performances is on the right. The middle diagram depicts the theoretical
prediction from [94] relating performances on tasks at different levels of complexity
for individuals with high and low modularity. The blue lines in the scatter plots are
the linear fits.

3.3.3 Correlation Between Modularity and Cognitive Performances

A positive correlation between the simple composite scores and modularity (r =

0.41, p = 0.008) and a marginally significant negative correlation between complex

composite scores and modularity (r = −0.29, p = 0.067) were observed (Figure 3.4).

A test for differences in dependent correlations [237] showed that the two correlations

differed significantly (z = 3.09, p = 0.002), confirming that the relation between

modularity and performances was mediated by task complexity. Similar patterns

were observed in 300- and 500-edge binarized matrices: (1) 300 edges: r = −0.32 and

p = 0.044 for complex score and r = 0.33 and p = .037 for simple score, difference:

z = 2.84, p = 0.0045, and (2) 500 edges: r = −0.30 and p = 0.059 for complex score

and r = 0.34 and p = 0.032 for simple score, difference: z = 2.80, p = 0.0052. Thus,

the pattern of correlations was highly consistent across different graph densities∗∗.

∗∗The results for the tissue-based regression and using the Louvain algorithm for computing mod-
ularity also gave similar results.
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Modularity derived from another anatomical network (Eickhoff–Zilles) had a marginally

significant negative correlation with the complex composite score (r = −0.305, p =

0.056) and a non-significant positive correlation with the simple composite score

(r = 0.19, p = 0.24). The difference between the two correlations was significant

(z = 2.16, p = 0.03). Modularity derived from Power et al.’s network [88] had a

non-significant negative correlation with the complex composite score (r = −0.25,

p = 0.12) and a near-zero correlation with the simple composite score (r = −0.057,

p = 0.73). The difference between the two correlations was not significant (z = 0.85,

p = 0.40). These findings most likely resulted from the much lower coverage of gray

matter of Power et al.’s vertices as compared to BAs. The BAs covered about three

times as much gray matter voxels as the areas defined by the Power atlas. For Crad-

dock et al.’s 100-vertex parcellation and Glasser atlas [221], patterns of correlations

with the behavioral composite scores were similar to that for the Brodmann network,

but the correlations did not reach significance (r = −0.217, p = 0.18 for the complex

composite and r = 0.154, p = 0.343 for the simple composite for Craddock’s network;

r = −0.257, p = 0.109 for the complex composite and r = 0.151, p = 0.352 for the

simple composite for Glasser’s network). There was a marginally significant differ-

ence between the two correlations (z = 1.77, p = 0.077) for Glasser’s network, but the

difference did not reach significance for Craddock’s network (z = 1.61, p = 0.108).

3.3.4 The Negative Correlation Between Flexibility and Modularity

For the 400-edge BA networks, a strong negative correlation of r = −0.78 (p < 0.001)

was found between modularity and flexibility across all 52 participants (Figure 3.5A).

The 300- and 500-edge BA networks yielded negative correlations of r = −0.81 (p <

0.001) and r = −0.74 (p < 0.001), respectively.
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A

B

Figure 3.5 : Correlation between modularity and flexibility and mapping of region-
wise flexibility. (A) The relationship between modularity and flexibility across 52
participants. r = −0.78 (p < 0.001). (B) Distribution of region-wise flexibility over
cortical structures. The flexibility for each region was averaged across participants.
Brodmann areas with higher flexibility are shown in red and those with lower flexi-
bility are shown in yellow.
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3.3.5 Region-wise Flexibility

Region-wise differences in flexibility existed (Figure 3.5B). Some BAs more frequently

changed module allegiance across time, and therefore had larger flexibility, than oth-

ers. Regions with higher flexibility included the anterior cingulate cortex, ventro-

medial prefrontal cortex, orbitofrontal cortex, and dorsolateral prefrontal cortex bi-

laterally, regions typically associated with cognitive control and executive functions.

Regions with lower flexibility such as postcentral gyrus, primary motor cortex, pri-

mary gustatory cortex, and secondary visual cortex were involved in motor, gustatory,

visual, and auditory processes. Distribution of flexibility across the cortical brain

largely coincided with what was previously reported using functional atlases [220].

In general, the regions showing lower consistency in module assignment, as measured

by the number of participants whose regional module identities differed from group

average (Figure 3.3A) were the same regions showing greater flexibility (correlation

r = 0.606, p < 0.001). Even after partialling out the effect of the size of each BA, the

correlation between a region’s flexibility and its distance from the average modular

organization remained.

3.3.6 Correlation Between Flexibility and Cognitive Performances

Flexibility values ranged from 27 to 43 with a mean of 32.38 (standard deviation

3.40). For 400-edge BA networks, correlation analyses revealed a significant positive

correlation between flexibility measured and the complex composite scores (r = 0.42,

p = 0.007) and a non-significant negative correlation with the simple composite scores

(r = −0.20, p = 0.215), see Table 3.1. Despite the strong correlation between flex-

ibility and modularity, it is possible that they made independent contributions to

explaining individual differences in cognitive performances. The magnitude of the
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correlation coefficient between modularity and the simple task composite score was

larger than the correlation coefficient between flexibility and simple task composite

score. The opposite was true for complex tasks. Partial correlations analysis was run

controlling for the effect of modularity or flexibility on task performances to determine

the significance of the unique contribution of each. The partial correlation between

modularity and simple task composite scores was significant (r = 0.40, p = 0.03),

but that for flexibility was not (r = 0.13, p = 0.44). The partial correlation between

flexibility and complex task composite scores was not significant (r = 0.25, p = 0.12),

nor was the partial correlation for modularity (r = −0.006, p = 0.98).

Correlation (simple tasks) Correlation (complex tasks)
Modularity r = 0.41 (p = 0.008) r = −0.29 (p = 0.067)
Flexibility r = −0.20 (p = 0.21) r = 0.42 (p = 0.007)

Table 3.1 : Correlation between modularity/flexibilty with simple task and complex
task composite scores.

3.4 Discussion

3.4.1 Modular Brain Networks and Individual Differences

The human brain is intrinsically organized into functionally different modules. The

four modules uncovered at the group level matched those uncovered in prior studies

using modularity analyses of resting-state and task-based fMRI [94, 177, 87]. The

modules were also consistent with those discovered by other analytical approaches,

such as independent component analysis [181].

There was considerable variability across individuals in terms of module compo-

sitions. Specifically, brain regions involving motor or primary or secondary sensory
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processes, such as visual, somatosensory, or auditory processes, showed little vari-

ability, whereas regions associated with higher-level functions like cognitive control

or working memory, namely, dorsolateral prefrontal or parietal regions, showed much

larger variability. These findings are consistent with the claim that high-level regions

are domain-general and are associated with a variety of sensory or motor processes

or representations depending on the current demands of the system. It is unclear,

however, why these domain-general regions might be preferentially associated during

resting state with different sensory or motor regions for different individuals, for in-

stance, auditory regions for one individual but visual regions for another. Perhaps

these alliances depend on whatever the individuals tended to think about while in

scanner or reflect more permanent preferences in allocation of attention because of

greater experience or interest in certain domains over others.

3.4.2 Task Complexity Mediates the Relation between Modularity and

Performances

Modularity was positively correlated with simple task performances but negatively

correlated with complex task performances (Figure 3.4), conforming with predictions

by the theory of modularity. This crossover interaction between task complexity

and brain modularity can be interpreted with respect to how tasks make use of a

combination of domain-specific and domain-general processes. Previous task-related

functional imaging studies have found that not only domain-specific regions, such as

those for speech or visuospatial attention [238, 239, 240, 241, 242], but also domain-

general attentional or cognitive control regions are activated during the performance

of complex tasks involving, for instance, language comprehension or working mem-

ory [243, 244, 245]. Moreover, the same patterns of synchronization of those re-
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gions have been reported even when there is no specific task (i.e., resting-state fMRI;

[246, 247, 248]. These findings indicate that such co-activations or synchronization do

not arise solely from the demands of specific experimental paradigms but reflect the

intrinsic connectivity between regions in a network and further suggest that such inter-

actions among domain-specific and domain-general modules of brain organization un-

derlie cognition. On the basis of this view, both domain-specific and domain-general

functions are supported by the within-module connections, and interactions between

domain-specific and domain-general regions are supported by between-module con-

nections. Thus, it is reasonable to assume that any behavioral task relies on both

within- and between-module connections, but with different preferences depending

on task complexity. A simple task may rely more on the within-module but less on

between-module connections, whereas a complex task may rely more on the between-

module but less on the within-module connections. In fact, the measure of modularity

reflects these relative weights of within- and between-module connections. Thus, the

positive correlation between the simple composite scores and modularity suggests

that the strong connections within a module favor low-level processing that draws

on that module. Conversely, the negative correlation between the complex composite

scores and modularity suggests that stronger between-module connections promote

high-level processing.

3.4.3 The Relationship between Modularity and Flexibility

A strong negative correlation was observed between modularity and flexibility. Pre-

vious studies have examined relationships between static and dynamic measure of

connectivity. For example, Thompson and Fransson (2015) [203] focused on variation

in the connectivity between brain regions. They used a sliding time-window of 90s
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and calculated the correlation coefficients between regions during each time window

and then calculated the mean and variance of that coefficient for each connection

across all subjects. Connections with a higher mean connectivity tended to have a

low variance and vice-versa. The current study stood out by focusing on measures

that take into account the entire brain network, with modularity a static measure

of whole-brain network structure, and flexibility a dynamic measure of whole-brain

network structure. Instead of analyzing variation across individual connections, we

analyzed variation across individual subjects.

How might we account for this strong negative correlation between flexibility and

modularity? An intuitive explanation derives from a dynamical systems perspective

that views different configurations of brain regions as attractor states, with modular-

ity measuring the depth of the attractor states [249] and flexibility measuring how

frequently the brain transitions between states. Deeper states will naturally be more

stable and resistant to transitions, leading to a negative correlation between modu-

larity and flexibility. Given the high correlation between these two measures, it is

difficult to interpret findings in the literature that report only one of these measures

in isolation.

To make sure that the relationship between modularity and flexibility does not

come from the intrinsic definitions of the two measures, a simulation study was carried

out to determine if the relationship between flexibility and modularity observed in

the human subjects could be observed with randomly generated data. Each run

of the simulation generated 52 subjects (same number as the human participants),

and flexibility and modularity were calculated for each subject, thus obtaining the

correlation coefficient r. 9884 simulations were run, resulting in a distribution of 9884

values of r.
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Figure 3.6 : Observed correlation between modularity and flexibility with 52 partic-
ipants (blue vertical line) compared with the distribution of the correlation between
modularity and flexibility from simulations of randomly generated data (light gray
bars). The observed correlation falls well outside of the distribution of correlations
from the random data.

Neural activity signals were generated using a Gaussian distribution:

Xi,t ∼ N (0,
1

vi
) (3.2)

Where Xi,t denoted the signal for Brodmann area i at time point t (1 ≤ i ≤ 84,

1 ≤ t ≤ 204). vi is the number of voxels in Brodmann area i. For each area i, Xi,t

was generated 204 times, matching the 204 time points in real data.

Figure 3.6 shows the distribution of 9884 values of r obtained from 9884 runs of

the simulation. The correlation between modularity and flexibility from the human

data was to the far left of the distribution from simulations, showing that the negative

correlation coefficient we observed for the human participants was more than just a

definition-based correlation.

However, it would be incorrect to conclude that flexibility and modularity are sim-
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ply two measures of the same property of the brain network. Flexibility and modular-

ity made independent contributions to explaining task performances and, therefore,

are likely linked to different cognitive processes. Our results suggested that flexibility

may reflect cognitive control processes [25, 199], while modularity may reflect simple

processes like reaction to exogenous cues of attention, simple visual change detection,

or low level motor learning. The regions that show the highest flexibility (Figure

3.5B) were those that have been previously implicated in control and/or multi-modal

processes. The complex tasks used in the current study all require aspects of con-

trol such as switching between tasks, response selection, and maintaining working

memory, while the simple tasks do not. Assuming flexibility indexes cognitive control

capacity, we can explain why variation in flexibility plays a larger role in explaining

performance on complex tasks. Modularity, on the other hand, explains performance

for simple processes.

Flexibility has previously been reported to have strong relationships with the

ability to learn even in very simple motor tasks [25]. How can we account for these

seemingly contradictory results? A theoretically interesting possibility is that during

the initial stages of learning even simple skill benefits from cognitive control opera-

tions, making tasks appear more complex. Therefore, at the initial stages of learning,

it is beneficial to have a more flexible brain [199]. As learning progresses and the task

becomes automatized, cognitive control is no longer necessary and the task becomes

simpler. Flexibility is then expected to decrease, which was observed in [25, 199, 179].

In conclusion, the relationship between whole-brain modularity and task perfor-

mances varies as a function of task complexity. Specifically, low-modularity indi-

viduals showed an advantage on complex tasks, whereas high-modularity individuals

showed an advantage on simple tasks. These observations support the theory of
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modularity, which predicts that high modularity enhances performances for simple

tasks that operate at a short timescale and low modularity enhances performance for

complex tasks that operate at a longer timescale. The present study also observed a

strong negative correlation between modularity and flexibility. It was demonstrated

that flexibility and modularity made unique contributions to explaining task perfor-

mances, with modularity playing a greater role in predicting performances on simple

tasks and flexibility playing a greater role in predicting performances on complex

tasks. The results provide a framework for linking measures of whole-brain organiza-

tion from network neuroscience to cognitive processing.



104

Chapter 4

Modularity of Elderly Human Brain Metabolic

Networks and Risk for Alzheimer’s Disease

This chapter investigates the concept of ”network fragmentation” by studying brain

metabolic network modularity in elderly participants at risk for Alzheimer’s disease

(AD). We speculate that highly modular metabolic patterns of the brain hinder the

”performance” of brain metabolism, indicating a higher risk for AD. The study is a

valuable contribution to expanding the existing theory of modularity.

Understanding the pre-clinical phase of Alzheimer’s disease is crucial to early in-

tervention of the disease. This study aims to analyze the pre-clinical population

by examining the modularity of brain glucose metabolism and its correlation with

dementia-related gene transcriptomics. Metabolic networks were constructed from

18F-FDG scans for cognitively normal (CN) participants from Alzheimer’s Disease

Neuroimaging Initiative (ADNI) at different levels of risk for AD. The modular struc-

tures of the networks were evaluated using Louvain algorithm and compared between

groups of participants with varying risk. Finally, correlation between the expression

of dementia-related genes obtained from Allen Human Brain Atlas and mean FDG

SUVR in regions of interest were calculated. As AD risk increased, the metabolic

connections among brain regions weakened and a more modular organization of the

networks was observed. Most dementia-related genes showed a strong correlation

with brain metabolism across all risk groups, with APOE and CD33 showing the

strongest negative correlation, and SORL1 showing the strongest positive correlation.
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Metabolism in AD-related regions drove the strong correlation. Increased modularity

of metabolic networks in individuals at risk for AD can be a sign of network frag-

mentation and functional simplification of the brain. The novel finding of a strong

correlation between dementia-related gene expression and brain metabolism highlights

the importance of brain metabolism in the genesis of dementia.

The project has been submitted to Alzheimer’s & Dementia in November 2020.

The co-authors on this paper are Dr. Quentin Funk, Elijah Rockers, Dr. Joseph C.

Masdeu, and Dr. Maria B. Pascual.

4.1 Introduction

Alzheimer’s disease is the most common cause of dementia, accounting for 60% to 80%

of total cases [250]. The pre-clinical phase of Alzheimer’s disease, with characteristic

changes including amyloid-beta deposition, increased CSF tau, increased atrophy, and

cerebral hypometabolism, begins as early as 20 years before symptoms arise [251, 252,

253, 254, 255, 256]. Such evidence highlights the importance of understanding the

early development of Alzheimer’s disease, as it is likely that therapeutic approaches

may work best in the pre-clinical stage [257]. But how to differentiate people in the

pre-clinical stage from those who are not? In the past several decades, brain glucose

metabolism as measured by 18F-FDG-PET has been established as one of the few

measurable changes that take place before any symptoms surface [255, 258, 259].

18F-FDG-PET could potentially be a useful predictor of whether a person will

develop clinical AD. However, current studies that investigate 18F-FDG-PET in the

pre-AD population have met several major limitations. One category of such studies

focuses on the comparison between stable MCI and converted MCI (MCI -¿ AD)

populations [258, 260, 261, 262, 263]. These studies lack pre-clinical, normal aging
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participants, possibly due to the lack of samples. Another category of the studies

investigates glucose metabolism of the cognitively normal population but with no

follow-up, or with follow-up but without clinical diagnosis at the follow-up [264, 265].

