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ABSTRACT

BICNet: A Bayesian Approach for Estimating Task Effects on Intrinsic

Connectivity Networks in fMRI Data

Meini Tang

Intrinsic connectivity networks (ICNs) refer to brain functional networks that are

consistently found under various conditions, during tasks or at rest. Some studies

demonstrated that while some stimuli do not impact intrinsic connectivity, other stimuli

actually activate intrinsic connectivity through suppression, excitation, moderation

or modification. Most analyses of functional magnetic resonance imaging (fMRI)

data use ad-hoc methods to estimate the latent structure of ICNs. Modeling the

effects on ICNs has also not been fully investigated. Bayesian Intrinsic Connectivity

Network (BICNet) captures the ICN structure with We propose a BICNet model,

an extended Bayesian dynamic sparse latent factor model, to identify the ICNs and

quantify task-related effects on the ICNs. BICNet has the following advantages:

(1) It simultaneously identifies the individual and group-level ICNs; (2) It robustly

identifies ICNs by jointly modeling resting-state fMRI (rfMRI) and task-related fMRI

(tfMRI); (3) Compared to independent component analysis (ICA)-based methods, it

can quantify the difference of ICNs amplitudes across different states; (4) The sparsity

of ICNs automatically performs feature selection, instead of ad-hoc thresholding. We

apply BICNet to the rfMRI and language tfMRI data from the Human Connectome

Project (HCP) and identify several ICNs related to distinct language processing

functions.
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Chapter 1

Introduction

1.1 Background

Functional magnetic resonance imaging (fMRI) is a non-invasive method that indirectly

measures brain activity across time using the blood-oxygen-level-dependent (BOLD)

contracts. The BOLD signals measure spatially localized changes in blood flow and

blood oxygenation related to neuronal activities—oxygenated blood flow to a localized

region increases when activated. The oxygenated blood replaces the deoxygenated

blood to satisfy the increased metabolism demand. This hemodynamic response

usually happens within seconds after presenting a stimulus [1, 2].

The human brain requires the activation of local neurons and the connections among

different (and even spatially remote) brain regions to fulfill different complicated tasks

[3, 4]. Ongoing intrinsic activity synchronizes across many neuronal subpopulations

and accounts for a large portion of the brain’s energy consumption [5]. Functional

connectivity is used to quantify the statistical dependence, such as correlation and

mutual information, between spatially separated brain regions. Functional connectivity

attracts much attention in the neuroscience community because it has a fundamental

role in human cognition, and it is not entirely shaped by the brain anatomical structure

[6].

Moreover, our brains are always active even without external stimuli. Many studies

observe that some networks are consistently present in healthy subjects and patients

with neurological disorders and across different experimental stimuli within the same
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(a) ROIs

(b) Functional Connectivity among ROIs

(c) Normalized rfMRI Time Series at 4 Different ROIs

Figure 1.1: Illustration of functional connectivity analysis with fMRI. Functional
connectivity studies usually focus on some ROIs. Fig(a) shows ROIs defined by AAL
atlas. Each glsroi consists of thousands of voxels. (b) Static functional connectivity
among ROIs under resting state. The static functional connectivity is estimated by
sample correlation. (c) Normalized rfMRI time series at 4 different ROIs.
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subject [7, 8, 9]. For example, the default-mode network, first introduced in [10],

is one of the most widely reported brain networks under various conditions. The

term “default mode” refers to a state that an individual is consciously awake but not

engaged in any goal-oriented or attention-demanding task. Though its name has a

general implication, the default-mode network is a specific network that includes the

posterior cingulate cortex, medial prefrontal cortex, hippocampi, and medial, lateral,

and inferior cortex. It is a task-negative network activated under resting state and

deactivated but not extinguished during task performance. Task-positive networks,

including the dorsolateral prefrontal cortex, inferior parietal cortex, and supplementary

motor area, are also consistently identified under both resting and task-related states.

In contrast to the default-mode network, task-positive networks are activated under

task-related states but suppressed under resting states [11]. Besides, multiple networks

have been reported under different cognitive states.

We use ICNs to refer to networks that can be consistently found under both resting

and task-related states. An ICN includes a subset of neurons in the human brain

and can overlap with different ICNs. Recent research demonstrates that intrinsic

connectivity correlates with cognition a behavioral performance [12]. Moreover, some

studies strongly suggest that altered resting-state functional connectivity in patients

with neurological disorders, e.g., Alzheimer’s disease, epilepsy, and schizophrenia,

relative to controls. These findings strongly indicate that intrinsic connectivity has

the potential to be a biomarker of neurological disorders [11, 12, 13, 14, 15].

1.2 Previous Works

The identification of ICNs is equivalent to estimate relatively stable functional connec-

tivity under various conditions. Many studies [6, 16, 17] used rfMRI since the concept

of ICNs originates from it. However, it is hard to relate these resting-state ICNs

to certain cognitive functions because rfMRI is task-independent. Thus the ICNs
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identified under resting state can reflect both ongoing intrinsic cognitive activities and

physiological activities to maintain brain networks in a primed state [6]. Therefore,

study in [18] used both rfMRI and tfMRI to get a more reliable estimate of ICNs.

To identify ICNs, early studies relied on temporal correlation between ROIs [16, 18],

which does not fully characterize the dependence in a brain network. Further, it

is hard to provide a functionally meaningful interpretation of the identified ICNs

because ROIs are defined apriori based on some anatomical segmentation instead of

functional segmentation. It is more reasonable to assume that some brain regions are

intrinsically linked to networks with specialized roles in information processing and that

a cognitive task engages multiple intrinsic networks [19]. Therefore, we can decompose

the functional brain network into latent networks to locate functionally meaningful

ICN components. Define y to be the N × 1 observed fMRI signal. It is a linear

mixture of K underlying neuronal sources, f , with additional noise ε, y = Λf + ε,

where Λ is the mixing matrix and k-th column Λk describes the membership of k-th

latent network and the contribution of ROIs to this ICN. We assume K < N to reduce

computational burdens and thus get a low-rank representation of ICNs.

Factor analysis (FA) [20, 21, 22], principal component analysis (PCA), and ICA are

three typical solutions to this problem with different assumptions. Both FA and PCA

generate orthogonal components under the assumption of Gaussianity, which is often

violated in neural imaging. Therefore, ICA, which generates non-Gaussian components

with maximum statistical independence among each other using higher-order statistics,

is widely used to study functional brain networks [6, 17]. Choosing the number of

latent components is very important to ICA because the results drastically change

when the number of latent components changes. In contrast, FA and PCA are more

robust to changes in the number of components because the addition or removal of

one component does not affect other components in factor analysis and PCA because

of orthogonality.
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After identifying the ICNs, the natural next step is to determine both similarities

and differences in the ICNs between the resting-state and task performance. Many

studies have reported high spatial similarity and mild spatial dissimilarity in between

resting and task-related states [7, 8, 9, 19, 23]. Some of these studies demonstrated

that some stimuli either suppress, activate, moderate, or modify ICNs [24, 25, 26].

These findings indicate that both the functional connectivity and evoked hemodynamic

response are likely to reflect alternation between excitation and inhibition of different

intrinsic network components [27, 28].

ICA-based studies mainly used multi-stage approaches that analyze rfMRI and

tfMRI separately and then perform a statistical comparison, which suffers from low

statistical power. In fact, it’s hard to use ICA to quantify the difference between ICNs

under different conditions. [29] points out that ICA cannot determine the energies,

or squared amplitudes of signals, and signs of the independent components because

it assumes E (ff ′) = I to deal with the model indeterminacy. Outside ICA, [30]

propose a statistical inference framework under a Bayesian Gaussian graphical model,

relying on a strict assumption of statistical independence of fMRI signals across time.

Overall, there have been limited studies to quantify the difference between ICNs under

various conditions in a rigorous statistical framework.

