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ABSTRACT 

The rapid advancement of neuroimaging techniques and powerful computers has 

provided an unprecedented opportunity to explore the structure, function, and dynamics 

of the brain as what it truly is – a complex system. This has led to thousands of 

publications about brain function and its abnormalities in neural disorders over the past 

two decades. However, despite promising findings, the inherent limitations of the 

predominantly used averaging and massively univariate tools prevent clinicians and 

scientists from fully benefiting from the wealth of information contained in neuroimaging 

data. This project presents novel multivariate tools to overcome critical limitations of 

current methods in analyzing the function and dynamics of brain networks.   

We first present a software engineering project that designed and implemented a 

user friendly software package that enables relating phenotypic characteristics (e.g., age, 

disease phenotypes, etc.) to whole-brain networks and drawing inference from such 

relationships within a multivariate framework. The modeling framework utilizes a mixed-

effects regression model that allows assessing brain network differences between study 

populations and assessing the effects of covariates of interest on brain connections and 

brain networks. This software was developed in Matlab, but interfaces with SAS, R, or 

Python to perform the statistical modeling. A variety of neuroimaging data such as fMRI, 

DTI, and EEG can be analyzed with this software. This project required a deep 

understanding of the sophisticated implemented framework, extensive programming, 

appropriate methodological extensions aligned with the modeling framework such as 

development of an appropriate data reduction method, appropriate design, iterative 
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testing with reconfiguration based on end-user input, bug fixing, and generation of a user 

manual.    

We then present a novel multivariate model for analyzing brain subnetworks 

within the context of their whole-brain networks – i.e., a model that allows including the 

interactions of the studied subnetworks with other regions of the brain. This model was 

obtained through extending the mixed-effects framework implemented in our software 

and devising a procedure within this framework to model brain subnetworks. Using 

simulated and empirical data, we demonstrate the promise of this framework for 

identifying the actual local and global differences between study populations. To our 

knowledge, this is the first model that allows modeling subnetworks within the context of 

their whole-brain networks. We also show how other methods that treat subnetworks as 

independent networks such as standard t-test analyses can yield misleading outcomes.  

Finally, given the rapid shift toward dynamic brain network analyses in response 

to addressing questions not possible through static networks, we present a novel 

methodology for embedding dynamic brain networks into lower dimensional manifolds. 

We show that these low dimensional manifolds contain meaningful information as they 

are able to successfully discriminate between cognitive tasks and study populations. 

Unlike current methods, our proposed approach allows switching between the low and 

high dimensional spaces. The rich spatio-temporal information has great potential for 

visualization, analysis, and interpretation of dynamic brain networks. 
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1.1 Functional networks of the brain 

The advent of non-invasive imaging and recording technologies combined with 

powerful computers and advanced network science methods has provided an 

unprecedented opportunity to explore the complex interactions of the brain in health and 

disease [1-4]. Although, with almost 100 billion neurons, current technologies are far 

from measuring the interactions at the neuronal level, they can measure interactions 

among larger-scale brain regions. Such large-scale interactions, are shown to reflect 

neural underpinning of cognitive processes [5-7], and nervous system dysfunction in 

disorders such as Alzheimer’s disease [8-11], schizophrenia [12-14], and Parkinson’s 

disease [15, 16]. This has led to a dramatic increase of large-scale brain network analyses 

over the past two decades or so.  

Interactions among large-scale brain regions can be measured via a variety of non-

invasive neuroimaging techniques, such as: functional magnetic resonance imaging 

(fMRI), electroencephalography (EEG), magnetoencephalography (MEG), and positron 

emission tomography (PET). However, the vast majority of studies have used fMRI [17]. 

FMRI is an MRI-based technique that indirectly measures the activity of distinct brain 

regions by detecting alterations of blood flow. The most frequent form of fMRI uses the 

blood-oxygenation-level dependent (BOLD) contrast [18] which detects changes in the 

blood flow resulting from unbalanced oxygen demand and energy consumption of active 

neurons. At the scale of the human brain, functional connections usually refer to patterns 

of statistical dependence among activity fluctuations (time series) of cortical and 

subcortical regions of the brain [19]. By obtaining the functional connections among all 

brain regions, a functional network can be produced. Network science methods are 
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usually used to analyze such networks [20]. Brain regions are often represented by 

vertices and anatomical or functional connections are represented by (weighted/binary) 

edges. Network science methods have offered a strong quantitative framework to study 

which aspects of brain network architecture are critical for efficient information 

processing [4, 21] and which features of brain networks are most affected by disturbances 

from neurological disorders [22, 23].   

 

1.2 Multivariate tools for analyzing brain networks 

Despite the indisputable promise of large-scale brain network analysis in 

understanding the structure and function of macroscopic neural circuits that underlie 

cognitive and behavioral responses, and also the exponential growth of network studies 

of the brain, significant methodological and analytical challenges are yet to be addressed 

for more efficient analyses of brain networks.  

First, the averaging and massively univariate approaches, which have 

predominantly been used for almost two decades [24], don’t account for inter-subject 

variability [25, 26] and entail thousands to millions of statistical tests, resulting in very 

high rates of type I error and thus requiring conservative correction strategies for multiple 

comparisons [27-29]. In addition, current methods do not allow assessing the effects of 

multiple covariates of interest on brain connections and brain networks and controlling 

for confounding effects. Such technical considerations have resulted in losing significant 

amount of information and potential insight. Also, functional networks of the brain are 

often comprised of thousands of connections for a single person, even with very small 

number of regions. For instance, a single network with 268 regions contains over 35000 
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possible connections. These connections, representing complex interactions between 

brain regions, are also correlated with each other within each individual (i.e., each 

individual has a distinct connectivity pattern regardless of health or disease states). As a 

result, local topological features such as clustering coefficient or degree will also be 

correlated. Thus, brain network data are often very large with correlated components at 

multiple resolutions. Current technical issues in modeling such big and correlated data 

could be best addressed through multivariate statistical frameworks that are not based on 

assumptions born out of averaging and univariate techniques [30]. The development of 

multivariate statistical frameworks for relating whole-brain networks to phenotypic 

characteristics and drawing inference from such relationships, however, has lagged 

behind [30, 31].    

Although several multivariate models have been introduced that aim to analyze 

brain networks within a multivariate framework, including multivariate distance matrix 

(MDMR) [32], exponential random graphs (ERGs) [33], and permutation network 

frameworks (PNFs) [34], they suffer from important limitations. For example, MDMR 

doesn’t account for the potential correlation (dependence) between connections across 

brain regions and cannot be used for prediction purposes and simulating brain networks. 

PNFs can only be used for group-based inferential purposes, and not for quantifying the 

relationship between networks and continuous covariates or for prediction purposes. 

Finally, ERGs have limited utility for multiple subject comparisons. In response to 

addressing such important limitations, a two-part mixed-effects modeling framework was 

developed by Simpson and Laurienti in [35]. This framework allows performing multiple 

analyses, including: relating phenotypic characteristics to whole-brain connectivity 
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patterns while controlling for endogenous (e.g., spatial distance between brain regions) 

and exogenous (e.g., gender) confounding effects, simulating brain networks, and 

predicting an outcome from brain networks, and vice versa. 

  However, even this powerful model has two major limitations: first, it is a 

relatively complicated  model and using it requires significant statistics and programming 

expertise which prevents the general scientific community from using this model. 

Second, regional hypotheses about brain subnetworks cannot be tested without extracting 

them from the whole. This is even a more substantial challenge since the vast majority of 

studies are focused on highly interconnected subnetworks, such as default mode network 

(DMN) as well as smaller subnetwork components within such subnetworks [36, 37]. 

Although the human brain has evolved for maximum efficiency and information 

processing, and is a complex system of interacting subsystems (i.e., subnetworks) which 

cannot be fully understood by analyzing its subsystems as independent elements [22, 38], 

most studies extract subnetworks from the whole and treat them as independent networks. 

Even studies that focus on limited number of well-known subnetworks (~7) [39] at the 

same time, investigate the properties of each subnetwork independently and out of the 

context of the whole-brain. This approach results in neglecting their interactions with 

other brain regions and precludes identifying potential compensatory mechanisms outside 

the analyzed subnetwork. Moreover, an optimal framework for analyzing brain 

subnetworks would be a multivariate one that not only allows analyzing brain 

subnetworks within their whole brain networks, but also provides tools for controlling for 

confounding effects and modeling the inherent dependence structure of brain networks 

data. Development of such multivariate frameworks will advance our understanding of 
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the brain structure and function in a significant way. However, currently no such method 

exists.   

In this project these two major limitations will be addressed. First, a user-friendly 

software package is presented that makes this model accessible to the general scientific 

community. Then, an extension of this model is presented that allows analyzing brain 

subnetworks within the context of their whole-brain networks. Since both the software 

package and the model for analyzing brain subnetworks use mixed-effects regression 

frameworks, mixed-effects models are briefly described below. 

 

1.3 Mixed-effects models 

Simple linear models assume that data samples or observations are independent 

(and identically distributed). However, in the case of repeated measurements the 

independence assumption is violated as observations or measurements coming from the 

same participant or group are usually correlated. This means that the measurements 

coming from the same subject or group are more likely to be similar than those coming 

from other subjects or groups. Unfortunately, standard statistical procedures used in 

estimating the parameters in simple linear models are not robust against violations of the 

independence assumption [40, 41], and usually produce estimates with considerably 

increased type I errors (i.e., false positives). Thus, this correlation must be accounted for 

in estimating the parameters.          

Mixed-effects (or random-effects) models [42] and generalized estimating equation 

(GEE) models [43] are two main approaches that are often used in modeling correlated 
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datasets. Other models such as repeated measure ANOVA are also used for modeling 

such datasets in some studies [44], but can be thought of as special cases of the mixed 

model. Mixed models provide a more flexible framework as they allow incorporating 

multiple random effects and explaining individual variations in the impacts of predictors 

on the response variable, and the literature also appears to favor the mixed-effect models 

[45]. In the current study, we will use mixed models to be able to model multiple sources 

of correlation and variability (i.e., connectivity patterns and nodal network features). 

Linear mixed models and generalized mixed models (GLMMS) are briefly described 

below.  

Mixed models are a generalization of simple regression models that capture the 

correlation or dependency among data samples through random effects. Indeed, the term 

‘mixed’ refers to having both fixed and random effects. If the vectors of fixed effects and 

random effects are denoted by β and b, respectively, and the vector of random errors is 

denoted by ε, then a linear (standard) mixed model can be written as:   

𝒀 = 𝑿𝜷 + 𝒁𝒃 + 𝜺   1-1 

where X and Z are known design matrices of fixed and random effects, respectively, and 

Y is the response variable. The following assumptions are used in this model: 

𝒃 ~ 𝑁(𝟎, 𝑮) 1-2 

𝜺 ~  𝑁(𝟎, 𝑹) 1-3 

𝐶𝑜𝑣[𝒃, 𝜺] 1-4 

the matrices G and R are covariance matrices for the random effects and error, 

respectively. Since it is a linear model and random variables are assumed to be normally 
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distributed, the conditional marginal distribution of Y will also has a normal distribution 

with the following mean and variance:    

𝒀|𝒃 ~ 𝑁(𝑿𝜷 + 𝒁𝒃,𝑹) 1-5 

𝒀 ~ 𝑁(𝑿𝜷, 𝑽) 1-6 

𝑽 = 𝒁𝑮𝒁′ + 𝑹. 1-7 

Parameter estimation in linear mixed models is based on likelihood or method-of-

moment techniques. The standard estimation method for fixed and random effects is 

described in more detail in supplemental section 1.6. Linear mixed models can only be 

used to fit statistical models where the response is normally distributed. The generalized 

linear mixed models (GLMMs) are extensions of linear mixed models that allow fitting 

statistical models to correlated data where the response can come from different 

distributions. The random effects are still assumed to be normally distributed and are 

included as part of the linear predictor. But, the conditional mean (on random effects) of 

the data is related to the predictors via a nonlinear function as shown in eq. 1-8 below. 

𝐸[𝒀|𝒃] = 𝑔−1(𝑿𝜷 + 𝒁𝒃) 1-8 

where g
-1

 is the inverse link function. Conditional on the random effects, the data can 

have any distribution from the exponential family distributions, such as normal, Poisson, 

binary, binomial, and gamma distribution. Parameter estimation in GLMMs is done based 

on mean and covariance assumptions for the marginal data. (More detail is provided in 

supplemental section 1.6) 
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1.4 Novel methods to analyze dynamic brain networks 

Until recently, most brain network studies focused on stationary patterns of 

functional connectivity where associations between brain regions were defined over an 

entire scanning period, for instance, lasting 5-10 minutes for an fMRI scanning. 

However, recent studies have considerably shifted toward dynamic network studies in 

response to answering basic questions about the brain function and its underlying neural 

mechanisms which are not possible through static network analysis. An increasing 

number of studies report that fluctuations of connectivity patterns over short periods of 

time, on the order of seconds might reflect changes in macroscopic neural activity 

patterns which underlie cognition and behavioral responses [46-49]. Accumulating 

evidence suggests associations between such fluctuations and electrophysiological data 

[50], consciousness [51, 52], learning [53], and more importantly, brain disorders [54, 

55].  

The most frequent technique used for generating dynamic functional brain 

networks from the fMRI time series data to study these fluctuations during task or rest is 

the sliding window analysis [56, 57]. In this technique, a (usually rectangular) window 

[58-60] with fixed length is moved across the brain regions’ time series, and at each shift 

the association between all regions’ time series are computed to obtain the functional 

network for that shift. By moving the window across the entire time series and deriving a 

functional network at each shift, a series of functional networks will be obtained. These 

dynamic functional networks can then be analyzed for any desired purpose. However, 

here the data (with typically > 100 networks for each participant) is much larger than 

static network data. This makes the analyses much more sophisticated. Unlike static 
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network data in which each participant has a single network, here each participant has 

many networks which make the analyses even more challenging. In other words, when 

compared to static network data, dynamic network data includes an additional dimension 

for modeling fluctuations over time. Modeling this data, particularly meaningful 

visualization and interpretation of this data, remains an exceptional challenge. To deal 

with such data, most studies of brain network dynamics have focused on fluctuations of 

individual functional connections [61, 62] or summary graph metrics such as modularity 

[63, 64]. However, the brain is a complex system and reducing the network dynamics to 

whole brain graph metrics or focusing on individual connections does not take advantage 

of the wealth of information present in the fluctuations of connectivity across the entire 

brain.  

Another emerging approach which allows going beyond fluctuations of individual 

connections or summary graph metrics is projecting dynamic brain networks onto lower 

dimensional manifolds [65, 66]. Several studies have used principal component analysis 

(PCA) to map dynamics of brain networks into a lower dimensional space [49, 67]. Other 

studies have used t-distributional stochastic neighbor embedding (t-SNE) [68] combined 

with ICA [69], hidden Markov models (HMMs) [70], and energy landscapes obtained 

from maximum entropy models [66, 71, 72] to map dynamics of brain networks into 

lower dimensional spaces, and identify and analyze dynamic connectivity patterns and 

their transitions. However, most of these studies restrict the analyses to the low 

dimensional space and don’t allow for a one-to-one mapping between a given network or 

cluster of networks in high and low dimensional spaces. This results in losing a 

significant amount of information and potential insight due to the fact that any dimension 



13 

 

reduction algorithm reduces the data and thus always discards a portion of its 

information.  

An optimal data reduction method, not only provides tools for analyzing 

connectivity patterns and their transitions in a lower dimensional space for various 

analytical purposes, but also allows maintaining the information of the high dimensional 

counterpart of each low dimensional network or cluster of networks. In this project, a 

new methodology is presented to overcome this limitation by embedding dynamic 

networks into lower dimensional manifolds while providing a mechanism to switch 

between the low and high dimensional manifolds, and allowing for studies of individual 

subjects rather than averaging dynamics across population.   

It should be noted that despite the great promise of the mixed-effects multivariate 

model mentioned in section 1.2 for analyzing global and local brain networks, this model 

and possible (future) extensions of this model will not be suitable for dynamic network 

analyses for two main reasons: i) Even when a single network is used for each 

participant, the final data within this framework is very large, resulting in substantial 

convergence issues. This makes the application of this model for dynamic network data, 

which can be hundreds of times larger, almost impossible; ii) This framework is mainly 

designed for relating phenotypic variables to brain connectivity. However, appropriate 

methods for analyzing dynamic network data should also be able to identify connectivity 

patterns and their transitions.  
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1.5 Thesis Outline 

Chapter 2 of this dissertation describes a software engineering project, presenting a 

user-friendly toolbox developed for multivariate modeling of brain networks. This 

software was developed in MATLAB (The MathWorks Inc., Natick, MA) with graphical 

user interfaces (GUIs), and interfaces with one of SAS, R, or Python (depending on 

software availability) for the application of a promising multivariate mixed-effects 

modeling framework [35]. Development of this software required deep understanding of 

the sophisticated implemented framework, extensive programming, appropriate 

methodological extensions aligned with the modeling framework, appropriate design, and 

iterative testing and bug fixing under different conditions and with end-users, and 

documenting. This software can be used for analyzing a variety of neuroimaging data, 

including: fMRI, DTI, EEG, and MEG, which makes it appealing to a wide range of 

clinicians and investigators interested in studying the structure or function of the brain 

networks. In addition, a clustering-based data reduction method was developed and 

implemented which allows modeling even large datasets. This software makes a 

promising multivariate modeling framework for whole-brain network studies accessible 

to a large population of researchers studying the brain network. Although the mixed-

effects framework introduced in [35] has demonstrated a great promise, it has not been 

implemented such that end-users could benefit from the methodological advancements 

provided by this model. Thus, it was critical to develop a software to make this promising 

model accessible to the neuroimaging community.   

In chapter 3, a new multivariate modeling framework is presented that allows 

modeling brain subnetworks within the context of their whole-brain networks. This 
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model was derived by extending the previously developed mixed-effects regression 

framework for whole-brain studies. The original model is the one that was implemented 

in the software described above and in chapter 2 of this dissertation. This new model is 

obtained by including subnetwork covariates as additional fixed-effects parameters that 

model subnetworks of interest while incorporating their interactions with other regions of 

the brain. Using a variety of simulated data and an empirical dataset, it is demonstrated 

that this newly developed framework can better disentangle population differences 

between groups at both local (subnetwork) and global (whole-brain) levels when 

compared to standard t-test analyses or those that treat subnetworks as independent 

networks. This new model, that resolves a critical limitation of the original model 

developed for whole-brain networks, will significantly advance our understanding of the 

brain as it allows including interactions of brain subnetworks with other regions of the 

brain and thus accounting for compensatory mechanisms. 

In chapter 4, a new approach is presented for embedding dynamic brain networks 

into a low-dimensional (2D) space based on their relationships with all other networks in 

the high-dimensional space. This method allows representing each network as a 2D point 

where networks of similar topology get located in close proximity. Both PCA and t-SNE 

are used for this projection. Again, this method addresses another major challenge in 

studies of brain networks by providing a mechanism to switch between the low and high 

dimensional manifolds. Although we demonstrate the applicability and promise of this 

space through classification analyses, it can be used for a variety of visualization, 

analyses, and interpretation purposes.  
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Finally, in chapter 5, with respect to the current literature, we discuss the prospects and 

implications of our developed models and tools as well as our findings for future research 

and clinical purposes. Also, a relatively recent work that studied the impacts of pesticide 

and nicotine exposure on functional brain networks of Latino immigrant workers is 

provided as an appendix to this dissertation. This study used the mixed-effects regression 

framework described above.       

 

1.6 SUPPLEMENT TO CHAPTER 1 

Parameter estimation and inference in linear mixed models and generalized linear 

mixed models (GLMMs) are performed through a variety of different methods. Here, the 

standard parameter estimation method utilized in linear mixed models is described. Note 

that the linear mixed models are a special case in the family of generalized linear mixed 

models where the conditional distribution is normal and the link function is the identity 

function. Thus, in estimating the strength of brain connections (i.e., one part of the two-

part mixed-modeling framework) these models will be used. Also, a commonly used 

parameter estimation approach in generalized linear mixed models utilized in SAS 

(Glimmix procedure) will be briefly introduced.  

As mentioned earlier (eq. 1-1), a linear mixed model can be written as: 

𝒀 = 𝑿𝜷 + 𝒁𝒃 + 𝜺   1-9 

where X and Z are known design matrices of fixed and random effects, respectively, and 

Y is the response variable. The following assumptions are used for this model.  

𝒃 ~ 𝑵(𝟎, 𝑮) 1-10 
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𝜺 ~  𝑵(𝟎,𝑹) 1-11 

𝐶𝑜𝑣[𝒃, 𝜺] = 0 1-12 

where G and R are the covariance matrices of the random effects and error, respectively. 