The last category distinguishes the participants based on their future progression

[266, 267, 268, 269, 270, 271], but these studies are often limited by (1) short length

of follow-up, (2) small number of participants that converted to AD, and (3) varying

follow-up length for participants in the same group, which posed difficulty to inter-

preting group differences. The present study will address many of the limitations

mentioned above. First, we established groups of CN participants with different fu-

ture progression within a clearly defined timeframe (5 years). Second, we evaluated

whether the pattern of whole-brain metabolic networks, established with a cluster-

ing method, differed according to degrees of disease risk in cognitively unimpaired

participants. Construction and analysis of brain metabolic networks using FDG

PET data was suggested as early as 1984 [72] and has recently gained momentum

in studying Alzheimer’s disease and its prodromal stage, mild cognitive impairment

[74, 77, 78, 272, 273, 274, 82, 275, 276, 277, 278, 279]. Here we studied the different

functional organizations of metabolism in still cognitively intact individuals, but in

groups with different progression risk and showed how brain metabolic networks have

weakened in participants with worse prognosis.

Third, we studied the relationship between AD-related gene expression and brain

metabolism. Individual genetic factors contribute to Alzheimer’s risk. More than 25

AD risk genes have been identified, with APOE4 contributing the highest risk [280].

While earlier studies focus more on genetic variants and their association with AD

(see [281] for a comprehensive review), more recent studies have delved into genetic

risk factors at transcriptome level, looking for differential expression of genes in AD
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participants. Studies of postmortem brain observed differential expression of several

AD-related genes, such as ABCA7, SORL1, BIN1, CLU, TREM2, and CD33 [282,

283, 284]. However, there is a dearth of studies focusing on the relationship between

gene expression and neuroimaging data, and whether such relationship changes with

different disease prognosis. As of now, there only exists a few studies that look into

this relationship. Sepulcre et al. found an association between the expression of

MAPT and CLU and the tau and Aβ propagation patterns in healthy elderly adults

[285]. Grothe et al. found a positive correlation between regional expression levels of

APP and severity of regional amyloid deposition in Alzheimer’s disease patients, and

between regional expression levels of MAPT and severity of regional atrophy [286].

To determine whether risk gene expression in various regions of the brain has an

effect on brain metabolism and on the risk of developing AD in still cognitively unim-

paired individuals, we compared the regional gene expression of the main dementia-

risk genes from the Allen Human Brain Atlas (AHBA) [287] with the regional brain

metabolism determined by fluorodeoxyglucose (FDG) positron emission tomography

(PET).

4.2 Materials and Methods

4.2.1 Neuroimaging Datasets and Preprocessing

Imaging data were 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 pri-

mary goal of ADNI has been to test whether serial magnetic resonance imaging

(MRI), positron emission tomography (PET), other biological markers, and clinical
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and neuropsychological assessment can be combined to measure the progression of

mild cognitive impairment (MCI) and early Alzheimer’s disease (AD). For up-to-date

information, see www.adni-info.org.

The present study focuses on both healthy controls and AD patients. The control

group consists of FDG scans that were collected when the participants had a “cogni-

tively normal” (CN) diagnosis. These scans were later filtered into three progression

groups: scans whose corresponding participant remains CN for five years (“CN to

CN”), scans whose corresponding participant progressed to MCI but not AD in five

years (“CN to MCI”), and scans whose corresponding participant progressed to AD

in five years (“CN to AD”). FDG scans that lacked sufficient data to determine the

five-year progression were discarded. The AD patient group consists of participants

that were already diagnosed as AD at baseline. APOE genotype data (either 3/3,

3/4 or 4/4) and at least one FDG PET were collected for each participant in this

group. When multiple FDGs were available, the closest FDG scan to the participant’s

baseline exam date was selected. This group will be referred to as the “AD” group.

A diagram illustrating the pipeline of data collection, classification, and inspection,

as well as detailed classification criteria is provided (Figure 4.1).

All FDGs were downloaded from ida.loni.usc.edu in their fully pre-processed form.

These pre-processed FDGs had already gone through frame alignment and averaging

and had been reoriented into a standard 160×160×96 voxel image grid, with 1.5 mm

cubic voxels. All images were also smoothed to a uniform isotropic resolution of 8 mm

FWHM, the approximate resolution of the lowest resolution scanners used in ADNI.

Using the pre-processed FDGs vastly reduced the heterogeneity in the data due to

the use of different scanners and imaging protocols.

The closest-in-time T1 MRI to each FDG were downloaded in the original format
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Figure 4.1 : Illustration of the data processing pipeline. (A) A diagram showing the
collection, classification, and inspection of the ADNI data. In the end, there were
81 subjects in the “CN to CN” group, 21 subjects in the “CN to MCI” group, 15
subjects in the “CN to AD” group, and 150 subjects in the “AD” group. (B) A
detailed description of how classification was done for the three control groups.



110

and were processed using FreeSurfer 5.3 to obtain cortical parcellation and subcor-

tical segmentation. The quality of the parcellation and segmentation were carefully

inspected. If the quality proved unsatisfactory, an alternative FDG from the same

participant was chosen if it belonged to the same group, and its closest-in-time T1

would be inspected as described above. If all alternatives failed, the participant was

removed from the data set.

Each FDG was co-registered to its corresponding T1 using SPM12 in MATLAB

R2019b. The goodness of alignment between the co-registered FDG and T1 was

then visually assessed, and the quality of the FDGs were examined to make sure

no anomaly existed. Any images that failed the inspection were discarded. The T1

was then normalized to the standard space using SPM12, bringing along its parcel-

lation/segmentation and the co-registered FDG. The participant-specific pons mask

was obtained by finding the overlap between the participant-specific brain stem and

a general pons mask in the standard space. The quality of the normalization and the

accuracy of the pons mask were then visually inspected. The average standardized

uptake values (SUV) in the pons was then obtained for each FDG, and the FDG

standardized uptake values ratio (SUVR) was obtained by dividing all SUV by the

pons average.

Given the large size of the ADNI database and its multi-site nature, we consider

it good practice to verify the data quality and the diagnosis of the participants. As

mentioned above, FY inspected the quality of T1 and FDG images, as well as the

segmentation output by FreeSurfer. Two clinicians (BP and JM) and three imaging

experts (QF, ER, and FY) reviewed carefully the diagnosis of each participant in the

“CN to MCI”, “CN to AD”, and “AD” groups. Data reviewed for each participant

included age, CDR-SB and its components, ADAS11, ADAS13, MMSE, MOCA, Av-
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erage FDG SUVR (of angular, temporal, and posterior cingulate), amyloid positivity,

CSF Aβ, CSF Tau, CSF p-Tau, NPI-A (delusions), NPI-B (hallucinations), as well

as all FDG and T1 images available to each participant throughout the study. Any

participant that did not show signs of MCI (AD) in the 5-year progression or showed

signs of other types of dementia (e.g. Lewy Body Dementia) were removed from the

“CN to MCI” or “CN to AD” group. Similarly, any participant that did not show

any patterns for AD or showed patterns for other types of dementia were removed

from the “AD” group. Every participant removed was a consensus reached by all

reviewers. The “CN to CN” group was not reviewed to this extent as its definition

was the most straightforward and controlled, leaving much less space for error.

After all inspections were finished, the “CN to CN” and “CN to MCI” groups

were age-matched to the “CN to AD” group, removing the youngest participants

until the mean ages matched. No age-matching was done on the “AD” group. In the

end, there were 81 participants in the “CN to CN” group, 21 participants in the “CN

to MCI” group, 15 participants in the “CN to AD” group, and 150 participants in

the “AD” group. Mean and standard deviation of age, years of education, MMSE,

MOCA, CDR-SB, ADAS11, and ADAS13 were calculated for each group, along with

gender ratio and amyloid positivity (Table 4.1 and Figure 4.2). Note that age was

calculated at the time the FDG image was taken (or five years later). Amyloid

positivity was calculated from AV45 or PiB data available within one year from FDG

imaging date (or five years later). ADNI provided AV45 and PiB scores, i.e. average

SUVR in regions of interest, and the corresponding thresholds to determine positivity.

A participant was considered amyloid positive if any AV45 or PiB scan within one

year scored above the pre-determined threshold (AV45 threshold: 1.11 if normalize

by whole cerebellum, 0.79 if normalize by composite reference region; PiB threshold:
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CN to
CN

CN
to CN
+5yrs

CN to
MCI

CN to
MCI
+5yrs

CN to
AD

CN to
AD
+5yrs

AD
base-
line

Total Number of Subjects 81 81 21 21 15 15 150
Age 78.3

(4.1)
83.3
(4.1)

78.2
(3.4)

83.2
(3.4)

78.3
(4.6)

83.3
(4.6)

73.2
(7.8)

Sex (Female/Male) 35/46 35/46 9/12 9/12 8/7 8/7 72/78
Years of Education 16.5

(2.6)
16.5
(2.6)

15.8
(2.0)

15.8
(2.0)

16.4
(2.9)

16.4
(2.9)

15.4
(2.5)

Amyloid
Positivity

Ratio 32.2% 53.4% 88.2% 100% 91.7% 100% 100%
# Subj. 59 58 17 14 12 7 91

MMSE
Mean
(std)

29.165
(1.152)

29.000
(1.144)

29.048
(1.463)

27.571
(1.591)

29.000
(1.211)

23.444
(2.362)

23.189
(2.216)

# Subj. 79 26 21 14 15 9 148

MOCA
Mean
(std)

25.737
(2.432)

26.120
(2.233)

25.286
(2.630)

22.857
(2.503)

23.909
(2.678)

17.875
(3.219)

17.000
(4.531)

# Subj. 57 25 14 14 11 8 94

CDR-SB
Mean
(std)

0.025
(0.110)

0.135
(0.327)

0.119
(0.263)

1.333
(0.767)

0.300
(0.510)

6.950
(3.984)

4.561
(1.660)

# Subj. 79 26 21 15 15 10 148

ADAS11
Mean
(std)

5.034
(2.794)

6.410
(2.794)

6.031
(2.804)

11.548
(3.673)

7.089
(3.669)

24.933
(15.960)

20.515
(6.856)

# Subj. 79 26 21 14 15 10 147

ADAS13
Mean
(std)

7.933
(4.161)

9.872
(4.620)

9.841
(3.694)

19.262
(5.034)

11.355
(5.716)

34.933
(18.350)

30.913
(8.022)

# Subj. 79 26 21 14 15 10 145

Table 4.1 : Key statistics for each group. In parenthesis are standard deviations. +5
years: data five years after baseline. Age was calculated at the time the FDG image
was taken (or five years later). Amyloid positivity was calculated from AV45 or PiB
data available within one year from FDG imaging date (or five years later). MMSE,
MOCA, CDR-SB, ADAS11, and ADAS13 were calculated from data available within
90 days from FDG imaging date (or five years later). AD = Alzheimer’s disease;
ADAS11 = Alzheimer’s disease assessment scale 11 tasks; ADAS13 = Alzheimer’s
disease assessment scale 13 tasks; CDR-SB = Clinical dementia rating sum of boxes;
CN = Cognitively normal subjects; MCI = Mild cognitive impairment; MMSE =
Mini-mental state examination; MOCA = Montreal Cognitive Assessment
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1.50). MMSE, MOCA, CDR-SB, ADAS11, and ADAS13 were calculated from data

available within 90 days from FDG imaging date (or five years later). As a result, not

all participants in each group contributed to the statistics in Table 1. A participant

in the “CN to CN” group might have a visit a year before (FDG+5yrs) and a year

after (FDG+5yrs), but not around (FDG+5yrs). A participant in the “CN to AD”

group might have a visit three years after the FDG was collected and was diagnosed

as AD at that visit, but the participant did not visit five years after the FDG was

collected. A participant might also only have their CDR-SB score evaluated during

a visit, but not MMSE, MOCA or ADAS. In any case, statistics indicate that the

groups are well defined (Table 4.1 and Figure 4.2).

4.2.2 Construction and Clustering of Whole-Brain FDG Network

A whole-brain FDG network was constructed with ROIs as vertices, and the Pear-

son correlation between regional SUVR as connections. Given an FDG image, the

mean SUVR was obtained for each of the 68 cortical regions in the Desikan-Killiany

atlas [288], plus hippocampus and amygdala bilaterally. An FDG network was then

constructed, for each group, by calculating the correlation between all pairs of ROIs

across all participants in the group. The method gave a 72 by 72 correlation ma-

trix for each group. Gender-specific correlation matrices were also obtained for each

group. The correlation matrices fully described the FDG networks.

Louvain algorithm [21] was then run on each correlation matrix to cluster the

FDG networks. The algorithm partitions ROIs into modules so as to maximize mod-

ularity Q. This maximization process clusters regions with strong connections in the

same module, and regions with weak connections in separate modules. Since the cor-

relation matrix can contain negative correlations, we used the modified definition of
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Figure 4.2 : Violin plot of MMSE, MOCA, CDR-SB, ADAS11 and ADAS13 scores
around FDG collection time (all four groups), and five years after the FDG collection
time (only for “CN to CN”, “CN to MCI”, and “CN to AD” groups). The gray
bars show extrema, while the white circles represent mean. ADAS11 = Alzheimer’s
disease assessment scale 11 tasks; ADAS13 = Alzheimer’s disease assessment scale
13 tasks; CDR-SB = Clinical dementia rating sum of boxes; MMSE = Mini-mental
state examination; MOCA = Montreal Cognitive Assessment.
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modularity, specifically designed for correlation matrices derived from neuroimaging

data [289]:

M = M+ +
e−

e+ + e−
M−

=
1

2e+

∑

1≤i,j≤n

(

A+
ij −

k+
i k

+
j

2e+

)

δ(σi, σj)−
1

2e+ + 2e−

∑

1≤i,j≤n

(

A−
ij −

k−
i k

−
j

2e−

)

δ(σi, σj),

(4.1)

where

M+ =
1

2e+

∑

1≤i,j≤n

(

A+
ij −

k+
i k

+
j

2e+

)

δ(σi, σj) (4.2)

and

M− = − 1

2e−

∑

1≤i,j≤n

(

A−
ij −

k−
i k

+
j

2e−

)

δ(σi, σj). (4.3)

If a positive connection exists between vertex i and j, we denote the weight of this

connection with A+
ij ∈ (0, 1], A−

ij = 0. Specifically, in the present study, A+
ij is the

value of the Pearson correlation coefficient. If a negative connection exists, then we

denote A−
ij ∈ (0, 1], A+

ij = 0, where A−
ij is the absolute value of the Pearson correlation

coefficient. The strength of vertex i is the sum of positive or negative weights of i,

s±i =
∑

j A
±
ij . The total weight of the network is the sum of all positive or negative

connection weights, 2e± =
∑

ij A
±
ij. Note that connection weights are counted twice

for each connection. Total number of vertices n = 72. δ(σi, σj) = 1 if vertex i and j

are in the same module, and 0 otherwise.
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This definition of modularity supports placement of positively connected pairs of

vertices in the same module, and placement of negatively connected pairs of vertices

in distinct modules. Maximization of M is a balance between maximizing M+, which

encourages placement of positive connections within modules, and maximizing M−,

which encourages placement of negative connections between modules. The contribu-

tion of M− to this balance is proportional to the ratio of negative links e−/(e++ e−).

If there is zero negative connection in the network, the maximization of M is en-

tirely dependent on maximization of M+. If there are equal number of negative and

positive links, then M+ has twice the influence as M−. Therefore, this modularity

definition assumes that negative links only play an auxiliary role in network structure,

as compared to positive links [289].

The Louvain algorithm is a stochastic process. Running the Louvain algorithm

multiple times might lead to slightly different partitions of the same network. To find

the stable partition that multiple runs of Louvain algorithm converge to, we adopted

the method of consensus clustering [290]. Louvain algorithm was run 100 times for

the same network, and 100 partitions were obtained. A 72 by 72 agreement matrix

G was then established, where Gij is the frequency where vertex i and vertex j were

in the same module across the 100 partitions. Louvain algorithm output a set of

hierarchical partitions and the lowest hierarchical level partition was used to generate

the agreement matrix. It has been shown that the lowest hierarchical level of Louvain

output has better performance than higher hierarchical outputs on a set of benchmark

networks (see Lancichinetti and Fortunato [22, 23]). Once the agreement matrix was

constructed, Louvain algorithm was then run on the agreement matrix to obtain the

final clustering of the networks. This clustering produced a set of 100 partitions from

which a new agreement matrix was built. The above process was repeated with the
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new agreement matrix until the partitions had converged to a single stable partition.

The implementation of the clustering method described above was provided by the

Brain Connectivity Toolbox (http://www.brain-connectivity-toolbox.net) [184]. The

Toolbox was run in MATLAB R2019b. The algorithm output the optimal partition of

the 72 ROIs, as well as the corresponding modularity value for this partition.

4.2.3 Gene Expression Dataset

The Allen Human Brain Atlas (AHBA) [287] provides cortical transcription profiles

of 20,736 protein-coding genes, based on a complete transcriptome dataset consisting

of 58,692 measurements of gene expression in 3702 brain samples obtained from 6

individuals. French and Paus (2015) converted the raw AHBA data to a median

expression profile across donors in the Desikan-Killiany atlas [291]. This converted

data contains median gene expression values across donors for each of the 68 ROIs

and for each gene. The present study used this converted AHBA gene expression

data for analysis.