Functional or behavioral interpretation of ICNs is a fundamental question in

this field. [31] shows that intrinsic connectivity could help identify subjects from a

large group under various conditions. However, while ICNs under the resting state

is confounded by nonconscious context [32], ICNs under task performance can also

be governed by noise considering fMRI’s low signal-to-noise ratio. Our goal here is

to develop a more robust method for pooling both rfMRI and tfMRI together. As

mentioned above, a meaningful interpretation depends on a task-dependent context

that provides more behavioral information and a low-rank network structure that

probe into the brain’s functional segregation and integration.
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1.3 Objectives and Contributions

Our first goal is to model the structures of ICNs that exist under both resting and

different task-related states at individual and group levels. Secondly, we are interested

in quantifying the difference in the energies or amplitudes of different ICNs among

resting and task-related states. Thirdly, we study the effect of amplitude change

of different ICNs on behavioral responses and identify functionally meaningful ICN

components.

Here, we highlight the main difference between the proposed BICNet from the

ICA-based methods: (1) BICNet can estimate the amplitudes of ICNs; (2) The

hierarchy of BICNet can simultaneously model group-level and individual ICNs in a

more flexible way, while group ICA often use spatial or temporal concatenations based

on more restricted assumptions; (3) The sparsity of ICNs automatically performs

feature selection, instead of ad-hoc thresholding; (4) Existing methods for identifying

ICNs for fMRI such as ICA essentially produce co-activation networks, i.e., sets of

distributed co-activated brain regions. In contrast, our methods estimate both the

co-activation patterns and the strength of connectivity between regions.

The contributions of our proposed BICNet model are three folds: (1) It can

simultaneously identify the individual and group-level ICNs by jointly modeling

fMRI data under various cognitive states; (2) It can quantify the difference of ICNs

amplitudes across different states under a natural statistical inference framework; (3)

It identifies multiple ICNs in a latent subspace, which enables us to correlate ICNs

with various behavioral measures.

1.4 Organization

The thesis is organized as follows. Chapter 2 introduces the BICNet model, including

the model specification, MCMC estimation, and inference. In chapter 3, we perform



20

extensive simulation studies to investigate the shrinkage behavior of the spike-and-slab

prior, the performance of BICNet compared with group ICA algorithm, and the

scalability of our proposed model. Chapter 4 applies our proposed model to the rfMRI

and tfMRI data sets from the HCP. We conclude with summarization and some future

extensions of BICNet in chapter 5.
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Chapter 2

Multi-subject Bayesian Dynamic Latent Factor Model

2.1 Modeling Dynamic Functional Connectivity by Low-Rank

Representation

The proposed BICNet model is based on a commonly used generalized linear model

for fMRI studies[33, 34], ut = Bxt + yt, where ut denotes the original fMRI signal

observed at time t, the regressor xt captures the hemodynamic activation, and yt

is the filtered fMRI signal. The second or higher order moment of the residual yt

captures the functional connectivity pattern.

Since our primary interest in the functional connectivity pattern, we regress out

the voxel-level activation Bxt in preprocessing and focus on the zero-mean fMRI

signals yt that describe the whole depend on structure among brain regions. In the

following chapters, we will study fMRI data collected from different tasks and different

subjects. Denote yg:t,s to be the N -variate fMRI signals of subject s under experimental

condition g with the deterministic mean structure removed. Specifically, g = 0 refers

to the resting state. It is believed that y0
t,s reflects the intrinsic neuronal processes

in the lack of external stimuli, and ygt,s contains information about the alteration of

these intrinsic processes evoked by external stimuli.

We assume fMRI signals under different conditions follow a conditional Gaussian

distribution with time-varying variance, i.e., yg:t,s|Σ
g
t,s ∼ N

(
0,Σg

t,s

)
, where ∀t ∈

{1, . . . , Tg}, g ∈ {0, . . . , G}, s ∈ {1, . . . , S}. With the latent factor model, we project

yg:t,s into a lower dimensional subspace, yg:t,s = Λsf
g
:t,s + εg:t,s, ε

g
:t,s

i.i.d∼ NN(0,Γg
s). It
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is equivalent to decompose the variance-covariance matrix by Σg
t,s = ΛsΩ

g
t,sΛ

′
s + Γg

s,

where Λs = (λ:1,s, . . . ,λ:K,s) is a N×K factor loading matrix, Ωg
t,s is a K×K diagonal

state-specific factor variance matrix, and Γg
s = diag

(
σ2
n,s,g

)
is a N×N diagonal matrix

capturing the regional-specific variance. We define the a diagonal element of Ωg
t,s

at (k, k) as exp
(
hgk,t,s

)
, since we will model the dynamics of factor variance at the

logarithmic level in section 2.3.

We have K < N to have a low-rank representation of the whole-brain functional

connectivity. Specifically, the denoised whole-brain functional connectivity is defined

as ΛsΩ
g
tsΛ
′
s=
∑

k exp
(
hgk,t,s

)
λksλ

′
ks.

ICN 𝑘 Whole-brain Network

𝐾 ICNs

Figure 2.1: Relationship between ICNs and whole-brain functional connectivity.

As shown in fig. 2.1, this denoised whole-brain functional connectivity can be

decomposed into K ICNs with changing dynamics of their corresponding amplitudes.

With the low-rank representation of functional connectivity, Λks contains the member-

ship of ICN k and the contribution of each ROI that belongs to this ICN. Therefore, we

can define the structure of ICN k as λksλ
′
ks and the amplitude of ICN k as exp

(
hgk,t,s

)
.

ICN k consists of its structure and amplitude, and thus is defined as exp
(
hgk,t,s

)
λksλ

′
ks.

In another word, Λks captures the co-activation pattern, which is also captured by

spatial maps estimated by ICA. However, BICNet also captures the connectivity

pattern with λksλ
′
ks, and the amplitude of the connectivity pattern by exp

(
hgk,t,s

)
.
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2.2 Modeling Group- and Individal-Level ICN by Sparse Hi-

erarchical Model

As we mentioned above, in the ICN structure λksλ
′
ks, ∀k, λks captures the membership

and the contribution of each member in this ICN. The zero-nonzero patterns, z:k,s =

|λ:k,s| > 0 represent the membership of the k-th ICN. A real non-zero value, λn,k,s 6= 0,

represents the contribution of a ROI n to an ICN k. While the ICN memberships

can overlap with each other, the dynamics of ICN k, captured by the latent factor

dynamics f gk:,s, are uncorrelated to other ICNs’ dynamics. Note that here ICNs are

defined in the latent subspace instead of the whole-brain ROI space.

The structures of all ICNs, captured by N × K factor loading matrix Λs, is

time-invariant and task-invariant. Mathematically, this assumption is necessary to

ensure the identifiability of the connectivity parameters. Biologically, this assumption

indicates that the structure of every ICN component is subject-specific and relatively

stable across time. However, the BICNet model enables dynamic modifications on

the amplitudes of ICN components, which can capture a wide range of global ICN

structures. As shown in the second column of fig. 2.2, the structure of ICN 1 remains

the same while the amplitude changes from time t = 1 to t = 2. The changes of ICN

components’ amplitudes can lead to a reconfiguration of the whole-brain functional

connectivity networks, as shown in the last column of fig. 2.2.

Furthermore, this specification is consistent with many studies that suggest that

the ICN structures are relatively stable across conditions. Finally, this model does

not constrain the ROI-level intrinsic connectivity to be constant in time because the

state-specific factor variance matrix Ωg
t,s is allowed to change over time.