The random effects and error are assumed to be normally distributed and independent as 

shown in above equations. Thus, the variance-covariance matrix of Y (i.e., var(Y)) can be 

written as:  

𝑽 = 𝒁𝑮𝒁′ + 𝑹   1-13 

Thus, we will have the following conditional and marginal distributions for Y:  

𝒀|𝒃 ~ 𝑁(𝑿𝜷 + 𝒁𝒃,𝑹) 1-14 

𝒀 ~ 𝑁(𝑿𝜷, 𝑽) 1-15 

Different methods exist for simultaneous estimation of fixed (β) and random (b) 

effects [73-76]. According to [76], estimation of β and b can be done through a set of 

least-squares-type estimation techniques. Let g denote the number of elements in b, and 

let n be the total sample size (i.e., total number of observations); thus, based on 

assumptions above, simultaneous estimates for β and b can be obtained through 

maximizing the following joint distribution of b and ε: 

𝑓(𝒃, 𝜺) =
𝟏

(𝟐𝝅)(𝒏+𝒈)/𝟐
|
𝑮    𝟎

𝟎   𝑹
|

−𝟏/𝟐

…

= 𝒆𝒙𝒑{−
𝟏

𝟐
[

𝒃

𝒀 − 𝑿𝜷 − 𝒁𝒃
]

′

[
𝑮−𝟏 𝟎

𝟎 𝑹−𝟏
] [

𝒃

𝒀 − 𝑿𝜷 − 𝒁𝒃
]}    

1-16 
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Thus, we should minimize the following equation with respect to β and b to maximize 

𝑓(𝒃, 𝜺):   

𝑸 = [
𝒃

𝒀 − 𝑿𝜷 − 𝒁𝒃
]

′

[
𝑮−𝟏 𝟎

𝟎 𝑹−𝟏
] [

𝒃

𝒀 − 𝑿𝜷 − 𝒁𝒃
] 

→ 𝑸 = [
𝒃𝑮−𝟏

(𝒀 − 𝑿𝜷 − 𝒁𝒃)′𝑹−𝟏
]

′

[
𝒃

𝒀 − 𝑿𝜷 − 𝒁𝒃
]

= 𝒃𝑮−𝟏𝒃 + (𝒀 − 𝑿𝜷 − 𝒁𝒃)′𝑹−𝟏(𝒀 − 𝑿𝜷 − 𝒁𝒃)          

1-17 

 

 

We can now solve the following partial derivative equations to find estimates of β and b 

that minimize Q: 

{
 

 
𝝏𝑸

𝝏𝜷
= 𝟎 ↔ 𝑿′𝑹−𝟏𝑿�̂� + 𝑿′𝑹−𝟏𝒁�̂� = 𝑿′𝑹−𝟏𝒀                 

𝝏𝑸

𝝏𝒃
= 𝟎 ↔ (𝒁′𝑹−𝟏𝒁 + 𝑮−𝟏)�̂� + 𝒁′𝑹−𝟏𝑿�̂� = 𝒁′𝑹−𝟏𝒀  

 

→ [
𝑿′𝑹−𝟏𝑿 𝑿′𝑹−𝟏𝒁

𝒁′𝑹−𝟏𝑿 𝒁′𝑹−𝟏𝒁 + 𝑮−𝟏
] [
�̂�

�̂�

] = [
𝑿′𝑹−𝟏𝒀

𝒁′𝑹−𝟏𝒀

]           
1-18 

Equations in 1-18 are called the mixed model equations (MMEs) as proposed in [76, 77]. 

We will have the following solutions for these equations:  

[
�̂�

�̂�

] = [
𝑿′𝑹−𝟏𝑿 𝑿′𝑹−𝟏𝒁

𝒁′𝑹−𝟏𝑿 𝒁′𝑹−𝟏𝒁 + 𝑮−𝟏
]

−𝟏

[
𝑿′𝑹−𝟏𝒀

𝒁′𝑹−𝟏𝒀

]

= [
(𝑿′𝑽−𝟏𝑿)−𝟏𝑿′𝑽−𝟏𝒀

𝑮𝒁′𝑽−𝟏(𝒀 − 𝑿(𝑿′𝑽−𝟏𝑿)−𝟏𝑿′𝑽−𝟏𝒀
]          
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�̂� = (𝑿′𝑽−𝟏𝑿)−𝟏𝑿′𝑽−𝟏𝒀 1-19 

�̂� = 𝑮𝒁′𝑽−𝟏(𝒀 − 𝑿(𝑿′𝑽−𝟏𝑿)−𝟏𝑿′𝑽−𝟏𝒀 = 𝑮𝒁′𝑽−𝟏(𝒀 − 𝑿�̂�)    1-20 

Note that we would get the exact same estimates by maximizing the joint distribution of 

Y and b with respect to β and b. Also, we will have the following variances for �̂� and �̂�:  

𝒗𝒂𝒓(𝜷)̂ = (𝑿′𝑽−𝟏𝑿)−𝟏𝑿′𝑽𝑽−𝟏𝑿(𝑿′𝑽−𝟏𝑿)−𝟏 1-21 

𝒗𝒂𝒓(𝒃)̂ = 𝑮𝒁′(𝑽−𝟏 − 𝑽−𝟏𝑿(𝑿′𝑽−𝟏𝑿)−𝟏𝑿′𝑽−𝟏)𝒁𝑮    1-22 

These estimates will be obtained through likelihood methods (more detail is provided in 

[78]). 

A commonly used approach for parameter estimation in generalized linear mixed 

models is to approximate the model. This approach is based on linearization of the 

nonlinear link function through Taylor series. This method is a doubly iterative process in 

which the generalized linear mixed model is first approximated by a linear mixed model 

based on current values of the covariance parameters estimates, and after fitting the linear 

mixed model (using the standard estimation methods) the new parameters are used to 

update the linearization and making the new mixed model. This process is repeated until 

some convergence criteria are met. Another basic approach for parameter estimation in 

GLMMs is based on approximating an objective function. 
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 Abstract 

Complex brain networks formed via structural and functional interactions among 

brain regions are believed to underlie information processing and cognitive function. A 

growing number of studies indicate that altered brain network topology is associated with 

physiological, behavioral, and cognitive abnormalities. Graph theory is showing promise 

as a method for evaluating and explaining brain networks. However, multivariate 

frameworks that provide statistical inferences about how such networks relate to 

covariates of interest, such as disease phenotypes, in different study populations are yet to 

be developed. We have developed a freely-available Matlab toolbox with a graphical user 

interface that bridges this important gap between brain network analyses and statistical 

inference. The modeling framework implemented in this toolbox utilizes a mixed-effects 

multivariate regression framework that allows assessing brain network differences 

between study populations as well as assessing the effects of covariates of interest such as 

age, disease phenotype, and risk factors on the density and strength of brain connections 

in global (i.e., whole-brain) and local (i.e., subnetworks) brain networks. Confounding 

variables, such as sex, are controlled for through the implemented framework. A variety 

of neuroimaging data such as fMRI, EEG, and DTI can be analyzed with this toolbox, 

which makes it useful for a wide range of studies examining the structure and function of 

brain networks. The toolbox uses SAS, R, or Python (depending on software availability) 

to perform the statistical modeling. We also provide a clustering-based data reduction 

method that helps with model convergence and substantially reduces modeling time for 

large datasets.  
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2.1 Introduction 

Complex brain network analysis has gained increasing interest over the past decade 

or so. Network models of the brain have provided valuable insight into the structure and 

function of the brain as an integrated system with complex neural interactions [1]. 

Complex physiological, cognitive, and behavioral responses result from interactions 

among vast numbers of neurons within local circuits as well as interactions between such 

circuits [2]. Thus, network analysis of the brain provides a profound perspective into 

understanding the structural and functional organizations of the brain in health and 

disease [2-4]. Increasing numbers of studies indicate alterations in network configuration 

of the brain with aging [5-7], and in neurological disorders such as Alzheimer’s disease 

[8-11], schizophrenia [12-14], depression [15-17], and Parkinson’s disease [18, 19].  

Structural and functional brain networks can be generated using modern non-

invasive neuroimaging techniques such as diffusion MRI (magnetic resonance imaging), 

functional MRI, EEG (electroencephalography), MEG (magnetoencephalography), and 

functional NIRS (near-infrared spectroscopy). Brain networks constructed from such 

neuroimaging data are usually analyzed using graph theoretical methods. Graph vertices 

represent brain regions, and (weighted/binary) edges between vertices represent the 

structural or functional connections (quantified by correlation or other methods). Graph 

theoretical methods have allowed evaluating complex networks by quantifying such 

networks through meaningful and easily computable features, such as local and global 

efficiency [20].   

Despite the exponential increase in brain network studies and promising results, 

development of multivariate frameworks for relating networks to phenotypic 
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characteristics and drawing inference from such relationships, especially for whole-brain 

networks, has lagged behind [21, 22]. Simpson and Laurienti [23] developed a 

multivariate mixed effects modeling framework in response to such needs. This 

framework allows comparing whole-brain functional connectivity patterns between 

groups, quantifying the relationship between covariates and connectivity patterns while 

reducing spurious correlations, predicting phenotype from network structure, and 

simulating brain networks. The flexibility of the model also allows controlling for 

confounding covariates such as sex. Any neuroimaging data capable of representing 

structural or functional brain networks can be used within this framework to study the 

effects of global and local brain network topology on physiological, behavioral, and 

cognitive processes.  

In the present manuscript we present a Matlab toolbox, with a graphical user 

interface (GUI), for the application of this modeling framework (Figure 2-1 - The brain 

network shown in this figure was generated (for illustrative purposes only) using 

BrainNet Viewer toolbox [24]). The toolbox, called WFU_MMNET (Multivariate 

Modeling of Brain Networks), is designed to make this framework more accessible to 

neuroscientists working on neuroimaging data, as well as more experienced statisticians 

who use neuroimaging data for brain network analysis. WFU_MMNET is implemented 

in Matlab and calls SAS, R, or Python (depending on software availability) to perform 

the statistical modeling. Datasets utilized within this framework are usually big, 

containing thousands of brain connections for each participant. Matlab is currently not 

capable of, or very slow in, modeling such big correlated datasets. 
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Figure 2-1 The framework of the WFU_MMNET 

 

Both ROI time series and connection matrices obtained from processing data from different neuroimaging 

modalities (e.g., fMRI, EEG, or MEG) can be used in WFU_MMNET. Connection matrices obtained from 

computing associations between time series in functional brain data or white matter tracks in structural data 

are depicted with colored squares in this cartoon figure Exogenous variables including the covariate of 

interest (e.g., a binary variable distinguishing study populations or a continuous variable if individual 

differences are of interest), disease phenotypes (e.g., phenotypes measured via blood samples or imaging 

modalities), risk factors (e.g., hypertension or smoking), and other covariates of interest such as age can be 

loaded into the toolbox as a matrix. WFU_MMNET provides quantified relationships between brain 

(structural or functional) connections as the outcome variable and topological brain network features and 

exogenous variables. Significant differences of brain network topologies or features between study 

populations as well as different impacts of exogenous variables on the (density and strength of) brain 

connections between study populations can be obtained via interaction variables (i.e., interactions of the 

variable distinguishing study populations and network covariates or any other desired covariate). 
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2.2 Materials and Methods 

2.2.1 Software and data sharing 

The software, manual, and the data and results from a sample case study are 

provided on a NITRC repository: https://www.nitrc.org/projects/wfu_mmnet/ 

 

2.2.2 Overview of the use of the toolbox 

WFU_MMNET was developed in Matlab (R2016b) under a 64-bit Linux 

platform. Matlab versions above R2014b should be fine to use. The user needs to have 

Matlab and one of SAS, R, or Python (preferably SAS or R as they use a random-effects 

approach in estimating the parameters and can accommodate multiple random effects 

which make them more appropriate for our framework) installed on Linux prior to using 

the toolbox. However, if the modeling software (SAS, R or Python) is installed in 

Windows, the user can still perform the modeling by using the generated modeling files 

in Windows (full detail is provided in the user manual). The method implemented in 

WFU_MMNET is a regression framework. Since brain connectivity patterns are 

correlated within each study participant (i.e., repeated measurements are used), a mixed-

effects regression framework is used to capture, and account for, the correlation between 

measurements of each participant. The focus of the toolbox is to perform statistical 

comparisons of brain networks (local or global) between study populations and to 

identify associations between brain network topology and covariates of interest. 

WFU_MMNET was specifically developed as a statistical analysis toolbox that accepts 

preprocessed data as an input. Specifics of the format and type of input data are described 

below and in the software manual. The toolbox does not perform raw data preprocessing 

https://www.nitrc.org/projects/wfu_mmnet/
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as different types of neuroimaging data and different investigators have separate 

approaches toward preprocessing the raw data. The graphical user interface (GUI) allows 

users without extensive Matlab, SAS, R, or Python programming experience to perform 

statistical group comparisons and assess statistical associations between network 

topology and covariates of interest. The starting GUI is shown in Figure 2-2. Modeling is 

done in two main steps. We have deliberately divided it into two steps for an easier, 

flexible, and more efficient analysis. In the first step, using imaging data files, initial 

modeling files, such as an initial data frame, are constructed. Then, using these 

constructed files, final modeling files, including equations, options, and datasets are 

generated, and statistical models are fitted.  

 

Figure 2-2 WFU_MMNET main (starting) graphical user interface 

 

This GUI can be started by running the ‘WFU_MMNET.m’ function or typing ‘WFU_MMNET’ in the 

command window of Matlab. Modeling is done in two main steps. In the first step, using imaging data files 

(and atlas files), initial modeling files, such as an initial data frame, are constructed through the 

‘Network_Model’ GUI. This step is independent of the second step and can be repeated for different 

imaging data or different options on the same dataset. In the second step, using generated files from the 

first step, final modeling files, including modeling datasets, equations, and options are generated, and the 

statistical models are fitted. The second step is done through the ‘Statistical_Model’ GUI. This step can 

also be done repeatedly for different options as long as an initial modeling file is available. 
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The first step is independent of the second step, and can be repeated for making 

different data frames of different imaging data or making different data frames for 

different options on the same imaging data. This step is done through the 

‘Network_Model’ GUI (Figure  2-3). The second step can also be done independently as 

long as data frames are available. This step is done using the ‘Statistical_Model’ GUI 

(Figure  2-4). 

 

Figure 2-3 The network model GUI 

 

This GUI can be started by clicking the ‘Network Model’ button on the ‘WFU_MMNET’ GUI 

(Figure  2-2). After loading required files and selecting desired options, initial modeling files will be 

constructed and saved in the output directory. These files will later be used in the second step to generate 

final modeling files and fit statistical models. 
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Figure 2-4 The statistical model GUI 

 

This GUI can be started by clicking the ‘Statistical Model’ button on the ‘WFU_MMNET’ GUI 

(Figure  2-2). Generated modeling files from the first step will be used here to make the final modeling 

datasets, equations, and options, and fit statistical models. Modeling is conducted automatically via a 

system call of the SAS, R, or Python executable files. The user should add the modeling software prior to 

starting the toolbox as detailed in the manual. 

 

2.2.3 Supported data formats 

Structural networks represent maps of white matter tracks between all pairs of 

brain regions, and are usually constructed from diffusion MRI such as diffusion tensor 

imaging (DTI) and diffusion weighted imaging (DWI) data. To model the structural 

networks, connection matrices quantifying the connectivity between brain regions should 

be used as the input data.   

To model the functional networks, either time series data or connection matrices 

should be first computed from the preprocessed data. If time series are used, the toolbox 
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automatically computes the connection matrices. The toolbox includes full and partial 

correlation (the user can select either one) for computing the connection matrices as they 

are the most commonly used association measures. However, other methods such as 

coherence and mutual information have also been used in some network studies. If the 

user wishes to use methods other than full or partial correlation, the connection matrices 

should be computed prior to using WFU_MMNET and loaded into the software instead 

of time series. FMRI users can also load (preprocessed) 4d voxel-wise time series (i.e. a 

time series of preprocessed functional images) and an atlas defining ROIs. 

WFU_MMNET extracts ROI time series from 4d files and the loaded atlas, and computes 

the correlation between the ROIs. 

The toolbox thresholds the connection matrices by default to remove the negative 

correlations as multiple graph features, clustering in particular, remain poorly understood 

in networks with negative connections [25, 26]. In the current version of the toolbox there 

is no option to retain the negative associations. This is an active area of research that may 

be included in future versions of the software. A density thresholding option is provided 

to remove weak connections. However, this is not a default option as weak connections 

might represent local bridges in the network, and also for the reasons argued in [27]. 

 

2.2.4 Topological network features  

This toolbox uses the Brain Connectivity Toolbox (BCT) [20] to compute the 

topological network features. Thus, BCT should be added to the Matlab search path 

before using WFU_MMNET. The most common features of network segregation 

(clustering coefficient, transitivity [28], modularity, local efficiency), integration 
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(characteristics path length, global efficiency), centrality (degree, betweenness centrality, 

eigen-vector centrality, leverage centrality [29]), and resilience (assortativity coefficient, 

density) have been made available in this toolbox. The BCT has several other network 

features that were not included in this toolbox at this time.  

 

2.2.5 Modeling framework 

WFU_MMNET models the connectivity patterns using a two-part mixed-effects 

modeling framework developed by Simpson and Laurienti [23]. The relationship between 

both the probability (presence/absence) and strength of a connection, as the outcome 

(dependent) variables, and different sets of covariates including dyadic or overall network 

features, covariates of interest and demographics, as independent variables, is quantified 

through this framework. It also allows assessing how the effects of covariates of interest 

on the brain connections and brain networks vary in different study populations. The 

flexibility of the model also allows reducing spurious correlations by controlling for 

important confounding variables such as spatial distance between brain regions and sex. 

The two-part mixed-modeling approach is briefly described below. More detail can be 

found in the referenced paper.  

Let Rijk indicate whether a connection is present between node j and node k for the 

i
th

 participant, and Yijk (≥0) denote the strength (e.g., correlation value) for this 

connection. Thus, we will have: 

𝑅𝑖𝑗𝑘 = 1,   𝑖𝑓 𝑌𝑖𝑗𝑘 > 0 2-1 

𝑅𝑖𝑗𝑘 = 0,   𝑖𝑓 𝑌𝑖𝑗𝑘 ≤ 0 2-2 
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𝑃(𝑅𝑖𝑗𝑘 = 1|𝜽) = 𝑝𝑖𝑗𝑘(𝜽),  𝜽 = [𝜷𝒓 ; 𝒃𝒓𝒊] 2-3 

𝑃(𝑅𝑖𝑗𝑘 = 0|𝜽) = 1 − 𝑝𝑖𝑗𝑘(𝜽),  𝜽 = [𝜷𝒓 ; 𝒃𝒓𝒊] 2-4 

where pijk is the probability of having a connection between node j and node k for the i
th

 

participant, βr is the fixed effects (population parameters) vector, and bri is the random 

effects vector for participant i. The fixed-effects vector (βr) represents the population 

estimates of the relationship between the connection probability of each nodal pair (dyad) 

and a set of covariates for each participant. The random effects vector (bri) represents the 

participant-specific parameters that capture the correlation between repeated 

measurements of each participant. The random effects capture how the relationships 

between connection probability and the covariates vary about βr by participant and node. 

Given this, the two-part mixed-effects framework modeling the probability and strength 

of connections as functions of sets of covariates can be defined by the equations below: 

𝑙𝑜𝑔𝑖𝑡(𝑝𝑖𝑗𝑘(𝜽)) = 𝑿𝑖𝑗𝑘
′ 𝜷𝒓 + 𝒁𝑖𝑗𝑘

′ 𝒃𝒓𝒊 2-5 

𝐹𝑍𝑇(𝑌𝑖𝑗𝑘(𝜽)) = 𝑿𝑖𝑗𝑘
′ 𝜷𝒔 + 𝒁𝑖𝑗𝑘

′ 𝒃𝒔𝒊 + 𝜀𝑖𝑗𝑘 2-6 

Here Xijk is the design matrix for the fixed effects (βr and βs), Zijk is the design matrix for 

the random effects that is analogous to Xijk for the fixed effects, and εijk captures the 

random noise in the connection strength between node j and node k for the i
th

 participant. 

Eq. 2-5 is a logistic regression equation quantifying the relationship between the 

connection probability and covariates. Eq. 2-6 quantifies the relationship between the 

strength of present connections and the same set of covariates. FZT is the Fisher’s Z-

transform applied to ensure the normality assumption is met. The modeling results 

contain the estimates (βr and βs values) and significance of estimates (p-values) in both 
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models. Figure 2-5 shows the diagram of the modeling approach (partially recreated from 

[30]).  We have provided a sample case study as an appendix in which different steps of 

the modeling process are briefly described in combination with a sample dataset. We 

have also provided the data and results from each step to allow the users repeat each step 

and compare the results. 

  

Figure 2-5 Diagram of the modeling approach 

 

The ROI time series is used to compute the connection matrix with negative values set to zero. Each region 

of the brain serves as a network node. The binarized connection matrix is obtained by setting all nonzero 

values of the connection matrix to one. The network measures extracted from the connection matrix along 

with exogenous variables of interest, the interaction variables, and confounding variables will be used as 

covariates in the two-part mixed-effects modeling framework. The brain network shown in this figure was 

generated (for illustrative purposes only) using BrainNet Viewer toolbox [24]). 
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2.2.6 Modeling software 

WFU_MMNET calls either one of SAS, R, or Python in the modeling part. SAS 

and R use generalized linear mixed models (GLMMs) to model the probability (eq. 2-5) 

and strength (eq. 2-6) of brain connections. GLMMs allow modeling correlated datasets 

where the response is not necessarily normally distributed (as is the case when modeling 

connection probability). Python uses the generalized estimating equations (GEE) 

approach that precludes the use of the random effects in eq. 2-5 and 2-6, but still accounts 

for within-participant correlations. Unfortunately, a GLMMs-based module is not 

available at this time in Python. In future versions, the implemented GEE approach will 

be replaced by a GLMMs-based module as soon as such module is introduced for Python.  

Modeling of both probability and strength of brain connections is done through the 

GLIMMIX procedure in SAS. GLIMMIX can model datasets with any distribution in the 

exponential family (e.g., binary, binomial, and Poisson) conditional on the assumption 

that random effects are normally distributed. GLIMMIX can estimate the parameters 

through several pseudo-likelihood techniques or a maximum likelihood (ML), restricted 

ML, or quasi-likelihood approach. Multiple options are provided in GLIMMIX which 

make it very efficient, fast, and flexible in modeling big correlated datasets. However, to 

maintain user-friendliness, we have just included options for choosing the estimation 

method and variance-covariance structure given that they are the most important options.    

For analyses that utilize R, modeling of both probability and strength of brain 

connections is conducted through functions implemented in lme4 package [31]. lme4 

provides functions for fitting linear (lmer), generalized linear (glmer), and nonlinear 

(nlmer) mixed models. This software uses lmer and glmer to model the strength and 
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probability of brain connections, respectively. However, since lme4 doesn’t conduct 

statistical tests on lmer objects (i.e., p-values are not computed) we use the lmerTest 

package [32] which employs functions implemented in lme4 but also conducts tests on 

lmer objects providing p-values for both the probability and strength models. Thus, the 

lmerTest package should be installed if R is chosen as the modeling software. This 

package, like GLIMMIX in SAS, uses pseudo-likelihood or maximum likelihood 

techniques in estimating the parameters. However, it has limited options, and is slower 

when compared to GLIMMIX. GLIMMIX and lme4 produce the same parameter 

estimates and p-values (assuming the same estimation method is chosen for both) as 

shown in section 2.3.2.  