We were specifically interested in genes that have been previously reported to be

related to Alzheimer’s disease or related disorders [292, 293, 294, 295, 296, 297, 298,

299, 300, 301, 302, 303, 304, 305, 306, 307, 308, 309, 310, 311], and we further filtered

the genes by only keeping the ones with high consistency score (¿ 0.446) in AHBA as

described in French and Paus [291]. A high consistency score indicates less individual

variability, which means that the median gene expression profile is representative of

the six donors. Fourteen genes were left after filtering: APOE, BIN1, C9orf72, CD33,

CLU, CUGBP1 (CELF1), GRN, MAPT, MEF2C, PLEKHC1 (FERMT2), SNCA,

SORL1, TBK1, and TREM2.

To investigate the relationship between the cortical transcription profiles and FDG



118

PET, a mean FDG profile was first obtained for each group by calculating the mean

FDG SUVR for each ROI across all participants in the group of interest. Then the

Pearson correlation was calculated between the median gene expression profile and

the mean FDG SUVR profile across 68 ROIs.

4.2.4 Statistical Analyses

Statistical analyses were done in Python. Two-sample two-tailed t-tests were used

to determine significant age differences between men and women in each group and

p-values were reported. P-values for Pearson correlation between gene expression and

mean FDG SUVR were also calculated. P-values of ¡ .05 were considered statistically

significant.

To gauge the strength of correlation between dementia-related gene expression

and brain metabolism, correlation values were contrasted against a null hypothesis

distribution of correlation coefficients across the whole transcriptome of 20,736 genes.

4.3 Results

4.3.1 Whole-Brain FDG Network and Its Structure

A whole-brain FDG correlation matrix was constructed for each of the four groups

(Figure 4.3A). The 72 ROIs start with Left-Hippocampus, Left-Amygdala, Right-

Hippocampus, and Right-Amygdala, followed by 34 DK cortical regions on the left

hemisphere (“lh-”) and then 34 DK cortical regions on the right hemisphere (“rh-”).

A full list of the 72 ROIs can be found in Appendix B (Table B.1). A left-hemisphere

region usually had high correlation with its right-hemisphere counterpart, resulting in

two prominent off-diagonal lines in each of the matrices. It is also worth noting that
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Figure 4.3 : FDG network and its modular structure for each of the four groups. (A)
Original correlation matrices. (B) The re-arranged correlation matrices. (C) Brain
maps of modules. The colors here matched the colored squares in B.

most connections in the correlation matrices were positive and the strongest negative

correlation among the four matrices was only -0.453, as compared to the strongest

positive correlation at 0.990.

The overall connection strength weakened as AD risk increased. In the “CN

to CN” group, rh- and lh-entorhinal notably had the weakest connection with the

rest of the network. The same observation held true for the “CN to AD” group,

except the correlations had gone negative (see the blue lines in the matrix). Overall,
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hippocampus and amygdala had weaker connections with the neocortical brain than

the cortical regions (see the yellow “stripes” in the first four rows and columns in all

four matrices). As AD risks increased, however, some connections between cortical

regions became as weak as the hippocampus-cortex and amygdala-cortex connections.

In the AD patient group, almost the entire network had weak connections and only

a few connections remained strong. The networks were clustered into several distinct

modules using Louvain algorithm. The correlation matrices were reorganized to reflect

the modular structure of the networks (Figure 4.3B) and modules were mapped onto

3D brain (Figure 4.3C). All four groups were partitioned into three modules. The

module composition, as expected, changed across groups, however the regions first

affected by Alzheimer’s disease, such as hippocampus, amygdala and entorhinal cortex

were always included in the same module.

The whole-brain FDG network became more modular from “CN to CN” group

(M=0.0209) to “AD” group (M=0.0570), evidenced by the monotonic increase of

modularity value, as well as the weakening of between-module connections.

Gender impacted the modular organization of the networks (Figure 4.4 and 4.5).

In the “CN to CN”, “CN to AD” and “AD” groups, metabolic networks of women

were weaker and more modular than those of men. The “CN to MCI” group did not

show significant difference between women and men.

Two-tailed t-test found no significant differences in age between men and women,

except for “AD” group where men were significantly older than women (men: 74.7±7.6,

women: 71.5±7.7, p-value=0.0097). “CN to CN” (men: 78.4±4.5, women: 78.2±3.7,

p-value=0.85), “CN to MCI” (men: 78.1±3.7, women: 78.4±3.2, p-value=0.80), and

“CN to AD” (men: 77.5±4.8, women: 79.0±4.6, p-value=0.55) did not reach signifi-

cance in t-tests.
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Figure 4.4 : The effect of sex on the metabolic networks - women only. (A) Original
correlation matrices. (B) The re-arranged correlation matrices. (C) Brain maps of
modules. The colors here matched the colored squares in B.
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Figure 4.5 : The effect of sex on the metabolic networks - men only. (A) Original
correlation matrices. (B) The re-arranged correlation matrices. (C) Brain maps of
modules. The colors here matched the colored squares in B.
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Detailed module compositions and ROI ordering for the clustered matrices in

Figure 4.3B, 4.4B, and 4.5B are provided in Appendix B (Table B.2-B.13).

4.3.2 Correlation Between Gene Expression and FDG SUVR

The mRNA expression of dementia-related genes correlated strongly with the mean

FDG SUVR across all participants in each of the four groups, as well as a combi-

nation of all CN groups (“CN to CN”, “CN to MCI”, and “CN to AD” combined,

referred to as “all CN” group; Figure 4.6). The correlations were calculated, for

each group, across all 68 Desikan-Killiany ROIs. For the “all CN” group, all genes

showed significant correlation with FDG SUVR, except for CUGBP1 and MAPT.

APOE showed the strongest negative correlation with FDG SUVR, with r=-746 and

p¡0.0001. SORL1 showed the strongest positive correlation with FDG SUVR, with

r=0.710 and p¡0.0001.

The correlation between gene expression and mean FDG SUVR followed the same

pattern for each group: (1) all genes showed significant correlation with FDG SUVR,

except for CUGBP1 and MAPT, (2) SORL1, C9orf72, TBK1, and MEF2C positively

correlated with FDG SUVR, and (3) BIN1, CLU, GRN, TREM2, SNCA, PLEKCH1,

CD33, and APOE negatively correlated with FDG SUVR. Genes followed the same

order from most positive correlation to most negative correlation (SORL1, C9orf72,

TBK1, MEF2C, CUGBP1, MAPT, BIN1, CLU, GRN, TREM2, SNCA, PLEKHC1,

CD33, and APOE), except in the “AD” group, where TREM2 had a slightly weaker

negative correlation than GRN and CLU had a slightly weaker negative correlation

than BIN1.

The absolute values of correlation between APOE expression and FDG SUVR

monotonically increased from “CN to CN” group to “CN to AD” group (-0.733 to
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Figure 4.6 : Pearson correlation between the mRNA expression of 14 dementia-related
genes and the mean FDG SUVR averaged across all subjects in each of the four
groups (significance level is defined as: *: p¡0.05, **: p≤0.01, ***: p≤0.001, ****:
p≤0.0001).
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-0.778). The “AD” group correlation (-0.777) was very close to that of “CN to AD”

group. The correlation between SORL1 and FDG SUVR increased from “CN to CN”

group to “CN to AD” group (0.693 to 0.757) as well but dropped to its lowest in the

“AD” group (0.677).

To compare the strengths of correlation for the fourteen AD-related genes to the

20,736 genes available in the Allen atlas, the correlation between the expression of

the 20,736 genes and mean FDG SUVR across all CN participants was calculated.

The resulting 20,736 correlation coefficients formed a bell-like distribution (Figure

4.7A). Most AD-related genes’ correlations with mean FDG SUVR were at least one

standard deviation away from the mean of the distribution. Among them, SORL1,

CD33, and APOE showed especially strong correlation, as they were more than two

standard deviations above/below the mean (i.e. z-score cut-off of ±2.0).

The mean FDG SUVR across all CN participants, as well as the gene expression

of SORL1, CD33, and APOE, was mapped to 3D brain (Figure 4.7B, red rectangular

frame and top panel). Overall, regions with high APOE and CD33 expression had

low FDG SUVR values, and regions with high SORL1 expression had high FDG

SUVR values. Note that APOE and CD33 expression were especially high (and

SORL1 expression and FDG SUVR are especially low) in regions most susceptible to

Alzheimer’s disease, such as para-hippocampus and entorhinal cortex. Scatter plots

between mean FDG SUVR and gene expression showed strong linearity (Figure 4.7B,

bottom panel). Mapping of mRNA expression for the remaining genes is provided in

Appendix B (Figure B.1).
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Figure 4.7 : (A) Distribution of 20,736 Pearson correlation coefficients, calculated be-
tween expression of 20,736 genes and mean FDG SUVR averaged across all CN sub-
jects. Light blue and red vertical lines represent z-score=-1 and 1 (i.e. one standard
deviation away from mean), respectively. Deep blue and red vertical lines represent
z-score=-2 and 2. Bars in the distribution outside of the two standard deviations are
colored deep blue (negative correlations) and deep red (positive correlations) respec-
tively. Bars in the distribution between one and two standard deviations are colored
light blue and light red, respectively. Using a z-score cut-off of ±2.0, SORL1, CD33,
and APOE show strong correlation when compared to the distribution. (B) Left, in
red rectangular frame: mean FDG SUVR across all CN subjects mapped to the 68
cortical ROIs. Right, top panel: expression of SORL1, CD33, and APOE, mapped
to the 68 cortical ROIs, respectively. Right, bottom panel: scatter plots showing the
correlation between mean FDG SUVR and gene expression of SORL1, CD33, and
APOE, respectively. A linear fit is also provided in each scatter plot.
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Figure 4.8 : Module-wise correlation between expression of APOE from the Allen
Human Brain Atlas and brain metabolism. The four columns, from left to right, cor-
respond to “CN to CN”, “CN to MCI”, “CN to AD”, and “AD” group, respectively.
For each group, correlation (r) between gene expression and glucose metabolism was
calculated for each module. Module definition is identical to Figure 4.3C. Due to
the lack of gene expression data for subcortical regions, the correlations were only
calculated on the 68 cortical regions. Significance level is defined as: *: p¡0.05, **:
p≤0.01, ***: p≤0.001, ****: p≤0.0001).

4.3.3 Correlation Between Gene Expression and FDG SUVR by Modules

Metabolism in AD-related regions drove the strong correlation between APOE ex-

pression and mean FDG SUVR (Figure 4.8, module 3). APOE expression in module

1 always showed the weakest correlation with FDG SUVR, while APOE expression in

module 3 always showed the strongest correlation with FDG SUVR. The correlations

for module 2 decreased from module 3 but remained strong and significant. The rele-

vance of APOE expression to brain glucose metabolism was therefore region-specific.

Mappings of module-wise correlation of all 14 dementia-related genes are provided in

Appendix B (Figure B.2, B.3, and B.4).
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4.4 Discussion

4.4.1 Progressive Disruption of Brain Metabolic Networks as AD Risk

Increases

The present study stratified elderly subjects into four groups with increasing AD

risk: “CN” to “CN”, “CN to MCI”, “CN to AD”, and “AD” (Table 4.1). Modular

structures of brain metabolic networks were observed for each group and a monotonic

increase in modularity from the “CN to CN” group to “AD” group was found (Figure

4.3). The weakened connections between the 72 ROIs drove the increase of modularity.

Studying the human brain networks derived from neuroimaging data of diseased

participants has been a popular method to tap into mechanism of disease develop-

ment, and such networks range from structural ones to functional ones [96, 100, 101].

Many diseases have been studied under this context, and Alzheimer’s disease is no

exception, see, for example, Chen et al. and Contreras et al. [98, 99]. Recently, the

relevance of PET networks in studying brain diseases was proposed [312], and the

concept of metabolic connectivity derived from FDG-PET has gained significant in-

terest in understanding the development of AD as well as the pre-clinical stages of AD

[74, 77, 78, 272, 273, 274, 82, 275, 276, 277, 278, 279]. Many of these studies utilized

local or global measures of the metabolic connectivity and compared the measures

between participants with MCI or AD to cognitively normal controls.

The challenges faced by AD studies using FDG-PET networks are two-fold. First,

the interpretation of a PET network is less intuitive than, for example, a functional

MRI network, as correlation between regions are calculated across participants instead

of time points. Second, a finer and more continuous definition of AD risk is needed

to validate any trend of the local or global measures of network structure observed in
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research with binary participant classification (e.g. CN vs AD).

The present study addresses both challenges. We interpret the correlation ob-

served between FDG SUVR as metabolic co-activation. The underlying hypothesis is

that for a group of participants sharing certain characteristics (e.g. participants with

high AD risk), their brain metabolic activities share a common pattern. Metabolic

activity of each participant serves as a single data point observed from this pat-

tern, much like a time point observed in the time-series data of functional MRI. The

correlation across these data points describe the shared functional pattern of brain

metabolism.

The hypothesis calls for a clear definition of participant groups and top-notch

quality control, as any noise introduced into each group threatens to hinder the ob-

servation of a common metabolic pattern. We stratified CN participants based on a

clear definition of their 5-year progression (Figure 4.1) and inspected our participants

with considerable care. Our stratification differs from previous studies that adopted

varying follow-up lengths [264, 267, 268, 269, 270]. The varying follow-ups are usually

due to the different length that each participant stayed in the study, but this method-

ology adds difficulty to interpreting group differences. A CN participant at baseline

that developed AD at the 10th year of follow-up is unlikely to be very different from

a CN participant at baseline that stays cognitively normal for 3 years but then left

the study. However, many studies would classify the two participants into two differ-

ent groups, as they had “different future progression” [264, 267, 268, 269, 270]. Our

classification of CN participants avoided the ambiguity brought by varying follow-up

lengths.

With the inclusion of an AD-patient group, three levels of AD-risk plus findings

with the disease, were studied. A global measure of the modular structure of metabolic
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network, modularity, was tracked through the continuum of AD risk. The increase of

FDG network modularity from CN controls to AD patients has been reported [82].

Here we have further split our CN cohort based on their risk for AD and have observed

a monotonic increase of modularity across the three groups as AD risk increases.

We would like to further point out the potential of modularity as a predictor of

AD risk. While within-module connections dropped slightly from “CN to CN” group

to “AD” group, it is the drastic decrease in between-module connections that raised

modularity. Such changes are linked to the concept of “network fragmentation”, pre-

viously discussed under the context of functional brain networks [100, 98, 102]. In

general, “network fragmentation” refers to the splitting of a previously integrated net-

work into poorly connected modules, usually due to a substantial loss of connectivity

between brain regions or a targeted attack against hub nodes. The fragmentation

is speculated to cause a lack of communication between brain regions and thus in-

terrupt the integrated function of the system. We argue that modularity here is an

accurate measure of the fragmentation of the human brain metabolic network, and

the increased modularity in our participants at risk for AD aligns well with the notion

that the human brain goes through functional simplification as AD progresses.

The five-year follow-up chosen in the present study is longer than for most of the

existing research [262, 264, 266, 270], and while some followed some participants for

a longer period of time, the varying follow-up lengths made interpretation difficult

[267, 268, 269]. Due to the strict definition of AD risk, the present study is limited by

small sample sizes, especially in the “CN to MCI” and “CN to AD” groups. Future

efforts in expanding sample size under similar group definition are crucial to validate

the results presented here.
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4.4.2 The Effect of Sex on Metabolic Networks of Participants at Risk

for AD

The level of network fragmentation differed by gender (Figure 4.4 and 4.5). For “CN

to CN”, “CN to AD”, and “AD” groups, women consistently exhibited more modular

metabolic patterns and weaker overall connection strength than men. Two-tailed t-

test found no significant differences in age between men and women in the three

groups of CN subjects. In the “AD” group, men were significantly older than women.

Previous studies have shown that women are at higher risk for AD than men [313].

Several studies have shown that neurodegeneration and clinical symptoms occur more

rapidly for women once a diagnosis is suspected [314, 315, 316]. While some pointed

out the possibility that the longer life expectancy of women might be the reason for

the gender-specific AD risk [317], others have argued that the difference in AD risk

for men and women has neurobiological bases [318, 319].

The present study points out that brain glucose metabolism from a network per-

spective could shed light onto gender differences in AD development. Of course, the

limited sample size of “CN to MCI” and “CN to AD” groups limits the generalization

of our finding and the same analysis should be repeated in larger samples. Further

research, beyond the scope of this work, is needed to pinpoint the exact cause of the

difference in modularity and connection strength between men and women. Further-

more, it should be stressed that we studied older individuals; FDG PET modularity

may be different in younger samples.
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4.4.3 Relationship Between Expression of AD-related Genes and FDG

SUVR

The brain expression of most AD-related genes (12 out of 14) had a significant cor-

relation with FDG SUVR across all four groups, and among them SORL1, C9orf72,

PLEKHC1, CD33 and APOE showed stronger absolute correlation with FDG SUVR

as AD risk increased in CN participants (Figure 4.6). Six of the twelve genes are re-

lated to immune system: CD33, CLU, GRN, MEF2C, TBK1, and TREM2. Contrast-

ing gene correlation values against a null hypothesis distribution revealed three genes

with exceptionally strong correlation with brain metabolism (Figure 4.7): APOE

(r=-0.746), SORL1 (r=0.710), and CD33 (r=-0.700).