In our model, the structure of ICNs, Λs, is sparse in the sense that a specific region

is a member of some ICNs, and an ICN only includes a subset of regions. To achieve

sparsity, we use the standard spike-and-slab prior [34, 35] consisting of a Dirac “spike”

component that puts a probability mass at zero, and a normal “slab” component has
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ICN 1 at time 𝑡 = 1

ICN 1 at time 𝑡 = 2 (Inhibited)

Whole-brain Network

𝐾 ICNs

𝐾 ICNs

Figure 2.2: Illustration of dynamic ICNs. We call ICN components in the latent
subspace as ICNs and the single ICN at the ROI level as whole-brain ICN. ICN k
is defined as exp

(
hgk,t,s

)
λ:k,sλ

′
:k,s, where exp

(
hgk,t,s

)
is its amplitude at time t. The

k-th column of the factor loading matrix Λs, λ:k,s, represents the structure of the
k-th ICN. Specifically, the zero-nonzero patterns, z:k,s = δ (|λ:k,s| > 0), represent
the membership of the k-th ICN. A real non-zero value, λn,k,s 6= 0, represents the
contribution of a ROI n to an ICN k. Note that here ICN k is a latent component of
the whole-brain ICN, which is defined as ΛsΩ

g
tsΛ
′
s. The change of whole-brain ICN

can be decomposed into changes of amplitudes of its ICN components. For example,
from t = 1 to t = 2, the structures of ICNs remain the same while the amplitudes of
some ICNs change, which results in the change of whole-brain ICNs.
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its mass spread over a wide range of possible values (eq. (2.1)).

Λs: λn,k,s ∼ (1− zn,k,s)δ0 (λn,k,s) + zn,k,sN
(
λn,k,s|0, τ 2

)
, (2.1)

zn,k,s
i.i.d∼ Bernouli(πn,k),∀s, (2.2)

Π0: πn,k
i.i.d∼ Beta (akmk, ak (1−mk)) , (2.3)

where zn,k,s = 1 denotes that region n is included in the k-th ICN for subject s, while

zn,k,s = 0 indicates otherwise. We assume zn,k,s
i.i.d∼ Bernouli(πn,k), ∀s, which means

that the probability of region n included in the k-th ICN is πn,k. We assume πn,k is

constant across subjects and call it group inclusion probability at (n, k). Here, “group”

refers to the group of all the subjects. The group inclusion probability matrix, Π0,

captures the group-level probabilistic ICNs. As shown in eq. (2.3), we further use a

beta distribution to express our uncertainty about this group inclusion probability.

The spike-and-slab prior represents the relationship between individual adaptation

λn,k,s and the group-level template πn,k. The structure of group ICN k is defined as

πkπ
′
k. The ICN k’s structure of subject s corresponds to the ICN k’s structure of

subject l, where s 6= l, since they are derived from the group-level structure of ICN k.

Note that while the probability is common across all subjects, it can flexibly adapt to

individual difference. The individual difference in ICN membership is captured by the

indicator z:k,s, and the individual difference in the contribution of ROI n to ICN k is

captured by λn,k,s.

2.3 Modeling the Amplitude of ICN by Factor Stochastic

Volatility

When an ICN k is excited or inhibited, we expect the amplitude exp
(
hgk,t,s

)
increases

or decreases. A higher value of amplitude than that under the resting state indicates

an ICN is excited, and a lower value than the resting state indicates suppression. We
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consider both excitation and suppression to be activation, and no significant changes

compared to the resting state is considered to be inactivation. While the ICN structure

is time-invariant, the change of ICN is captured by the change of its amplitude.

It is natural to assume that when a specific ICN is activated, either excited or

inhibited, its dynamics, captured by f gk,t,s, will be more volatile than the baseline level,

but then gradually returns to the baseline level. The filtered fMRI signal at a specific

region n, ygn,t,s, is a mixture of the dynamics of multiple ICNs that can be either

tranquil or volatile. Since each latent factor is uncorrelated, we can use a univariate

stochastic volatility (SV) process [36] to model the dynamics of factor variance.

SV first emerged in financial time series, such as stock market prices, return

rates, and foreign exchange rate changes [37, 38]. For example, in the stock market

prices, we can observe that large changes tend to cluster together [39]. The stochastic

volatility model assumes that the alternation of volatile and tranquil periods is

governed by unobservable information flows that are internally generated and never

extinguished [40]. This intuition provides a conceptual similarity between financial

market fluctuations and brain activities. It is natural to consider that some intrinsic

neuronal processes dominate the metabolism activities measured by fMRI. These

intrinsic neuronal processes are continuously evolving and can become volatile in a

specific period while excited or inhibited by external stimuli or internal demands.

The responses to external stimuli are stochastic rather than deterministic. The

connections between human brain networks and financial market networks are more

than conceptual. Neuroscientists suggest that human brain networks and financial

market networks have a certain degree of topological isomorphism [41].

To account for the behavior of time-varying volatility, we use an autoregressive

(AR)(1) process to model the dynamics of variance at the logarithm scale, which is

capable to capture realistic hidden brain states that are nonlinear and continuous. Due

to the short length of fMRI time series, it is common to use AR(1) rather than higher
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order ARs and these are often known to sufficiently capture the temporal structure

[34, 42].

f gk,t,s | h
g
k,t,s ∼ N

(
0, exp

(
hgk,t,s

))
hgk,t,s | h

g
k,t−1,s, h

g
k,t−2,s, . . . ∼ N

(
µgk,s + φgk,s

(
hgk,t−1,s − µ

g
k,s

)
, δ2k,s,g

)
,

(2.4)

where k ∈ {1, . . . , K}, t ∈ {1, . . . , Tg}, s ∈ {1, . . . , S}, g ∈ {0, . . . , G}, and |φ| < 1.

We use SV(µ, φ, σ) to denote a SV process defined in eq. (2.4).

We can see how the SV process diverges from its Gaussian counterpart from fig. 2.3.

The SV processes with large µ have a higher peak than its Gaussian counterpart,

while the SV processes with small µ have a fatter tail. When µ is equal to zero, and σ

is very small, it becomes equivalent to a standard normal process. The nonlinearity

of the SV process allows it to burst into large volatility occasionally. This property

makes it attractive in finance to understand sudden changes in prices and financial

crises. It is also suitable to account for the burst of metabolism demand in human

brains evoked by internal or external stimuli and mental or physiological disorders

such as seizure [43].

The fundamental problem in estimating the SV model is that the marginal likelihood

over the SV process parameters is a T -dimensional integral, where T is the number of

observations. In this case, MCMC algorithms are more effective because they break

the high dimensional joint posterior distribution into a chain of lower-dimensional

conditional posterior distributions [38]. The Bayesian approach’s other advantages

are that it can model variations across participants. It can incorporate temporal

dependence in a replicated trial setting. It can incorporate different stimuli easily

using a hierarchical structure. However, Bayesian inference efficiency depends on the

parameters’ real values and the SV model’s specific parameterization. Another usual

parameterization is using normalized h̃t = (ht−µ)/σ in the state equation and moving

µ and σ to the observation equation, yt ∼ N
(

0, exp
(
µ+ σh̃t

))
, which is called
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Figure 2.3: Simulated high persistent stochastic volatility processes SV(µ, φ, σ) versus
corresponding Gaussian processes N (0, exp(µ)). Comparing SV(1.5, 0.9, 0.2) and
its Gaussian counterpart N (0, exp(1.5)), we can see the SV processes with large
µ has a higher peak. Comparing SV(−1.5, 0.9, 0.2) and its Gaussian counterpart
N (0, exp(−1.5)), we can see that the SV has a fatter tail. When µ is equal to zero and
σ is very small, it degenerates into a standard normal process. From the time series
plots at the bottom we can see µ control the amplitude of the stochastic volatility.