While using the same modeling framework as in SAS and R, parameters in 

Python are estimated via a generalized estimating equation (GEE) approach for two 

reasons: 1) GLMMs frameworks are not yet available in Python, preventing modeling of 

the brain connection probability. 2) For larger datasets (larger numbers of participants 

and ROIs) GEE estimates are close to the GLMMs estimates while being less 

computationally expensive. Unlike GLIMMIX and lme4 which use likelihood estimation 

techniques and allow incorporation of participant- and nodal-specific random effects, the 

GEE approach employs a population average model that uses a generalized estimating 

equation to estimate model parameters. GEE is especially useful when likelihood-based 

approaches in SAS - GLIMMIX or R - lme4 don’t converge or increase the modeling 

time in a significant way. This could happen when modeling very big datasets with a 

large number of participants and/or ROIs (this is demonstrated in a sample dataset 

below). Also, GEE provides unbiased estimates when variance-covariance structure is 
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improperly defined. However, since Python - GEE cannot accommodate for multiple 

sources of random effects like SAS - Glimmix and R - lme4, parameter estimates 

obtained from GEE could be different than those obtained from SAS or R, especially 

when modeling datasets with small numbers of participants or ROIs. The difference 

between the results obtained from GEE with those from GLIMMIX and lme4 gets much 

smaller when modeling larger datasets (this is demonstrated below). Further detail about 

advantages and disadvantages of both approaches (GEE and GLMMs) is provided in the 

discussion. 

 

2.2.7 Data size reduction 

Brain network datasets typically contain thousands of brain connections for each 

participant, even for a small number of ROIs. This sometimes results in a lack of 

convergence or increases the modeling time significantly for the mixed modeling 

approach, particularly when modeling the probability of brain connections (logistic 

regression in eq. 2-5) with nodal random effects (nodal propensities) included. To address 

this issue, we have provided a clustering-based data size reduction method. For this 

method, data samples of each participant are treated as a big cluster and further split into 

sub-clusters through a k-means clustering method. Then, data samples closest to the 

center of each cluster are retained and other samples are discarded. The number of 

clusters is determined through the selected threshold (percentage of the data that is 

selected to be removed).  
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Figure 2-6 Clustering-based data size reduction method implemented in WFU_MMNET 

 

To ensure the same percentage of data samples is preserved for each participant, the clustering is applied on 

each participant’s data samples separately instead of clustering the final dataset which contains data 

samples of all participants. Number of clusters in this method is determined by the percentage of the data 

that is selected to be removed (e.g., if 80 percent (0.8) of data samples should be discarded and a participant 

has 6000 samples, this participant’s data will be split into 1200 clusters ((100-80)×0.1×6000)). Since the 

same percentage of data samples are removed for each participant, the final dataset also has the same 

percentage of its original size removed. Data samples of each participant are clustered using a k-means 

clustering (implemented in Matlab) method, then the samples closest to the center of each cluster are 

preserved while discarding other ones. This process is repeated for all participants yielding the final 

reduced dataset.   

 

This approach allows preserving the same number of data samples for each 

participant. Figure 2-6 illustrates how 3 samples are selected from each participant’s data 

through the implemented data size reduction method. The performance of this method 

was evaluated using a sample dataset (see section 2.3.4). 

 

2.3 Results 

2.3.1 WFU_MMNET results 

WFU_MMNET provides two tables presenting the estimation coefficients and p-

values of modeling the probability and strength of brain connections.  
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Table 2-1 Sample Modeling results (Additional columns presentingSE,DF,…arenotshown) 

      Probability Model  

 

    Strength Model  

Effect Estimate *P-value 

 

Effect Estimate *P-value 

 

Intercept βr0 

 

Pvalr0 Intercept βs0 

 

Pvals0 

NetF1 βrNetF1 PvalrNetF1 NetF1 βsNetF1 PvalsNetF1 

… … … … … … 

NetFN1 βrNetFN1 PvalrNetFN1 NetFN1 βsNetFN1 PvalsNetFN1 

      

COI βrCOI PvalrCOI COI βsCOI PvalsCOI 

      

Ex_Cov1 βrEx_Cov1 PvalrEx_Cov1 Ex_Cov1 βsEx_Cov1 PvalsEx_Cov1 

… … … … … … 

Ex_CovN2 βrEx_CovN2 PvalrEx_CovN2 Ex_CovN2 βsEx_CovN2 PvalsEx_CovN2 

      

NetF1×COI βrNetF1×COI PvalrNetF1×COI NetF1×COI βsNetF1×COI PvalsNetF1×COI 

… … … … … … 

NetFN1×COI βrNetFN1×COI PvalrNetFN1×COI NetFN1×COI βsNetFN1×COI PvalsNetFN1×COI 

… … … … … … 

N1: number of selected network features, N2: number of exogenous covariates. 

 

Tables are similar to the ones shown in Table 2-1 above. Additional columns 

including standard error (SE), degrees of freedom (DF), and t values provided in the 

actual tables are not shown here. This table shows how covariates of interest relate to the 

probability (i.e. presence/absence or density) and strength (i.e. correlation coefficient or 

other measure of association) of brain connections. More specifically, each parameter 

presented in Table 2-1 – Probability Model (i.e., βrNetF1, …, βrNetFN1×COI), represents the 

change in the log odds of an edge existing (therefore the probability of an edge existing) 

for each unit change in the given covariate. Each parameter presented in Table 2-1 – 

Strength Model (i.e., βsNetF1,…, βsNetFN1×COI), represents the change in the average 

strength of a connection for each unit change in the given covariate. In a typical analysis, 

the study populations will be coded in the covariate of interest (COI). The magnitude, 

direction, and significance of each covariate in explaining the connectivity patterns 
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(presence/absence and strength) are exhibited in these tables. For example, in a study 

with two populations, estimates and p-values for the network features (βrNetF1,…, βrNetFN1, 

PvalrNetF1,…, PvalrNetFN1 and βsNetF1,…, βsNetFN1, PvalsNetF1,…, PvalsNetFN1) represent how 

the selected network features (e.g., clustering coefficient, modularity) affect the 

probability and strength of brain connections in the baseline group, and estimates for the 

interaction covariates ( βrNetF1×COI,…, βrNetFN1×COI, PvalrNetF1×COI,…, PvalrNetFN1×COI , and 

βsNetF1×COI,…, βsNetFN1×COI, PvalsNetF1×COI,…, PvalsNetFN1×COI) represent the additional 

effects of the selected networks features in the second population. If more than two 

populations are studied, the estimates for the interaction covariates represent the 

additional effects of each population when compared to the baseline population.  

Estimates and p-values for the exogenous covariates (βrEx_Cov1,…, βrEx_CovN2, 

PvalrEx_Cov1,…, PvalrEx_CovN2, and βsEx_Cov1,…, βsEx_CovN2, PvalsEx_Cov1,…, PvalsEx_CovN2) 

represent how the selected exogenous covariates such as age, or disease risk factors (e.g., 

hypertension or smoking) affect the probability and strength of brain connections. Adding 

an interaction of each exogenous covariate with the COI shows if the effect of the given 

covariate on the probability and strength of brain connections is different between study 

populations (this is not shown here). In summary, each parameter estimate represents the 

effect of a given covariate on the probability or strength of brain connections, and its 

interaction estimate represents the additional effect in the other study populations 

(groups).  
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2.3.2 SAS, R, and Python overlap 

We assessed the overlap among the results obtained from SAS (Glimmix), R 

(lmerTest), and Python (Statsmodels-GEE) using two datasets with different numbers of 

participants and ROIs. The first study [23] examined differences in brain networks 

between younger and older adults. For the second study, we used preprocessed resting-

state fMRI data of 80 participants from the Human Connectome Project (HCP) [33]. We 

used this data only to assess how the overlap between the modeling software packages 

changes for larger numbers of participants and ROIs. For the second study, we randomly 

split the participants into 2 groups of 42 and 38, using group membership as our covariate 

of interest. For each dataset, the same fixed-effects, random-effects (except for Python – 

GEE which can’t accommodate multiple random effects), and the same modeling options 

were used. Comparisons were made through computing the correlation and normalized 

squared Euclidean distance [34] between estimation coefficients and p-values obtained 

from the three methodologies. We used SAS v.9.4, R v.3.3, and Python v.2.7 in our 

analyses. (Note you only need one of these modeling software installed. You can also use 

other versions as long as you can install the required packages for them.) 

We used more than one random effect in SAS and R models when assessing the 

overlap as the modeling framework presented in [23], and implemented in this software, 

uses more than just a random intercept. Dyadic network features could also be sources of 

correlation between samples (i.e., dyadic network features at different connections of a 

participant’s brain network are not independent from each other). Moreover, nodal 

propensities to establish connections to other nodes (above and beyond what is accounted 
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for by dyadic properties) are other important sources of correlation (random effects) that 

should be accounted for.  

 

 Aging study  2.3.2.1

Aging data used here were resting-state fMRI scans from 39 participants (healthy 

young adults: 20, healthy older adults: 19) that has previously been used [23, 35]. A brain 

network from each participant was constructed using time series of 90 ROIs using 

Automated Anatomic Labeling atlas [36]. The same fixed effects were used for all three 

analyses: 1) Covariate of interest (COI): age group as a binary variable; 2) network 

features: the average of the following network features in each nodal pair: clustering 

coefficient, global efficiency, degree (difference instead of average), and overall 

modularity; 3) Confounding variables: age, education, sex, spatial distance, and square of 

spatial distance; and 4) interactions of the network features and sex with COI. The same 

random effects accounting for network features (clustering coefficient, global efficiency, 

and degree difference), as well as spatial distance and square of spatial distance, were 

used in SAS and R models. A single random intercept was used in the Python model as it 

can’t accommodate multiple random effects. The overlap between the results is shown in 

Table 2-2.  

Table 2-2 Correlation and distance between software estimates using aging data 

Software  Coeff (Corr) Coeff (Dist) Pval (Corr) Pval (Dist) 

SAS and R (probability) 1.0000 2.3990e-07 0.9798 0.0103 

SAS and R (strength) 1.0000 1.5389e-10 1.0000 1.0142e-05 

 

SAS and Python (probability) 0.5359 0.2816 0.4124 0.2970 

SAS and Python (strength) 0.4248 0.2897 0.6702 0.1650 

 

R and Python (probability) 0.5363 0.2813 0.4245 0.2901 

R and Python (strength) 0.4247 0.2897 0.6727 0.1638 
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Table 2-3 Correlation and distance between software estimates using HCP data 

Software  Coeff (Corr) Coeff (Dist) Pval (Corr) Pval (Dist) 

SAS and R (probability) 1.0000 8.6127e-06 0.9992 4.3207e-04 

SAS and R (strength) 1.0000 1.8490e-10 1.0000 4.6673e-04 

SAS and Python (probability) 0.9644 0.0191 0.7207 0.1405 

SAS and Python (strength) 0.9831 0.0091 0.6677 0.1663 

 

R and Python (probability) 0.9648 0.0187 0.6976 0.1519 

R and Python (strength) 0.9831 0.0091 0.6696 0.1653 

 

As Table 2-2 presents, the estimates and p-values obtained from Python are very 

different than those obtained from SAS and R. This is due to the different approach used 

in Python - GEE compared with the ones used in SAS - Glimmix and R-lme4 in 

estimating the parameters. However, for the reasons discussed in [37], GEE estimates 

become more accurate the larger the datasets being modeled become. Thus, GEE may be 

used in modeling large datasets, and when the other two softwares are not available. To 

see how modeling larger datasets (i.e., larger numbers of ROIs and participants) affects 

the overlap between Python estimates and those of SAS and R, we modeled another 

dataset that includes more participants and more ROIs for each participant’s brain 

network.  

 

  HCP study  2.3.2.2

Data used here were preprocessed resting-state fMRI data from 80 HCP 

participants. We used this data only to assess how the overlap between the modeling 

software packages changes for larger numbers of participants and ROIs, thus details of 

the data have been omitted. A brain network was constructed for each participant using 

time series from 116 ROIs (using AAL atlas including the cerebellum). The same fixed 
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effects listed below were used in all three analyses: 1) Covariate of interest (COI):  a 

binary variable distinguishing the 80 participants into two random populations (groups of 

38 and 42); 2) network features: the average of the following network features in each 

nodal pair: clustering coefficient, global efficiency, degree (difference instead of 

average), and overall modularity;  3) Seven randomly generated covariates including five 

continuous variables, one binary variable, and a categorical variable with three levels; 4) 

interactions of the network features with COI; 5) Spatial distance, and square of spatial 

distance between brain regions. We used random effects accounting for network features 

(clustering coefficient, global efficiency, and degree difference), as well as spatial 

distance and square of spatial distance. As Table 2-3 shows, the overlap between results 

obtained from Python and those of SAS and R has noticeably improved despite using the 

same random effects as the ones in section 2.3.2.1. The higher overlap is probably due to 

the larger number of participants (and ROIs) as well as larger number of exogenous 

variables when compared to the aging data. This shows the promise of using Python – 

GEE in modeling large datasets when the user doesn’t have access to SAS or R, or in 

cases where modeling in SAS and R results in convergence issues or increases the 

modeling time dramatically.   

 

2.3.3 Modeling time 

The statistical modeling (parameter estimation) time depends on the utilized 

system (e.g., CPU speed and Cache size), number of subjects and ROIs as well as the 

utilized statistical modeling software (i.e., SAS, R, or Python) for parameter estimation. 

Table 2-1 shows the statistical modeling time for three resting-state fMRI datasets with 
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different number of subjects and ROIs in SAS, R, and Python on a 64-bit Linux platform 

(CPU: 1400 MHZ, Cache size: 2048 KB). Also, the number of fixed effects, random 

effects, categorical variables and the version of the statistical modeling software might 

affect the modeling time. We used 16, 19, and 18 fixed effects and 6, 6, and 7 random 

effects in the three models with 30, 80, and 200 participants (Table 2-4), respectively.  

The total running time is mostly determined by the statistical modeling (parameter 

estimation) time, especially for large datasets. However, choosing partial correlation for 

computing the connectivity matrices (when starting with time series), using a separate 

atlas for each subject in computing the distance matrices, using older Matlab versions, 

and larger numbers of subjects, ROIs, and fixed and random effects can increase the total 

(network and statistical) running time. Modeling was done using Matlab (R2016b), SAS 

v.9.4, R v.3.3, and Python v.2.7. As the table presents, modeling time could be a problem 

when large datasets are modeled in R. The slower modeling time in R could be attributed 

to its single threaded nature when compared to SAS and Python.   

 

Table 2-4 Modeling time (seconds) for three datasets with different numbers of subjects and ROIs 

 Subjects ROIs SAS R Python 

Probability model 30 90 6.80 1529.60 3.27 

Strength model 30 90 3.21 152.8 3.06 

Probability model 80 116 39.02 14903.87 16.98 

Strength model 80 116 32.13 1941.71 19.80 

Probability model 200 268 536.88 244457.35 329.66 

Strength model 200 268 114.10 47681.40 136.80 

 



55 

 

2.3.4 Data size reduction 

As discussed in section 2.2.7, another methodological approach in 

WFU_MMNET intended to deal with convergence issues or excessive modeling time is a 

data size reduction option. Adding nodal propensities to the random effects of the HCP 

dataset used in section 2.3.2.2 resulted in a lack of convergence in the probability model. 

However, using the implemented data size reduction method, when this dataset was 

reduced to 90 percent of its original size, the convergence problem was resolved (SAS 

was used as the modeling software here).  

To further evaluate the performance of the implemented data size reduction 

method, the parameter estimates obtained from modeling the full HCP dataset (without 

nodal propensities) and those obtained from the reduced data were compared (using the 

same fixed, random effects, and modeling options as in section 2.3.2.2). Again, 

correlation and distance of estimates and p-values obtained from modeling the full dataset 

with those obtained from modeling reduced versions of this dataset (at six different 

thresholds: retain 80%, 50%, 30%, 20%, 10%, 5%) were computed (SAS was used in all 

modeling runs).  As Table 2-5 shows, parameter estimates obtained from modeling the 

reduced versions of the HCP data are almost the same as those obtained from modeling 

the full dataset even when a high percentage of the data is removed. Results are also 

shown in Figure 2-7 for illustrative purposes.  

 

 

 



56 

 

Table 2-5 Correlation and distance of estimates obtained from modeling the full HCP data with those 

obtained from modeling reduced versions. 

 

2.4 Discussion 

This manuscript details a MATLAB toolbox with a graphical user interface that 

was developed in response to the need to bridge an important gap between network 

analyses of the brain and multivariate statistical inferences associated with such analyses. 

The freely-available GUI presented with this toolbox allows those without programming 

experience in MATLAB, SAS, R, or Python to use the implemented multivariate 

framework to perform multiple analyses on brain network data, including: (a) assessing 

the effects of covariates of interest such as age, disease phenotypes, and risk factors on 

the density and strength of brain connections in global and local brain networks; (b) 

assessing if the effects of such covariates on the density or strength of brain connections 

is different between study populations (e.g., if the impact of hypertension on brain 

connections is different between older and younger people); (c) assessing the effects of 

topological network features such as clustering coefficient and modularity on the density 

and strength of brain connections in different study populations, which in turn allows 

evaluating possible brain network differences between such populations, and the 

                    Probability Model 

 

             Strength Model   

Data Size Coeff (Corr) Coeff (Dist) Pval (Corr) Pval (Dist) Coeff (Corr) Coeff (Dist) Pval (Corr) Pval (Dist) 

80 % 0.9996 0.0011 0.9981 0.0010 0.9998 0.0001 0.9965 0.0018 

50 % 0.9956 0.0086 0.9911 0.0046 0.9986 0.0008 0.9705 0.0150 

30 % 0.9835 0.0180 0.9677 0.0169 0.9963 0.0019 0.9543 0.0246 

20 % 0.9664 0.0255 0.9382 0.0329 0.9920 0.0040 0.8988 0.0509 

10 % 0.9274 0.0397 0.8808 0.0636 0.9856 0.0073 0.8311 0.0852 

  5 % 0.8885 0.0558 0.8584 0.0831 0.9796 0.0103 0.7168 0.1424 
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contribution of covariates of interest to such differences. The flexibility of the 

implemented framework also allows controlling for important confounding variables 

such as sex and spatial distance between brain regions.  

Although the implemented modeling framework was initially introduced for 

whole-brain network analyses in [23], this toolbox can also be used to evaluate network 

properties of brain sub-networks. However, when assessing sub-networks, some accuracy 

in computing the topological network features such as clustering coefficient and degree 

may be lost due to excluding connections between the regions located within the selected 

sub-network and the remainder of the brain.  

The toolbox can be used by a wide range of people studying the structural or 

functional organizations of brain networks, and the impacts of covariates on brain 

connections and brain networks, as it allows using a variety of neuroimaging data. This is 

important as different neuroimaging techniques measure different physiological processes 

and physical interactions in the brain, and at different temporal and spatial resolutions. 

Thus, this software provides principled and widely applicable tools that can provide 

neuroscientific insight at multiple scales. Datasets generated and used in this toolbox are 

usually big as they consist of thousands of brain connections for each participant, even 

for a small number of brain regions. This prevents using the toolbox for voxel-wise brain 

network analysis, and might result in convergence or modeling time issues when a large 

number of ROIs and participants are used. Two separate approaches are accessible in this 

toolbox to address this limitation. 
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Figure 2-7 Correlation and distance between model results obtained from the full HCP data and 

those obtained from reduced data 

 

A. Correlation of estimation coefficients (Coef) and p-values (Pval) obtained from modeling the probability 

of brain connections. B. Distance between estimation coefficients and p-values obtained from modeling the 

probability of brain connections. C. Correlation of estimation coefficients and p-values obtained from 

modeling the strength of brain connections. D. Distance between estimation coefficients and p-values 

obtained from modeling the strength of brain connections. 

 

The first one is to use the clustering-based data size reduction method. The second option 

is to use the Python-GEE as the modeling software. Although as shown in section 2.3.2.2 

the results obtained from GEE are close to those obtained from SAS-Glimmix and R-

lme4 for larger datasets, there are key differences between the approach that Python - 

GEE employs in estimating the parameters and the ones that SAS-Glimmix and R-lme4 
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use that lead to large differences in results for smaller datasets. We strongly suggest using 

SAS or R because they allow incorporating multiple random effects and explaining 

individual variation in the impacts of predictors on the response variables (density or 

strength of brain connections in our case), and the literature also appears to favor the 

random-effect (GLMM) approach [37]. However, for larger datasets when the user 

doesn’t have access to SAS or R, or faces a lack of convergence or modeling time 

increases dramatically, Python might be a good alternative. The comparison between the 

GEE and random-effects approaches toward estimating the parameters is not within the 

scope of this paper but, two main differences are: 1) GEE is a population averaged 

approach (i.e. the parameter estimate is the effect of change in the mean outcome for a 

predictor unit change across all participants), while the random-effects is a participant-

specific approach (i.e., a random-effects parameter estimate is the effect of change in the 

mean outcome for predictor unit change of a particular individual or participant); 2) GEE 

can’t accommodate multiple sources of random effects as it models the correlation as a 

nuisance variable (i.e. as a covariate). However, GEE estimates are generally more robust 

against model misspecifications since random-effects require distributional assumptions 

and proper covariance structure specification. More detail can be found in [37-40]. In 

future versions, we will be replacing the GEE-based approach with a GLMMs-based 

approach as soon as a Python module is introduced. 

The toolbox in this study was developed in Matlab; but, it calls either one of SAS, 

R, or Python to conduct the modeling part as Matlab is currently not capable of or very 

slow in modeling large datasets produced within the implemented framework. Thus, the 

user needs to have SAS, R (with the required package: lmerTest), or Python (with the 



60 

 

required modules: statsmodels, numpy, scipy, and pandas) installed on Linux. The default 

software is set to SAS as it employs the random-effect approach in estimating the 

parameters, and also is much faster and more flexible (e.g., it checks multiple 

convergence criteria and allows using several estimation methods and variance-

covariance structures for the random effects). However, we have only provided options to 

choose the estimation method and variance-covariance structure for the purposes of 

simplicity and usability in the current version.   

An important potential of the modeling framework implemented in this toolbox is 

its capability for multimodal network analysis. Multimodal analysis is not accessible 

through the current version of this toolbox. However, the needed methodological 

extensions are being developed and this capability will be added to future versions to 

allow combining two or more datasets acquired with different neuroimaging techniques. 