Apolipoprotein E (APOE) showed the strongest negative correlation with FDG

SUVR across all four groups. APOE is a very well-known risk factor for late-onset

Alzheimer’s disease. Its isoform, APOE ǫ4, is the strongest genetic risk factor for AD

[320]. Though the majority of the studies focuses on isoform-specific differences in

structure and function, the main function of the ApoE protein, the redistribution of

lipoproteins and cholesterol, is not sufficient to explain APOE’s detrimental effect in

AD. As a result, studying the mRNA expression of APOE could potentially provide

a new perspective on the understanding of AD pathology. Several postmortem brain

studies reported elevated RNA expression of APOE in AD participants [321, 322,

323, 324, 325]. However, whether the higher expression was caused by the ǫ4 allele

is unknown. Here we demonstrated that APOE has a strong negative correlation

with brain glucose metabolism (Figure 4.6), indicating the gene might play a role in

glucose metabolism as well. Moreover, by splitting participants into 3/3, 3/4, and

4/4 genotypes, we have shown that such strong negative correlation does not depend

on the participants’ APOE genotype (Figure 4.9). The results suggest that APOE
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Figure 4.9 : The effect of APOE genotype on the correlation between gene expression
and brain glucose metabolism. “CN to CN 3/3” means the mean FDG SUVR for
each ROI was calculated from subjects in the “CN to CN” group that has an APOE
genotype of 3/3. The mean FDG SUVR profile was then correlated with gene ex-
pression to produce the column of r values under “CN to CN 3/3”. Significance level
is defined as: *: p¡0.05, **: p≤0.01, ***: p≤0.001, ****: p≤0.0001).

mRNA expression possibly plays a role in AD pathology independent from the gene’s

protein isoforms. Indeed, many studies have reported that APOE RNA levels do

not correlate well with its protein levels [86, 88-90][324, 326, 327, 328]. Granted,

the mRNA expression data used in the present work is from AHBA, and the donor’s

APOE genotype was not collected. Ideally, mRNA expression data should be collected

from the same participants with imaging data.

Sortilin Related Receptor 1 (SORL1) showed the strongest positive correlation

with FDG SUVR across all four groups. SORL1 encodes a mosaic protein that

belongs to the low-density lipoprotein receptor (LDLR) family. Scherzer et al. sug-

gest that SORL1 interact with APOE as an encoder of mosaic ApoE receptor [329].

They observed a significant reduction in SORL1 protein expression in brain tissue of

Alzheimer’s disease patients, and the lack of the ApoE receptor was suspected to be
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a contributory factor to Alzheimer’s disease. Our results support this speculation,

as we observed the strongest positive correlation between SORL1 mRNA expression

and brain glucose metabolism, opposite to the direction of correlation between APOE

and metabolism.

CD33 is a sialic acid-binding immunoglobulin-like lectin that regulates innate

immunity. In the brain, the gene is mainly expressed in microglial cells. In a study

that involved both CD33 knockout mice and frozen brain samples from human, CD33

was found to inhibit microglial uptake of amyloid β (Aβ), and the number of CD33-

immunoreactive microglia positively correlated with Aβ burden [330]. The study also

reported a 5-fold increase in CD33 mRNA levels in AD cases relative to controls. The

strong negative correlation between CD33 expression and FDG SUVR observed here

(Figure 4.6) echoed the finding that elevated CD33 expression plays a negative role for

participants at risk for AD. Higher CD33 expression corresponds to hypometabolism

in the brain, which is a sign of AD development, though no causal relationship can

be derived from the correlation.

The prevalence of immunity-related genes identified in our analysis is consistent

with recent genome-wide association studies (GWAS) indicating that many AD-risk

genes are part of the innate immune response pathways [331, 332], which has led

to a growing branch of AD research focusing on neuroinflammation [333, 334, 335].

The strong correlations observed between immune system-related gene expression

and FDG SUVR suggest that these genes may contribute to AD risk through in-

teraction between immune response and metabolism. Metabolic processes regulate

immune cell responses, and inappropriate immune activation can dysregulate cellular

metabolism [336, 337, 338]. Following such logic, Baik et al. studied Alzheimer’s

disease in the context of immunometabolism, and suggested that defects in energy
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metabolisms caused microglia dysfunction in AD [339]. MEF2C, TBK1, and TREM2

have been previously associated with immunometabolism. For example, Clark et

al. suggested that MEF2 plays a critical role in in vivo immunity-metabolism switch

[340], Hasan et al. and Zhao et al. separately demonstrated that TBK1 could mediate

the bi-directional crosstalk between energy metabolism and inflammatory signaling

pathways [341, 342], and Ulland et al. indicated that TREM2 enables microglial

responses during AD by sustaining cellular energetic and biosynthetic metabolism

[343]. The gene correlation observed in the present study supports the speculation

that immune response and brain metabolism interact with each other through a set of

AD-risk genes, contributing to disease development. However, only Ulland et al. ob-

served the immunometabolic interaction in post-mortem human brain, and how such

interactions lead to the correlation observed in the current work remains unclear.

SORL1, C9orf72, PLEKHC1, CD33 and APOE showed stronger absolute correla-

tion with FDG SUVR as AD risk increases in CN participants (Figure 4.6), although

the significance of the differences between the three groups were unclear. These

findings suggest functions of AD-related genes might be changing even when the par-

ticipant is cognitively normal, and the genes’ impact on brain glucose metabolism

depends on how close in time the participant is to developing clinical AD.

The above observations should to be validated with gene expression data obtained

from the same participants where the imaging data was collected from. Due to a lack

of gene expression data from the ADNI database, the present study could not take into

consideration the change of gene expression as AD risk increased. Another question

not discussed in this study is what drives the differential expression of these genes

across the brain. As Verheijen and Sleegers [280] pointed out, gene expression can be

affected by different alleles of the gene, as well as alternative splicing. We leave this
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question to future research, as it is beyond the scope of the current study.

4.4.4 Metabolism in AD-affected ROIs Drives the Strong Correlation Be-

tween Gene Expression of APOE and FDG SUVR

AD does not affect all the brain uniformly, but some regions are well-known to be af-

fected earlier and more profoundly [344, 255]; we refer to them as AD-related regions.

These regions largely coincided with module 3, identified by the modular partition

of the brain metabolic networks, confirming that modularity maximization leads to

functionally meaningful partitions. Furthermore, metabolism in AD-related regions

drove the strong correlation between gene expression and FDG SUVR (Figure 4.8

and Figure B.2-B.4). For APOE, the correlation was strongest in module 3, which

contained regions most susceptible to AD, such as hippocampus, amygdala, entorhi-

nal cortex, parahippocampal cortex, and posterior cingulate [345]. Such correlation

was the second strongest in module 2, which contained regions affected by AD, but

usually at a later stage in disease development. The specific composition of this mod-

ule varied considerably with AD risk groups. Module 1, on the contrary, contained

regions largely unaffected by AD pathology, and showed very weak correlation be-

tween APOE expression and brain glucose metabolism. SORL1 showed largely the

same pattern, but the correlation strength in module 2 was slightly above module 3

in “CN to MCI” and “CN to AD” group (Appendix B, Figure B.2-B.4).

While others have investigated differential expression of APOE [346] and SORL1

[347] between AD-susceptible regions and AD-resistant regions, evidences presented

here point out that these genes may contribute to the regional vulnerability of human

brain to AD pathology [344] through interaction with brain metabolism. Unique to

APOE, the gene’s correlation with brain glucose metabolism has a monotonically in-
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creasing trend from “CN to CN” to “CN to AD” group for both module 2 and module

3 (Figure 4.8). We speculate that the correlation between APOE gene expression and

brain metabolism, especially among regions most affected by AD, could be another

indicator of AD risk.

Again, the present study is limited by the absence of brain gene expression data

in ADNI, and the above discussion remains speculative until further validation.

In conclusion, evidence presented here shows that modularity of the human brain

metabolic network can serve as an indicator of the level of dysfunction caused by

network fragmentation, and that larger modularity correlates with higher risk for

AD among cognitively normal individuals. The findings contribute to a broader

understanding of the theory of modularity. The results also support the aforemen-

tioned hypothesis that participants at different levels of AD risk have distinct brain

metabolic patterns. Unprecedentedly, most dementia-related genes were shown to sig-

nificantly correlate with brain metabolism across all risk groups, with APOE showing

the strongest negative correlation and SORL1 showing the strongest positive corre-

lation. Moreover, metabolism in AD-related regions was found to drive the strong

correlations. These results contribute to clarify the mechanisms of genetic risk factors

in pre-clinical AD.



138

Chapter 5

Modularity of Genome-scale Bacterial Metabolic

Networks and Its Relation to Survival Pressure

This chapter focuses on the modular structure of bacterial metabolic networks un-

der varying survival pressure. Deciphering the modular organization of metabolic

networks and understanding how modularity evolves have gained significant interest

in recent years [114]. In the present study, metabolic networks were constructed for

962 bacteria using a traditional method that defines metabolites as vertices and re-

actions as links. These bacteria were classified based on their phyla and genera and

modularity differences between different phyla and genera were examined. To incor-

porate information from reaction fluxes, flux balance analysis (FBA) was run on a

carefully inspected E. coli model and survival pressure was varied by changing the

growth media condition of E. coli in FBA. A bipartite representation of metabolic

networks was proposed, which had reactions and metabolites as vertices and flux

as edge weights. Modularity for the novel networks was defined and an algorithm

for modularity maximization was designed, implemented, and tested on E. coli. The

bipartite representation is much more informative than the traditional unipartite rep-

resentation and can uniquely contribute to the understanding of metabolic processes

5.1 Introduction

Biological systems have evolved in the face of environmental changes, and respon-

siveness to these changes has been a significant factor driving evolution. Metabolic
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networks, as the core of the physiological and biochemical properties of a cell, have

played a key role in this evolutionary dynamics. Over the past years, much has

been done to characterize the properties of these networks [348, 349], which enables

a systematic analysis of metabolic networks across a large number of species.

The theory of modularity presented in Chapter 1 suggest that networks are more

modular when faced with changing environments. Parter et al. supported this hy-

pothesis by showing that the modularity of bacterial metabolic networks of 117 bac-

teria species increased with environmental variability [118]. However, further studies

are needed to confirm the universality of the observation[121].

The objective of this study is two-fold. First, by constructing metabolic net-

works for 962 bacteria from the Kyoto Encyclopedia of Genes and Genomes (KEGG)

database [350, 351, 352] the modularity of these networks was compared across phyla

and genera. Second, in an effort to create a more informative representation of bacte-

rial metabolism, flux balance analysis (FBA) was incorporated into the construction

of flux-based bipartite metabolic network for E. coli. By varying growth media condi-

tions in FBA, the effect of survival pressure on the modular structure of the bipartite

network was investigated.

5.2 Materials and Methods

5.2.1 Reconstruction of Genome-scale Metabolic Networks from KEGG

Database

A traditional metabolic network is defined with metabolites as vertices (e.g. pyru-

vate) and reactions as directed links [353]. An edge is placed from metabolite A to

metabolite B if there is at least one reaction that converts A to B. If a reaction is
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reversible, then a bidirectional edge is placed.

The Kyoto Encyclopedia of Genes and Genomes (KEGG) database [350, 351,

352] was used to reconstruct genome-scale bacterial metabolic networks. Enzyme-

bacteria information was extracted through KEGG ENZYME database, which con-

tains genome information of each bacterium and the list of enzymes encoded by the

genome. Enzyme-reaction information was then extracted, enumerating the reac-

tions that each enzyme catalyzes. The combination of enzyme-bacteria and enzyme-

reaction relations naturally led to bacteria-reaction relations, summarizing all enzy-

matic reactions possible in a certain bacterium (Figure 5.1).

Three subtleties complicated the reconstruction of metabolic networks. The first

was the existence of currency metabolites such as ATP and NADH. Not all reactant

pairs obtained from a reaction are necessarily meaningful. Currency metabolites

shorten the path between two metabolites with no otherwise biochemical relation.

For example, in a glycolysis pathway, if ATP is counted as a member of a reactant

pair, the path length between glucose and pyruvate will decrease from nine to two

[125, 109]. This is biochemically incorrect and will result in inaccurate subsequent

network analysis. In addition, a compound that serves as meaningful component of

a reactant pair in one reaction may be a currency in the other. The second subtlety

was the existence of non-enzymatic spontaneous reactions. These reactions play an

important part in a metabolic network, but cannot be determined from enzyme-

reaction relations. Last but not least, reversibility, a crucial property of chemical

reactions, is often obtained from experiments. In cases where no experimental data

is available, experts are needed to assign reversibility to reactions following a set of

consented rules.

All three challenges called for a comprehensive, manually inspected reaction database.
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We here adopted the reaction database established by Stelzer et al., which contains bi-

ologically meaningful reactant pairs and reversibility information for 6851 enzymatic

reactions and 76 non-enzymatic spontaneous reactions [125]. During reconstruction,

non-enzymatic spontaneous reactions were only included if at least one of the reac-

tants was involved in a possible enzymatic reaction of the bacterium. The result-

ing reactant pairs served as directed links in the reconstructed metabolic network.

Metabolic networks of 962 bacteria were obtained this way.

5.2.2 Clustering of Traditional Unipartite Metabolic Networks

Louvain algorithm was run on the 962 bacterial metabolic networks constructed from

KEGG database [21]. The algorithm grouped metabolites into modules by maximiz-

ing the modularity for directed networks defined in Equation 1.2 [20]. The imple-

mentation of the Louvain-like algorithm for the directed modularity is provided by

Dugué and Perez [354].

5.2.3 Construction of Bipartite Weighted and Directed Metabolic Net-

work of E. coli with Flux Balance Analysis

Fluxes through metabolic pathways are important for understanding the functions

of a metabolic network. Typically, the flux information can be obtained through

flux balance analysis (FBA), which calculates steady-state metabolic fluxes of a

given metabolic network [113]. The first step of FBA is to mathematically repre-

sent metabolic reactions and constraints. The representation is typically in the form

of a stoichiometric matrix, S, where each row represents a metabolite and each column

represents a reaction. The entries of S are stoichiometric parameters of each reaction.

At steady state, flux balance requires the in-flux and out-flux of any compound to be
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Figure 5.1 : Reconstruction of bacterial metabolic networks from the KEGG database.
Enzyme-bacteria relations record which enzymes are encoded by the genome of the
bacterium. Enzyme-reaction relations enumerate which enzymatic reactions are cat-
alyzed by each enzyme. The resulting bacteria-reaction relations describe what en-
zymatic reactions are possible for a bacterium. A bioreaction database [125] was
used to determine which reactant pairs were present in the metabolic networks. Non-
enzymatic reactant pairs are also included if the non-enzymatic reaction has at least
one reactant involved in the enzymatic reactions.
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Figure 5.2 : Example of a simple bipartite weighted and directed network. This
network contains 5 metabolites, A-E, and two reactions, R and R′. The flux through
each reaction, v and v′, should be calculated from FBA.

equal, which leads to a system of linear equations. By defining an objective function

z, the above constraints can be applied to obtain the flux distribution that optimizes

z. When z is set to biomass production, FBA enables prediction of growth rate of a

certain organism, providing a reasonable measure for network performance.

In the present study, a bipartite representation of bacterial metabolic networks

that incorporated the flux information was proposed. The representation regarded

both reactions and metabolites as vertices and used FBA to determine connection

weights. Per definition of bipartite networks, connections existed only between differ-

ent types of vertices (i.e. between reactions and metabolites), but never between the

same type of vertices. An example of a simple bipartite metabolic network is shown

in Figure 5.2.

The FBA was run on a manually constructed and carefully inspected metabolic

model of E. coli, named iML1515 [355]. This knowledgebase for E. coli summarized

information from database such as KEGG, PubMed, EcoCyc, PDB, and CHEBI.

iML1515 is FBA-ready, recording 2712 reactions, including two biomass reactions,

1516 genes, and 1877 metabolites. It also contains reactions representing growth
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media conditions. Here, we were especially interested in the availability of glucose and

oxygen, which were governed by maximum glucose uptake rate and maximum oxygen

uptake rate, respectively. For example, anaerobic environment can be achieved by

setting the maximum oxygen uptake rate to 0. FBA was run using the COBRA toolbox

[356] in MATLAB under varying growth media conditions and with the core biomass

production reaction in iML1515 set as the objective function. Steady-state fluxes

that maximized the objective function were obtained and a bipartite, weighted, and

directed metabolic network for E. coli was subsequently established .

5.2.4 Definition and Maximization of Bipartite Modularity

Modularity of a bipartite, weighted, and directed network was not previously de-

fined. Referring to a previous attempt at defining bipartite modularity for undirected

networks by Murata [357], a modified definition of modularity that accommodates

directionality was proposed. Given a graph G(V1

⋃

V2, E, w), V1 and V2 were the two

sets of vertices (metabolites and reactions), E was the set of edges e = (i, j), and w

was the set of edge weights. The total weight of the network was defined as

W =
∑

e∈E

w(e). (5.1)

Clusters were defined on each type of vertices separately. Let P1 = C1, C2, ...

denote a set of communities in V1, and P2 = D1, D2, ... denote a set of communities

in V2. For C ∈ P1 and D ∈ P2, EC→D was the set of all edges that connected a vertex

in C to a vertex in D.