29

ℎ!"#
$

𝜙!#
$ 𝛿!#

$

𝜇!#
$𝜦#

𝑁×𝐾

𝜺:"#
$𝑁×1

𝒚:"#
$
𝑁×1

𝒇:"#
$𝐾×1𝚷&

𝑁×𝐾

Dynamic Static

Latent Network
Amplitude

𝐵!𝑎", 𝑏"

𝑏#, 𝐵#

𝑐$, 𝑑$

Slab

𝒩(0,1)

Spike

𝛿! +

𝑎%, 𝑚%

Group Individual

Latent Network
Structure

𝑔 = 0,1⋯

fMRI Signals

Figure 2.4: The directed acyclic graph of our proposed model. The black round node
is the filtered fMRI signal ygts. The dark and light green nodes are hidden variables.
The white rectangular nodes are hyperparameters of the prior distributions.

noncentered parameterization. Previous studies report that centered parameterization

in eq. (2.4) has higher efficiency in sampling µ when φ is close to one, while noncentered

parameterization utilizing h̃t works better when σ is small and/or |φ| goes to zero.

To deal with this issue, we use the ancillary-sufficiency interweaving strategy (ASIS)

that sample parameters twice in two parameterizations mentioned above subsequently

in one iteration [44, 45]. ASIS is based on the fact that the complete sufficient and

ancillary statistics are independent - ht is a sufficient statistic for µ and σ while h̃t is

an ancillary statistic for them. Interweaving the ancillary-sufficiency pair can help

achieve a geometric convergence rate in a more general parameter space, even when

either of the parameterizations fails to converge.
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2.4 Prior Distributions

For the univariate SV processes, we use the prior distributions proposed by [45].

µk,s ∼ N (bµ, Bµ),

µ∗k,s ∼ N (bµ, Bµ),

φgk,s + 1

2
∼ Beta(aφ, bφ),

δ2k,s,g ∼ Gamma

(
1

2
,

1

2Bδ

)
.

(2.5)

Here we use the Gamma distribution for δ2k,s,g is used instead of the conditionally

conjugate inverse Gamma prior. Though the conjugate inverse Gamma prior is more

commonly used because of computational efficiency, it bounds the variance away from

zero a priori, leading to overfitting in the state-space model [45, 46, 47]. The Gamma

distribution for variance is equivalent to a truncated normal distribution for the

standard deviation. There is some evidence suggesting that a Gaussian distribution

[48] can reasonably approximate the resting-state fMRI process. Therefore this choice

prefers the simple normal distribution to the stochastic volatility process and lets data

speak for themselves.

Conversely, we use the conjugate inverse Gamma for the regional-specific variance

of the observed signals, σ2
n,s,g ∼ 1/Gamma(cσ, dσ), where cσ is the shape parameter

and dσ is the rate parameter. Given that fMRI data tend to have relatively small

activation fluctuation compared with its noisy background [49], we expect the regional-

specific white noise to account for a large part of the variation. So the factor stochastic

volatility process has a relatively small variation but contains more information about

the hidden brain states.
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2.5 Estimations via MCMC

We construct a Gibbs sampler augmented by some Metropolis-Hasting steps for factor

stochastic volatility for our proposed model. The sampling process can be parallelized

within each MCMC iterations because many conditional posterior distributions are

independent of others. The sampling process is summarized as follows.

1. We first update the regional-specific variances of the observed signals. Con-

ditional on the latent factor structure, the observed signals follow a normal

distribution, Ysg
t |Λs, f sgt ∼ N (Λsf sgt ,Γ

sg). Given the inverse Gamma prior, the

conjugate conditional posterior distribution is σ2
n,sg | Ysg

n: ,β
sg
n ,F

sg,Λs
n:, cσ, dσ .

The sampling can be parallelized across g and n since they are conditionally

independent.

2. Sample stochastic volatilities of the latent factors, {hsgkt}, and the corresponding

parameters {µsgk , φ
sg
k , δk,sg} separately for every k and g using the 2-step MH

sampler with centered parameterization and interweaved by a noncentered

parameterization [44].

3. For the sparse factor loadings, we first sample the sparse indicator Zs
nk = δ(Λs

nk 6=

0) based on its conditional posterior odds. If Zs
nk = 1, then sample Λs

nk from its

conjugate conditional posterior distribution, Λs
nk | {Ysg

n:},Λs
n,−k, {F

sg
k:}, {β

sg}, σ2
n,sg, τ

s
k ;

otherwise, set Λs
nk = 0. The detail is in section 2.5.1.

4. Sample latent factor f sg:t |h
sg
:t ,y

sg
:t ,Λ

s, σ2
n,sg using a normal Bayesian regression

update.

5. Sample inclusion probability, or the group ICNs, using conditional posterior distri-

bution: πnk | {Zs
nk,∀s}, ak,mk ∼ Beta (akmk +

∑
s Z

s
nk, ak(1−mk) + S −

∑
s Z

s
nk).
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2.5.1 Sampling Individual Factor Loadings

Let Ysg =
(
yg1,s, . . . ,y

g
Tg,s

)
denote the N × Tg observation matrix that stacks the

{ysgt } in a column-wise manner, and Fsg denote the K × Tg unobservable latent factor

matrix. Define

esgn,:−k = ysgn: −
∑
l 6=k

Λs
nlf

sg
l:

The likelihood of observing ysgn: , ∀g, conditional on f sgk: , σ
2
n,sg, and a nonzero Λs

n: is

Pr
(
{ysgn: ,∀g}|Λs

nk,Λ
s
n,:−k,f

sg
k: , σ

2
n,sg,∀g

)
∝ exp

{
−1

2
(Λs

nk)
2

G∑
g=0

f
′sg
k: f

sg
k: +

G∑
g=0

σ−2n,sgf
′sg
k: e

sg
n,:−kΛ

s
nk −

1

2

G∑
g=0

σ−2n,sge
′sg
n,:−ke

sg
n,:−k

}
(2.6)

The sampling of Λn,k,s depends on the value of the indicator Zn,k,s, therefore we

need to sample Zn,k,s first before we sample Λn,k,s. We know that Zn,k,s follows a

Bernouli distribution with nonzero probability πn,k. If Zn,k,s = 0, we have Λn,k,s = 0.

If Zn,k,s = 1, we have Λn,k,s ∼ N (0, τ 2).

The conditional posterior probability of Zn,k,s = 0|· is proportional to

Pr(Zn,k,s = 0|ygn:,s,Λn,k,s = 0,Λn,:−k,s,f
g
k:,s, σ

2
n,s,g, πnk)

∝Pr(Zn,k,s = 0|πnk)Pr
(
{ygn:,s,∀g}|Λn,k,s = 0,Λn,:−k,s,f

g
k:,s, σ

2
n,s,g,∀g

)
∝(1− πn,k) exp

{
−1

2

G∑
g=0

σ−2n,s,ge
′g
n,:−k,se

g
n,:−k,s

}
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Similarly, the conditional posterior probability of Zn,k,s = 1|· is proportional to

Pr(Zn,k,s = 1|ygn:,s,Λn,k,s, τ
2,Λn,:−k,s,f

g
k:,s, σ

2
n,s,g, πn,k)

∝Pr(Zn,k,s = 1|πn,k)Pr
(
{ygn:,s,∀g}|Λn,k,s, τ

2,Λn,:−k,s,f
g
k:,s, σ

2
n,s,g,∀g

)
∝Pr(Zn,k,s = 1|πn,k)

∫
Pr
(
{ygn:,s,∀g}|Λn,k,s,Λ

s
n,:−k,f

g
k:,s, σ

2
n,s,g,∀g

)
Pr(Λn,k,s|τ 2)dΛn,k,s

∝πn,k
(
2πτ 2

)− 1
2 exp

{
−1

2

G∑
g=0

σ−2n,s,ge
′g
n,:−k,se

g
n,:−k,s

}(
2πσ̃2

) 1
2 exp

(
1

2
σ̃−2µ̃2

)
,

where σ̃−2 = τ−2 +
∑G

g=0 σ
−2
n,s,gf

′g
k:,sf

g
k:,s and µ̃ = σ̃2

∑G
g=0 σ

−2
n,s,gf

′g
k:,se

g
n,:−k,s.