This will allow evaluating the association between brain physiological processes and its 

structure from a network perspective while benefiting from spatiotemporal resolution 

complementarity. For example, this allows evaluating how functional network properties 

of different brain regions and functional connections between them are associated with 

the structural network features and structural connection between them as well as 

evaluating the impact of different covariates on such networks and connections. Future 

versions will also provide more modeling options and visualization interfaces.  
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Abstract 

Analyzing the structure and function of the brain from a network perspective has 

increased considerably over the past two decades, with regional subnetwork analyses 

becoming prominent in the recent literature. However, despite the fact that the brain, as a 

complex system of interacting subsystems (i.e., subnetworks), cannot be fully understood 

by analyzing its constituent parts as independent elements, most studies extract 

subnetworks from the whole and treat them as independent networks. This approach 

entails neglecting their interactions with other brain regions and precludes identifying 

potential compensatory mechanisms outside the analyzed subnetwork. In this study, using 

simulated and empirical data, we show that the analysis of brain subnetworks within the 

context of their whole-brain networks, i.e., including their interactions with other brain 

regions, can yield different outcomes when compared to analyzing them as independent 

networks. We also provide a multivariate mixed-effects modeling framework that allows 

analyzing subnetworks within the context of their whole-brain networks, and show that it 

can better disentangle global (whole-brain) and local (subnetwork) differences when 

compared to standard t-test analyses. T-test analyses may produce misleading results in 

identifying complex global and local level differences. The provided multivariate model 

is an extension of a previously-developed model for global, system-level hypotheses 

about the brain. The modified version detailed here provides the same utilities as the 

original model—quantifying the relationship between phenotypes and brain connectivity, 

comparing brain networks among groups, predicting brain connectivity from phenotypes, 

and simulating brain networks—but for local, subnetwork-level hypotheses.  
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3.1 Introduction 

Network analysis of the brain has catalyzed a fundamental paradigm shift in the 

way we understand the brain in health and disease. Complex physiological, cognitive, 

and behavioral responses result from interactions among a vast number of neurons within 

local circuits of the brain as well as interactions among such local circuits [1]. It is now 

well established that large-scale brain network processes are essential to high-level 

cognitive tasks [1, 2]. Large-scale brain networks have increasingly been associated with 

neurological and psychiatric disorders such as Alzheimer’s disease [3-6], schizophrenia 

[7-9], Parkinson’s disease [10, 11], and depression [12, 13].   

Recent brain network studies have mainly focused on highly interconnected 

subnetworks such as the default mode network (DMN) and attention network (ATN), as 

well as smaller subnetwork components within such subnetworks. However, despite the 

fact that the brain, as a complex system of interacting subsystems (i.e., subnetworks), 

cannot be fully understood by analyzing its subsystems as independent elements [14, 15], 

most studies extract subnetworks from the whole and analyze them as independent 

networks. This approach entails neglecting their interactions with other brain regions and 

precludes identifying potential compensatory mechanisms outside the analyzed 

subnetwork. Another major issue with subnetwork analyses is the inherent limitations of 

univariate approaches often employed to investigate the relationships between phenotypic 

characteristics and brain subnetworks. Even within an independently analyzed 

subnetwork, univariate methods ignore the contribution of other connections [16] and 

exogenous confounding effects in relating connectivity to a phenotypic variable, and they 

entail a large number of statistical tests (thousands to millions) which can ultimately 
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increase the risk of false positives. Several methods have been introduced for reducing 

the false positive rates in massive univariate comparisons of brain network connectivity. 

Meskaldji [17] introduced a method that compares subnetworks by distilling them down 

to a meaningful univariate summary statistic. Zalesky et al., introduced network-based 

statistics in [18] which provides greater statistical power while guaranteeing control of 

the family-wise error rate at the subnetwork level instead of the edge-wise level. 

However, this method is limited to identifying differences in networks when these 

differences form connected component structures.   

Multivariate models, on the other hand, allow relating phenotypic variables to all 

brain connections simultaneously and thus allow capturing the dependence between brain 

connections while accounting for confounding effects. Additionally, these models 

dramatically reduce the number of statistical tests conducted on connectivity- or 

topology-phenotype relationships. However, the development of multivariate modeling 

frameworks for relating brain networks to phenotypic characteristics and drawing 

inference from such relationships has lagged behind other methodologies as discussed in 

[19]. 

In this study, using simulated and empirical data from a moderate-heavy alcohol 

consumption study, we show that the analysis of brain subnetworks within the context of 

their whole-brain networks can yield meaningfully different results when compared to 

analyzing them as independent networks. We show that the analysis of brain subnetworks 

within the context of their whole-brain networks can better disentangle whether an 

observed population effect is present globally or is restricted to regional subnetworks. 

Standard t-test analyses can produce misleading results when attempting to disentangle 
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such differences. They can also lead to multiple testing issues due to the number of 

statistical tests often necessitated in this context.  To address this, we also introduce a 

promising multivariate framework for analyses of brain subnetworks within the context 

of their whole-brain networks. This framework is obtained by extending a two-part 

mixed-effects modeling framework which was originally developed for analyzing whole-

brain networks [20]. While our extension for subnetwork analyses inherently assesses 

topological differences between groups at the subnetwork and whole-brain network 

levels, it can also implicitly identify group level differences in raw connectivity patterns 

at both levels (even when the edge-level means and variances are the same) by 

identifying group differences in the relationships between network measures and the raw 

connectivity values (as the outcome variable is composed of all edge values). Our 

framework can also be used to explicitly assess this difference by incorporating a set of 

indicator variables, representing the edges (or nodes) in the given network, and their 

interactions with the grouping variable as independent (predictor) variables. This allows 

directly assessing raw connectivity differences while accounting for the dependence 

among edges within and outside of the given network.     

Although several other methods have been introduced that aim to analyze brain 

networks within a multivariate framework, including multivariate distance matrix 

regression (MDMR) [21], exponential random graphs (ERGs) [22, 23], and permutation 

network frameworks (PNFs) [24], they suffer from important limitations. For example, 

MDMR doesn’t account for the potential correlation (dependence) between connections 

across brain regions and cannot be used for prediction purposes and simulating brain 

networks. PNFs can only be used for group-based inferential purposes, and not for 
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quantifying the relationship between networks and continuous covariates or for prediction 

purposes. Finally, ERGs have limited utility for multiple subject comparisons. The two-

part mixed-effects model addresses these limitations by providing a framework for 

multiple analyses, including identifying the association of phenotypic characteristics with 

whole-brain connectivity patterns while controlling for endogenous (e.g., spatial distance 

between brain regions) and exogenous (e.g., gender) confounding effects, simulating 

brain networks, and predicting an outcome from brain networks, and vice versa. This 

framework has been used in [25] to study the impacts of pesticide and nicotine on brain 

networks. Also, a user-friendly toolbox has recently been released for the application of 

the original framework [26], as well as an extension that enables studying system-level 

brain properties across multiple tasks [27].  

To show how analyzing brain subnetworks within the context of their whole-brain 

networks is different than analyzing them as independent networks, we modeled 

simulated connectivity matrices (representing brain networks) with known “population” 

differences at global and local (i.e., subnetwork) levels through two different approaches. 

Simulated datasets were first modeled while including subnetworks within the context of 

their whole-brain networks (i.e., modeling with regional subnetworks), and then by 

treating subnetworks as independent networks (i.e., modeling without regional 

subnetworks). We also used the standard t-test analysis commonly used in network 

studies [28] to find the simulated differences to further demonstrate the utility of the 

introduced method in identifying complex network differences where standard t-tests 

might fail.  
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Finally, we used the new method for assessing the impacts of a moderate-heavy 

alcohol consumption lifestyle on the default mode network (DMN) in older adults. Our 

analyses yielded different outcomes when the DMN was analyzed within the context of 

the whole brain network compared to analyzing it as an independent network, which 

again demonstrates the importance of analyzing subnetworks within the context of their 

global networks, and also the promise of the proposed extensions in this work. 

 

3.2 Materials and Methods 

The original two-part mixed-effects modeling framework is described briefly in the 

supplemental section 3.5.1 and the methodology developed for subnetwork analysis is 

described in the supplemental section 3.5.2. To make the original framework useable for 

analyses of brain subnetworks, we devised a procedure to include subnetworks as 

additional fixed-effects covariates within the original models. This provided a new 

modeling framework for both global (i.e., system-level or whole-brain) and local (i.e., 

regional or subnetwork) analyses of brain networks. Therefore, the new multivariate 

models in this study not only allow investigating each brain subnetwork as a subsystem 

of the whole that interacts with other subsystems (i.e., subnetworks), and thus allow 

including the contribution of other brain regions and potential compensatory connections 

outside the subnetwork of interest, but also allow controlling for confounding effects 

(e.g., spatial distance between brain regions and gender). Additionally, this extension can 

be used for simulating whole-brain networks and subnetworks as well as predicting an 

outcome from brain connectivity and topology. We strongly recommend reading these 
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two sections. Simulated datasets are described in section 3.2.1, and finally the imaging 

data from the moderate-heavy alcohol consumption study is described in section 3.2.2.    

In this study we used a very limited number of subnetworks (mostly a single 

subnetwork) in both the simulation and empirical data due to the following reasons:1) 

using simple models with a limited number of subnetworks was critical for understanding 

the main utility of the fairly complex methodology developed for analyzing subnetworks 

within their whole-brain networks and interpreting the results; 2) these simple models 

were sufficient to demonstrate the difference in results that occur when analyzing brain 

subnetworks within the context of their whole-brain networks compared with analyzing 

them as independent networks; and 3) simulating networks with more complex 

population differences in multiple subnetworks (and smaller networks within such 

subnetworks) was not feasible. However, it is important to note that that modeling a 

larger number of subnetworks will create more parameters and increase the 

computational cost. Thus, this model could be most useful for modeling a limited number 

of large, well-known subnetworks. Most studies of functional brain networks over the 

past two decades have studied a very limited number of well-known subnetworks such as 

DMN and attention networks. This framework can be easily used for modeling this 

limited number (~ 5) of subnetworks. Nevertheless, since each subnetwork is mainly 

modeled via a binary variable and its interaction with a (binary) covariate of interest, and 

the contrast statements are estimated by using the already estimated residuals, the 

computational cost does not increase rapidly enough to make it non-applicable for even 

larger numbers of subnetworks (or subnetwork components). Additionally, we will add 

GUIs to an already developed user-friendly toolbox [26] to make the application of this 
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framework more accessible to those interested in using it. The appropriate data reduction 

methods already implemented in this toolbox, and its interface with strong statistical 

programming software packages such as SAS and R will make modeling even larger 

numbers of subnetworks feasible. We will also provide further documentation with 

explicit examples after implementing it in the WFU_MMNET toolbox to aid in 

interpretation. 

 

3.2.1 Simulated connectivity matrices  

We simulated connectivity matrices that were sufficient to illustrate: 1) the 

importance of analyzing a subnetwork within the context of the entire network, and 2) the 

utility of employing our mixed modeling approach instead of the standard t-test approach 

for subnetwork analyses. We simulated 40 connectivity matrices with 90 regions for the 

first group, and applied population differences on this simulated dataset to obtain datasets 

for the second group. The 90 regions were derived from the AAL atlas [29] so that the 

simulated data could be represented in brain space. We only used simulations of the brain 

connection strength (supplemental eq. 3-5) as the results can be generalized to 

simulations of the brain connection probability (supplemental eq. 3-4). Connectivity 

values were simulated using a normal distribution. Since FZT of connectivity values are 

used in supplemental eq. 3-5, simulated connectivity values were considered to be FZT of 

connectivity values. We included the spatial distance constraint in our simulations to 

account for the fact that connectivity drops with distance, and added a single random 

value to each connectivity matrix to generate the random effect – i.e., to create different 

connectivity averages across subjects. These single random values also came from a 
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normal distribution to meet the normality assumption of the random effects distributions 

in mixed models. More specifically, let 𝐂ijk,gr1 denote the simulated (FZT-) connection 

strength between node j and node k for subject i in the first group, and 𝐬𝐝𝐢𝐬𝐭jk denote the 

spatial distance between node j and node k in the AAL space; thus, we will have:   

𝑪𝑖𝑗𝑘,𝑔𝑟1 = (𝑤𝑖𝑗𝑘 − 𝛼𝑖𝑗𝑘𝒔𝒅𝒊𝒔𝒕𝑗𝑘) + 𝑏𝑖 ,    𝑤𝑖𝑗𝑘~𝑁(𝜇 = 0.02, 𝜎 = 0.4),    𝑏𝑖~ 𝑁(𝜇 = 0, 𝜎 = 0.08) 3-1 
 

where i = 1,2, … , 40, j = 1,2, … , 90, k = 1,2, … ,90, 𝐂ijk,gr1 = 𝐂ikj,gr1, and 𝐂ijk,gr1 =

0 for j = k. wijk is a random value that comes from a normal distribution, 𝛂ijk is a random 

coefficient for the jk
th

 spatial distance that comes from a uniform distribution in (0.006, 

0.008), and  𝑏𝑖 is the single random value coming from a normal distribution added to all 

elements of the simulated connectivity values of subject i to create the random effect. It is 

important to note that simulated matrices with normally distributed elements are not 

guaranteed to be positive semi-definite [30-32]. However, our modeling framework is 

independent from the positive semi-definiteness of the utilized correlation matrices. The 

parameter estimation in our mixed modeling framework doesn’t include operations, such 

as Cholesky decomposition, directly on individual correlation matrices, and thus its 

application is not restricted to positive semi-definite matrices. Rather, it uses the 

combined and vectorized positive correlation values (i.e., correlation values from present 

connections) from the entire set of subjects as the outcome variable and this outcome 

variable only needs to be normally distributed (given the covariates). As discussed in 

[33], the only matrix that needs to be positive definite to avoid convergence implications 

is the variance-covariance matrix of the random effects. Since we only used a random 

intercept in our simulation studies, this has already been guaranteed. More importantly, 
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matrices composed of estimated pairwise correlation coefficients (which is generally the 

case with brain network analysis) are not necessarily positive semi-definite.  

This simulation provided 40 matrices which were used as the simulated dataset 

for the first group. Connectivity matrices for the second group were obtained by applying 

population differences to Cijk,gr1 (details are presented in the following sections). The 

averages and standard deviations of the normal distributions and intervals for the uniform 

distribution were selected from results of modeling a real resting-state fMRI data [20, 26] 

to have more realistic simulations of brain connection strength. We recognize that these 

relatively simple simulations do not account for many properties of the brain networks or 

other sources of correlation. However, as pointed out earlier, simulating such datasets 

was not necessary for our comparative purposes as for each simulation the same datasets 

were used in models with regional subnetworks and models without them, as well as in 

the t-test analyses. Simulated datasets only had to meet the basic requirements of being 

sufficient to illustrate 1) the importance of analyzing a subnetwork within the context of 

the entire network, and 2) the utility of employing our mixed modeling approach instead 

of the standard t-test approach for subnetwork analyses. It is important to note that one of 

the important applications of the original (and extended) mixed models is simulating 

brain networks. However, we are not focused on the simulation utility of the mixed 

models here.  

We made known differences in simulated connectivity matrices of the first group 

to create datasets with different local and global connection strength and different 

network feature values (global efficiency) for the second group, as well as datasets with 

exogenous confounding effects (gender). Details are presented in the corresponding 
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sections. In analyses of the connectivity differences we used simple models that only 

included the covariates with the known differences—i.e., for simulations of the (local and 

global) connection strength differences and simulations of the confounding effects of 

gender on connection strength, global efficiency was not included.    

For the t-test analysis, connection strength values were averaged within 

individuals, yielding two vectors of averaged values (vector size: 40×1), and 

subsequently submitted to a two-tailed t-test analysis – i.e., the t-test analysis was used 

for a simple comparison of average values of connection strength between the two 

groups. We used MATLAB R2016b (The MathWorks Inc., Natick, MA, US) for 

simulating the connectivity datasets and SAS v.9.4 for fitting the mixed models. 

Simulated datasets and implemented SAS scripts are provided as supplementary files 

accompanying this paper. Simulated datasets and codes are provided on the mendeley 

data repository (https://data.mendeley.com/datasets/wpxk9s6wbf/1) 

 

3.2.2 Imaging data and network generation for moderate-heavy alcohol 

consumption lifestyle study 

To further demonstrate the utility of the developed models, we examined the effects of 

moderate-heavy alcohol consumption on brain connectivity in older adults. We used 

resting-state fMRI scans from 41 participants that consumed light (<2 drinks/week and 

≥1 drink/month, n=20, age (years) = 71.1±3.4, sex (M/F) = 12/8) or moderate-heavy (7-

21 drinks/week, non-bingers, n=21, age (years) = 70.1±4.2, sex (M/F) = 10/11) amounts 

of alcohol. This data came from a previous study [34]. More detail about demographics 

and applied preprocessing steps can be found in the referenced paper.    

https://data.mendeley.com/datasets/wpxk9s6wbf/1
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A functional brain network for each participant was generated using mean time-

series of 268 ROIs from a functional parcellation [35]. We used the functional 

parcellation in the native space of each participant (obtained using the corresponding 

inverse registration matrices) for extraction of each ROI’s mean time series.  Also, the 

spatial distances between brain ROIs of each participant were obtained using the 

transformed parcellations in the native space. We assessed the effects of moderate-heavy 

alcohol use on the default mode network (DMN) as changes in this subnetwork have been 

associated with alcohol consumption in several studies [36-39].  

 

3.3 Results 

Using simulated and empirical data, we demonstrate that analyses of subnetworks 

within the context of their whole-brain networks yield different outcomes when 

compared to analyzing them as independent networks. We also show that the proposed 

methodology better disentangles the differences between global and local levels when 

compared to standard t-test analyses. In all subsequent simulations, supplemental eq. 3-5 

was utilized but with different covariates (fixed effects). In simulations that only included 

the connection strength, only a random intercept was employed to model the within-

subject correlations of the connection strength. In all subsequent simulations, an additive 

noise (𝑛𝑜𝑖𝑠𝑒 ~ 𝑁(𝜇 = 0, 𝜎 = 0.02)) was added to the applied differences. 

 

3.3.1 Population differences in connectivity at global and local levels  

We made known population differences that were: 1) present at the global level 

but not in a subnetwork, 2) restricted to a subnetwork, and 3) restricted to only one of two 
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subnetworks with common connections, (i.e., restricted to one of two overlapping 

subnetworks). We used a combination of interconnected nodes (regions) located in the 

frontal lobe as our subnetwork of interest and named it suba (you can simply think of suba 

as your subnetwork of interest such as the default mode network). In sections 3.3.1.1 

and 3.3.1.2, simple models with four fixed effects, including intercept, population 

grouping covariate (COI), subnetwork covariate, and interaction of subnetwork covariate 

with COI were used (𝛉s = [θs,0  θs,COI   θs,suba   θs,COI×suba]
′
,  bsi = bsi,0). Applied 

differences and results are presented below. All relevant estimates and p-values are 

bolded in the corresponding tables. Note that when a subnetwork is analyzed as an 

independent network, θs,COI itself shows the difference in the connectivity of that 

subnetwork between the two groups because all connections being analyzed are in that 

subnetwork.    

 

Figure 3-1 Models of brain networks that illustrate the global and local level differences  

 

Regions located within suba are depicted with a slightly larger node size simply for identification. Edge 

color and thickness differentiate the connections that are different between the two groups (connections that 

are not different between the two groups are depicted with the blue color and thinner lines). A. Connection 

strength difference between the two groups is present in all networks edges except those located within 

suba. B. Connection strength difference between groups is restricted to edges within suba. The color bar 

indicates the edge strength difference between groups in arbitrary units. Brain networks shown here were 

generated using the BrainNet Viewer software [40]. 
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 Difference at the global level but not in a subnetwork  3.3.1.1

We changed the whole-brain connection strength excluding suba in the first group by a 

factor of 0.8 to produce a dataset with reduced strength for the second group 

(Figure 3-1(A)):    

𝐂ijk,gr2 = 0.8 × 𝐂𝑖𝑗𝑘,gr1 + noise   𝑓𝑜𝑟 𝑗𝑘
𝑡ℎ 𝑐𝑜𝑛𝑛𝑒𝑐𝑡𝑖𝑜𝑛𝑠 𝒏𝒐𝒕 𝑙𝑜𝑐𝑎𝑡𝑒𝑑 𝑤𝑖𝑡ℎ𝑖𝑛 𝑠𝑢𝑏𝑎, 𝑖 = 1,… ,40 

As Table 3-1 presents, modeling suba within its whole-brain network correctly identifies 

both the local and global differences in a single model. Note that the estimate for the 

parameter (θs,COI + θs,COI×suba) provides the inference for connection strength difference 

between groups in suba (see supplemental section 3.5.4 for more detail). Modeling suba as 

an independent network (Table 3-2) and modeling the whole-brain network without 

regional subnetwork covariates (Table 3-3) correctly identify the differences as well for 

this simulation.  

 

Table 3-1 Modeling with regional subnetwork 

Parameter Estimate     SE *P-value 

𝛉𝐬,𝟎 0.3314 0.005535 <0.0001 

𝛉𝐬,𝐂𝐎𝐈 -0.06459 0.007828 <0.0001 

𝛉𝐬,𝐬𝐮𝐛𝐚 0.03503 0.002495 <0.0001 

𝛉𝐬,𝐂𝐎𝐈×𝐬𝐮𝐛𝐚 0.05883 0.003546 <0.0001 

𝛉𝐬,𝐂𝐎𝐈 + 𝛉𝐬,𝐂𝐎𝐈×𝐬𝐮𝐛𝐚 -0.00576 0.008424 0.4941 

Modeling results with 𝛉s = [θs,0  θs,COI   θs,suba   θs,COI×suba]′.  

Table 3-2 Modeling suba as an independent network 

Parameter Estimate SE *P-value 

𝛉𝐬,𝟎 0.3656 0.007991 <0.0001 

𝛉𝐬,𝐂𝐎𝐈 -0.00652 0.01131   0.5640 

Modeling results with 𝛉s = [θs,0  θs,COI]′ and suba connections.  

Table 3-3 Modeling without regional subnetwork 

Parameter Estimate SE *P-value 

𝛉𝐬,𝟎 0.3354 0.005495 <0.0001 

𝛉𝐬,𝐂𝐎𝐈 -0.05777 0.007773 <0.0001 

Modeling results with 𝛉s = [θs,0  θs,COI]′ and whole-brain 

connections. 