Define

eC→D =
1

W

∑

e∈EC→D

w(e) (5.2)
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aoutC =
∑

D∈P2

eC→D (5.3)

aoutD =
∑

C∈P1

eD→C . (5.4)

Here, eC→D was the (scaled) total edge weight from C to D, aoutC was the out-degree

of C, and aoutD was the out-degree of D. The in-degree of the communities C and D

are defined similarly.

The co-cluster of C was defined as the community in P2 that was most strongly

connected with C compared to what was expected by chance:

DC = arg max
D∈P2

(

eC→D − aoutC ainD
)

. (5.5)

Similarly, the co-cluster of D was:

CD = argmax
C∈P1

(

eD→C − aoutD ainC
)

. (5.6)

Bipartite modularity was then defined as

Mbipartite,directed =
∑

C∈P1

(

eC→DC
− aoutC ainDC

)

+
∑

D∈P2

(

eD→CD
− aoutD ainCD

)

(5.7)

Similar in concept to Newman modularity (Equation 1.1), the bipartite modularity

is expected to range from 0 to 1 and the higher the value is, the more modular the

network structure should be (Figure 5.3A). Equation 5.7 was tested on several simple

example networks (Figure 5.3B) and bipartite modularity was confirmed to act as

expected. Just like Newman modularity, the bipartite modularity defined here is also

affected by the total number of modules, but the effect becomes negligible as the total

number of modules increases.
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A

B

M->1 M->0

Theoretical Expectations

M=0.8 M=0.7

M=0.62 M=0.25

Application on Example Networks

Figure 5.3 : Illustration of bipartite modularity. (A) Theoretical expectations of how
the modularity should perform. (B) Application of Equation 5.7 in real example
networks.
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An algorithm for modularity maximization was designed based on the pseudo

algorithm framework described by Pesantez-Cabrera and Kalyanaraman [358]. Our

algorithm is described below:

1. Given an input bipartite graph G(V1

⋃

V2, E, w), initialize a set of N1 + N2

communities, where N1 = |V1| and N2 = V2, by placing each vertex in its own

community.

2. At every iteration, all vertices in V1 and V2 are scanned linearly in a random

order. For each vertex i:

(a) Acquire a list of its candidate communities to which it can potentially

migrate to; In this case, it is all the same-type communities.

(b) Evaluate the modularity gain that would result from the scenario of mi-

grating i to each of the candidate communities.

i. Identify affected communities S.

ii. Loop through each community in S to calculate modularity gain.

(c) Migrate vertex i to a candidate community that maximizes the modularity

gain, only if such gain is positive.

3. A phase ends when the net modularity gain achieved between two consecutive

iterations is negligible — i.e., below a certain threshold τI , which we refer to as

the iteration cutoff.

4. Once a phase terminates, a new graph G′(V ′
1

⋃

V ′
2 , E

′, w′) is generated through a

compaction step, which collapses each community to a vertex, and edge weights

in the new graph correspond to the sum of weights of edges connecting any two

communities.
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5. The new compacted graph is input to the next phase, back to step 1. The

algorithm terminates when any two consecutive phases result in a negligible

modularity gain, defined by a threshold τP , which we call phase cutoff.

An implementation of this algorithm in Python is available on my GitHub page

(https://github.com/Fengdan92/KEGG-database). The structures defined in the

Python implementation and a detailed pseudo code pipeline are provided here as

well (Figure 5.4).

5.3 Results

5.3.1 Modular Structure of Metabolic Networks of Bacteria from Differ-

ent Phyla and Genera

Across all 962 bacterial metabolic networks reconstructed, a universal structure where

many small, isolated communities resided on the periphery of the network (Figure

5.5A, network for E.coli) was observed. These communities had very few vertices,

and were unconnected to the core of the metabolic network. These small, isolated

communities were deemed of no interest and were removed from the network. Af-

ter removal, Louvain algorithm was re-applied on the remaining vertices and edges

to obtain the modular structure of the core metabolic network (Figure 5.5B). The

metabolic networks were overall sparse. For example, the metabolic network of E.coli

had 1076 vertices, but only 2080 edges.

Diversity in modular structure of metabolic networks were observed across the

962 bacteria. The distribution of modularity was centered around M = 0.81 (range:

0.75 - 0.85) (Figure 5.6).

Bacteria were then classified based on two taxonomic ranks: phylum and genus.
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Figure 5.4 : Diagram illustrating bipartite modularity maximization algorithm. (A)
Structures defined in the code. (B) Pseudo code of the algorithm.
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A B

Figure 5.5 : Modular structure of the metabolic network of E. coli before and after
removal of isolated modules. (A) The original metabolic network had many outlying
communities that were isolated from the core of the network. (B) The modular
structure of the core metabolic network after removing the isolated communities and
re-applying the Louvain algorithm. Different colors in B represent different modules.

The 962 bacteria fell in five phyla: Gammaproteobacteria, Firmicutes, Tenericutes,

Chlamydiae, and Actinobacteria, and 17 genera (see red text in Figure 5.7). The

size of each genus ranged from 18 bacteria (Buchnera and Serratia) to 140 bacteria

(Streptococcus). Mean and standard deviation of modularity was calculated for each

genus.

While some genera had similar modularity values, others were significantly dif-

ferent (Figure 5.8). For example, Mycoplasma had a much smaller modularity value

than the other 16 genera, and Xanthomonas and Lactobacillus had much larger mod-

ularity values. Phylum wise, Tenericutes had significantly smaller modularity than

Gammaproteobacteria, Firmicutes, Chlamydiae, and Actinobacteria. However, large

variation in modularity existed in some phyla (e.g. Gammaproterobacteria and Firmi-

cutes). The results indicated that there were indeed structural differences in metabolic

connectivity across different bacterial types, which may be driven by evolution. Given
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Figure 5.6 : Distribution of modularity across the 962 bacteria we have studied.

the observation that modularity did not necessarily differ by phylum or genus, it is

reasonable to assume that the driving force for the emergence of modularity did not

overlap with the classification criteria of taxonomy.

5.3.2 Modular Structure of Bipartite Metabolic Network under Survival

Pressure

The default settings in iML1515 corresponded to a growth media with abundant

glucose and oxygen source. FBA was run under this condition and the corresponding

bipartite metabolic network was constructed (Figure 5.9). The maximized modularity

was 0.712 and 567 communities were found.

Different growth conditions can be simulated by changing the default settings

in iML1515. Oxygen supply was varied to simulate aerobic and anaerobic growth,

and glucose supply was adjusted to simulate food and no-food growth. Two glucose

supply settings were tested when varying oxygen supply, one with maximum glucose

uptake rate at 10 mmol gDW-1 hr-1 (default), the other at 20 mmol gDW-1 hr-1.
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Figure 5.7 : Classification of 962 bacteria based on taxonomy. Red text labels the 17
genera.
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Figure 5.8 : Mean modularity and standard deviation of each genus. The five colored
and dashed frames represent phyla.
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Figure 5.9 : Reconstructed metabolic network for E. coli with sufficient supply of
glucose and oxygen. The thickness of the connections is proportional to the weight of
the connections. Arrowheads indicate direction of the connections. vertices are either
metabolites (circles) or reactions (squares).



154

As expected, bacterial growth rate increased with oxygen supply, until a maxi-

mum was reached due to the limit of glucose supply (Figure 5.10A). Growth rate

also increased with glucose supply (Figure 5.10B). On the other hand, however, the

modularity of the bipartite metabolic network only showed a non-monotonic and ir-

regular trend with the increase of oxygen and glucose supply (Figure 5.10C,D). This is

inconsistent with the hypothesis that modularity should emerge under high survival

pressure (e.g. lack of food or oxygen). Besides, the modularity values only varied

within a very small range (0.720-0.745 when varying oxygen supply, and 0.710-0.735

when varying glucose supply). Future work is needed to carefully examine the mod-

ular structure of the bipartite metabolic network with three questions in mind: (1)

Is the huge number of modules causing the small range of modularity? If so, are

there ways to simplify the network and remove meaningless modules? (2) What have

caused the spike of modularity in Figure 5.10C? Were there any significant changes

in reaction fluxes, and/or module compositions? (3) Will the modular structure of

a sub-network correlate with the changes in growth media condition? For example,

does core glucose metabolic pathway reach higher modularity when glucose supply is

limited?

In conclusion, the present study proposes a bipartite representation of metabolic

networks. Uniquely, modularity for the novel networks was defined and an algorithm

for modularity maximization was designed, implemented, and tested on E. coli. Fur-

ther research is needed to fully evaluate the validity of the bipartite representation

of metabolism as well as the relation between metabolic modularity and survival

pressure.
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A B

C D

Figure 5.10 : Growth rate and modularity as a function of growth condition. (A)
Growth rate as a function of maximum oxygen uptake rate. (B) Growth rate as a
function of maximum glucose uptake rate. (C) Modularity as a function of maximum
oxygen uptake rate. (D) Modularity as a function of maximum glucose uptake rate.
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Chapter 6

Conclusion and Outlook

This text summarizes my research on the relation between modular network struc-

ture and the performances of complex biological systems. Five projects have been dis-

cussed, one on hepatocellular carcinoma, two on human cognition, one on Alzheimer’s

disease, and one on bacterial metabolism. These projects supported and expanded

upon the existing theory of modularity, which was originally derived in the context

of evolution.

Cancer-associated gene co-expression networks were constructed and analyzed for

primary hepatocellular carcinoma (HCC) samples. The network consisted of 56 genes

that were previously identified as contributors to the abnormal metabolism in HCC.

Higher modularity of the gene co-expression networks was found to significantly cor-

relate with glycolytic phenotype, later tumor stages, higher metastatic potential, and

cancer recurrence, all of which contributed to poorer survival outcome. Among pa-

tients with recurred tumors, modularity was observed to increase with tumor progres-

sion up to 8 months before recurrence, but then decrease. The results suggested that

higher modularity represented more aggressive tumor during early to mid-progression,

but was no longer selected for once the host defenses were overcome and recurrence

was imminent. Furthermore, metrics were developed to calculate individual modular-

ity, which was shown to be predictive of cancer recurrence and patients’ survival and

may serve as a prognostic biomarker. These results may be used to identify cancer

driver genes and for drug design.
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Resting-state functional connectivity of healthy young adults was studied to un-

derstand cognitive processing. Neuroimaging data were collected in the form of func-

tional magnetic resonance imaging (fMRI) and human brain resting-state networks

were constructed. By relating modularity to participants’ performances on a set of

simple and complex behavioral tasks, this study found a negative correlation between

individuals’ modularity and their performances on complex tasks but a positive corre-

lation with performances on simple tasks. The findings supported the hypothesis that

high-modularity networks favor performance on simple tasks whereas low-modularity

networks favor performance on more complex tasks. In addition, flexibility, a dynamic

measure of network modular structures, was defined and examined. Flexibility ex-

hibited a strong negative correlation with modularity. The correlation was shown to

only exist in human subjects, not in modularity-matched simulations. Flexibility and

modularity were demonstrated to make unique contributions to task performances,

with modularity playing a greater role in predicting performances on simple tasks and

flexibility playing a greater role in predicting performances on complex tasks. These

results provided a framework for linking measures of whole-brain organization from

network neuroscience to the underlying cognitive processes.

The research on Alzheimer’s disease (AD) adopted the novel approach of con-

structing human brain metabolic networks from fluorodeoxyglucose-positron emis-

sion tomography (FDG-PET) data. Cognitively normal (CN) elderly participants

from Alzheimer’s Disease Neuroimaging Initiative (ADNI) were stratified into three

groups from low AD risk to high AD risk, and a group of AD patients were included

to serve as a comparison to controls. As AD risk increased, the metabolic connec-

tions among brain regions weakened and more modular organizations of the networks

were observed. Unprecedentedly, most dementia-related genes were found to have
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a strong correlation with brain metabolism across all risk groups, with APOE and

CD33 showing the strongest negative correlation and SORL1 showing the strongest

positive correlation. It was pointed out that metabolism in AD-related regions drove

the strong correlation. Increased modularity of metabolic networks in individuals at

risk for AD can be a sign of network fragmentation and functional simplification of

the brain. The novel finding of a strong correlation between dementia-related gene

expression and brain metabolism highlights the importance of brain metabolism in

the genesis of dementia.

Finally, genome-scale bacterial metabolic networks were studied. Metabolic net-

works were constructed for 962 bacteria using a traditional method that defines

metabolites as vertices and reactions as links. These bacteria were classified based on

their phyla and genera and modularity differences between different phyla and genera

were examined. To incorporate information from reaction fluxes, flux balance analysis

(FBA) was run on a carefully inspected E. coli model and survival pressure was varied

by changing the growth media condition of E. coli in FBA. A bipartite representation

of metabolic networks was proposed, which had reactions and metabolites as vertices

and flux as edge weights. Modularity for the novel networks was defined and an al-

gorithm for modularity maximization was designed, implemented, and tested on E.

coli. The bipartite representation is much more informative than the traditional uni-

partite representation and can uniquely contribute to the understanding of metabolic

processes.

Overall, results presented here support the hypothesis of modularity’s role as a

performance predictor for complex biological systems. The existing theory of mod-

ularity has been validated in numerous scenarios and expanded with the concept of

”network fragmentation”. Modularity can potentially be applied to clinical settings
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for risk evaluation, and even contribute to individualized therapy. It can also help un-

derstand the mechanism of biological processes that are currently poorly understood.

Of course, future research is needed to further the understanding of modularity. More

work needs to be done to determine the connection between the evolutionary context

where the theory of modularity was proposed, and the specific context of the biolog-

ical system under question. Careful definitions of networks and their performances

are also crucial. For example, the performance of a cancer-associated gene network

could be the aggressiveness of tumors or the strengths of host defenses, depending on

the choice of genes. A complete reconciliation between the theory of modularity and

the concept of ”network fragmentation” is also missing. For physicists, it is tempt-

ing to regard the relationship between modularity and performance as one of the

governing rules for biology, much like Newton’s law for physics. But biology, which

encompasses a myriad of different complex systems, is still largely studied under a

case-by-case assumption. Extensive work is needed to evaluate the generality of the

theory of modularity, and hopefully, this text serves as a good start.
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Appendix A

A.1 Iterative Thresholding PCA

Iterative thresholding principal component analysis (ITSPCA) can accurately recover

the principal subspace and leading eigenvectors, even when the number of features p

is comparable to, or even much larger than, the sample size n [164].

Given the n × p data matrix X and the sample covariance matrix S = XTX,

classical principal component analysis (PCA) uses orthogonal iteration to compute the

leading eigenvectors for S. Given the dimension m of interest for the eigenspace and

a p×m starting orthonormal matrix Q(0), orthogonal iteration generates a sequence

of p × m orthonormal matrices Q(k), k = 1, 2, ..., by alternating the following two

steps till convergence:

1. Multiplication: T (k) = SQ(k−1);

2. QR factorization: Q(k)R(k) = T (k).

The orthonormal matrix at convergence Q(∞) contains the m leading eigenvectors of

S.

The iterative thresholding PCA additionally incorporates feature screening by

thresholding matrix T (k), removing small coordinates:

1. Multiplication: T (k) = SQ̂(k−1);

2. Thresholding: T̂ (k) = η(T (k));
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3. QR factorization: Q̂(k)R̂(k) = T̂ (k),

where η is the thresholding function. In our study, for the jth column of T (k) (j =

1, 2, ...,m), elements below the selected threshold γnj were removed and γnj stays

unchanged across iterations. The subscripts of γnj indicate that the threshold depends

on both the number of samples n and the index j of the column it is applied to.

ITSPCA generally works better on sparse data. In the case when data X is

dense, discrete wavelet transform (DWT) can be applied to transform X into wavelet

domain, obtaining Xw. Xw has the same dimension as X. The covariance matrix of

the data in wavelet domain is then used as input for ITSPCA. The output leading

eigenvectors are inverse-transformed back to the original data space, obtaining cleaned

m leading eigenvectors for S = XTX. For more details on discrete wavelet transform,

see the next section. Parameters used in ITSPCA is provided in Table A.2.

A.2 Discrete Wavelet Transforms

ITSPCA transforms the input data into the wavelet domain before denoising. This

transformation step is carried out by the discrete wavelet transform (DWT). The

wavelet transform decomposes signals over dilated (scaled) and translated wavelets.