Based on the unscaled version of conditional posterior probability above, we can

have the posterior odds of having nonzero factor loadings at (n, k) in eq. (2.7), and

we can derive the scaled posterior probability of Zn,k,s = 1|·.

Pr(Zn,k,s = 1|·)
Pr(Zn,k,s = 0|·)

=
πn,k

1− πn,k

√
σ̃2

τ 2
exp

(
1

2
σ̃−2µ̃2

)
. (2.7)

If Zn,k,s = 0, the conditional posterior distribution of Λn,k,s|Zn,k,s = 0, · is still a

Dirac delta function at zero since the likelihood defined in eq. (2.6) is a constant.

If Zn,k,s = 1, the conditional posterior distribution of Λn,k,s, under the slab prior

distribution is

Pr
(
Λn,k,s|Zn,k,s = 1, τ 2,ygn:,s,f

g
k:,s, σ

2
n,s,g,∀g

)
∝ΠG

g=0Pr
(
ygn:,s|Λn,k,s,f

g
k:,s, σ

2
n,s,g)Pr(Λn,k,s|Zn,k,s = 1, τ 2

)
∝(2πτ 2)−

1
2 exp

{
−1

2

(
τ−2 +

G∑
g=0

σ−2n,s,gf
′g
k:,sf

g
k:,s

)
(Λn,k,s)

2 +
G∑
g=0

σ−2n,s,gf
′g
k:,se

g
n,:−k,sΛn,k,s

}
,

which is a normal distribution N (µ̃, σ̃2).

We notice that this step involves N ×K × S conditionally independent posterior

distributions. Because the spatial dimension N and the number of individuals S

is usually high, we can gain a significant boost of performance by using parallel
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computing in this step.

2.6 Inference

In the single-subject level, the changes between resting state and task-related states

can be captured by the change of the amplitude of the ICN components, {hsgkt}. As

shown in eq. (2.4), the expected amplitude of latent component k under a specific

condition g for a single subject s is captured by µsgk . Further, we assume that the

logarithm means, {µsgk ,∀g}, are random deviations from the subject-specific baseline,

µsk, that is,

µsgk ∼ N
(
µsk, ψ

2
ks

)
. (2.8)

Therefore, the effect of a task-related stimulus g on a single latent factor k can be

quantified by the degree of deviation of µsgk from µsk, which can be analyzed using the

Bayesian hypothesis testing. If µsgk > µsk significantly, the latent intrinsic network is

excited; if µsgk < µsk significantly, the latent intrinsic network is inhibited; otherwise,

the latent intrinsic network is not significantly affected by this stimulus.
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Chapter 3

Simulation Studies

This chapter evaluates our model’s estimation accuracy between data simulated from

different sparsity levels, between BICNet and group ICA. We also investigate the

computational cost with data simulated from different underlying stochastic volatility

parameters, sparse structures, and different spatial-temporal dimensions.

To focus on our key questions of interests, all the simulated observed data, ysgt , have

zero means and isotropic regional-specific variances to mimic regional fMRI time series

that have been normalized. In practice, normalization is commonly performed in the

fMRI studies to capture the real activation signals and reduce background noise. The

underlying true factor loading matrices all have zero loadings at the upper-triangular

part and one at the diagonal.

3.1 Shrinkage Effect on ICNs with Different Underlying Spar-

sity

In this section, we test the performance of inferring ICN structures under different

levels of sparsity. We simulate a small-scale brain network of N = 6 ROIs with K = 3

latent ICNs with different levels of sparsity, as illustrated in fig. 3.1(a). To control the

underlying sparsity, each subject has different ICN membership and the proportion

of nonzero loadings in the factor loading matrix varies from 50% to 100%, with an

increment of 0.1. For each ICN, the expectation of the logarithmic amplitude is

µs1k = 2−k, k ∈ {1, 2, 3}. We fix φ = 0.9 and δ = 0.5 for all subjects and experimental
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Sparsity RMSE MAE

50% 1.089 1.472
40% 0.941 0.187
30% 0.980 0.569
20% 1.001 0.380
10% 0.988 0.561
0% 1.085 1.453

Table 3.1: Accuracy of BICNet estimation under different percentage of underlying
true sparsity. The estimator is the median of 10000 MCMC samples with the first
10000 samples discarded as burnin. We use a single-subject BICNet model without
the layer of group inclusion probability.

conditions. Each experimental condition has Tg = 1000 temporal observations and

results in 2000 temporal observations in total.

We measure the accuracy of estimated ICN structure by mean absolute error

(MAE), defined as MAEs =
∑

n

∑
k |Λn,k,s − Λ̂n,k,s|/(NK). We also measure the

accuracy of reconstructed time series by root-mean-square error (RMSE), defined as

RMSEs =

√∑
t

(
Λ̂sf̂:t,s −Λsf:t,s

)2
/T .

We use the single-subject BICNet model without the layer of group inclusion

probability because the subjects are designed to have very different ICN structures.

The estimator is the median of 10000 MCMC samples with the first 10000 samples

discarded as burn-in. As you can see in fig. 3.1, the estimated ICN structures recover

most of the zero-nonzero patterns in the true ICN structures.

Table 3.1 shows that there is no much difference in time series reconstruction under

different levels of sparsity. However, under a high level of sparsity, such as 50%, and

no sparsity, the accuracy of ICN structure estimation declines. It indicates that our

model is more suitable for recovering a moderate level of sparsity.
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Figure 3.1: (a) True Λs for six subjects with different level of sparsity for each subject.

(b) ICNs estimated by GIFT. (b) ICNs estimated by BICNet. The Λ̂s is the median
of 10000 MCMC samples generated from a single-subject BICNet model with the first
10000 samples discarded as burnin.
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Λs Π0

MAE RMSE MAE
BICNet 0.47± 0.04 1.04± 0.19 0.76± 0.003
GIFT 0.78± 0.02 3.90± 0.39 0.57

Table 3.2: Performance of BICNet and GIFT on a large-scale simulated dataset. We
use a multi-subject BICNet model without any constraints on {Λs,∀s}. We use the
median of the 10000 MCMC samples as estimation after discarding the first 20000
samples as burnin.

3.2 BICNET vs. Group ICA

We simulate a large-scale brain network of N = 90 ROIs with K = 18 latent ICNs,

T = 200 observations, and S = 20 subjects. All subjects have the same ICN

membership and come from a homogenous group categorized by a group includion

probability Π0. For BICNet estimation, we use the multi-subject model without

any constraints on {Λs,∀s}, the ICN structure, with 10000 MCMC samples after

discarding the first 20000 samples as burnin. We run 5 MCMC chains with random

initial values. We compare the estimation performance of individual ICNs with MAE

and RMSE defined above. Also, we use MAE to compare the performance of group

inclusion probability estimation.

As shown in table 3.2, BICNet has a higher accuracy in estimating the ICN struc-

tures and the denoised whole-brain networks. Figure 3.2 shows that the Λ̂s estimated

by BICNet and GIFT. The BICNet estimation captures more sparse structure than

GIFT.