Table 3-4 Standard t-test analysis   

Parameter Average - Difference *P-value 

𝑾𝒉𝒐𝒍𝒆 − 𝒃𝒓𝒂𝒊𝒏 -0.05775 1.14e-10 

𝒔𝒖𝒃𝒂 -0.00652 0.562616 
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Modeling without regional subnetworks and modeling suba as an independent network 

gave the same results as the standard t-test analysis here since these models only 

contained the grouping covariate (i.e., we didn’t control for other effects in these simple 

models). This is shown in Table 3-4.  

 

 Difference restricted to a subnetwork  3.3.1.2

We changed the connection strength in suba in the first group (while keeping the 

connection strength of all other brain regions the same) by a factor of 0.55 to produce a 

dataset with reduced strength in suba for the second group (Figure 3-1(B)): 

𝐂ijk,gr2 = 0.55 × 𝐂𝑖𝑗𝑘,gr1 + noise   𝑓𝑜𝑟 𝑗𝑘
𝑡ℎ 𝑐𝑜𝑛𝑛𝑒𝑐𝑡𝑖𝑜𝑛𝑠 𝑙𝑜𝑐𝑎𝑡𝑒𝑑 𝒘𝒊𝒕𝒉𝒊𝒏 𝑠𝑢𝑏𝑎 , 𝑖 = 1,… ,40 

As Table 3-5 presents, modeling suba within its whole-brain network correctly shows that 

the difference between the two groups is restricted to suba, and accounting for this 

subnetwork, connections of other regions of the brain (quantified by θs,COI in this model) 

are not different between the two groups. 

Table 3-5 Modeling with regional subnetwork 

Parameter Estimate     SE *P-value 

𝛉𝐬,𝟎 0.3314 0.005761 <0.0001 

𝛉𝐬,𝐂𝐎𝐈 -0.00471 0.008149 0.5629 

𝛉𝐬,𝐬𝐮𝐛𝐚 0.03503 0.002639 <0.0001 

𝛉𝐬,𝐂𝐎𝐈×𝐬𝐮𝐛𝐚 -0.1609 0.003762 <0.0001 

𝛉𝐬,𝐂𝐎𝐈 + 𝛉𝐬,𝐂𝐎𝐈×𝐬𝐮𝐛𝐚 -0.1656 0.008794 <0.0001 

Modeling results with 𝛉s = [θs,0  θs,COI   θs,suba   θs,COI×suba].  

Table 3-6 Modeling suba as an independent network 

Parameter Estimate SE *P-value 

𝛉𝐬,𝟎 0.3656 0.006537 <0.0001 

𝛉𝐬,𝐂𝐎𝐈 -0.1633 0.009253 <0.0001 

Modeling results with 𝛉s = [θs,0  θs,COI] and suba connections.  

Table 3-7 Modeling without regional subnetwork 

Parameter Estimate SE *P-value 

𝛉𝐬,𝟎 0.3354 0.005772 <0.0001 

𝛉𝐬,𝐂𝐎𝐈 -0.02297 0.008165 0.0049 

Modeling results with 𝛉s = [θs,0  θs,COI] and whole-brain connections. 

Table 3-8 Standard t-test analysis   

Parameter Average - Difference *P-value 

𝑾𝒉𝒐𝒍𝒆 − 𝒃𝒓𝒂𝒊𝒏 -0.02296 0.006166 

𝒔𝒖𝒃𝒂 -0.16305 3.70e-29 
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While analyzing suba as an independent network correctly shows the difference 

(Table 3-6), removing subnetwork covariates (i.e., θs,subaand θs,COI×suba) from the model 

results in a significant whole-brain difference between the two groups (Table 3-7) due 

only to the local suba difference (i.e., this model doesn’t specify whether the observed 

global difference is actually present across all regions or is localized to suba). The t-test 

analysis fails to make this distinction between the whole-brain and suba differences 

between the two groups as well, and shows significant p-values for both the whole-brain 

and suba connections (Table 3-8). For the t-test analysis and the model without regional 

subnetwork covariates to show the correct differences, additional tests on brain networks 

with suba connections excluded would have to be conducted. Although this could be done 

for this simple case, for more complex situations with multiple interconnected 

(overlapping) subnetworks being analyzed, the t-test analysis and models without 

regional subnetwork covariates would fail to disentangle such differences. As shown by a 

more complex simulation in the next section, such interconnected subnetworks can be 

simply included as covariates within the proposed framework to disentangle the observed 

difference, and identify the specific brain networks responsible for differences identified 

between study populations.   

 

 Difference restricted to one of two overlapping subnetworks  3.3.1.3

We made known population differences in one of two subnetworks with 

overlapping connections. The same suba from above served as our first subnetwork, and a 

combination of nodes located within the parietal lobe served as our second subnetwork 

(denoted by subb). To model subnetworks with overlapping connections, instead of 
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modeling the connections within suba and subb, we modeled connections from suba to all 

other brain regions (denoted by suba_out) which included connections to subb as well, and 

connections from subb to all other brain regions (denoted by subb_out) which included 

connections to suba as well (Figure 3-2). Therefore, both suba_out and subb_out included the 

connections from suba to subb. The following fixed and random effects parameters were 

used in this simulation:  

𝛉s = [θs,0   θs,COI   θs,subaout    θs,subbout    θs,COI×subaout    θs,COI×subbout
]′ , bsi = bsi,0 

We changed the connection strength in subb to other brain regions (connections 

represented by subb_out) in the first group by a factor of 1.5 to produce a dataset with 

increased strength in subb_out for the second group: 

 

Figure 3-2 Model of brain network that illustrates the difference between the two groups when the 

difference is restricted to one of two overlapping subnetworks 

 

A simple 2D image that only contains the connections from suba and subb to other regions (not showing 

other connections) is shown here to better illustrate the difference. Red and blue circles in this figure depict 

the regions located within suba and subb, respectively. As shown here, only connections from subb to other 

brain regions (depicted by thicker lines), including the connections to suba (highlighted by a purple color) 

are different between the two groups. 
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𝐂ijk,gr2 = 1.5 × 𝐂𝑖𝑗𝑘,gr1 + noise   𝑓𝑜𝑟 𝑗𝑘
𝑡ℎ 𝑐𝑜𝑛𝑛𝑒𝑐𝑡𝑖𝑜𝑛𝑠 𝑟𝑒𝑝𝑟𝑒𝑠𝑒𝑛𝑡𝑒𝑑 𝑏𝑦 𝑠𝑢𝑏𝑏_𝑜𝑢𝑡 , 𝑖 = 1,… ,40 

As Table 3-9 presents, modeling subnetworks within the whole-brain network 

correctly shows that the difference between the two groups is restricted to the 

connections from subb to other brain regions (i.e., subb_out) while an analysis of suba_out as 

an independent network (Table 3-10) and whole-brain network without subnetwork 

covariates (Table 3-11) as well as the t-test analysis (Table 3-12) fail to identify the 

correct difference. Modeling subb_out as an independent network gave the correct result 

(this is not shown here). Note that both subnetwork covariates must be included in the 

extended mixed models in order to identify the actual difference (this is shown in 

supplemental section 3.5.5).  

 

Table 3-9 Modeling with regional subnetwork 

Parameter Estimate     SE *P-value 

𝛉𝐬,𝟎  0.3595 0.006515 <0.0001 

𝛉𝐬,𝐂𝐎𝐈  0.000462 0.009214 0.9600 

𝛉𝐬,𝐬𝐮𝐛𝐚_𝐨𝐮𝐭 -0.03483 0.001891 <0.0001 

𝛉𝐬,𝐬𝐮𝐛𝐛_𝐨𝐮𝐭 -0.04746 0.002175 <0.0001 

𝛉𝐬,𝐂𝐎𝐈×𝐬𝐮𝐛𝐚_𝐨𝐮𝐭 -0.00259 0.002679 0.3330 

𝛉𝐬,𝐂𝐎𝐈×𝐬𝐮𝐛𝐛_𝐨𝐮𝐭  0.1547 0.003086 <0.0001 

𝛉𝐬,𝐂𝐎𝐈 + 𝛉𝐬,𝐂𝐎𝐈×𝐬𝐮𝐛𝐚_𝐨𝐮𝐭  -0.00213 0.009290 0.8185 

𝛉𝐬,𝐂𝐎𝐈 + 𝛉𝐬,𝐂𝐎𝐈×𝐬𝐮𝐛𝐛_𝐨𝐮𝐭   0.1552 0.009460 <0.0001 

  

Table 3-10 Modeling Suba_out as an independent 

network 

Parameter Estimate SE *P-value 

𝛉𝐬,𝟎 0.3169 0.006014 <0.0001 

𝛉𝐬,𝐂𝐎𝐈 0.02607 0.008506 0.0022 

Modeling results with 𝛉s = [θs,0  θs,COI] and suba_out 

connections.  

Table 3-11 Modeling without regional subnetwork 

Parameter Estimate SE *P-value 

𝛉𝐬,𝟎 0.3354 0.006447 <0.0001 

𝛉𝐬,𝐂𝐎𝐈 0.03493 0.009118 0.0001 

Modeling results with 𝛉s = [θs,0  θs,COI] and whole-brain connections. 

Table 3-12 Standard t-test analysis   

Parameter Average - Difference *P-value 

𝑾𝒉𝒐𝒍𝒆 − 𝒃𝒓𝒂𝒊𝒏 0.034913 0.000255 

𝒔𝒖𝒃𝒂_𝒐𝒖𝒕 0.026026 0.002935 

𝒔𝒖𝒃𝒃_𝒐𝒖𝒕 0.151816 8.67e-24 
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Additionally, we simulated more complex datasets with overlapping subnetworks 

having differences in different directions that counterbalance each other (i.e., suba_out had 

stronger connections in the second group while subb_out had weaker connections in this 

group). Modeling subnetworks independently as well as standard t-test analyses indicated 

no significant differences in both suba_out and subb_out due to the counterbalancing effects 

of the overlapping connections while the extended mixed models correctly showed that 

both subnetworks were significantly different (this is shown in supplement section 3.5.6). 

Also, datasets with complex patterns of global and local connectivity differences 

(supplement section 3.5.7), and datasets with exogenous confounding variables (gender) 

were modeled (supplement section 3.5.8). Again, modeling subnetworks independently 

and t-test analyses failed to disentangle all differences correctly.  

 

3.3.2 Network features at local levels  

We studied the difference of global efficiency in suba between the two groups by 

first modeling suba within the whole and then modeling suba as an independent network 

after producing a dataset with increased strength in suba for the second group:  

𝑪𝑖𝑗𝑘,𝑔𝑟2 = 1.3 × 𝑪𝑖𝑗𝑘,𝑔𝑟1 + 𝑛𝑜𝑖𝑠𝑒   𝑓𝑜𝑟 𝑗𝑘
𝑡ℎ 𝑐𝑜𝑛𝑛𝑒𝑐𝑡𝑖𝑜𝑛𝑠 𝑙𝑜𝑐𝑎𝑡𝑒𝑑 𝒘𝒊𝒕𝒉𝒊𝒏 𝑠𝑢𝑏𝑎 , 𝑖

= 1,… ,40 

The following fixed and random effects (with a variance component covariance structure) 

parameters were used in the first model.    

𝛉s = [θs,0 θs,COI θs,suba  θs,Geffi  θs,COI×suba   θs,COI×Geffi  θs,suba×Geffi  θs,COI×suba×Geffi]′,   bsi

= [bsi,0 bsi,Geffi]′   
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in which θs,Geffi , θs,COI×Geffi , θs,suba×Geffi, and θs,COI×suba×Geffi are parameters for the 

global efficiency and its interactions with other covariates. Other parameters are the same 

as the ones described in the previous sections. For computing the global efficiency, first 

we applied an inverse FZT on connectivity values as we had considered them to be 

simulated FZT-connection strength (i.e., we used 
exp(2Cijk)−1

exp (2Cijk)+1
 values in computing the 

global efficiency). 

Modeling suba within the whole (Table 3-13) indicates that the difference between 

the two groups is restricted to the connection strength in suba, and accounting for the 

connectivity, the global efficiency (as a measure of topology) in suba is not significantly 

different between the two groups (note that θs,COI×Geffi + θs,COI×suba×Geffi quantifies the 

slope difference of global efficiency/connections strength in suba).  

 

Table 3-13 Modeling with regional subnetwork   

Parameter Estimate              SE   *P-value 

𝛉𝐬,𝟎  0.3575 0.009728 <0.0001 

𝛉𝐬,𝐂𝐎𝐈 -0.01649 0.01375 0.2305 

𝛉𝐬,𝐬𝐮𝐛𝐚  0.04790 0.002796 <0.0001 

𝛉𝐬,𝐆𝐞𝐟𝐟𝐢  0.1158 0.002231 <0.0001 

𝛉𝐬,𝐂𝐎𝐈×𝐬𝐮𝐛𝐚  0.06298 0.004035 <0.0001 

𝛉𝐬,𝐂𝐎𝐈×𝐆𝐞𝐟𝐟𝐢 -0.01638 0.003089 <0.0001 

𝛉𝐬,𝐬𝐮𝐛𝐚×𝐆𝐞𝐟𝐟𝐢  0.008885 0.002821 0.0016 

𝛉𝐬,𝐂𝐎𝐈×𝐬𝐮𝐛𝐚×𝐆𝐞𝐟𝐟𝐢  0.02177 0.003922 <0.0001 

𝛉𝐬,𝐂𝐎𝐈 + 𝛉𝐬,𝐂𝐎𝐈×𝐬𝐮𝐛𝐚  0.04649 0.01421 0.0011 

𝛉𝐬,𝐂𝐎𝐈×𝐆𝐞𝐟𝐟𝐢 + 𝛉𝐬,𝐂𝐎𝐈×𝐬𝐮𝐛𝐚×𝐆𝐞𝐟𝐟𝐢  0.005393 0.004699  0.2510 

 

 

Table 3-14 Modeling suba as an independent network   

Parameter Estimate       SE    *P-value 

𝛉𝐬,𝟎  0.4729 0.01521 <0.0001 

𝛉𝐬,𝐂𝐎𝐈 -0.08150 0.02122 0.0001 

𝛉𝐬,𝐆𝐞𝐟𝐟𝐢  0.1797 0.007420 <0.0001 

𝛉𝐬,𝐂𝐎𝐈×𝐆𝐞𝐟𝐟𝐢 0.02668 0.009942 0.0073 
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However, modeling suba as an independent network (Table 3-14) indicates that 

the slope of the global efficiency/connection strength relationship in suba is significantly 

higher in the second group, and thus, global efficiency explains more of the suba 

connection strength for the second group. This simulation clearly demonstrates the 

difference of analyzing global efficiency in suba within the whole and as an independent 

network. We used weighted networks in computing the global efficiency here and in the 

next section.    

 

3.3.3 Moderate-heavy alcohol consumption lifestyle in older adults  

To further demonstrate the utility of the developed models and how analyzing 

brain subnetworks within the context of their whole-brain networks can provide a deeper 

understanding of the brain, we analyzed the effects of moderate-heavy alcohol 

consumption on the default mode network in older adults. It is important to note that the 

main goal of this analysis is to demonstrate the utility of the developed methodology and 

difference between analyzing subnetworks within their whole-brain networks and 

analyzing them as independent networks in real studies, not to perform a thorough 

investigation of the effects of alcohol consumption on default mode network functionality 

in older adults.      

 

 Modeling DMN within the whole-brain network  3.3.3.1

The fixed effects covariates included: 1) COI: covariate of interest (alcohol group 

– a binary variable separating the light from moderate-heavy drinkers); 2) DMN: 

subnetwork covariate (a binary variable that separates the connections located within 
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DMN from other brain connections). Thirty seven ROIs (out of 268) of the utilized atlas 

were identified as regions within DMN, and connections between these 37 ROIs were 

coded as one (1) while assigning zero (0) to all other brain connections (the mask is 

shown in supplement Figure 3-3 section 3.5.9); 3) Geffi: the average of global efficiency 

in each dyad (we only used one network feature to keep the model simple); 4) Int: 

Interaction covariates: COI/DMN, COI/Geffi, DMN/Geffi, and COI/DMN/Geffi 

interactions; 5) Conf: Confounders: spatial distance and square of spatial distance 

between brain ROIs, age, sex, and cognitive test performance. We used random effects 

(with a variance component covariance structure) for the connection strength, global 

efficiency, spatial distance, and square of spatial distance. Table 3-15 presents the results 

for the probability and strength models.  

 

Table 3-15 Results for modeling DMN within the whole-brain network in old moderate-heavy alcohol 

drinkers   

               Probability model                  Strength Model  

Parameter Estimate *P-Value    Parameter     Estimate  *P-Value 

θr,0 -0.1030 0.0046 θs,0  0.2289 <0.0001 

θr,COI -0.0479 0.2105 θs,COI -0.0172 0.1825 

θ𝑟,DMN  0.5281 <0.0001 θs,DMN  0.0738 <0.0001 

θr,Geffi  0.1001 <0.0001 θr,Geffi  0.1022 <0.0001 

θ𝑟,COI×DMN  0.0425 0.1082 θs,COI×DMN  0.0083 0.0048 

θr,COI×Geffi -0.0014 0.9647 θ𝑠,COI×DMN -0.0041 0.4886 

θr,DMN×Geffi  -0.1224 <0.0001 θs,COI×Geffi  0.0124 <0.0001 

θr,COI×DMN×𝑔𝑒𝑓𝑓𝑖 -0.1199 <0.0001 θs,COI×DMN×𝑔𝑒𝑓𝑓𝑖 -0.0090 0.0041 

θr,dist -0.5829 <0.0001 θs,dist -0.0657 <0.0001 

θr,𝑑𝑖𝑠𝑡2  0.1248 <0.0001 θs,𝑑𝑖𝑠𝑡2  0.0276 <0.0001 

θr,Sex -0.0163 0.6797 θs,Sex -0.0011 0.9313 

θr,Age -0.0052 0.7843 θs,Age -0.0029 0.6487 

θr,Cog -0.0008 0.9661 θs,Cog  0.0078 0.2520 

θr,COI + θr,COI×DMN -0.0053 0.9079 θs,COI + θs,COI×DMN -0.0089 0.5014 

θr,COI×Geffi + θr,COI×DMN×Geffi -0.1214 0.0039 θs,COI×Geffi + θs,COI×DMN×Geffi -0.0132  0.0502 

Modeling p-values are adjusted using the adaptive FDR procedure detailed in [41]. 
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Estimates of (θr, COI×geffi + θr,COI×DMN×geffi) and (θs, COI×geffi + θs,COI×DMN×geffi) 

represent the slope differences between the moderate-heavy and light drinkers in the 

relationships between connection probability and global efficiency in the DMN, and 

connection strength and global efficiency in the DMN, respectively. Global efficiency in 

the DMN is more negatively related to brain connection probability in moderate-heavy 

drinkers when compared to light drinkers (the slope difference is significantly negative). 

This indicates that in the DMN, moderate-heavy drinkers are less likely to have 

connections between nodes with higher global efficiency than light drinkers. Similarly, 

global efficiency in the DMN is more negatively (less positively) related to brain 

connection strength in moderate-heavy drinkers when compared to light drinkers (the 

slope difference is significantly negative). Again, this indicates that in the DMN, 

moderate-heavy drinkers have weaker connections between nodes with higher global 

efficiency than light drinkers. Interestingly, the slope for the relationship between whole-

brain connectivity and global efficiency is not different between the two groups. This 

difference is restricted to the DMN. This indicates that moderate-heavy drinkers tend to 

lose the integration between the DMN regions as the connectivity increases but whole 

brain integration is not affected. 

 

 Modeling DMN as an independent network  3.3.3.2

We modeled DMN as an independent network as well to show how such an 

analysis could be different from analyzing it within the whole-brain network. We used 

the same fixed-effects covariates except the subnetwork covariate and its interactions 

because in this analysis COI itself separates the DMN connections between the two 
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groups (all connections being analyzed are in the DMN). Also, the same random effects 

were used. As presented in Table 3-16, moderate-heavy and light drinkers do not have a 

different relationship between global efficiency and the connection probability or 

strength. This clearly demonstrates the importance of analyzing brain subnetworks within 

the context of their global networks. 

 

3.4 Discussion  

Analysis of the human brain from a network perspective has increased our understanding 

of brain function and its abnormalities. However, despite the exponential increase in 

brain network studies with a major focus on regional analyses, statistical methods for 

such analyses are yet to be developed. Most current studies extract subnetworks of 

interest and analyze them as independent networks. This approach is in contrast to the 

fact that brain subnetworks, as components of a complex system, are constantly modified 

through interactions with other subnetworks. Thus analyses of subnetworks extracted 

from the whole brain should be interpreted with great caution [14, 15]. 

 

Table 3-16 Results for modeling DMN as an independent network in old moderate-heavy alcohol 

drinkers   

               Probability model                  Strength Model  

Parameter Estimate *P-Value         Parameter Estimate *P-Value 

θr,0  0.2198 0.0138 θr,0  0.2501 <0.0001 

θr,COI -0.0320 0.7337 θr,COI  0.0067 0.5945 

θr,Geffi  0.4972 <0.0001 θr,Geffi  0.1108 <0.0001 

θr,COI×Geffi  0.1060 0.3853 θr,COI×Geffi  0.0070 0.5397 

θr,dist -0.5225 <0.0001 θs,dist -0.0945 <0.0001 

θr,𝑑𝑖𝑠𝑡2  0.2159 <0.0001 θs,𝑑𝑖𝑠𝑡2  0.0539 <0.0001 

θr,Sex  0.0341 0.7265 θs,Sex  0.0137 0.2935 

θr,Age -0.0349 0.4625 θs,Age  0.0156 0.0130 

θr,Cog  0.0284 0.5656 θs,Cog  0.0037 0.5779 

Modeling p-values are adjusted using the adaptive FDR procedure detailed in [41]. 
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Considering the function of brain subnetworks within the context of their global 

(i.e., the whole-brain) networks is a promising approach toward understanding the 

coordination of brain activity and how it facilitates complex behavioral and cognitive 

tasks [42]. An increasing number of studies suggest that complex psychiatric and 

neurological disorders such as Alzheimer’s disease, Schizophrenia, ADHD, depression, 

and autism are characterized by structural and functional abnormalities in local and 

global circuits of the brain [43]. Such disorders usually affect multiple systems of the 

brain with a complex pattern. For example, Alzheimer’s disease has been associated with 

decreased connectivity in the DMN [44, 45] and increased connectivity in the salience 

network [46]. It is quite challenging to understand the implications of such subnetwork 

connectivity increases/decreases when the subnetworks are analyzed in isolation.  