The method is ”discrete” because a discrete set of the wavelet scales and translations

are used. A mathematical description of DWT is [359]:

x[n] =
1√
M

∑

k

Wφ[i, k]φi,k[n] +
1√
M

∞
∑

j=i

∑

k

WΨ[j, k]Ψj,k[n] (A.1)

where x[n] is the signal vector, M is the total number of points. x[n], φi,k[n] and

Ψj,k[n] are discrete functions defined in [0,M − 1]. Wφ[i, k] and WΨ[j, k] are wavelet
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coefficients:

Wφ[i, k] =
1√
M

∑

n

x[n]φi,k[n] (A.2)

WΨ[j, k] =
1√
M

∑

n

x[n]Ψj,k[n], j ≥ i (A.3)

Wφ[i, k] are called approximation coefficients since they capture the low-frequency

trend of the signal, and WΨ[j, k] are called detailed coefficients as they capture the

high-frequency details of the signal. Wavelet coefficients constitute the data in the

wavelet domain. The φi,k[n] and Ψj,k[n] are wavelet basis specific to the chosen type

of wavelet, e.g. Haar wavelet, symmlet, or coiflet. In general, a certain wavelet type

corresponds to specific definitions of a scaling function φ(t) and a wavelet function

Ψ(t). See Figure A.1A for an example of symmlet with 8 vanishing moments. The

wavelet basis φi,k[n] and Ψj,k[n] can be constructed from φ(t) and Ψ(t) through scaling

and translating. See, for example, Mallat’s textbook [360].

In practice, the fast DWT algorithm obtains coefficients level by level by using

filters, reducing the computational complexity. This procedure passes the signal x[n]

through a series of filters. A tree-like diagram called filter banks can help in un-

derstanding the method (see example below). First, the signal is simultaneously

decomposed using a low-pass filter g and a high-pass filter h, giving the approxima-

tion coefficients and detail coefficients of level 1. Since half of the frequencies of the

signal have been removed, the filter outputs are subsequently sub-sampled by 2. The

low-pass filter output is then passed through a new low-pass filter and a new high-pass

filter but now the cut-off frequency is halved. This process goes on until it reaches

the desired level of detail. Due to the nature of this decomposition, the input signal

must have a dimension of 2m, where m is a positive integer.
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x[n]

g[n]

h[n] 2

2

Level 1

coefficients

g[n]

h[n] 2

2

Level 2

coefficients

g[n]

h[n] 2

2 Level 3

coefficients

A

B

Figure A.1 : Illustration of DWT. (A) Scaling function φ(t) and wavelet function Ψ(t)
of symmlet with 8 vanishing moments. (B) Filter banks of a 3-level decomposition
of signal x[n]. The ”↓ 2” signs mean subsampling by 2. g[n] are low-pass filters and
h[n] are high-pass filters. Here, DWT gives level 1-3 detail coefficients, as well as
approximation coefficients obtained at level 3.
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Here we provide an example of signal x[n] with a size of 64 under a 3-level decom-

position. Frequency range of the signal is 0 to f . The filter banks diagram is shown

in Figure A.1B. The ”↓ 2” signs mean sub-sampling by 2. The g[n] are low-pass fil-

ters and h[n] are high-pass filters. DWT gives level 1–3 detail coefficients, as well as

approximation coefficients obtained at level 3. Each level corresponds to information

of a frequency domain, see Table A.1.

In our case, the symmlet transform was applied to the original data before a sparse

PCA method was applied. The levels and number of vanishing moments are specified

in Table A.2. For an example of a symmlet transform, see Ma section 5.1 [164]. For

more information about the symmlet basis, see Mallat [360].

Level Frequency range Size of sample
1 f/2 to f 32
2 f/4 to f/2 16
3 f/8 to f/4 8
3 0 to f/8 8

Table A.1 : DWT frequency domain of an example of signal x[n] with a size of 64
under a 3-level decomposition. Frequency range of the signal is 0 to f .

Parameter Value
Number of leading eigenvectors to be computed m 10
Wavelet basis to be used symmlet
Coarsest level in wavelet transform L 4
Parameter describing the support length and vanishing moments of the
selected wavelet basis, par

8

Adjustable constant in the diagonal thresholding step, α 3
Adjustable constant in the iterative thresholding steps, β, which is di-
rectly related to the level of sparsity in cleaned eigenvectors

1.5

Thresholding rule, itthres hard

Table A.2 : Input parameters for ITSPCA and DWT.



165

Appendix B

B.1 Original List of 72 Brain Regions

In the original correlation matrices shown in Figure 4.3, Figure 4.6, and Figure 4.7,

the 72 ROIs started with Left-Hippocampus, Left-Amygdala, Right-Hippocampus,

and Right-Amygdala, followed by 34 DK cortical regions on the left hemisphere (“lh-

”) and then 34 DK cortical regions on the right hemisphere (“rh-”). The exact

ordering is shown in Table B.1. For all lists, region #1 corresponds to the top-most

row (left-most column) of the correlation matrix and region #72 corresponds to the

bottom-most row (right-most column).

Region # Region Name

1 Left-Hippocampus

2 Left-Amygdala

3 Right-Hippocampus

4 Right-Amygdala

5 ctx-lh-bankssts

6 ctx-lh-caudalanteriorcingulate

7 ctx-lh-caudalmiddlefrontal

8 ctx-lh-cuneus

9 ctx-lh-entorhinal

10 ctx-lh-fusiform
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11 ctx-lh-inferiorparietal

12 ctx-lh-inferiortemporal

13 ctx-lh-isthmuscingulate

14 ctx-lh-lateraloccipital

15 ctx-lh-lateralorbitofrontal

16 ctx-lh-lingual

17 ctx-lh-medialorbitofrontal

18 ctx-lh-middletemporal

19 ctx-lh-parahippocampal

20 ctx-lh-paracentral

21 ctx-lh-parsopercularis

22 ctx-lh-parsorbitalis

23 ctx-lh-parstriangularis

24 ctx-lh-pericalcarine

25 ctx-lh-postcentral

26 ctx-lh-posteriorcingulate

27 ctx-lh-precentral

28 ctx-lh-precuneus

29 ctx-lh-rostralanteriorcingulate

30 ctx-lh-rostralmiddlefrontal

31 ctx-lh-superiorfrontal

32 ctx-lh-superiorparietal

33 ctx-lh-superiortemporal

34 ctx-lh-supramarginal
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35 ctx-lh-frontalpole

36 ctx-lh-temporalpole

37 ctx-lh-transversetemporal

38 ctx-lh-insula

39 ctx-rh-bankssts

40 ctx-rh-caudalanteriorcingulate

41 ctx-rh-caudalmiddlefrontal

42 ctx-rh-cuneus

43 ctx-rh-entorhinal

44 ctx-rh-fusiform

45 ctx-rh-inferiorparietal

46 ctx-rh-inferiortemporal

47 ctx-rh-isthmuscingulate

48 ctx-rh-lateraloccipital

49 ctx-rh-lateralorbitofrontal

50 ctx-rh-lingual

51 ctx-rh-medialorbitofrontal

52 ctx-rh-middletemporal

53 ctx-rh-parahippocampal

54 ctx-rh-paracentral

55 ctx-rh-parsopercularis

56 ctx-rh-parsorbitalis

57 ctx-rh-parstriangularis

58 ctx-rh-pericalcarine
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59 ctx-rh-postcentral

60 ctx-rh-posteriorcingulate

61 ctx-rh-precentral

62 ctx-rh-precuneus

63 ctx-rh-rostralanteriorcingulate

64 ctx-rh-rostralmiddlefrontal

65 ctx-rh-superiorfrontal

66 ctx-rh-superiorparietal

67 ctx-rh-superiortemporal

68 ctx-rh-supramarginal

69 ctx-rh-frontalpole

70 ctx-rh-temporalpole

71 ctx-rh-transversetemporal

72 ctx-rh-insula

Table B.1 : Ordered list of ROIs for original correlation matrices.

B.2 Partitioned List of 72 Brain Regions

B.2.1 CN to CN

Table B.2 shows the ordered list of ROIs for the clustered correlation matrix of ”CN

to CN” group (Figure 4.3B, first column). Table B.3 shows the ordered list of ROIs

for the clustered correlation matrix of women in ”CN to CN” group (Figure 4.4B,

first column). Table B.4 shows the ordered list of ROIs for the clustered correlation

matrix of men in ”CN to CN” group (Figure 4.5B, first column).
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Module # Region # Region Name

Module 1 1 ctx-lh-bankssts

2 ctx-lh-caudalmiddlefrontal

3 ctx-lh-inferiorparietal

4 ctx-lh-inferiortemporal

5 ctx-lh-lateraloccipital

6 ctx-lh-middletemporal

7 ctx-lh-parsopercularis

8 ctx-lh-parsorbitalis

9 ctx-lh-parstriangularis

10 ctx-lh-postcentral

11 ctx-lh-precentral

12 ctx-lh-rostralmiddlefrontal

13 ctx-lh-superiorparietal

14 ctx-lh-superiortemporal

15 ctx-lh-supramarginal

16 ctx-lh-frontalpole

17 ctx-rh-cuneus

18 ctx-rh-inferiorparietal

19 ctx-rh-inferiortemporal

20 ctx-rh-lateraloccipital

21 ctx-rh-middletemporal

22 ctx-rh-parsorbitalis

23 ctx-rh-parstriangularis
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24 ctx-rh-postcentral

25 ctx-rh-precentral

26 ctx-rh-rostralmiddlefrontal

27 ctx-rh-superiorparietal

28 ctx-rh-superiortemporal

29 ctx-rh-supramarginal

30 ctx-rh-frontalpole

Module 2 31 ctx-lh-caudalanteriorcingulate

32 ctx-lh-paracentral

33 ctx-lh-posteriorcingulate

34 ctx-lh-precuneus

35 ctx-lh-superiorfrontal

36 ctx-rh-caudalanteriorcingulate

37 ctx-rh-caudalmiddlefrontal

38 ctx-rh-paracentral

39 ctx-rh-parsopercularis

40 ctx-rh-posteriorcingulate

41 ctx-rh-precuneus

42 ctx-rh-superiorfrontal

Module 3 43 Left-Hippocampus

44 Left-Amygdala

45 Right-Hippocampus

46 Right-Amygdala

47 ctx-lh-cuneus

48 ctx-lh-entorhinal



171

49 ctx-lh-fusiform

50 ctx-lh-isthmuscingulate

51 ctx-lh-lateralorbitofrontal

52 ctx-lh-lingual

53 ctx-lh-medialorbitofrontal

54 ctx-lh-parahippocampal

55 ctx-lh-pericalcarine

56 ctx-lh-rostralanteriorcingulate

57 ctx-lh-temporalpole

58 ctx-lh-transversetemporal

59 ctx-lh-insula

60 ctx-rh-bankssts

61 ctx-rh-entorhinal

62 ctx-rh-fusiform

63 ctx-rh-isthmuscingulate

64 ctx-rh-lateralorbitofrontal

65 ctx-rh-lingual

66 ctx-rh-medialorbitofrontal

67 ctx-rh-parahippocampal

68 ctx-rh-pericalcarine

69 ctx-rh-rostralanteriorcingulate

70 ctx-rh-temporalpole

71 ctx-rh-transversetemporal

72 ctx-rh-insula
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Table B.2 : Ordered list of ROIs for the clustered correlation matrix of ”CN to CN”
group (Figure 4.3B, first column).

Module # Region # Region Name

Module 1 1 ctx-lh-caudalmiddlefrontal

2 ctx-lh-inferiorparietal

3 ctx-lh-inferiortemporal

4 ctx-lh-lateraloccipital

5 ctx-lh-middletemporal

6 ctx-lh-paracentral

7 ctx-lh-parsopercularis

8 ctx-lh-parsorbitalis

9 ctx-lh-parstriangularis

10 ctx-lh-postcentral

11 ctx-lh-precentral

12 ctx-lh-rostralmiddlefrontal

13 ctx-lh-superiorparietal

14 ctx-lh-superiortemporal

15 ctx-lh-supramarginal

16 ctx-lh-frontalpole

17 ctx-rh-caudalmiddlefrontal

18 ctx-rh-inferiorparietal

19 ctx-rh-inferiortemporal

20 ctx-rh-lateraloccipital
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21 ctx-rh-middletemporal

22 ctx-rh-paracentral

23 ctx-rh-parsorbitalis

24 ctx-rh-parstriangularis

25 ctx-rh-postcentral

26 ctx-rh-posteriorcingulate

27 ctx-rh-precentral

28 ctx-rh-rostralmiddlefrontal

29 ctx-rh-superiorparietal

30 ctx-rh-superiortemporal

31 ctx-rh-supramarginal

32 ctx-rh-frontalpole

Module 2 33 Left-Hippocampus

34 Left-Amygdala

35 Right-Hippocampus

36 Right-Amygdala

37 ctx-lh-bankssts

38 ctx-lh-caudalanteriorcingulate

39 ctx-lh-cuneus

40 ctx-lh-entorhinal

41 ctx-lh-fusiform

42 ctx-lh-isthmuscingulate

43 ctx-lh-lateralorbitofrontal

44 ctx-lh-lingual

45 ctx-lh-medialorbitofrontal
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46 ctx-lh-parahippocampal

47 ctx-lh-pericalcarine

48 ctx-lh-posteriorcingulate

49 ctx-lh-precuneus

50 ctx-lh-rostralanteriorcingulate

51 ctx-lh-superiorfrontal

52 ctx-lh-temporalpole

53 ctx-lh-transversetemporal

54 ctx-lh-insula

55 ctx-rh-bankssts

56 ctx-rh-caudalanteriorcingulate

57 ctx-rh-cuneus

58 ctx-rh-entorhinal

59 ctx-rh-fusiform

60 ctx-rh-isthmuscingulate

61 ctx-rh-lateralorbitofrontal

62 ctx-rh-lingual

63 ctx-rh-medialorbitofrontal

64 ctx-rh-parahippocampal

65 ctx-rh-parsopercularis

66 ctx-rh-pericalcarine

67 ctx-rh-precuneus

68 ctx-rh-rostralanteriorcingulate

69 ctx-rh-superiorfrontal
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70 ctx-rh-temporalpole

71 ctx-rh-transversetemporal

72 ctx-rh-insula

Table B.3 : Ordered list of ROIs for the clustered correlation matrix of ”CN to CN”
group - women only (Figure 4.4B, first column).

Module # Region # Region Name

Module 1 1 ctx-lh-bankssts

2 ctx-lh-caudalmiddlefrontal

3 ctx-lh-inferiorparietal

4 ctx-lh-inferiortemporal

5 ctx-lh-lateraloccipital

6 ctx-lh-lateralorbitofrontal

7 ctx-lh-middletemporal

8 ctx-lh-parsopercularis

9 ctx-lh-parsorbitalis

10 ctx-lh-parstriangularis

11 ctx-lh-postcentral

12 ctx-lh-rostralmiddlefrontal

13 ctx-lh-superiorparietal

14 ctx-lh-superiortemporal

15 ctx-lh-supramarginal

16 ctx-lh-frontalpole

17 ctx-lh-transversetemporal

18 ctx-rh-bankssts
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19 ctx-rh-cuneus

20 ctx-rh-inferiorparietal

21 ctx-rh-inferiortemporal

22 ctx-rh-lateraloccipital

23 ctx-rh-lateralorbitofrontal

24 ctx-rh-middletemporal

25 ctx-rh-parsorbitalis

26 ctx-rh-parstriangularis

27 ctx-rh-rostralmiddlefrontal

28 ctx-rh-superiorparietal

29 ctx-rh-superiortemporal

30 ctx-rh-supramarginal

31 ctx-rh-frontalpole

Module 2 32 ctx-lh-caudalanteriorcingulate

33 ctx-lh-paracentral

34 ctx-lh-posteriorcingulate

35 ctx-lh-precentral

36 ctx-lh-precuneus

37 ctx-lh-superiorfrontal

38 ctx-rh-caudalanteriorcingulate

39 ctx-rh-caudalmiddlefrontal

40 ctx-rh-paracentral

41 ctx-rh-parsopercularis

42 ctx-rh-postcentral

43 ctx-rh-posteriorcingulate
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44 ctx-rh-precentral

45 ctx-rh-precuneus

46 ctx-rh-superiorfrontal

Module 3 47 Left-Hippocampus

48 Left-Amygdala

49 Right-Hippocampus

50 Right-Amygdala

51 ctx-lh-cuneus

52 ctx-lh-entorhinal

53 ctx-lh-fusiform

54 ctx-lh-isthmuscingulate

55 ctx-lh-lingual

56 ctx-lh-medialorbitofrontal

57 ctx-lh-parahippocampal

58 ctx-lh-pericalcarine

59 ctx-lh-rostralanteriorcingulate

60 ctx-lh-temporalpole

61 ctx-lh-insula

62 ctx-rh-entorhinal

63 ctx-rh-fusiform

64 ctx-rh-isthmuscingulate

65 ctx-rh-lingual

66 ctx-rh-medialorbitofrontal

67 ctx-rh-parahippocampal
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68 ctx-rh-pericalcarine

69 ctx-rh-rostralanteriorcingulate

70 ctx-rh-temporalpole

71 ctx-rh-transversetemporal

72 ctx-rh-insula

Table B.4 : Ordered list of ROIs for the clustered correlation matrix of ”CN to CN”
group - men only (Figure 4.5B, first column).