3.3 Scalability under Different Spatial-Temporal Dimensions

In this section, we test the scalability of our proposed model in terms of computa-

tional cost when spatial dimension, temporal dimension, and number of subjects are

increasing. The data are simulated from a dynamic factor stochastic volatility model

with K̂ =
⌊
2N+1−

√
8N+1

2

⌋
, where all the factors are realizations from the same highly
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Figure 3.2: Estimation of the simulated large-scale brain network of N = 90 ROIs
with K = 18 latent ICNs, T = 200 observations, and S = 20 subjects. Only three
subjects are presented for figures (a)-(d). (a) True Λs for three subjects. (b) ICNs
estimated by GIFT. (c) ICNs estimated by BICNet. This estimation suffers from the
column switching issue. (d) To solve the column switching issue, we permute ICNs
estimated by BICNet.
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N K G S Tg Runtime (Secs)

100 86 2 1 100 173.4401
50 40 2 1 100 110.2403
20 14 2 1 100 84.2405
6 3 2 1 100 57.0662

Table 3.3: Computational time (seconds) of drawing 10000 MCMC samples with
increasing spatial dimensions in both observable and latent spaces. The MCMC
sampling procedure is parallelized across 40 cores within chain.

persistent stochastic volatility process SV(0, 0.9, 0.5) across different experimental con-

ditions and subjects. We consider the number of nodes N ∈ {6, 20, 50, 100}, number

of experimental conditionas G ∈ {2, 4, 6}, number of subjects S ∈ {1, 10, 50}, the

length of recording time for each experimental condition Tg ∈ {100, 500, 1000}.

table 3.3 shows the computational time of drawing 10000 MCMC samples when the

spatial dimensions of both observable and latent spaces are increasing. table 3.4 shows

the computational time of drawing 10000 MCMC samples when the number of time

points, experimental conditions, and subjects increases. Comparing these two tables,

we can see the numbers of subjects and time points bring more computational burden

as they increase. It is because most of our updating steps are conditionally independent

across subjects while connected by the group inclusion probability matrix. Increasing

the number of subjects will increase the computational time in almost all steps. The

number of time points for each experimental condition also has a significant impact

because the update of dynamic factors involves Tg conditionally independent sampling

from a multivariate normal distribution, which involves a Cholesky decomposition

with cubic complexity.
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N K G S Tg Runtime (sec)

6 3 2 1 100 42.5103
6 3 4 1 100 79.9708
6 3 6 1 100 109.2875
6 3 2 1 500 179.9653
6 3 2 10 100 343.0780
6 3 2 50 100 1775.7224

Table 3.4: Computational time (seconds) of drawing 10000 MCMC samples with
increasing temporal dimension, experimental conditions and number of participants.
The MCMC sampling procedure is parallelized across 40 cores within chain.

σ2 Λs F {h, µ, φ, σ} Π Storage

0.2924 0.3162 93.2818 5.3420 0.3910 0.3766

Table 3.5: Computaional time in percentage for each step in one MCMC iteration.
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Chapter 4

Analysis of fMRI Data from the Human Connectome Project

4.1 Data

The Human Connectome Project (HCP) [51] collected multi-modal imaging data

from 1200 subjects. The imaging modalities include rfMRI and tfMRI under different

experimental settings. This project provides a massive, comprehensive database that

can shed light on the human brain’s anatomical and functional structure. Specifically,

neuroscientists are interested in partitioning the brain into neurobiologically and

functionally meaningful areas and relating them to our cognitive behaviors [52].

Neuroscientists believe that studying functional brain networks can underpin individual

differences, neurological disorders, and aging.

In this paper, we use rfMRI and tfMRI collected from a language task. During the

scanning of rfMRI, participants must keep their eyes open and fixed on a bright cross

with a dark background. In the language task, participants need to finish four story

tasks and four math tasks alternatively. In the story task, participants listen to brief

auditory stories and answer this story’s main idea. In the math task, participants

listen to arithmetic questions, e.g., simple addition and subtraction. For both tasks,

participants need to answer single-choice auditory questions by pressing a button.

The data were acquired with 3T Siemens Skyra with TR = 720 ms, TE = 33.1

ms, flip angle = 52◦, BW =2290 Hz/Px, in-plane FOV = 208 x 180 mm, 72 slices, 2.0

mm isotropic voxels. The rfMRI has 1200 frames per run, approximately 15 minutes

per run. Each run of the language tfMRI has 316 frames, approximately 4 minutes.
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(a) µgks ∼ N (bµ, Bµ) (b) (φgks + 1)/2 ∼ Beta(aφ, bφ)(c) δ2ksg ∼ Gamma(0.5, 0.5Bσ)

Figure 4.1: Sensitivity of posterior distributions of SV parameters to their correspond-
ing priors. We draw 20000 MCMC samples after discarding the 10000 samples as
burnins. (a) We fix bµ = 0 and test Bµ ∈ {1, 10}. (b) We fix bφ = 2.5 and test
aφ ∈ {20, 10, 2.5}, which corresponds to E(φgks) = aφ/(aφ + bφ) ∈ {0.89, 0.8, 0.5}. (c)
We test Bσ ∈ {0.5, 1, 10}.

We use the minimally preprocessed data of 250 subjects from the HCP database.

The HCP minimal preprocessing pipeline [53] includes a correction for B0 distortion,

realignment to correct for motion, registration to the participant’s structural scan,

normalization to the 4D means, brain masking, and non-linear warping to MNI space.

For each voxel, we remove the hemodynamic response and normalize the remained

signal in a voxel-wise manner. Later, we partition the voxels into 90 ROIs using the

AAL, and use the sample mean to summarize fMRI signals within each ROI. As listed

in table 4.1, language tfMRI comes with behavioral measures, including accuracy,

response time, story tasks’ difficulty levels, and math tasks’ difficulty levels.

Subject Accuracy Resp. Time Story Diff. Lv. Math Diff. Lv.

1 1.102586 -1.234231 9.071 1.964
2 -1.039474 -0.301118 9.607 2.893
3 1.509315 -0.020224 12.446 3.107
4 -0.623765 -0.480615 11.393 1.571
5 0.424749 1.196522 9.375 1.964

Table 4.1: Individual behavorial measures of language tasks. The measures are
accuracy, response time, story difficulty level and math difficulty.
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Figure 4.2: Empirical logarithm of factor variances,
{
ĥkt

}
, which is also known

as factor stochastic volatility. Λ̂ is estimated from the PCA of the static sample
covariance, f̂t = Λ̂′yt. Ω̂t is calculated by applying PCA on the Σ̂t estimated using

the sliding window method. Then we have ĥkt = log
(

diag
(
Ω̂kk,t

))
. Here only the

first 5 principal components are kept, sorted by the eigenvalues in a descending order.

4.2 Model Settings

For the SV process, the mean of logarithmic ICN amplitude, µgks ∼ N (bµ, Bµ), we

fix bµ = 0 and test Bµ ∈ {1, 10}. Note that though Bµ corresponds to very high

amplitude at the exponential level and covers a wide range of possible values of µgks.

The AR(1) coefficient φgks follows a prior distribution, (φgks + 1) /2 ∼ Beta (aφ, bφ).

We fix bφ = 2.5 and test aφ ∈ {20, 10, 2.5}, which corresponds to E(φgks) = aφ/(aφ +

bφ) ∈ {0.89, 0.8, 0.5}. For the variance of SV, δ2ksg ∼ Gamma(0.5, 0.5Bσ), we test

Bσ ∈ {0.5, 1, 10}. Figure 4.1 shows that the ranges of posterior distributions remains

stable when the prior parameter values vary. It indicates the indeterminacy of

hyperparameters has a limited impact of the corresponding posteriors.
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Figure 4.2 shows the empirical factor stochastic volatility of one data set from

one subject. While the factor stochastic volatility is highly persistent, the difference

of the factor stochastic volatility has a very low order of autocorrelation. It might

suggest that the persistence coefficient, or the AR(1) coefficient, of the factor stochastic

volatility is close to one, making it suitable to use our parameterization in eq. (2.4)

to model the factor stochastic volatility. Using the Augmented Dickey-Fuller test on

multiple subjects, we can show that most of the f̂t during resting state usually are

stationary, and can be stationary or I(1) during a task-related state. As indicated by

the HCP data, we set Bµ = 1, aφ = 20, and Bσ = 0.5.

The regional-specific variances follow a weakly informative inverse Gamma distribu-

tion. We set the shape parameter cσ = 2 and the rate parameter dσ = 1/V̂ar (vec (Y))

to match the mean of this prior distribution with the empirical variance V̂ar (vec (Y)).