In this study, using simulated and empirical data, we showed how analyzing brain 

subnetworks as independent networks can produce misleading results. Furthermore, we 

introduced a promising multivariate framework for analyses of brain subnetworks within 

the context of their whole-brain networks. Development of multivariate frameworks for 

investigating phenotypic associations with brain subnetworks has lagged behind other 

methodologies [19]. We devised a procedure within a promising whole-brain multivariate 

analysis framework [20] that enables analyzing brain subnetworks, while maintaining the 

capabilities of the original framework for whole-brain studies. This new framework not 

only allows controlling for endogenous and exogenous confounding effects and assessing 

the effects of multiple covariates on brain networks at the same time, but also allows 

analyzing brain subnetworks within the context of their global networks and thus 

accounting for the extremely relevant and complex interactions between a given 
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subnetwork and all other regions or subnetworks that make up the remainder of the brain 

[14, 47]. It also allows predicting an outcome from the brain connectivity structure and 

vice versa in global and local networks, and simulating global or local brain networks. 

Additionally, our framework could be used to fit multiple models to multiple 

parcellations of a subnetwork and do model comparisons employing information criteria 

(e.g., BIC) to see which model fits best for the given context, and thus which network 

resolution or scale is most appropriate for characterizing dysfunction in a given context 

for a given behavioral or health outcome. Although the original and extended frameworks 

in this study are developed for non-directional (weighted) networks, they could be used 

for directional networks as well. However, this would double the data size due to the 

networks being non-symmetric, and thus increase the computational cost. It would also 

necessitate a change in the way the dyadic covariates are defined and interpreted. Future 

work will further examine the possibility of employing our approach with directed 

networks.  

We used AAL [29] and Shen [48] parcellations as they have been extensively 

used for analyses of structural/functional brain networks. Although using the same 

parcellation for the simulation and empirical data analyses would produce more aligned 

results, we intentionally used different parcellations to show that our results (i.e., the 

demonstrated difference between analyzing the subnetworks within their whole-brain 

networks and analyzing them as independent networks) can be generalized to networks 

obtained from any desired parcellation since it is not the network/subnetwork size that 

matters, but the failure to account for dependencies between subnetworks that engenders 

misleading results. However, the parcellation choice will affect the computational costs 
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which could limit the utility of the provided framework for parcellations with a large 

number of ROIs (e.g., 1000 ROIs) or voxel-wise networks. Nevertheless, almost all 

currently-used parcellations—including MMP (360 ROIs) [49], the Shen parcellation 

[48], AAL [29], and the Craddock parcellation (600 – 1000 ROIs) [50]—have less than 

1000 ROIs. Additionally, parcellations with less than 1000 ROIs provide an optimal 

representation of underlying voxel-wise networks in analyzing brain connectivity and its 

association with phenotypic characteristics [21]. Thus, we believe that parcellation choice 

will not have a substantial impact on the utility of this method.  

Inconsistencies in the literature make characterizing the effects of brain disorders 

on network connectivity difficult [51]. One of the major reasons for such inconsistencies 

is the lack of modeling frameworks that allow accounting for the complex interactions 

between the brain subnetworks. Thus, multivariate methods that allow analyzing brain 

subnetworks within the context of their global circuitries can provide a deeper 

understanding of the complex patterns of systemic and local brain network differences 

and potential compensatory mechanisms. The introduced framework in this paper allows 

performing such analyses. As shown by simulation studies, a variety of system-level and 

regional hypotheses can be tested through the new models that allow identifying 

sophisticated patterns of brain network differences among groups in global and local 

circuits.  

Analysis of subnetworks within the context of their global networks allows 

including the complex interplay between brain subnetworks. This is especially important 

in the study of network features such as path length or global efficiency since changes in 

a brain region not comprised by the subnetwork can have a systemic effect on all other 
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brain regions and subnetworks. Such effects cannot be examined when subnetworks are 

analyzed independently or when simple connections between subnetworks are 

considered. For example, information flow between specific regions in a brain 

subnetwork is not exclusively determined by connectivity within that subnetwork. Rather, 

information flow between such regions may be more efficiently exchanged through 

connections of that subnetwork to other brain subnetworks [52, 53]. Considering global 

efficiency as a measure of information flow, the alcohol consumption study in 

section 3.3.3 demonstrated that analyzing the DMN within the context of the whole 

network captures the exchanged information flow with other regions of the brain. It also 

demonstrated how analyzing the brain subnetworks within the context of their global 

networks can result in different conclusions when compared to analyzing them as 

independent networks. While investigations of the effects of moderate-heavy alcohol use 

on brain networks does not lie within the focus of this work, decreased efficiency in the 

brain networks of alcoholics has been reported in several studies [54-56] as we found 

here in the DMN of moderate-heavy alcohol users.  

In addition to modeling the interactions within and between brain subsystems at a 

single scale, the introduced modeling framework can also be used for modeling the 

complex interactions of hierarchical brain subsystems at multiple resolutions. This is 

important because the brain, as a complex multiscale system, is characterized by similar 

organization at multiple resolutions [57]. For example, while the brain can be 

decomposed into highly inter-connected and weakly intra-connected communities or 

subnetworks at a single scale [14], each subnetwork also displays this modular structure 

at the next level, such that it can be decomposed into further communities, and this 
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hierarchical modular structure is present at subsequent (sub) levels as well [58]. 

Development of modeling frameworks that allow accounting for such complex 

hierarchical interactions among brain subsystems at different scales is a major step 

toward understanding brain function and structure [57]. Hierarchical subsystems of the 

brain can be analyzed within our framework as subnetwork covariates. However, the 

nature of such relationships at a specific resolution with phenotypic characteristics should 

be predefined as our framework only reveals the presence/absence of linear relationships. 

A recently introduced approach in [59] not only allows identifying the existence of 

relationships with different natures, but also provides an adaptive framework to identify 

the most informative components (subsystems) that contribute to such relationships. 

However, unlike our framework, it may not be able to disentangle the relationships with 

phenotypic characteristics when (multiple overlapping) subsystems with complex 

interplays at different resolutions are included.    

The simulated and empirical data analyses presented demonstrate that there are 

important differences between brain subnetwork analyses when the subnetwork is 

isolated compared to when it is analyzed within the context of the whole brain. With 

regional subnetwork analyses dominating the recent literature, this study could attract 

much attention, and the developed multivariate methodology for analyses of brain 

subnetworks within the whole brain could have great appeal and wide applicability. 

Nevertheless, this study is not without limitations. Simulated networks are inherently 

limited as they do not account for the full complexity of the human brain. The 

simulations used here were devised to demonstrate important outcomes that could change 

the biological interpretation of a brain network analysis. There are certainly many 
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alterations that could be made to the simulations to test other outcomes but an exhaustive 

assessment of such possibilities is beyond the scope of this project. In addition, the 

empirical data from a prior study were chosen to simply demonstrate utility. Considerable 

research will need to be done on both smaller focused datasets such as the one we used as 

well as on large databases like the Human Connectome Project. This future work will be 

able to test how this new subnetwork analysis methodology alters our biological 

interpretation of brain network connectivity.  

The provided framework in this manuscript is a model-based method that allows 

testing a variety of hypotheses about the relationship between brain network connectivity 

and (phenotypic) covariates of interest while controlling for endogenous and exogenous 

confounding effects. Data-driven methods such as independent component analysis 

(ICA), on the other hand, are generative models which can’t be used for testing such 

hypotheses. However, data-driven methods could be used as complementary methods in 

identifying useful features and nuisance components from the data before using them in 

our framework. For example, local subnetworks could be first identified or population-

based parcellations could be first generated using ICA, and subsequently be used in our 

framework. Data-driven methods are especially useful when used in combination with a 

statistical modeling framework [60, 61], including our framework.   
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3.5 SUPPLEMENT TO CHAPTER 3 

3.5.1 Two-part mixed-effects modeling framework for whole-brain 

networks  

Most network studies of the brain use either binary or positively-weighted 

networks because extracting network features such as clustering coefficient is not 

straight-forward and these features remain poorly understood in networks that include 

negative weights (edges) [62, 63]. Thus, since weighted networks are used within the 

mixed-effects modeling framework, negative weights (e.g., correlation values) are first 

set to zero.    

The two-part mixed-effects models use positively weighted networks, with 

negative weights set to zero as discussed above. Let Rijk denote the binary variable 

specifying whether a connection is present between node j and node k of the ith subject’s 

network and Yijk denote the strength (e.g., correlation value) of this connection if it exists. 

Thus, Rijk = 0  if Yijk = 0 and Rijk = 1 if Yijk > 0  with the following conditional 

probability: 

𝑃(𝑅𝑖𝑗𝑘 = 1|𝜷𝑟; 𝒃𝑟𝑖) = 𝑝𝑖𝑗𝑘(𝜷𝑟; 𝒃𝑟𝑖) 3-2 

𝑃(𝑅𝑖𝑗𝑘 = 0|𝜷𝑟; 𝒃𝑟𝑖) = 1 − 𝑝𝑖𝑗𝑘(𝜷𝑟; 𝒃𝑟𝑖) 3-3 

where pijk is the probability of having a connection between node j and node k for the ith 

subject’s network, 𝛃r is the vector of fixed effects (population) parameters, and 𝐛ri is the 

vector of random effects parameters for subject i. The fixed effects vector (𝛃r) represents 

the population estimates of the relationship between the connection probability of each 

nodal pair (dyad) and sets of covariates. The random effects vector (𝐛ri) represents the 
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subject-specific parameters that capture the correlation between repeated measurements 

(i.e., dyadic network features or connectivity values). The random effects capture how the 

relationships between the connection probability and sets of covariates vary around 𝛃r by 

subject and node.  

Given this and assuming Sijk = [Yijk|Rijk = 1], the two-part mixed-effects 

modeling framework for the probability and strength of brain connections can be defined 

by the following equations:  

𝑙𝑜𝑔𝑖𝑡(𝑝𝑖𝑗𝑘(𝜷𝑟; 𝒃𝑟𝑖)) = 𝑿𝑖𝑗𝑘
′ 𝜷𝑟 + 𝒁𝑖𝑗𝑘

′ 𝒃𝑟𝑖 3-4 

𝐹𝑍𝑇(𝑆𝑖𝑗𝑘(𝜷𝑠; 𝒃𝑠𝑖)) = 𝑿𝑖𝑗𝑘
′ 𝜷𝑠 + 𝒁𝑖𝑗𝑘

′ 𝒃𝑠𝑖 + 𝒆𝑖𝑗𝑘 3-5 

where similar to 𝛃r and 𝐛ri, 𝛃s and 𝐛𝐬𝐢 are vectors of fixed and random effects 

parameters, respectively, that relate the strength of brain connections to sets of covariates. 

𝐗ijk is the known design matrix for the fixed effects vectors (i.e., 𝛃r and 𝛃s), 𝐙ijk is the 

known design matrix for the random effects that is analogous to 𝐗ijk for the fixed effects, 

and 𝐞ijk captures the random noise (not captured by random effects) in the connection 

strength between node j and node k of the ith subject’s network. Eq. 3-4 is a logistic 

mixed model (from the GLMMs family) quantifying the relationship between the 

connection probability and covariates. Eq. 3-5 quantifies the relationship between the 

strength of brain connections and the same sets of covariates. FZT is the Fisher’s Z-

transform applied to ensure that normality assumption is met. The fixed effects vectors 

can be decomposed into: 𝛃r = [βr,0  𝛃r,net  βr,COI  𝛃r,int  𝛃r,conf]′ and 

𝛃s = [βs,0  𝛃s,net  βs,COI  𝛃s,int  𝛃s,conf]′, and the random effects vectors can be 

decomposed into: 𝐛ri = [bri,0  𝐛ri,net  𝐛ri,dist  𝛅ri,j  𝛅ri,k]′ and 
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𝐛si = [bsi,0  𝐛si,net  𝐛si,dist  𝛅si,j  𝛅si,k]′. βr,0 and βs,0 are population intercepts in the 

probability and strength models, respectively, and bri,0 and bsi,0 are subject intercept 

deviations from βr,0 and βs,0. 𝛃r,net and 𝛃s,net quantify the population relationships 

between the dyadic and global network features and probability and strength of brain 

connections, respectively, and 𝐛ri,net and 𝐛si,net capture the deviation of these 

relationships by subject in the probability and strength models, respectively. βr,COI and 

βs,COI quantify the relationships between the (main) covariate of interest (e.g., task 

performance, age group or disease state) and probability and strength of brain 

connections, respectively. 𝛃r,int and 𝛃s,int quantify the relationships between the 

specified interactions, such as interactions of network features with the covariate of 

interest, and probability and strength of brain connections, respectively. 𝛃r,conf and 

𝛃s,conf quantify the relationships between the confounders (e.g., sex, years of education) 

and the probability and strength of brain connections, respectively. The confounders also 

include spatial distance and square of spatial distance between brain regions as important 

geometric confounders [20, 62], and 𝐛ri,dist and 𝐛si,dist capture the deviation from 

distance relationships with the probability and strength of brain connections by subject , 

respectively. 𝛅ri,j and 𝛅ri,k (in jkth dyad) represent the propensities of node j and node k 

to be connected to other nodes in the network, and 𝛅si,j and 𝛅si,k represent the magnitudes 

of their connections. The random effects, 𝐛ri and 𝐛si, are assumed to be normally 

distributed and mutually independent.  
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3.5.2 Two-part mixed-effects modeling framework for global and local 

networks 

To make the whole-brain modeling framework described in supplement 

section 3.5.1 useable for analyzing local brain networks (subnetworks) within the context 

of the global network, we extend the models by adding binary subnetwork covariates as 

additional fixed effects. These covariates distinguish the subnetworks of interest from 

other regions of the brain. More detail is provided below.   

Let 𝐓ijk denote the new design matrix that includes additional columns for 

subnetworks of interest and their interactions with other covariates (of interest), and 𝛄r 

and 𝛄𝒔 denote the new fixed effects parameters that quantify the relationships between 

sets of covariates and the probability and strength of brain connections, respectively. 

Thus, we can write: 

𝑙𝑜𝑔𝑖𝑡(𝑝𝑖𝑗𝑘(𝜽𝑟; 𝒃𝑟𝑖)) = 𝑻𝑖𝑗𝑘
′ 𝜽𝑟 + 𝒁𝑖𝑗𝑘

′ 𝒃𝑟𝑖 3-6 

𝐹𝑍𝑇(𝑆𝑖𝑗𝑘(𝜽𝑠; 𝒃𝑠𝑖)) = 𝑻𝑖𝑗𝑘
′ 𝜽𝑠 + 𝒁𝑖𝑗𝑘

′ 𝒃𝑠𝑖 + 𝒆𝑖𝑗𝑘 3-7 

where the new design matrix and fixed effects parameters can be decomposed into: 

𝐓ijk
′ = [𝐓ijk,global

′   𝐓ijk,soi
′   𝐓ijk,int_soi

′ ] , 𝛉r = [𝛉r,global  𝛉r,soi  𝛉r,int_soi]′, and 𝛉s =

[𝛉s,global  𝛉s,soi  𝛉s,int_soi]′,  in which 𝐓ijk,global = 𝐗ijk, 𝛉r,global = 𝛃r, 𝛉s,global = 𝛃s, and 

𝐗ijk, 𝐙ijk, 𝛃r, 𝛃s, 𝐛ri, 𝐛si, and 𝐞ijk are the same whole-brain parameters described above. 

𝐓ijk,soi is the design matrix for subnetworks of interest (soi) with binary columns 

distinguishing the subnetwork regions from other regions of the brain, and 𝐓ijk,int_soi is 

the design matrix for interactions of subnetwork covariates with other covariates of 

interest. 𝐓ijk,soi can be further decomposed into: 
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𝐓ijik,soi
′ = [𝐓ijik,soi1

′   𝐓ijik,soi2
′   …  𝐓ijik,soin

′ ], in which 𝐓ijk,soiq is one (1) if the connection 

between node j and node k of the i
th

 subject’s network is located within the q
th

 

subnetwork and zero (0) otherwise, and n is the number of focal subnetworks being 

analyzed. Similarly, 𝛉r,soi and 𝛉s,soi can be further decomposed into: 𝛉r,soi =

[θr,soi1 θr,soi2  … θr,soin]′ and 𝛉s,soi = [θs,soi1  θs,soi2  … θs,soin]′, in which θr,soiqand 

θs,soiq  quantify the relationships between the q
th

 subnetwork covariate and the probability 

and strength of brain connections, respectively.  

Estimates of the subnetwork covariate parameters (𝛉r,soi and 𝛉s,soi) and their 

interaction covariate parameters (𝛉r,int_soi and 𝛉s,int_soi) allow analyzing subnetworks. 

For example, estimate of θs,soiq shows if connection strength in subnetwork q is, on 

average, different than connection strength of other brain regions, or assuming a 

cognitive task performance measurement as a continuous variable, estimate of θr,cog×soiq 

shows if the cognitive score (denoted by cog here) is differentially related to connection 

probability in subnetwork q compared to connection probability in other brain regions. 

The estimates provide the quantified relationships (magnitude and direction) and 

statistical inference (p-values). For more complex analyses or comparisons such as 

comparing subnetworks among groups (i.e., for assessing the effects of binary or 

categorical covariates of interest on subnetworks), estimates of linear combinations of 

parameters (i.e., contrast statements), including combinations of subnetwork covariate 

parameters (𝛉r,soi and 𝛉s,soi), their interaction covariate parameters (𝛉r,int_soi and 

𝛉s,int_soi), and parameters of other covariates of interest should be used. (Estimation and 

inferential procedures for linear combinations of parameters in mixed models are briefly 
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described in appendix C). More detail about deriving linear combinations of parameters 

(linear contrast statements) for comparing subnetworks of interest among groups is 

provided in supplment section 3.5.4.  

 

3.5.3 Estimation of linear combinations of parameters in mixed models 

For linear combinations of parameters, statistical inference can be obtained by 

testing the following hypothesis: 

𝐻: 𝑳 [
𝛉 

𝒃
] = 𝟎         

3-8 

where θ (θr and θs in our case) and b are vectors of fixed and random effects parameters, 

and L is a numeric matrix with rows specifying the desired combinations of parameters.  

For inference, the following F-statistics can be used: 

𝐹 =

[
𝛉 ̂

�̂�
] 𝑳′(𝑳�̂�𝑳′)

−1
𝑳 [
𝛉 ̂

�̂�
]

𝑟𝑎𝑛𝑘(𝑳)
       

3-9 

in which �̂� and �̂� are the fixed and random effects parameters estimates, and �̂� is an 

approximation of the covariance matrix of (�̂�, �̂� − 𝐛). 𝐹 has an approximate F-

distribution, with rank (L) numerator degrees of freedom, and the denominator degrees of 

freedom are taken from the tests of fixed effects parameters. For more detail see (McLean 

and Sanders 1988).  
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3.5.4 Contrast Statements for Comparing Regional Subnetworks  

 Connection probability and strength in subnetwork q 3.5.4.1

Let θr,COI and θs,COI denote the parameters for a (main) covariate of interest (i.e., 

grouping covariate denoted by COI), θr,soiq and θs,soiq denote the parameters for 

subnetwork q (a binary variable denoted by soiq that distinguishes the connections within 

subnetwork q from all other network connections), θr,COI×soiq and θs,COI×soiq denote the 

parameters for interactions of the covariate of interest (COI) with subnetwork q (soiq), 

and 𝛉r,rem and 𝛉s,rem denote the parameters for the remaining covariates. Parameters 

with subscript r relate the covariates to the probability of brain connections, and those 

with subscript s relate the covariates to the connection strength. Using the defined 

parameters, we can expand eq. 3-6 and eq. 3-7 as follows:  

𝑙𝑜𝑔𝑖𝑡(𝑝𝑖𝑗𝑘(𝛉 𝑟; 𝒃𝑟𝑖))

= 𝑻𝑖𝑗𝑘,𝐶𝑂𝐼
′ 𝛾𝑟,𝐶𝑂𝐼 + 𝑻𝑖𝑗𝑘,𝑠𝑜𝑖𝑞

′ 𝜃 𝑟,𝑠𝑜𝑖𝑞 

+  𝑻𝑖𝑗𝑘,𝐶𝑂𝐼×𝑠𝑜𝑖𝑞
′ 𝜃 𝑟,𝐶𝑂𝐼×𝑠𝑜𝑖𝑞 + 𝑻𝑖𝑗𝑘,𝑟𝑒𝑚

′ 𝛉 𝑟,𝑟𝑒𝑚 + 𝒁𝑖𝑗𝑘
′ 𝒃𝑟𝑖 

3-10 

𝐹𝑍𝑇(𝑆𝑖𝑗𝑘(𝛉 𝑠; 𝒃𝑠𝑖))

= 𝑻𝑖𝑗𝑘,𝐶𝑂𝐼
′ 𝜃 𝑠,𝐶𝑂𝐼 + 𝑻𝑖𝑗𝑘,𝑠𝑜𝑖𝑞

′ 𝜃 𝑠,𝑠𝑜𝑖𝑞

+ 𝑻𝑖𝑗𝑘,𝐶𝑂𝐼×𝑠𝑜𝑖𝑞
′ 𝜃 𝑠,𝐶𝑂𝐼×𝑠𝑜𝑖𝑞 + 𝑻𝑖𝑗𝑘,𝑟𝑒𝑚

′ 𝛉 𝑠,𝑟𝑒𝑚 + 𝒁𝑖𝑗𝑘
′ 𝒃𝑠𝑖 + 𝑒𝑖𝑗𝑘 

3-11 

in which 𝐙ijk is the design matrix for the random effects, 𝐛ri and 𝐛si are the random 

effects parameters, and 𝐓ijk,COI, 𝐓ijk,soiq , 𝐓ijk,COI×soiq , and 𝐓ijk,rem are design matrices (or 

vectors) for the corresponding fixed effects covariates obtained from decomposing 𝐓ijk 
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(Note that 𝐓ijk,COI×soiq = 𝐓ijk,COI × 𝐓ijk,soiq). Thus, we will have the following equations 

for the two groups: 