B.2.2 CN to MCI

Table B.5 shows the ordered list of ROIs for the clustered correlation matrix of ”CN

to MCI” group (Figure 4.3B, second column). Table B.6 shows the ordered list of

ROIs for the clustered correlation matrix of women in ”CN to MCI” group (Figure

4.4B, second column). Table B.7 shows the ordered list of ROIs for the clustered

correlation matrix of men in ”CN to MCI” group (Figure 4.5B, second column).

Module # Region # Region Name

Module 1 1 ctx-lh-caudalanteriorcingulate

2 ctx-lh-caudalmiddlefrontal

3 ctx-lh-isthmuscingulate

4 ctx-lh-paracentral

5 ctx-lh-postcentral

6 ctx-lh-posteriorcingulate

7 ctx-lh-precentral

8 ctx-lh-precuneus

9 ctx-lh-superiorfrontal
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10 ctx-lh-superiorparietal

11 ctx-lh-transversetemporal

12 ctx-rh-caudalanteriorcingulate

13 ctx-rh-caudalmiddlefrontal

14 ctx-rh-isthmuscingulate

15 ctx-rh-paracentral

16 ctx-rh-postcentral

17 ctx-rh-posteriorcingulate

18 ctx-rh-precentral

19 ctx-rh-precuneus

20 ctx-rh-superiorfrontal

21 ctx-rh-superiorparietal

22 ctx-rh-supramarginal

23 ctx-rh-transversetemporal

Module 2 24 ctx-lh-bankssts

25 ctx-lh-cuneus

26 ctx-lh-fusiform

27 ctx-lh-inferiorparietal

28 ctx-lh-inferiortemporal

29 ctx-lh-lateraloccipital

30 ctx-lh-lingual

31 ctx-lh-middletemporal

32 ctx-lh-parsopercularis

33 ctx-lh-parsorbitalis

34 ctx-lh-parstriangularis
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35 ctx-lh-pericalcarine

36 ctx-lh-rostralmiddlefrontal

37 ctx-lh-superiortemporal

38 ctx-lh-supramarginal

39 ctx-lh-frontalpole

40 ctx-rh-bankssts

41 ctx-rh-cuneus

42 ctx-rh-inferiorparietal

43 ctx-rh-inferiortemporal

44 ctx-rh-lateraloccipital

45 ctx-rh-lingual

46 ctx-rh-middletemporal

47 ctx-rh-parsopercularis

48 ctx-rh-parsorbitalis

49 ctx-rh-parstriangularis

50 ctx-rh-pericalcarine

51 ctx-rh-rostralmiddlefrontal

52 ctx-rh-superiortemporal

53 ctx-rh-frontalpole

Module 3 54 Left-Hippocampus

55 Left-Amygdala

56 Right-Hippocampus

57 Right-Amygdala

58 ctx-lh-entorhinal
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59 ctx-lh-lateralorbitofrontal

60 ctx-lh-medialorbitofrontal

61 ctx-lh-parahippocampal

62 ctx-lh-rostralanteriorcingulate

63 ctx-lh-temporalpole

64 ctx-lh-insula

65 ctx-rh-entorhinal

66 ctx-rh-fusiform

67 ctx-rh-lateralorbitofrontal

68 ctx-rh-medialorbitofrontal

69 ctx-rh-parahippocampal

70 ctx-rh-rostralanteriorcingulate

71 ctx-rh-temporalpole

72 ctx-rh-insula

Table B.5 : Ordered list of ROIs for the clustered correlation matrix of ”CN to MCI”
group (Figure 4.3B, second column).

Module # Region # Region Name

Module 1 1 ctx-lh-inferiortemporal

2 ctx-lh-lateralorbitofrontal

3 ctx-lh-parsorbitalis

4 ctx-lh-frontalpole

5 ctx-rh-inferiortemporal

6 ctx-rh-lateralorbitofrontal

7 ctx-rh-parsopercularis
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8 ctx-rh-parsorbitalis

9 ctx-rh-parstriangularis

10 ctx-rh-rostralmiddlefrontal

11 ctx-rh-frontalpole

Module 2 12 ctx-lh-bankssts

13 ctx-lh-caudalmiddlefrontal

14 ctx-lh-inferiorparietal

15 ctx-lh-isthmuscingulate

16 ctx-lh-lateraloccipital

17 ctx-lh-lingual

18 ctx-lh-middletemporal

19 ctx-lh-parsopercularis

20 ctx-lh-parstriangularis

21 ctx-lh-postcentral

22 ctx-lh-posteriorcingulate

23 ctx-lh-precentral

24 ctx-lh-precuneus

25 ctx-lh-rostralmiddlefrontal

26 ctx-lh-superiortemporal

27 ctx-lh-supramarginal

28 ctx-lh-transversetemporal

29 ctx-lh-insula

30 ctx-rh-bankssts

31 ctx-rh-caudalmiddlefrontal

32 ctx-rh-inferiorparietal
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33 ctx-rh-isthmuscingulate

34 ctx-rh-lateraloccipital

35 ctx-rh-middletemporal

36 ctx-rh-postcentral

37 ctx-rh-posteriorcingulate

38 ctx-rh-precentral

39 ctx-rh-precuneus

40 ctx-rh-superiorparietal

41 ctx-rh-superiortemporal

42 ctx-rh-supramarginal

43 ctx-rh-transversetemporal

44 ctx-rh-insula

Module 3 45 Left-Hippocampus

46 Left-Amygdala

47 Right-Hippocampus

48 Right-Amygdala

49 ctx-lh-caudalanteriorcingulate

50 ctx-lh-cuneus

51 ctx-lh-entorhinal

52 ctx-lh-fusiform

53 ctx-lh-medialorbitofrontal

54 ctx-lh-parahippocampal

55 ctx-lh-paracentral

56 ctx-lh-pericalcarine
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57 ctx-lh-rostralanteriorcingulate

58 ctx-lh-superiorfrontal

59 ctx-lh-superiorparietal

60 ctx-lh-temporalpole

61 ctx-rh-caudalanteriorcingulate

62 ctx-rh-cuneus

63 ctx-rh-entorhinal

64 ctx-rh-fusiform

65 ctx-rh-lingual

66 ctx-rh-medialorbitofrontal

67 ctx-rh-parahippocampal

68 ctx-rh-paracentral

69 ctx-rh-pericalcarine

70 ctx-rh-rostralanteriorcingulate

71 ctx-rh-superiorfrontal

72 ctx-rh-temporalpole

Table B.6 : Ordered list of ROIs for the clustered correlation matrix of ”CN to MCI”
group - women only (Figure 4.4B, second column).

Module # Region # Region Name

Module 1 1 ctx-lh-bankssts

2 ctx-lh-cuneus

3 ctx-lh-fusiform

4 ctx-lh-inferiorparietal

5 ctx-lh-inferiortemporal
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6 ctx-lh-lateraloccipital

7 ctx-lh-lateralorbitofrontal

8 ctx-lh-lingual

9 ctx-lh-middletemporal

10 ctx-lh-parsopercularis

11 ctx-lh-parsorbitalis

12 ctx-lh-parstriangularis

13 ctx-lh-pericalcarine

14 ctx-lh-postcentral

15 ctx-lh-rostralmiddlefrontal

16 ctx-lh-superiorparietal

17 ctx-lh-superiortemporal

18 ctx-lh-supramarginal

19 ctx-lh-frontalpole

20 ctx-rh-bankssts

21 ctx-rh-cuneus

22 ctx-rh-fusiform

23 ctx-rh-inferiorparietal

24 ctx-rh-inferiortemporal

25 ctx-rh-lateraloccipital

26 ctx-rh-lateralorbitofrontal

27 ctx-rh-lingual

28 ctx-rh-middletemporal

29 ctx-rh-parsopercularis

30 ctx-rh-parsorbitalis
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31 ctx-rh-parstriangularis

32 ctx-rh-pericalcarine

33 ctx-rh-rostralmiddlefrontal

34 ctx-rh-superiorparietal

35 ctx-rh-superiortemporal

36 ctx-rh-supramarginal

37 ctx-rh-frontalpole

Module 2 38 Left-Hippocampus

39 Left-Amygdala

40 Right-Hippocampus

41 Right-Amygdala

42 ctx-lh-caudalanteriorcingulate

43 ctx-lh-caudalmiddlefrontal

44 ctx-lh-entorhinal

45 ctx-lh-isthmuscingulate

46 ctx-lh-medialorbitofrontal

47 ctx-lh-parahippocampal

48 ctx-lh-paracentral

49 ctx-lh-posteriorcingulate

50 ctx-lh-precentral

51 ctx-lh-precuneus

52 ctx-lh-rostralanteriorcingulate

53 ctx-lh-superiorfrontal

54 ctx-lh-temporalpole
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55 ctx-lh-transversetemporal

56 ctx-lh-insula

57 ctx-rh-caudalanteriorcingulate

58 ctx-rh-caudalmiddlefrontal

59 ctx-rh-entorhinal

60 ctx-rh-isthmuscingulate

61 ctx-rh-medialorbitofrontal

62 ctx-rh-parahippocampal

63 ctx-rh-paracentral

64 ctx-rh-postcentral

65 ctx-rh-posteriorcingulate

66 ctx-rh-precentral

67 ctx-rh-precuneus

68 ctx-rh-rostralanteriorcingulate

69 ctx-rh-superiorfrontal

70 ctx-rh-temporalpole

71 ctx-rh-transversetemporal

72 ctx-rh-insula

Table B.7 : Ordered list of ROIs for the clustered correlation matrix of ”CN to MCI”
group - men only (Figure 4.5B, second column).

B.2.3 CN to AD

Table B.8 shows the ordered list of ROIs for the clustered correlation matrix of ”CN

to AD” group (Figure 4.3B, third column). Table B.9 shows the ordered list of ROIs

for the clustered correlation matrix of women in ”CN to AD” group (Figure 4.4B,
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third column). Table B.10 shows the ordered list of ROIs for the clustered correlation

matrix of men in ”CN to AD” group (Figure 4.5B, third column).

Module # Region # Region Name

Module 1 1 ctx-lh-bankssts

2 ctx-lh-caudalanteriorcingulate

3 ctx-lh-caudalmiddlefrontal

4 ctx-lh-inferiorparietal

5 ctx-lh-isthmuscingulate

6 ctx-lh-medialorbitofrontal

7 ctx-lh-paracentral

8 ctx-lh-parsopercularis

9 ctx-lh-parstriangularis

10 ctx-lh-postcentral

11 ctx-lh-posteriorcingulate

12 ctx-lh-precentral

13 ctx-lh-precuneus

14 ctx-lh-rostralmiddlefrontal

15 ctx-lh-superiorfrontal

16 ctx-lh-superiorparietal

17 ctx-lh-supramarginal

18 ctx-lh-frontalpole

19 ctx-lh-insula

20 ctx-rh-caudalanteriorcingulate

21 ctx-rh-caudalmiddlefrontal

22 ctx-rh-inferiorparietal
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23 ctx-rh-isthmuscingulate

24 ctx-rh-paracentral

25 ctx-rh-parstriangularis

26 ctx-rh-postcentral

27 ctx-rh-posteriorcingulate

28 ctx-rh-precentral

29 ctx-rh-precuneus

30 ctx-rh-rostralanteriorcingulate

31 ctx-rh-rostralmiddlefrontal

32 ctx-rh-superiorfrontal

33 ctx-rh-superiorparietal

34 ctx-rh-supramarginal

35 ctx-rh-frontalpole

Module 2 36 ctx-lh-cuneus

37 ctx-lh-lingual

38 ctx-lh-pericalcarine

39 ctx-lh-rostralanteriorcingulate

40 ctx-rh-bankssts

41 ctx-rh-lingual

42 ctx-rh-parsopercularis

43 ctx-rh-pericalcarine

44 ctx-rh-transversetemporal

Module 3 45 Left-Hippocampus

46 Left-Amygdala
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47 Right-Hippocampus

48 Right-Amygdala

49 ctx-lh-entorhinal

50 ctx-lh-fusiform

51 ctx-lh-inferiortemporal

52 ctx-lh-lateraloccipital

53 ctx-lh-lateralorbitofrontal

54 ctx-lh-middletemporal

55 ctx-lh-parahippocampal

56 ctx-lh-parsorbitalis

57 ctx-lh-superiortemporal

58 ctx-lh-temporalpole

59 ctx-lh-transversetemporal

60 ctx-rh-cuneus

61 ctx-rh-entorhinal

62 ctx-rh-fusiform

63 ctx-rh-inferiortemporal

64 ctx-rh-lateraloccipital

65 ctx-rh-lateralorbitofrontal

66 ctx-rh-medialorbitofrontal

67 ctx-rh-middletemporal

68 ctx-rh-parahippocampal

69 ctx-rh-parsorbitalis

70 ctx-rh-superiortemporal

71 ctx-rh-temporalpole
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72 ctx-rh-insula

Table B.8 : Ordered list of ROIs for the clustered correlation matrix of ”CN to AD”
group (Figure 4.3B, third column).

Module # Region # Region Name

Module 1 1 ctx-lh-caudalanteriorcingulate

2 ctx-lh-lateralorbitofrontal

3 ctx-lh-medialorbitofrontal

4 ctx-lh-parsorbitalis

5 ctx-lh-posteriorcingulate

6 ctx-lh-rostralmiddlefrontal

7 ctx-lh-frontalpole

8 ctx-rh-caudalanteriorcingulate

9 ctx-rh-cuneus

10 ctx-rh-inferiorparietal

11 ctx-rh-lateraloccipital

12 ctx-rh-lateralorbitofrontal

13 ctx-rh-medialorbitofrontal

14 ctx-rh-parsorbitalis

15 ctx-rh-parstriangularis

16 ctx-rh-posteriorcingulate

17 ctx-rh-rostralmiddlefrontal

18 ctx-rh-superiortemporal

19 ctx-rh-frontalpole
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Module 2 20 ctx-lh-caudalmiddlefrontal

21 ctx-lh-cuneus

22 ctx-lh-inferiorparietal

23 ctx-lh-isthmuscingulate

24 ctx-lh-lingual

25 ctx-lh-paracentral

26 ctx-lh-parsopercularis

27 ctx-lh-parstriangularis

28 ctx-lh-pericalcarine

29 ctx-lh-postcentral

30 ctx-lh-precentral

31 ctx-lh-precuneus

32 ctx-lh-rostralanteriorcingulate

33 ctx-lh-superiorfrontal

34 ctx-lh-superiorparietal

35 ctx-lh-supramarginal

36 ctx-lh-insula

37 ctx-rh-bankssts

38 ctx-rh-caudalmiddlefrontal

39 ctx-rh-isthmuscingulate

40 ctx-rh-lingual

41 ctx-rh-paracentral

42 ctx-rh-parsopercularis

43 ctx-rh-pericalcarine
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44 ctx-rh-postcentral

45 ctx-rh-precentral

46 ctx-rh-precuneus

47 ctx-rh-rostralanteriorcingulate

48 ctx-rh-superiorfrontal

49 ctx-rh-superiorparietal

50 ctx-rh-supramarginal

51 ctx-rh-transversetemporal

52 ctx-rh-insula

Module 3 53 Left-Hippocampus

54 Left-Amygdala

55 Right-Hippocampus

56 Right-Amygdala

57 ctx-lh-bankssts

58 ctx-lh-entorhinal

59 ctx-lh-fusiform

60 ctx-lh-inferiortemporal

61 ctx-lh-lateraloccipital

62 ctx-lh-middletemporal

63 ctx-lh-parahippocampal

64 ctx-lh-superiortemporal

65 ctx-lh-temporalpole

66 ctx-lh-transversetemporal

67 ctx-rh-entorhinal

68 ctx-rh-fusiform
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69 ctx-rh-inferiortemporal

70 ctx-rh-middletemporal

71 ctx-rh-parahippocampal

72 ctx-rh-temporalpole

Table B.9 : Ordered list of ROIs for the clustered correlation matrix of ”CN to AD”
group - women only (Figure 4.4B, third column).