To select a proper number of latent factors for the multi-subject model, we run the

BICNet model under the single-subject setting where the sampling of group inclusion

probability, Π0 = (πnk), is not performed. We consider the possible number of factors

ranges from 12 to 24 with an increment of 2. We store a chain of 10000 samples after

discarding the first 10000 samples as burn-in. We use the posterior means as estimators

for unknown parameters. We consider several commonly used model selection criteria,

that is, AIC, BIC, DIC, log-likelihood of the mean estimator L(θ̂), and averaged

log-likelihood L̄(θ). The DIC is a Bayesian generalization of AIC. Similar to AIC,

DIC is also an asymptotic estimate of the Kullback-Leibler divergence. The advantage

of DIC over other criteria is that it is calculated using all the MCMC samples while

AIC and BIC are calculated at the estimated values.

According to AIC, the optimal number of factors is 24, while BIC gives 12 and DIC

gives 18, as shown in table 4.2. We can also see from table 4.2 that DICs are positive

when K̂ ≤ 18 and negative when K̂ > 18. Note that AIC and BIC are calculated

with the posterior mean estimator. The negative DIC implies the MCMC chains do
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AIC BIC DIC L(θ̂) L̄(θ) K

29570.87 219894.1 16044.124 4588.567 -1716.747 12
30087.60 251699.1 9931.140 7515.201 1274.815 14
27439.62 280300.1 7404.644 12020.188 4158.933 16
26634.83 310705.0 2818.399 15599.587 7095.194 18
26057.01 341297.6 -1926.250 19061.496 10012.311 20
25648.41 372020.1 -6918.226 22434.797 12946.955 22
24735.10 402198.7 -11422.880 26056.450 15883.945 24

Table 4.2: Selecting number of latent factors by different information criteria. Accord-
ing to AIC, the optimal number of factors is 24, while BIC gives 12 and DIC gives
18. DICs are positive when K̂ ≤ 18 and negative when K̂ > 18. Note that AIC and
BIC are calculated with the posterior mean estimator. The negative DIC implies the
MCMC chains do not converge well, and thus posterior mean is a poor estimator in
this case. We choose the number of factors K̂ = 18 for our multi-subject model.

not converge well, and thus posterior mean is a poor estimator. Therefore, we choose

the number of factors K̂ = 18 for our multi-subject model. For the MCMC sampling,

we store a chain of 10000 samplers after discarding the first 20000 samples as burn-in

without thinning.

4.3 Results with the Multi-Subject Model

Similarity and dissimilarity between group-level and individ-

ual ICNs

The BICNet model is able to extract many interesting ICNs that are expressed during

both resting state and language task performance and in both group and individual

level. Group-level ICNs, represented by the group inclusion probability Π0 = (πnk),

have a hierarchical relationship with individal ICNs, represented by subject-specific

factor loading matrix Λs = (Λn,k,s), driven by the spike-and-slab prior in eq. (2.3).

The k-th individual ICN, Λ:,k,s, for any subject s, is derived from the k-th group ICN.

Therefore, the labels have the same meanings across subjects.

Group inclusion probability also contains information of inter-subject variability.
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Figure 4.3: For the same ICN 10, the figures of different subjects in the first row show
different ROI inclusion and different factor loading values or weights for the same ROI
in this ICN. It shows the hierarchical structure of BICNet can account for individual
difference in terms of ICN structure. Figures in the second row show the task-related
impact that BICNet detected. Densities in blue shade are the posterior density of µgk,s
with g = 0 under resting state and k = 10. Densities in red shade are the posterior
density of µgk,s with g = 1 under language task performance and k = 10. ICN 10
is activated under language task for subject 1 and 2, while no significant impact is
observed for subject 3.
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Figure 4.3 shows that an individual ICN can have different ROIs and a different

factor loading value for the same ROI. For example, the left inferior frontal cortex

dominates group-level ICN 10, and either all or part of it is included in the individual

ICNs. It shows that a high inclusion probability, πnk, denotes high consensus among

subjects. At the same time, the right hemisphere has relatively low group inclusion

probability and different spatial patterns across subjects. It implies that a low inclusion

probability can indicate low activation or high inter-subject variability. Because we

impose upper-triangular constraint on the factor loading matrix, orbital part of middle

frontal gyrus (ORBmid) is the leading ROI of ICN 10. Even so, ORBmid doesn’t have

very high factor loading values in individual ICN 10. It indicates that leading ROI

has a limited impact on the corresponding ICN. Figure 4.3 also shows the posterior

distribution of µgk,s, g = 0, 1, for each subject. By comparing the posterior distribution

of µgk,s, our proposed model can detect three types of task-related effects - suppression,

activation, and no impact.

Findings on both prevalent and highly exclusive regions across

group-level ICNs

One interesting observation is that while there are regions that appear as nodes in

many ICNs, some regions are more exclusive to specific ICNs. Both prevalent and

exclusive regions are presented in fig. 4.4, reflecting the number of factors with inclusion

probabilities greater than 0.5 for each node. For the remainder of this paper, an ROI

is said to belong to a particular ICN at the group level if the inclusion probability is

greater than 0.5.

The exclusive regions in fig. 4.4(a) are defined to be those that appear in fewer than

or equal to 2 ICNs. It is noteworthy that these exclusive regions are all located in the

limbic network. This finding further adds to the mounting evidence that demonstrates

that the limbic system is related to emotional and motivational processes [54, 55, 56].
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(a) Nodes that have ≤ 2 factors’s inclusion probabilities > 0.5.

(b) Nodes that have ≥ 9 factors’s inclusion probabilities > 0.5.

(c) Group-level ICN 17 located at the limbic lobe.

(d) Group-level ICN 18 located at the limbic lobe.

Figure 4.4: (a) Exclusive regions are all located in the limbic network. The limbic
system is related to emotional and motivational processes. (b) Prevalent regions
include left IFG, left STG, SFG, and other regions in the right hemisphere. Left
IFG region is known as Broca’s area, and left STG region is known as Wernicke’s
area. SFG is part of the default-mode network and related to many different cognitive
functions. (c)&(d) show two ICNs in the limbic lobe. Both of them are similar to
fig. 4.4(a) and have just a few ROIs with high inclusion probabilities while the rest
have relatively low inclusion probabilities. It indicates high individual variability at
the limbic lobe.
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Figure 4.4(c-d) show two ICNs in the limbic lobe. Both of them are similar to fig. 4.4(a)

and have just a few ROIs with high inclusion probabilities while the rest have relatively

low inclusion probabilities. This phenomenon that many ROIs have low inclusion

probabilities indicates high individual variability. Therefore, the rare appearance can

be explained by high individual variability, which leads to an inclusion probability

lower than 0.5. It suggests that emotional processing in the brain can greatly vary

across individuals. A natural follow-up investigation is to dig deeper into how variation

in human experience (broadly economic and social environment) contributes to this

variation in the emotion-related functional brain networks. These findings also indicate

that the emotional and motivational processes under both resting state and language

task performance are not dominant in this experiment. One plausible explanation is

that the type of stimuli used in this experiment are idealized and are too simple to

reflect real-life scenarios.

The prevalent regions that appear in at least 9 ICNs are presented in fig. 4.4(b).

These are left IFG, left STG, SFG, and other regions in the right hemisphere. Left

IFG and left STG regions play important roles in language comprehension as part

of the general language networks [57, 58]. [59] argue that mental activities under

resting state, such as mind-wandering, also involve language processing, contributing

to the similarity between resting state and language task performance. SFG, part

of the default-mode network, is related to many different cognitive functions. The

prevalence of SFG can indicate the existence of default-mode network under both

states or SFG have some different functions. Meanwhile, some prevalent regions are

widely distributed in the right hemisphere.

Distinct language ICNs

The formal inference was conducted to identify ICNs related to language processing.