Group 1:  𝐓ijk,soiq = 𝟏 ,  𝐓ijk,COI = 𝟎 , and 𝐓ijk,COI×soiq = 𝟎 

𝑙𝑜𝑔𝑖𝑡(𝑝𝑖𝑗𝑘(𝛉𝑟; 𝒃𝑟𝑖)) = 𝜃 𝑟,𝑠𝑜𝑖𝑞+ 𝑻𝑖𝑗𝑘,𝑟𝑒𝑚
′ 𝛉𝑟,𝑟𝑒𝑚 + 𝒁𝑖𝑗𝑘

′ 𝒃𝑟𝑖   3-12 

𝐹𝑍𝑇(𝑆𝑖𝑗𝑘(𝛉𝑠; 𝒃𝑠𝑖)) = 𝜃 𝑠,𝑠𝑜𝑖𝑞 + 𝑻𝑖𝑗𝑘,𝑟𝑒𝑚
′ 𝛉𝑠,𝑟𝑒𝑚 + 𝒁𝑖𝑗𝑘

′ 𝒃𝑠𝑖 + 𝑒𝑖𝑗𝑘 3-13 

 

Group 2:  𝐓ijk,roiq = 𝟏 ,  𝐓ijk,COI = 𝟏 , and 𝐓ijk,COI×roiq = 𝟏 

𝑙𝑜𝑔𝑖𝑡 (𝑝𝑖𝑗𝑘(𝛉𝑟; 𝒃𝑟𝑖))

= 𝜃 𝑟,𝐶𝑂𝐼 + 𝜃 𝑟,𝑠𝑜𝑖𝑞+𝜃 𝑟,𝐶𝑂𝐼×𝑠𝑜𝑖𝑞 + 𝑻𝑖𝑗𝑘,𝑟𝑒𝑚
′ 𝛉𝑟,𝑟𝑒𝑚 ++𝒁𝑖𝑗𝑘

′ 𝒃𝑟𝑖 

3-14 

𝐹𝑍𝑇 (𝑆𝑖𝑗𝑘(𝛉𝑠; 𝒃𝑠𝑖))

= 𝜃 𝑠,𝐶𝑂𝐼 + 𝜃 𝑠,𝑠𝑜𝑖𝑞 + 𝜃 𝑠,𝐶𝑂𝐼×𝑠𝑜𝑖𝑞 + 𝑻𝑖𝑗𝑘,𝑟𝑒𝑚
′ 𝛉𝑠,𝑟𝑒𝑚 + 𝒁𝑖𝑗𝑘

′ 𝒃𝑠𝑖

+ 𝑒𝑖𝑗𝑘 

3-15 

Thus, estimates of (θr,COI + θr,COI×soiq) and (θs,COI + θs,COI×soiq) quantify the 

differences of the connection probability and strength, respectively, between the two 

groups (group2 – group1) in subnetwork q. This procedure can be repeated by deriving 

and estimating the appropriate linear combinations of parameters to analyze the effects of 

any desired binary or categorical (with any number of categories) covariate on the 

probability and strength of brain connections in subnetworks. 
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 Network features in subnetwork q 3.5.4.2

In the original models (eq. 3-2 and eq. 3-3), the effect of any covariate of interest 

on brain network features (i.e., brain topology) is assessed through estimates of the 

interaction of that covariate with the network features. For example, considering COI to 

be a binary grouping covariate, estimate of θs,COI×Geffi shows if the global efficiency 

(denoted by Geffi) is differently associated with whole-brain connection strength between 

the two groups. This provides inference about the differences of the global efficiency 

between the two groups.  More specifically, θs,Geffi  and θs,Geffi + θs,COI×Geffi represent 

the slopes of the relationships between the global efficiency and connection strength in 

the two groups, respectively, and thus θs,COI×Geffi specifies the slope difference of the 

relationships which in turn can provide inference about the global efficiency difference 

between the two groups [see [20] and [25] for more detail]. Thus, to compare a network 

feature g in subnetwork q between the two groups, we should estimate the slope 

difference for the relationships of network feature g and connection probability and 

strength in subnetwork q between the two groups.  

Let θr,netg and θs,netg denote the parameters for network feature g, and 

θr,COI×netg, θr,soiq×netg, θr,COI×soiq×netg, θs,COI×netg, θs,soiq×netg, and θs,COI×soiq×netg 

denote the interaction parameters in the probability and strength models, in which COI 

and soiq are the grouping and subnetwork covariates, respectively. Using the defined 

parameters, we can expand eq. 3-6 and eq. 3-7 as follows:  

𝑙𝑜𝑔𝑖𝑡 (𝑝𝑖𝑗𝑘(𝛉𝑟; 𝒃𝑟𝑖)) = 𝑻𝑖𝑗𝑘,𝑛𝑒𝑡𝑔
′ 𝜃 𝑟,𝑛𝑒𝑡𝑔 +  𝑻𝑖𝑗𝑘,𝐶𝑂𝐼×𝑛𝑒𝑡𝑔

′ 𝜃 𝑟,𝐶𝑂𝐼×𝑛𝑒𝑡𝑔 +  𝑻𝑖𝑗𝑘,𝑠𝑜𝑖𝑞×𝑛𝑒𝑡𝑔
′ 𝜃 𝑟,𝑠𝑜𝑖𝑞×𝑛𝑒𝑡𝑔 …

+ 𝑻𝑖𝑗𝑘,𝐶𝑂𝐼×𝑠𝑜𝑖𝑞×𝑛𝑒𝑡𝑔
′ 𝜃 𝑟,𝐶𝑂𝐼×𝑠𝑜𝑖𝑞×𝑛𝑒𝑡𝑔 + 𝑻𝑖𝑗𝑘,𝑟𝑒𝑚

′ 𝛉𝑟,𝑟𝑒𝑚 + 𝒁𝑖𝑗𝑘
′ 𝒃𝑟𝑖

 
3-16 
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𝐹𝑍𝑇 (𝑆𝑖𝑗𝑘(𝛉𝑠; 𝒃𝑠𝑖)) = 𝑻𝑖𝑗𝑘,𝑛𝑒𝑡𝑔
′ 𝜃 𝑠,𝑛𝑒𝑡𝑔 +  𝑻𝑖𝑗𝑘,𝐶𝑂𝐼×𝑛𝑒𝑡𝑔

′ 𝜃 𝑠,𝐶𝑂𝐼×𝑛𝑒𝑡𝑔 +  𝑻𝑖𝑗𝑘,𝑠𝑜𝑖𝑞×𝑛𝑒𝑡𝑔
′ 𝜃 𝑠,𝑠𝑜𝑖𝑞×𝑛𝑒𝑡𝑔⋯

+ 𝑻𝑖𝑗𝑘,𝐶𝑂𝐼×𝑠𝑜𝑖𝑞×𝑛𝑒𝑡𝑔
′ 𝜃 𝑠,𝐶𝑂𝐼×𝑠𝑜𝑖𝑞×𝑛𝑒𝑡𝑔+ 𝑻𝑖𝑗𝑘,𝑟𝑒𝑚

′ 𝛉𝑠,𝑟𝑒𝑚 + 𝒁𝑖𝑗𝑘
′ 𝒃𝑠𝑖 + 𝑒𝑖𝑗𝑘

 
3-17 

in which 𝛉r,rem and 𝛉s,rem are parameters for the remaining covariates. 𝐓ijk,netg  is the 

design vector for network feature g (i.e., 𝐓ijk,netg is the average network feature g of node 

j and node k of the i
th

 subject’s network). Thus, we will have the following equations for 

the two groups: 

Group 1:  𝐓ijk,soiq×netg = 𝟏 × 𝐓ijk,netg = 𝐓ijk,netg ,  𝐓ijk,COI×netg = 𝟎 × 𝐓ijk,netg = 𝟎 , 

and 𝑻𝑖𝑗𝑘,𝐶𝑂𝐼×𝑠𝑜𝑖𝑞×𝑛𝑒𝑡𝑔 = 𝟎 × 𝑻𝑖𝑗𝑘,𝑠𝑜𝑖𝑞×𝑛𝑒𝑡𝑔 = 𝟎 

𝑙𝑜𝑔𝑖𝑡 (𝑝𝑖𝑗𝑘(𝛉𝑟; 𝒃𝑟𝑖))

= 𝑻𝑖𝑗𝑘,𝑛𝑒𝑡𝑔
′ 𝜃 𝑟,𝑛𝑒𝑡𝑔 +   𝑻𝑖𝑗𝑘,𝑛𝑒𝑡𝑔

′ 𝜃 𝑟,𝑠𝑜𝑖𝑞×𝑛𝑒𝑡𝑔𝑖𝑗𝑘
+ 𝑻𝑖𝑗𝑘,𝑟𝑒𝑚

′ 𝛉𝑟,𝑟𝑒𝑚 + 𝒁𝑖𝑗𝑘
′ 𝒃𝑟𝑖 
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𝐹𝑍𝑇 (𝑆𝑖𝑗𝑘(𝛉𝑠; 𝒃𝑠𝑖))

= 𝑻𝑖𝑗𝑘,𝑛𝑒𝑡𝑔
′ 𝜃 𝑠,𝑛𝑒𝑡𝑔 +   𝑻𝑖𝑗𝑘,𝑛𝑒𝑡𝑔

′ 𝜃 𝑠,𝑠𝑜𝑖𝑞×𝑛𝑒𝑡𝑔𝑖𝑗𝑘
+ 𝑻𝑖𝑗𝑘,𝑟𝑒𝑚

′ 𝛉 𝑠,𝑟𝑒𝑚 + 𝒁𝑖𝑗𝑘
′ 𝒃𝑠𝑖

+ 𝑒𝑖𝑗𝑘 
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Group 2:  𝐓ijk,soiq×netg = 𝟏 × 𝐓ijk,netg = 𝐓ijk,netg ,  𝐓ijk,COI×netg = 𝟏 × 𝐓ijk,netg =

𝐓ijk,netg , and 𝐓ijk,COI×soiq×netg = 𝟏 × 𝐓ijk,soiq×netg = 𝐓ijk,netg 

𝑙𝑜𝑔𝑖𝑡 (𝑝𝑖𝑗𝑘(𝛉𝑟; 𝒃𝑟𝑖)) = 𝑻𝑖𝑗𝑘,𝑛𝑒𝑡𝑔
′ 𝜃 𝑟,𝑛𝑒𝑡𝑔 +  𝑻𝑖𝑗𝑘,𝑛𝑒𝑡𝑔

′ 𝜃 𝑟,𝐶𝑂𝐼×𝑛𝑒𝑡𝑔 ⋯ 

+  𝑻𝑖𝑗𝑘,𝑛𝑒𝑡𝑔
′ 𝜃 𝑟,𝑠𝑜𝑖𝑞×𝑛𝑒𝑡𝑔𝑖𝑗𝑘

+ 𝑻𝑖𝑗𝑘,𝑛𝑒𝑡𝑔
′ 𝜃 𝑟,𝐶𝑂𝐼×𝑠𝑜𝑖𝑞×𝑛𝑒𝑡𝑔 + 𝑻𝑖𝑗𝑘,𝑟𝑒𝑚

′ 𝛉𝑟,𝑟𝑒𝑚 + 𝒁𝑖𝑗𝑘
′ 𝒃𝑟𝑖
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𝐹𝑍𝑇 (𝑆𝑖𝑗𝑘(𝛉𝑠; 𝒃𝑠𝑖)) = 𝑻𝑖𝑗𝑘,𝑛𝑒𝑡𝑔
′ 𝜃 𝑠,𝑛𝑒𝑡𝑔 +  𝑻𝑖𝑗𝑘,𝑛𝑒𝑡𝑔

′ 𝜃 𝑠,𝐶𝑂𝐼×𝑛𝑒𝑡𝑔 +  𝑻𝑖𝑗𝑘,𝑛𝑒𝑡𝑔
′ 𝜃 𝑟,𝑠𝑜𝑖𝑞×𝑛𝑒𝑡𝑔𝑖𝑗𝑘

⋯

+  𝑻𝑖𝑗𝑘,𝑛𝑒𝑡𝑔
′ 𝜃 𝑠,𝑠𝑜𝑖𝑞×𝑛𝑒𝑡𝑔𝑖𝑗𝑘

+  𝑻𝑖𝑗𝑘,𝑛𝑒𝑡𝑔
′ 𝜃 𝑠,𝐶𝑂𝐼×𝑠𝑜𝑖𝑞×𝑛𝑒𝑡𝑔+ 𝑻𝑖𝑗𝑘,𝑟𝑒𝑚

′ 𝛉𝑠,𝑟𝑒𝑚 + 𝒁𝑖𝑗𝑘
′ 𝒃𝑠𝑖 + 𝑒𝑖𝑗𝑘

 

3-21 
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Thus, the estimates of (θr,COI×netg + θr,COI×soiq×netg) and 

(θs,COI×netg + θs,COI×soiq×netg) quantify the slope differences of the relationships of 

network feature g with connection probability and strength in subnetwork q between the 

two groups (group2 – group1). This approach can be repeated to analyze the effects of 

any desired binary or categorical (with any number categories) covariate on any network 

feature in subnetworks.  

 

3.5.5 Modeling results for overlapping subnetworks with incorrect  𝛉𝐬 

For overlapping regions, suba_out and subb_out, with the following fixed and 

random effect parameters, the modeling results change to the ones shown in Table 3-17. 

(Since modeling without regional subnetworks and modeling subnetworks as independent 

networks yield the same results as the standard t-test analysis for our simulations (for the 

reasons mentioned in the paper), we only show the results of the t-test analysis in this 

sections and the following sections. ) 

𝛉s = [θs,0   θs,COI   θs,𝑠𝑢𝑏𝑎𝑜𝑢𝑡    θs,COI×𝑠𝑢𝑏𝑎𝑜𝑢𝑡]′ , bsi = bsi,0 

Table  3-17 Modeling and t-test results for known difference in only one of two overlapping regions with 

incorrect 𝜸𝒔  

                           Modeling Results                    T-Test Results  

Parameter Estimate     SE *P-value Parameter Avg - Diff *P-value 

𝛉𝐬,𝟎  0.472 0.006538 <0.0001    

𝛉𝐬,𝐂𝐎𝐈 0.04049 0.009247 <0.0001 whole-brain   0.034913 0.000255 

𝛉𝐬,𝐬𝐮𝐛𝐚_𝐨𝐮𝐭 -0.03111 0.001900 <0.0001    

𝛉𝐬,𝐂𝐎𝐈×𝐬𝐮𝐛𝐚_𝐨𝐮𝐭 -0.01469 0.002691 <0.0001    

𝛉𝐬,𝐂𝐎𝐈 + 𝛉𝐬,𝐂𝐎𝐈×𝐬𝐮𝐛𝐚_𝐨𝐮𝐭 0.02580 0.009342 0.0058 suba_out 0.026026 0.002935 

Modeling p-values are adjusted using the adaptive FDR procedure detailed in [41] 
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As Table 3-17 presents, removing the subnetwork covariates for subb_out results in 

incorrect results (see Table 3-9). 

 

3.5.6 Population differences in different directions in two overlapping 

subnetworks 

Modeling results for simulated datasets with different connection strength in 

overlapping regions, suba_out (higher in the second group) and subb_out (lower in the 

second group), are shown below for different choices of the fixed effects parameters.  

𝐂ijk,gr2 = 1.048 × 𝐂ijk,gr1 + noise 𝑓𝑜𝑟 𝑗𝑘
𝑡ℎ 𝑐𝑜𝑛𝑛𝑒𝑐𝑡𝑖𝑜𝑛𝑠 𝑙𝑜𝑐𝑎𝑡𝑒𝑑 𝒊𝒏 𝑠𝑢𝑏𝑎_𝑜𝑢𝑡, 𝑖

= 1,… ,40  

𝐂ijk,gr2 = 0.935 × 𝐂ijk,gr1 + noise 𝑓𝑜𝑟 𝑗𝑘𝑡ℎ 𝑐𝑜𝑛𝑛𝑒𝑐𝑡𝑖𝑜𝑛𝑠 𝑙𝑜𝑐𝑎𝑡𝑒𝑑 𝒊𝒏 𝑠𝑢𝑏𝑏_𝑜𝑢𝑡, 𝑖 =

1, … ,40 

 

𝟏) 𝛉s = [θs,0   θs,COI   θs,𝑠𝑢𝑏𝑎𝑜𝑢𝑡   θs,COI×𝑠𝑢𝑏𝑎𝑜𝑢𝑡]′ , bsi = bsi,0 

Table 3-18 Modeling and t-test results for known differences in different directions in two 

overlapping subnetworks 

                           Modeling Results                    T-Test Results  

Parameter Estimate     SE *P-value Parameter Avg - Diff *P-value 

𝛉𝐬,𝟎  0.3472 0.006083 <0.0001    

𝛉𝐬,𝐂𝐎𝐈 -0.00489 0.008604 0.5699 whole-brain   0.00254 0.765847 

𝛉𝐬,𝐬𝐮𝐛𝐚_𝐨𝐮𝐭 -0.03111 0.001786 <0.0001    

𝛉𝐬,𝐂𝐎𝐈×𝐬𝐮𝐛𝐚_𝐨𝐮𝐭 0.01948 0.002540 <0.0001    

𝛉𝐬,𝐂𝐎𝐈 + 𝛉𝐬,𝐂𝐎𝐈×𝐬𝐮𝐛𝐚_𝐨𝐮𝐭 0.01459 0.008696 0.0934 suba_out 0.014454 0.07843 

Modeling p-values are adjusted using the adaptive FDR procedure detailed in [41] 
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As Table 3-18 presents, when covariates for subb_out are not included, the model fails to 

find the actual simulated differences.  

 

2) 𝛉s = [θs,0   θs,COI   θs,𝑠𝑢𝑏𝑏𝑜𝑢𝑡   θs,COI×𝑠𝑢𝑏𝑏𝑜𝑢𝑡]′ , bsi = bsi,0 

Table 3-19 Modeling and t-test results for known differences in different directions in two 

overlapping subnetworks 

                            Modeling Results                    T-Test Results  

Parameter Estimate     SE *P-value Parameter Avg - Diff *P-value 

𝛉𝐬,𝟎  0.3455 0.006100 <0.0001    

𝛉𝐬,𝐂𝐎𝐈 0.007141 0.008627 0.4078 whole-brain   0.00254 0.765847 

𝛉𝐬,𝐬𝐮𝐛𝐛_𝐨𝐮𝐭 -0.04385 0.002047 <0.0001    

𝛉𝐬,𝐂𝐎𝐈×𝐬𝐮𝐛𝐛_𝐨𝐮𝐭 -0.02111 0.002916 <0.0001    

𝛉𝐬,𝐂𝐎𝐈 + 𝛉𝐬,𝐂𝐎𝐈×𝐬𝐮𝐛𝐛_𝐨𝐮𝐭 -0.01397 0.008891 0.1162 subb_out -0.01338 0.100654 

Modeling p-values are adjusted using the adaptive FDR procedure detailed in [41] 

 

As Table 3-19 presents, when covariates for suba_out are not included, the model fails to 

find the actual simulated differences.  

 

3) 𝛉s = [θs,0   θs,COI  θs,𝑠𝑢𝑏𝑎𝑜𝑢𝑡  θs,𝑠𝑢𝑏𝑏𝑜𝑢𝑡   θs,COI×𝑠𝑢𝑏𝑎𝑜𝑢𝑡   θs,COI×𝑠𝑢𝑏𝑏𝑜𝑢𝑡]′ , bsi = bsi,0 

Table 3-20 Modeling and t-test results for known differences in different directions in two 

overlapping subnetworks 

                           Modeling Results                    T-Test Results  

Parameter Estimate     SE *P-value Parameter Avg - Diff *P-value 

𝛉𝐬,𝟎  0.3595 0.006180 <0.0001    

𝛉𝐬,𝐂𝐎𝐈 -0.00014 0.008740 0.9873 whole-brain   0.00254 0.765847 

𝛉𝐬,𝐬𝐮𝐛𝐚_𝐨𝐮𝐭 -0.03483 0.001785 <0.0001    

𝛉𝐬,𝐬𝐮𝐛𝐛_𝐨𝐮𝐭 -0.04746 0.002053 <0.0001    
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𝛉𝐬,𝐂𝐎𝐈×𝐬𝐮𝐛𝐚_𝐨𝐮𝐭 0.01789 0.002538 <0.0001    

𝛉𝐬,𝐂𝐎𝐈×𝐬𝐮𝐛𝐛_𝐨𝐮𝐭 -0.01929 0.002924 <0.0001    

𝛉𝐬,𝐂𝐎𝐈 + 𝛉𝐬,𝐂𝐎𝐈×𝐬𝐮𝐛𝐚_𝐨𝐮𝐭 0.01775 0.008813 0.0440 suba_out 0.014454 0.07843 

𝛉𝐬,𝐂𝐎𝐈 + 𝛉𝐬,𝐂𝐎𝐈×𝐬𝐮𝐛𝐛_𝐨𝐮𝐭 -0.01943 0.008973 0.0303 subb_out -0.01338 0.100654 

Modeling p-values are adjusted using the adaptive FDR procedure detailed in [41] 

 

As Table 3-20 presents, with both subnetwork covariates included in the model, the 

modeling framework correctly finds the differences in each of the subnetworks, and 

controls for the counterbalancing (systemic) effects of each subnetwork on the other one 

as well as their effects on other brain regions.   