Module # Region # Region Name

Module 1 1 ctx-lh-caudalmiddlefrontal

2 ctx-lh-cuneus

3 ctx-lh-inferiorparietal

4 ctx-lh-lateraloccipital

5 ctx-lh-lingual

6 ctx-lh-paracentral

7 ctx-lh-parsopercularis

8 ctx-lh-pericalcarine

9 ctx-lh-postcentral

10 ctx-lh-precentral

11 ctx-lh-rostralmiddlefrontal

12 ctx-lh-superiorparietal

13 ctx-lh-supramarginal

14 ctx-lh-temporalpole

15 ctx-lh-transversetemporal

16 ctx-rh-bankssts
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17 ctx-rh-caudalmiddlefrontal

18 ctx-rh-cuneus

19 ctx-rh-entorhinal

20 ctx-rh-inferiorparietal

21 ctx-rh-inferiortemporal

22 ctx-rh-lateraloccipital

23 ctx-rh-lingual

24 ctx-rh-middletemporal

25 ctx-rh-parahippocampal

26 ctx-rh-paracentral

27 ctx-rh-parstriangularis

28 ctx-rh-pericalcarine

29 ctx-rh-postcentral

30 ctx-rh-precentral

31 ctx-rh-rostralanteriorcingulate

32 ctx-rh-rostralmiddlefrontal

33 ctx-rh-superiorfrontal

34 ctx-rh-superiorparietal

35 ctx-rh-superiortemporal

36 ctx-rh-supramarginal

37 ctx-rh-temporalpole

38 ctx-rh-transversetemporal

Module 2 39 Left-Hippocampus

40 Left-Amygdala

41 Right-Hippocampus
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42 Right-Amygdala

43 ctx-lh-bankssts

44 ctx-lh-caudalanteriorcingulate

45 ctx-lh-entorhinal

46 ctx-lh-fusiform

47 ctx-lh-inferiortemporal

48 ctx-lh-isthmuscingulate

49 ctx-lh-lateralorbitofrontal

50 ctx-lh-medialorbitofrontal

51 ctx-lh-middletemporal

52 ctx-lh-parahippocampal

53 ctx-lh-parsorbitalis

54 ctx-lh-parstriangularis

55 ctx-lh-posteriorcingulate

56 ctx-lh-precuneus

57 ctx-lh-rostralanteriorcingulate

58 ctx-lh-superiorfrontal

59 ctx-lh-superiortemporal

60 ctx-lh-frontalpole

61 ctx-lh-insula

62 ctx-rh-caudalanteriorcingulate

63 ctx-rh-fusiform

64 ctx-rh-isthmuscingulate

65 ctx-rh-lateralorbitofrontal
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66 ctx-rh-medialorbitofrontal

67 ctx-rh-parsopercularis

68 ctx-rh-parsorbitalis

69 ctx-rh-posteriorcingulate

70 ctx-rh-precuneus

71 ctx-rh-frontalpole

72 ctx-rh-insula

Table B.10 : Ordered list of ROIs for the clustered correlation matrix of ”CN to AD”
group - men only (Figure 4.5B, third column).

B.2.4 AD

Table B.11 shows the ordered list of ROIs for the clustered correlation matrix of ”AD”

group (Figure 4.3B, fourth column). Table B.12 shows the ordered list of ROIs for the

clustered correlation matrix of women in ”AD” group (Figure 4.4B, fourth column).

Table B.13 shows the ordered list of ROIs for the clustered correlation matrix of men

in ”AD” group (Figure 4.5B, fourth column).

Module # Region # Region Name

Module 1 1 ctx-lh-caudalmiddlefrontal

2 ctx-lh-parsopercularis

3 ctx-lh-parsorbitalis

4 ctx-lh-parstriangularis

5 ctx-lh-rostralmiddlefrontal

6 ctx-lh-superiorfrontal

7 ctx-lh-frontalpole
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8 ctx-rh-caudalmiddlefrontal

9 ctx-rh-parsopercularis

10 ctx-rh-parsorbitalis

11 ctx-rh-parstriangularis

12 ctx-rh-rostralmiddlefrontal

13 ctx-rh-superiorfrontal

14 ctx-rh-frontalpole

Module 2 15 ctx-lh-bankssts

16 ctx-lh-cuneus

17 ctx-lh-fusiform

18 ctx-lh-inferiorparietal

19 ctx-lh-inferiortemporal

20 ctx-lh-lateraloccipital

21 ctx-lh-lingual

22 ctx-lh-middletemporal

23 ctx-lh-paracentral

24 ctx-lh-pericalcarine

25 ctx-lh-postcentral

26 ctx-lh-precentral

27 ctx-lh-precuneus

28 ctx-lh-superiorparietal

29 ctx-lh-superiortemporal

30 ctx-lh-supramarginal

31 ctx-lh-transversetemporal

32 ctx-rh-bankssts
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33 ctx-rh-cuneus

34 ctx-rh-fusiform

35 ctx-rh-inferiorparietal

36 ctx-rh-inferiortemporal

37 ctx-rh-lateraloccipital

38 ctx-rh-lingual

39 ctx-rh-middletemporal

40 ctx-rh-paracentral

41 ctx-rh-pericalcarine

42 ctx-rh-postcentral

43 ctx-rh-precentral

44 ctx-rh-precuneus

45 ctx-rh-superiorparietal

46 ctx-rh-superiortemporal

47 ctx-rh-supramarginal

48 ctx-rh-transversetemporal

Module 3 49 Left-Hippocampus

50 Left-Amygdala

51 Right-Hippocampus

52 Right-Amygdala

53 ctx-lh-caudalanteriorcingulate

54 ctx-lh-entorhinal

55 ctx-lh-isthmuscingulate

56 ctx-lh-lateralorbitofrontal
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57 ctx-lh-medialorbitofrontal

58 ctx-lh-parahippocampal

59 ctx-lh-posteriorcingulate

60 ctx-lh-rostralanteriorcingulate

61 ctx-lh-temporalpole

62 ctx-lh-insula

63 ctx-rh-caudalanteriorcingulate

64 ctx-rh-entorhinal

65 ctx-rh-isthmuscingulate

66 ctx-rh-lateralorbitofrontal

67 ctx-rh-medialorbitofrontal

68 ctx-rh-parahippocampal

69 ctx-rh-posteriorcingulate

70 ctx-rh-rostralanteriorcingulate

71 ctx-rh-temporalpole

72 ctx-rh-insula

Table B.11 : Ordered list of ROIs for the clustered correlation matrix of ”AD” group
(Figure 4.3B, fourth column).

Module # Region # Region Name

Module 1 1 ctx-lh-caudalmiddlefrontal

2 ctx-lh-parsopercularis

3 ctx-lh-parsorbitalis

4 ctx-lh-parstriangularis

5 ctx-lh-rostralmiddlefrontal
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6 ctx-lh-superiorfrontal

7 ctx-lh-frontalpole

8 ctx-rh-caudalmiddlefrontal

9 ctx-rh-parsopercularis

10 ctx-rh-parsorbitalis

11 ctx-rh-parstriangularis

12 ctx-rh-rostralmiddlefrontal

13 ctx-rh-superiorfrontal

14 ctx-rh-frontalpole

Module 2 15 ctx-lh-bankssts

16 ctx-lh-cuneus

17 ctx-lh-fusiform

18 ctx-lh-inferiorparietal

19 ctx-lh-inferiortemporal

20 ctx-lh-lateraloccipital

21 ctx-lh-lingual

22 ctx-lh-middletemporal

23 ctx-lh-paracentral

24 ctx-lh-pericalcarine

25 ctx-lh-postcentral

26 ctx-lh-precentral

27 ctx-lh-precuneus

28 ctx-lh-superiorparietal

29 ctx-lh-superiortemporal

30 ctx-lh-supramarginal
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31 ctx-lh-transversetemporal

32 ctx-rh-bankssts

33 ctx-rh-cuneus

34 ctx-rh-fusiform

35 ctx-rh-inferiorparietal

36 ctx-rh-inferiortemporal

37 ctx-rh-lateraloccipital

38 ctx-rh-lingual

39 ctx-rh-middletemporal

40 ctx-rh-paracentral

41 ctx-rh-pericalcarine

42 ctx-rh-postcentral

43 ctx-rh-precentral

44 ctx-rh-precuneus

45 ctx-rh-superiorparietal

46 ctx-rh-superiortemporal

47 ctx-rh-supramarginal

48 ctx-rh-transversetemporal

Module 3 49 Left-Hippocampus

50 Left-Amygdala

51 Right-Hippocampus

52 Right-Amygdala

53 ctx-lh-caudalanteriorcingulate

54 ctx-lh-entorhinal
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55 ctx-lh-isthmuscingulate

56 ctx-lh-lateralorbitofrontal

57 ctx-lh-medialorbitofrontal

58 ctx-lh-parahippocampal

59 ctx-lh-posteriorcingulate

60 ctx-lh-rostralanteriorcingulate

61 ctx-lh-temporalpole

62 ctx-lh-insula

63 ctx-rh-caudalanteriorcingulate

64 ctx-rh-entorhinal

65 ctx-rh-isthmuscingulate

66 ctx-rh-lateralorbitofrontal

67 ctx-rh-medialorbitofrontal

68 ctx-rh-parahippocampal

69 ctx-rh-posteriorcingulate

70 ctx-rh-rostralanteriorcingulate

71 ctx-rh-temporalpole

72 ctx-rh-insula

Table B.12 : Ordered list of ROIs for the clustered correlation matrix of ”AD” group
- women only (Figure 4.4B, fourth column).

Module # Region # Region Name

Module 1 1 ctx-lh-caudalmiddlefrontal

2 ctx-lh-paracentral

3 ctx-lh-parsopercularis
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4 ctx-lh-parsorbitalis

5 ctx-lh-parstriangularis

6 ctx-lh-precentral

7 ctx-lh-rostralmiddlefrontal

8 ctx-lh-superiorfrontal

9 ctx-lh-frontalpole

10 ctx-rh-caudalmiddlefrontal

11 ctx-rh-paracentral

12 ctx-rh-parsopercularis

13 ctx-rh-parsorbitalis

14 ctx-rh-parstriangularis

15 ctx-rh-precentral

16 ctx-rh-rostralmiddlefrontal

17 ctx-rh-superiorfrontal

18 ctx-rh-frontalpole

Module 2 19 ctx-lh-bankssts

20 ctx-lh-cuneus

21 ctx-lh-fusiform

22 ctx-lh-inferiorparietal

23 ctx-lh-inferiortemporal

24 ctx-lh-lateraloccipital

25 ctx-lh-lingual

26 ctx-lh-middletemporal

27 ctx-lh-pericalcarine

28 ctx-lh-postcentral
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29 ctx-lh-precuneus

30 ctx-lh-superiorparietal

31 ctx-lh-superiortemporal

32 ctx-lh-supramarginal

33 ctx-lh-transversetemporal

34 ctx-rh-bankssts

35 ctx-rh-cuneus

36 ctx-rh-fusiform

37 ctx-rh-inferiorparietal

38 ctx-rh-inferiortemporal

39 ctx-rh-isthmuscingulate

40 ctx-rh-lateraloccipital

41 ctx-rh-lingual

42 ctx-rh-middletemporal

43 ctx-rh-pericalcarine

44 ctx-rh-postcentral

45 ctx-rh-precuneus

46 ctx-rh-superiorparietal

47 ctx-rh-superiortemporal

48 ctx-rh-supramarginal

49 ctx-rh-transversetemporal

Module 3 50 Left-Hippocampus

51 Left-Amygdala

52 Right-Hippocampus
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53 Right-Amygdala

54 ctx-lh-caudalanteriorcingulate

55 ctx-lh-entorhinal

56 ctx-lh-isthmuscingulate

57 ctx-lh-lateralorbitofrontal

58 ctx-lh-medialorbitofrontal

59 ctx-lh-parahippocampal

60 ctx-lh-posteriorcingulate

61 ctx-lh-rostralanteriorcingulate

62 ctx-lh-temporalpole

63 ctx-lh-insula

64 ctx-rh-caudalanteriorcingulate

65 ctx-rh-entorhinal

66 ctx-rh-lateralorbitofrontal

67 ctx-rh-medialorbitofrontal

68 ctx-rh-parahippocampal

69 ctx-rh-posteriorcingulate

70 ctx-rh-rostralanteriorcingulate

71 ctx-rh-temporalpole

72 ctx-rh-insula

Table B.13 : Ordered list of ROIs for the clustered correlation matrix of ”AD” group
- men only (Figure 4.5B, fourth column).

B.3 Supplementary Figures
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Figure B.1 : Mapping of mean FDG SUVR and gene expression to brain. Top left,
in red rectangular frame: mean FDG SUVR across all CN subjects mapped to the 68
cortical ROIs. The rest: expression of all 14 dementia-related genes, mapped to the
68 cortical ROIs, respectively. Under each gene expression brain map is a scatter plot
showing the correlation between mean FDG SUVR and gene expression. A linear fit
is also provided in each scatter plot.
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Figure B.2 : Module-wise correlation between dementia-related gene expression and
brain metabolism (part I). The four columns, from left to right, correspond to “CN
to CN”, “CN to MCI”, “CN to AD”, and “AD” group, respectively. Module location
and extent are as depicted in Fig 4.3C, but here modules are colored based on the
correlation (r) within each module.
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Figure B.3 : Module-wise correlation between dementia-related gene expression and
brain metabolism (part II). The four columns, from left to right, correspond to “CN
to CN”, “CN to MCI”, “CN to AD”, and “AD” group, respectively. Module location
and extent are as depicted in Fig 4.3C, but here modules are colored based on the
correlation (r) within each module.
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Figure B.4 : Module-wise correlation between dementia-related gene expression and
brain metabolism (part III). The four columns, from left to right, correspond to “CN
to CN”, “CN to MCI”, “CN to AD”, and “AD” group, respectively. Module location
and extent are as depicted in Fig 4.3C, but here modules are colored based on the
correlation (r) within each module.
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M. Lathrop, T. Lehtimäki, H. Lin, K. Mattila, R. Mayeux, D. M. Muzny,

W. Nasser, B. Neale, K. Nho, G. Nicolas, D. Patel, M. A. Pericak-Vance, M. Per-

ola, B. M. Psaty, O. Quenez, F. Rajabli, R. Redon, C. Reitz, A. M. Remes,

V. Salomaa, C. Sarnowski, H. Schmidt, M. Schmidt, R. Schmidt, H. Soininen,

T. A. Thornton, G. Tosto, C. Tzourio, S. J. van der Lee, C. M. van Duijn,

O. Valladares, B. Vardarajan, L.-S. Wang, W. Wang, E. Wijsman, R. K. Wil-

son, D. Witten, K. C. Worley, X. Zhang, C. Bellenguez, J.-C. Lambert, M. I.

Kurki, A. Palotie, M. Daly, E. Boerwinkle, K. L. Lunetta, A. L. Destefano,

J. Dupuis, E. R. Martin, G. D. Schellenberg, S. Seshadri, A. C. Naj, M. For-

nage, and L. A. Farrer, “Whole exome sequencing study identifies novel rare

and common Alzheimer’s-Associated variants involved in immune response and

transcriptional regulation,” Molecular Psychiatry, vol. 25, pp. 1859–1875, Aug.

2020.

[333] G. R. Frost, L. A. Jonas, and Y. M. Li, “Friend, foe or both? Immune activity

in alzheimer’s disease,” Front Aging Neurosci, vol. 11, p. 337, 2019.

[334] S. Jevtic, A. S. Sengar, M. W. Salter, and J. McLaurin, “The role of the im-

mune system in Alzheimer disease: Etiology and treatment,” Ageing Research

Reviews, vol. 40, pp. 84–94, 2017.

[335] W. Cao and H. Zheng, “Peripheral immune system in aging and Alzheimer’s

disease,” Molecular Neurodegeneration, vol. 13, p. 51, Oct. 2018.



263

[336] S. Galvan-Pena and L. A. O’Neill, “Metabolic reprograming in macrophage

polarization,” Front Immunol, vol. 5, p. 420, 2014.

[337] M. M. Mehta, S. E. Weinberg, and N. S. Chandel, “Mitochondrial control of

immunity: Beyond ATP,” Nature Reviews Immunology, vol. 17, no. 10, pp. 608–

620, 2017.

[338] E. L. Mills, B. Kelly, and L. A. J. O’Neill, “Mitochondria are the powerhouses

of immunity,” Nature Immunology, vol. 18, no. 5, pp. 488–498, 2017.

[339] S. H. Baik, S. Kang, W. Lee, H. Choi, S. Chung, J. I. Kim, and I. Mook-

Jung, “A breakdown in metabolic reprogramming causes microglia dysfunction

in alzheimer’s disease,” Cell Metabolism, vol. 30, no. 3, pp. 493–507 e6, 2019.

[340] R. I. Clark, S. W. S. Tan, C. B. Péan, U. Roostalu, V. Vivancos, K. Bronda,
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[348] V. Lacroix, L. Cottret, P. Thébault, and M.-F. Sagot, “An introduction to

metabolic networks and their structural analysis,” IEEE/ACM transactions on

computational biology and bioinformatics, vol. 5, no. 4, pp. 594–617, 2008 Oct-



265

Dec.

[349] A. Larhlimi, S. Blachon, J. Selbig, and Z. Nikoloski, “Robustness of metabolic

networks: A review of existing definitions,” Biosystems, vol. 106, pp. 1–8, Oct.

2011.

[350] M. Kanehisa and S. Goto, “KEGG: Kyoto Encyclopedia of Genes and

Genomes,” Nucleic Acids Research, vol. 28, pp. 27–30, Jan. 2000.

[351] M. Kanehisa, Y. Sato, M. Kawashima, M. Furumichi, and M. Tanabe, “KEGG

as a reference resource for gene and protein annotation,” Nucleic Acids Re-

search, vol. 44, pp. D457–D462, Jan. 2016.

[352] M. Kanehisa, M. Furumichi, M. Tanabe, Y. Sato, and K. Morishima, “KEGG:

New perspectives on genomes, pathways, diseases and drugs,” Nucleic Acids

Research, vol. 45, pp. D353–D361, Jan. 2017.

[353] M. Durot, P.-Y. Bourguignon, and V. Schachter, “Genome-scale models of bac-

terial metabolism: Reconstruction and applications,” Fems Microbiology Re-

views, vol. 33, pp. 164–190, Jan. 2009.
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