First, a discrepancy measure between the posterior distributions of µ0
ks and µ1

ks, denoted
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by ∆ks, was calculated using the two-sided two-sample Kolmogorov-Smirnov (KS) test

statistic. The KS statistic is a valid metric because it is symmetric, positive valued

(it lies in the unit interval [0, 1]), and satisfies the triangle inequality. To investigate

the association between behavioral measures, itemized in table 4.1, and the extent

of activation (either suppression or excitation) of the ICNs during task performance

relative to the resting state, a linear regression model was fit with behavioral measures

as the dependent variables and the K × S matrix ∆ = (∆ks) as regressors. From

the model, one can identify the ICNs whose differential effect (task vs. rest) was

significantly associated with accuracy, response time, story difficulty level, and math

difficulty level.

The proposed BICNet yielded very interesting results that show the association

between behavioral measures and changes in the amplitudes of ICNs between language

task and resting state. These relationships are significant, with 0 is bounded away

from the 95% credible interval. We present the group inclusion probabilities, which

can be interpreted as group-level ICNs, of these four ICNs in fig. 4.5. For a clearer

presentation, we threshold each group-level ICN with its third quartile.

The amplitude change in ICN 10 is positively correlated with language task

accuracy. Thus, a larger activation in ICN 10 leads to a higher level of language task

accuracy. Group ICN 10 consists of Broca’s area related to language comprehension

and some widespread ROIs in the right hemisphere. [60] demonstrates that the right

brain is related to vision and attention while the left brain is related to language

and self-talk. It suggests that an accurate completion of language tasks requires

contributions from both hemispheres. While the left brain processes the language, the

right brain helps us dive deep deeper into the context and tone.

The amplitude change in ICN 5 is negatively correlated with language task response

time. Thus, a larger activation in ICN 10 leads to a shorter response time. Left and

right middle frontal gyrus (MFG) have high contribution to this ICN in the group level.
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(a) ICN 10 has a positive relationship with language tasks’ accuracy.

(b) ICN 5 has a negative relationship with language tasks’ response
time.

(c) ICN 3 has a positive relationship with story tasks’ difficulty
levels.

(d) ICN 9 has a positive relationship with story tasks’ difficulty
levels.

Figure 4.5: Group-level ICNs, measured by inclusion probability, that have significant
relationships with language tasks’ behavioral measures. (a) Group ICN 10 consists of
Broca’s area related to language comprehension and some widespread ROIs in the
right hemisphere. It suggests that an accurate completion of language tasks requires
contributions from both hemispheres. (b) The inclusion of various regions suggests
that task execution is a complex system involving language comprehension, attention,
and movement execution. (c)&(d) The regions in ICN 3 and 9 mainly locate at the
frontal and temporal lobes, which indicates these two ICNs are related to language
processing and high-level cognitive process.
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[61] suggests that left MFG is associated with literacy, and right MFG is associated

with numeracy, and thus both of them are related to language task efficiency. Though

general language network is located in the left frontal and temporal lobe, ICN 5 also

includes left and right supplementary motor area (SMA) responsible for movement

execution, and precuneus (PCUN) and angular gyrus (ANG) that are part of the

default-mode network. The inclusion of various regions suggests that task execution

is a complex system involving language comprehension, attention, and movement

execution.

Both ICN 3 and 9 are positively correlated with story tasks’ difficulty levels. The

regions in ICN 3 and 9 mainly locate at the frontal and temporal lobes, which indicates

these two ICNs are related to language processing and high-level cognitive process. It

is worth mentioned that ICN 3 overlaps with the default-mode network in SFG and

PCUN.

Many ROIs involved in these four ICNs are also prevalent regions shown in fig. 4.4(c).

Also, all these four ICNs contain part of the general language network. However,

language processing involves sensory input, motor output, attention, and a short-term

memory system. To better understand language processing, it is necessary to analyze

them in a finer functional resolution. By regressing to behavioral measures, we can

identify associations between ICNs and language task performance.
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Chapter 5

Concluding Remarks

5.1 Summary

The proposed BICNet model was demonstrated to have the ability to identify individual

and group-level ICN structures and quantify the task-related effect through changes

in ICN amplitudes in the single-subject level. The hierarchy ICN structure is flexible

enough to account for individual differences while assuming a group-level structure.

The sparsity provides an interpretable ICN structure.

Our simulation demonstrates that BICNet is a potential substitute to ICA-based

methods on quantifying task-related effects on a set of ICNs. In the analysis of HCP

data, BICNet identified language networks across subjects and limbic networks related

to emotional processing and showed high inter-subject variability. It also suggests that

language task execution involves language comprehension, attention, and movement

execution.

5.2 Future Research Work

The stochastic volatility process on the ICN amplitudes assumes continuous and

nonlinear brain states. Similar to ICA, BICNet can handle various types of non-

Gaussianity with the stochastic volatility processes, such as sub-Gaussian and super-

Gaussian distributions, and can be adapted to skewed distributions. However, BICNet

does not admit multimodal distributions because each ICN has a distinct singular

functional role, which should not be mistaken for functional segregation of regions of
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interest.

Determining the number of factors is a tricky question in latent factor modeling.

Under the Bayesian framework, there are many ways to tackle the problem. We

estimate the model with different K’s and compare the samples using model selection

criteria. However, this method is time- and resource-consuming and not applicable

to a large-scale and complicated real-life problem. The second option is by using

sparse priors that are robust against overfitting on K. For example, we can specify

a large K and let the sparse prior shrink the superfluous factor loadings to zero.

However, this method’s robustness is yet to confirm and is also not scalable to a

high-dimensional problem. Third, we can adopt different MCMC sampling algorithms,

such as reversible jump MCMC to explore possible K. It is also a common practice

in Bayesian factor analysis. [62] applied this algorithm to the Bayesian explanatory

factor model and inferred the number of latent factors. More advance, we can use

Bayesian nonparametric to model the unknown dimension of latent space. In terms of

factor analysis, the Indian buffet process is the most commonly used [63].

The use of spike-and-slab prior can give us satisfying results in terms of inter-

pretability. However, the MCMC sampling methods tend to mix slowly due to the

posterior distribution’s multimodal nature. Also, the hidden layers in BICNet are

computationally challenging. This issue can be alleviated by using approximation

inference methods, including variants of variational Bayes approximations, variants of

expectation propagation methods [64], and integrated nested Laplace approximations

[65].

We are interested in identifying behaviorally meaningful certain ICN components.

Specifically, we assume that subject-specific changes of amplitudes of certain ICN

components are related to behavioral responses, such as accuracy, response time, and

difficulty level of a specific task. In this work, we relate ICNs to behavioral measures

in a separate linear model and identify behaviorally meaningful ICNs by hypothesis
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testing. However, it can also be an integrated part of BICNet. For example, we

can extend BICNet with a multivariate Bayesian regression, where the changes of

amplitudes are independent variables, and the behavioral measures are responses.

With this integration, we can obtain credible intervals of the regression coefficients

between ICN amplitude changes and behavioral measures. The credible interval means

the probability that the true value is in this interval, which is more natural and

intuitive than the frequentist confidence interval. We can also obtain a full posterior

distribution of the parameter of interests instead of a point estimation.

Further, we assume the experimental condition g ∈ {1, . . . , G} is known in advance.

In reality, we sometimes do not know the experimental conditions, but we are interested

in inferring them. [66] proposes to use a Markov-switching model to estimate unknown

stimuli sequence and apply to the HCP language and motor tasks. However, it requires

the number of experimental conditions known or estimated with model selection

methods in advance. Besides, [67] proposes a Bayesian nonparametric approach

for Markov switching processes, which can also infer the number of experimental

conditions. However, a Markov-switching model will add one more hidden layer to the

BICNet model, making the inference more challenging. Also, Bayesian nonparametric

is computationally demanding. Therefore, it is still an open question on how to infer

the experimental conditions systematically and effectively.
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