 

3.5.7 Difference present at the global level, but with a more complex 

pattern at local levels  

Here, we used four regional covariates for modeling connections within subnetworks and 

b (suba and subb), and for connections from suba and subb to other brain regions (suba_out, 

and subb_out). Thus, we had the following fixed and random effects parameters: 

𝛉s

= [θs,0 θs,COI θs,𝑠𝑢𝑏𝑎θs,𝑠𝑢𝑏𝑏  θs,𝑠𝑢𝑏𝑎_𝑜𝑢𝑡 θs,𝑠𝑢𝑏𝑏_𝑜𝑢𝑡  θs,COI×𝑠𝑢𝑏𝑎 θs,COI×𝑠𝑢𝑏𝑏   θs,COI×𝑠𝑢𝑏𝑎_𝑜𝑢𝑡 θs,COI×𝑠𝑢𝑏𝑏_𝑜𝑢𝑡]′, bsi

= bsi,0 

Known differences were created such that for the second group, the strength of: 1) 

connections within suba were increased by a factor of 1.5, 2) connections within subb 

were reduced by a factor of 0.8, 3) connections from suba to other brain regions (i.e., 

connections represented by suba_out) were not changed, 4) connections from subb to other 
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brain regions (i.e., connections represented by subb_out) were increased by a factor of 1.5, 

and finally 5) connections of all other brain regions were reduced by a factor 0.9: 

𝐂ijk,gr2 = 1.5 × 𝐂ijk,gr1 + noise  𝑓𝑜𝑟 𝑗𝑘
𝑡ℎ 𝑐𝑜𝑛𝑛𝑒𝑐𝑡𝑖𝑜𝑛𝑠 𝑙𝑜𝑐𝑎𝑡𝑒𝑑 𝒘𝒊𝒉𝒕𝒊𝒏 𝑠𝑢𝑏𝑎 , 𝑖

= 1,… ,40 

𝐂ijk,gr2 = 0.8 × 𝐂ijk,gr1 + noise 𝑓𝑜𝑟 𝑗𝑘
𝑡ℎ 𝑐𝑜𝑛𝑛𝑒𝑐𝑡𝑖𝑜𝑛𝑠 𝑙𝑜𝑐𝑎𝑡𝑒𝑑 𝒘𝒊𝒉𝒕𝒊𝒏 𝑠𝑢𝑏𝑏 , 𝑖

= 1,… ,40 

 𝐂ijk,gr2 = 1.5 × 𝐂ijk,gr1 + noise 𝑓𝑜𝑟 𝑗𝑘
𝑡ℎ 𝑐𝑜𝑛𝑛𝑒𝑐𝑡𝑖𝑜𝑛𝑠 𝑙𝑜𝑐𝑎𝑡𝑒𝑑 𝒊𝒏 𝑠𝑢𝑏𝑏_𝑜𝑢𝑡, 𝑖 =

1, … ,40 

𝐂ijk,gr2 = 0.9 × 𝐂ijk,gr1 + noise 𝑓𝑜𝑟 𝑗𝑘
𝑡ℎ 𝑐𝑜𝑛𝑛𝑒𝑐𝑡𝑖𝑜𝑛𝑠 𝑙𝑜𝑐𝑎𝑡𝑒𝑑 𝒊𝒏 𝑜𝑡ℎ𝑒𝑟 𝑟𝑒𝑔𝑖𝑜𝑛𝑠, 𝑖

= 1,… ,40 

As Table 3-21 presents, the modeling framework correctly identifies the known 

differences at both the global and local levels due to its multivariate nature and its 

inclusion of interactions between local regions. However, the t-test analysis fails to 

disentangle the differences correctly. The t-test results incorrectly indicate that the 

connections of suba_out (connections from suba to other brain regions) are significantly 

different between the two groups. Also, as shown by the positive “Avg – Diff”, the t-test 

identified significantly stronger whole-brain connections (connections of other brain 

regions not included through subnetwork covariates) in group 2, which is entirely 

misleading because the data simulation included weaker global connections in group 2. 

The modeling results, accounting for the subnetwork covariates, did identify that 
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connections of all brain regions other than subnetworks a and b are significantly weaker 

in the second group.  

 

Table 3-21 Modeling and t-test results for known difference at the global level, but with a more 

sophisticated pattern at local levels        

                              Modeling Results                    T-Test Results  

Parameter Estimate     SE *P-value Parameter Avg - Diff *P-value 

𝛉𝐬,𝟎  0.3552 0.006629 <0.0001    

𝛉𝐬,𝐂𝐎𝐈 -0.03012 0.009377 0.0013 whole-brain   0.041041 2.49e-05 

𝛉𝐬,𝐬𝐮𝐛𝐚  0.01109 0.003147 0.0004    

𝛉𝐬,𝐬𝐮𝐛𝒃  0.03066 0.005695 <0.0001    

𝛉𝐬,𝐬𝐮𝐛𝐚_𝐨𝐮𝐭 -0.03114 0.002042 <0.0001    

𝛉𝐬,𝐬𝐮𝐛𝐛_𝐨𝐮𝐭 -0.04430 0.002283 <0.0001    

𝛉𝐬,𝐂𝐎𝐈×𝐬𝐮𝐛𝐚  0.2145 0.004466 <0.0001    

𝛉𝐬,𝐂𝐎𝐈×𝐬𝐮𝐛𝐛  -0.04985 0.008090 <0.0001    

𝛉𝐬,𝐂𝐎𝐈×𝐬𝐮𝐛𝐚_𝐨𝐮𝐭 0.01795 0.002905 <0.0001    

𝛉𝐬,𝐂𝐎𝐈×𝐬𝐮𝐛𝐛_𝐨𝐮𝐭 0.1784 0.003249 <0.0001    

𝛉𝐬,𝐂𝐎𝐈 + 𝛉𝐬,𝐂𝐎𝐈×𝐬𝐮𝐛𝐚  0.1843 0.009910 <0.0001 suba  0.181719 1.31e-20 

𝛉𝐬,𝐂𝐎𝐈 + 𝛉𝐬,𝐂𝐎𝐈×𝐬𝐮𝐛𝐛  -0.07997 0.01199 <0.0001 subb -0.07814 8.58e-08 

𝛉𝐬,𝐂𝐎𝐈 + 𝛉𝐬,𝐂𝐎𝐈×𝐬𝐮𝐛𝐚_𝐨𝐮𝐭 -0.01218 0.009382 0.1943 suba_out 0.020381 0.017487 

𝛉𝐬,𝐂𝐎𝐈 + 𝛉𝐬,𝐂𝐎𝐈×𝐬𝐮𝐛𝐛_𝐨𝐮𝐭 0.1483 0.009557 <0.0001 subb_out 0.151459 6.20e-24 

Modeling p-values are adjusted using the adaptive FDR procedure detailed in [41]. 

 

3.5.8 Gender as an exogenous confounding variable 

Finally, we evaluated the performance of the methodological extensions with 

respect to differences in an exogenous confounding effect, gender in this case. We 

labeled 14 subjects in the first group and 26 subjects in the second group as males, and 

the remaining subjects in the two groups as females. suba served as our subnetwork 

covariate. The following fixed and random effects parameters were used: 
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𝛉s = [θs,0  θs,COI   θs,suba    θs,sex   θs,COI×suba    θs,suba×sex]′, bsi = bsi,0 

where θs,sex and  θs,suba×sex are parameters for gender (a binary variable with one for 

males and zero for females) and the interaction of gender with suba, and other parameters 

are the same as the ones described throughout the paper. A difference was created such 

that for males, the strength of connections within suba was increased by a factor of 1.5:  

𝐂𝑖𝑗𝑘,male = 1.5 × 𝐂ijk,male + noise  𝑓𝑜𝑟 𝑗𝑘
𝑡ℎ 𝑐𝑜𝑛𝑛𝑒𝑐𝑡𝑖𝑜𝑛𝑠 𝑙𝑜𝑐𝑎𝑡𝑒𝑑 𝒘𝒊𝒉𝒕𝒊𝒏 𝑠𝑢𝑏𝑎 , 𝑖

= 𝑚𝑎𝑙𝑒 𝑠𝑢𝑏𝑗𝑒𝑐𝑡𝑠 

 

Table  3-22 Modeling and t-test results for known local difference in gender as an exogenous confounding 

variable  

                Modeling Results                    T-Test Results  

Parameter Estimate     SE *P-value Parameter Avg - Diff *P-value 

𝛉𝐬,𝟎  0.3317 0.007242 <0.0001    

𝛉𝐬,𝐂𝐎𝐈 0.000377 0.009533 0.9688 whole-brain   0.009492 0.316916 

𝛉𝐬,𝐬𝐮𝐛𝐚  0.03295 0.003251 <0.0001    

𝛉𝐬,𝐬𝐞𝐱 -0.00153 0.009533 0.8728 sex  0.029124 4.49e-

102 

𝛉𝐬,𝐂𝐎𝐈×𝐬𝐮𝐛𝐚  0.005089 0.004343 0.2413    

𝛉𝐬,𝐬𝐮𝐛𝐚×𝐬𝐞𝐱 0.2716 0.004343 <0.0001    

𝛉𝐬,𝐂𝐎𝐈 + 𝛉𝐬,𝐂𝐎𝐈×𝐬𝐮𝐛𝐚  0.005466 0.01027 0.5946 suba 0.085305 0.011279 

𝛉𝐬,𝐬𝐞𝐱 + 𝛉𝐬,𝐬𝐮𝐛𝐚×𝐬𝐞𝐱 0.3045 0.004101 <0.0001 sex in suba 0.272581 0 

Modeling p-values are adjusted using the adaptive FDR procedure detailed in [41] 

 

As Table 3-22 presents, unlike the t-test analysis, our methodology controls for the 

confounding effect of gender and correctly shows that the difference is restricted to the 

suba between males and females.  
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3.5.9 DMN mask 

Figure 3-3 The DMN mask used for extracting the 37 ROIs of DMN is shown below 

 
Axial and Sagittal images of the utilized default mode network 
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Abstract 

As the field of dynamic brain networks continues to expand, new methods are 

needed to allow for optimal handling and understanding of this explosion in data. We 

propose here a novel approach that embeds dynamic brain networks onto a two-

dimensional (2D) manifold based on similarities and differences in network organization. 

Each brain network is represented as a single point on the low dimensional manifold with 

networks of similar topology being located in close proximity. The rich spatio-temporal 

information has great potential for visualization, analysis, and interpretation of dynamic 

brain networks. The fact that each network is represented by a single point makes it 

possible to switch between the low-dimensional space and the full connectivity of any 

given brain network. Thus, networks in a specific region of the low-dimensional space 

can be examined to identify network features, such as the location of brain network hubs 

or the interconnectivity between brain circuits. In this proof-of-concept manuscript, we 

show that these low dimensional manifolds contain meaningful information, as they were 

able to successfully discriminate between cognitive tasks and study populations. This 

work provides evidence that embedding dynamic brain networks onto low dimensional 

manifolds has the potential to help us better visualize and understand dynamic brain 

networks with the hope of gaining a deeper understanding of normal and abnormal brain 

dynamics. 
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4.1 Introduction 

Brain function emerges from interactions among a massive number of neuronal 

elements. Although investigations of such complex interactions at a neuronal level still 

remain beyond the reach of current methodologies, coordinated activities of larger-scale 

brain regions measured using functional brain imaging methods such as functional 

magnetic resonance imaging (fMRI) are actively being investigated. Analyses of 

functional connectivity, which represents the quantified coordination of activity between 

brain regions, and functional networks generated from thousands of such functional 

connections, have moved to the forefront of neuroimaging research over the past two 

decades. There is a growing literature showing that network topology is associated with 

cognitive and behavioral outcomes [1-4]. More recently, it has been reported that 

functional brain network connectivity patterns fluctuate over short periods of time on the 

order of seconds [5-7]. These dynamic fluctuations have been associated with 

consciousness [8, 9], learning [10], behavioral responses, and cognitive functions [11, 

12], as well as neurodegenerative disorders [13, 14]. For instance, the integration between 

specific communities (or modules) of the brain has been shown to increase during a 

cognitive task [15, 16], and dynamic changes of brain network modular organization have 

been associated with learning success [10].  

Brain dynamics can be conceptualized as transitions between different brain states 

in response to internal processing and external stimuli [17-19]. Network neuroscience 

attempts to model these brain states using whole-brain connectivity patterns. Although 

each brain state is surely more complex than the connectivity of a given network model, 

brain network models do effectively capture various normal and abnormal brain 
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processes, as described above.  Exceptional challenges facing those interested in dynamic 

brain networks are generating meaningful visualizations, performing quantitative 

analyses, and interpreting the vast amounts of data. For instance, for a given study 

participant, a dynamic network analysis typically yields >100 networks, each with 30,000 

or more network connections. To deal with such data, most studies of brain network 

dynamics have reduced the data to commonly used graph measures, such as node degree 

and/or modularity [12, 20-22]. Other studies have focused on fluctuations of individual 

network connections rather than whole-brain dynamics [23-25].  

Reducing complex brain network dynamics to single graph variables or focusing on 

individual connections does not take advantage of the wealth of information present in 

the fluctuations of connectivity across the entire brain network. Representing the whole-

brain networks in a low dimensional space that captures similarities and differences in 

network connectivity would provide a powerful methodology to study network dynamics 

within and between individual subjects. Ideally such an embedding procedure would 

yield a mapping that can be visualized, capitalize on the inherent complexity of the entire 

brain network, and allow for direct linkages between high dimensional brain networks 

and low dimensional mapping. Networks with similar topology would be mapped to 

similar locations in space, and as network topology becomes more and more distinct, the 

distance between two networks would increase. In such a low dimensional embedding, 

clusters of similar networks may represent subtle variations in a given brain state, and 

dynamic transitions between varying connectivity patterns could be examined in time.  

There is a growing interest in studying and visualizing brain dynamics in low-

dimensional space, but most studies have directly examined the fMRI time series, rather 
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than dynamic networks. Principal components analysis (PCA) has been used to reduce 

the dimensionality of the raw fMRI data [26], and reservoir computing [27] has been 

used to examine temporal state transitions in the raw fMRI data. Both of these studies 

demonstrated that the patterns of dynamic transitions were unique for distinct task 

conditions. Taghia et. al. [28] applied a Bayesian switching dynamical systems (BSDS) 

model to ROI time series from raw fMRI data to identify hidden brain states and state 

transitions during a working memory task. They showed that the presence/absence of 

specific (dominant) brain states during the task could predict performance accuracy. They 

also identified an association between cognition and flexibility in transitioning between 

hidden brain states. 

Several recent studies have mapped brain dynamics on low-dimensional 

manifolds using methods other than embedding raw fMRI time series. In [29], fMRI data 

were processed with independent components analysis (ICA), and the dynamic brain 

states were plotted in 2-dimensional (2D) space using the t-distributed stochastic 

neighbor embedding (t-SNE) algorithm [30]. Although this study did not directly map 

individual network dynamics, density maps were created to visualize the portions of this 

2D space most commonly occupied under various task conditions. Maps were also 

created to examine the likelihood of transitioning away from a given point in the 2D 

space. The data showed that these maps were distinct for different task conditions. Using 

a maximum entropy model, brain states have been defined as attractors or local minima 

in the energy landscapes of the brain networks [31-33]. Allen et. al. [34] used a clustering 

approach to identify functional connectivity patterns which they defined as reoccurring 

short-term connectivity patterns. Using group ICA components, they first produced a 
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stationary functional network for each subject. Dynamic networks were then generated, 

and k-means clustering was used to identify the reoccurring connectivity patterns. They 

demonstrated flexible connections between specific brain regions and identified 

unexpected functional connectivity patterns involving interactions between large-scale 

networks. While each of these studies provides interesting insights into brain network 

dynamics, none of the studies examine dynamic network transitions at the level of the 

individual subject. In addition, none of the methods used allow for a one-to-one mapping 

between high-and low-dimensional spaces. In other words, the individual points 

embedded in low-dimensional space do not represent individual networks in high-

dimensional space. If one wants to examine the regional brain circuits and the topology 

of brain networks occupying particular portions of the low-dimensional space, it is 

necessary to be able to transition directly from points in low-dimensional space to the 

actual high-dimensional networks.    

In the current study, we propose directly embedding dynamic brain networks into 

low dimensional space as a means to study network dynamics within and across study 

participants. This space can be simply generated using various linear and nonlinear 

embedding techniques, can accommodate large datasets, and can be used for multiple 

analytical purposes. Dynamic networks embedded into this low-dimensional space 

maintain their natural temporal sequence. In addition, the similarities or differences 

between each network and every other network are captured by the spatial locations of 

the embedded points. Importantly, one can readily examine the original high-dimensional 

brain network representation for any low dimensional point mapped to this space. Thus, 

the space preserves information present in high dimensional networks while allowing for 
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visualization, analyses, and interpretation of dynamic connectivity patterns in low 

dimensional space. In addition, other high dimensional network features, such as 

modularity or node degree maps, could be added as an additional dimension or even 

directly integrated into the 2D space [35]. We show maps of dynamic brain networks 

projected into low-dimensional space using linear (PCA) and nonlinear (t-SNE) 

embedding techniques. As a proof of concept that this low dimensional space contains 

meaningful information, we classify embedded dynamic networks for different cognitive 

tasks (rest, 1-back, and 2-back working memory tasks) and different study populations 

(younger and older adults). We also assessed the spatial clustering of the embedded 

dynamic networks by condition, population, and individual study participant. We 

postulate that dynamic brain networks embedded in low dimensional space have potential 

to be used for visualization, analyses, and interpretation across different studies.    

   

4.2 Materials and Methods 

4.2.1 Study participants and image collection  

Data in this study was collected as part of a prior study examining the effect of the 

interaction between age and alcohol consumption on brain networks [36] in community 

dwelling participants. The dataset is comprised of forty-one older adults (65-80 years old, 

sex (M/F) = 22/19) and twenty-two younger adults (24-35 years old, sex (M/F) = 10/12) 

that consumed alcohol across a range of consumption levels. This dataset was selected as 

it contained valuable groups and conditions to assess two types of studies common in the 

human neuroimaging literature: 1) studies identifying different neural mechanisms 

underlying various cognitive tasks and 2) identifying differences between distinct 
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populations or groups. This data set contained multiple study conditions (rest and 

working memory) as well as two distinct study populations (younger and older adults). 

All participants had brain imaging completed on a 3T Siemens Skyra scanner in a 

single visit. T1-weighted structural data were acquired in the sagittal plane using a single-

shot 3D MPRAGE GRAPPA2 sequence (resolution = 0.98 × 0.98 × 1.0 mm, acquisition 

time: 5 minutes and 30 seconds, TR = 2.3s, TE = 2.99ms, 192 slices). Resting-state as 

well as 1-back and 2-back working memory fMRI data (resolution = 3.75 × 3.75 × 5.0 

mm) were acquired for each participant using BOLD-contrast images in an echo-planar 

imaging sequence (acquisition time = 6 minutes and 20 seconds, TR = 2.0s, TE = 25ms, 

flip angle = 75
o
, volumes = 187, slices per volume = 35). Participants were asked to look 

at a fixation cross during the resting-state scan. For the working memory task, a white 

letter was presented one at a time on a black background. Participants were asked to 

respond with either a right (yes) or left (no) finger press to indicate if the letter they were 

viewing was the same letter that was presented just before (1-back) or two letters before 

(2-back). For more study details, see [37].  

 

4.2.2 Image preprocessing and functional network generation  

Standard image preprocessing was conducted using SPM12 

(www.fil.ion.ucl.ac.uk/spm/).  

Structural images were segmented into six tissue probability maps: gray matter, white 

matter, cerebrospinal fluid, bone, soft tissue, and air/background. Gray matter and white 

matter maps were combined to create a brain tissue map. This image was warped using 

Advanced Normalization Tools (ANTs) [38] to Colin space 

https://outlook.wakehealth.edu/owa/redir.aspx?C=zXowqG5N-w2dU_BOVX66xTn3KqcOmyH2OyZk4v6BcHN25XDw9ZHWCA..&URL=http%3a%2f%2fwww.fil.ion.ucl.ac.uk%2fspm%2f
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(http://www.bic.mni.mcgill.ca/ServicesAtlases/Colin27) to match the Yale atlas [39]. The 

inverse transform produced by ANTs was applied to the Yale atlas in order to put the 

atlas into each subject’s native space. Structural images were then co-registered to each 

functional image. Resulting transforms were applied to segmentation maps as well as the 

native space atlas. Other preprocessing of the functional data included: discarding the 

first 10 volumes to ensure that fMRI signals had achieved equilibrium, slice time 

correction, realignment to the first volume, band-pass filtering (0.009–0.08 Hz [40, 41]), 

and regressing six rigid-body transformation parameters that were generated during the 

alignment process along with average brain tissue signals (grey matter, white matter, 

cerebrospinal fluid). Functional data were motion corrected by removing volumes with 

excessive movement and signal change according to the method in [40].   

The brain was parcellated into 268 functional regions [39], and whole-brain 

networks were generated based on these regions. Dynamic networks were created using 

the sliding window technique. A rectangular window was used that contained 60 volumes 

(120s), and a shift size of 1 volume (2s) was used to generate sequential networks. The 

shift size of 2s (one TR) was chosen to maintain the maximum temporal resolution for 

brain network dynamics. For more detail on window and shift size choices, please see 

[42, 43]. We moved the window across the times series, and at each shift, the Pearson’s 

correlation was computed between the time-series of all ROI pairs. This provided a 

correlation matrix that represents the functional network at each point (each shift). 

Weighted, fully connected networks containing positive and negative edges were used for 

all analyses. Given that there were 187 functional volumes and a window size of 60 

volumes, there was a maximum of 127 dynamic networks for any given person/condition. 

https://outlook.wakehealth.edu/owa/redir.aspx?C=ZOVvzjPuVezLinE5PFFNjf3zUZYIhlHUe4_LeR-A_rh25XDw9ZHWCA..&URL=http%3a%2f%2fwww.bic.mni.mcgill.ca%2fServicesAtlases%2fColin27
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On average, there were 115 networks per person/condition with the number of networks 

differing across participants due to volumes being removed by the motion correction 

procedure described above.  

 

4.2.3 Embedding dynamic networks in low dimensional space  

After dynamic functional network generation, the networks were reformatted into 

a combined data structure. Given that the Pearson’s correlation matrices (268 x 268 cells) 

are symmetric about the diagonal, values above the diagonal were extracted and reshaped 

into a 1-dimensional vector (35,778 elements) for each network in the dynamic network 

time series. The vectors were stacked across all time points (115 on average) for a given 

participant with each row containing the 35,778 correlation values of a single time point. 

The subjects were then further stacked by adding all rows for each subject to the end of 

the matrix (Figure 4-1). The resulting 2D matrix contained 35,778 columns and a row for 

each and every dynamic network (number of subjects x number of dynamic networks) in 

the particular analysis. PCA was then used to reduce the dimensionality of this data, 

yielding a series of components with associated weights. The results of the PCA analysis 

were specific to the conditions or groups that were included in each comparison. Thus, 

the individual components, number of components, and the variance captured by each 

component differed for each analysis. Supplemental Figure 4-7 contains variance plots 

for each of the PCA analyses. These figures indicate the number of components needed 

to capture 99% of the total variance as well as the percent of the variance captured by the 

first 2 components. Following the dimension reduction with PCA, the resulting weights 

were embedded onto a 2D manifold using either linear (PCA) or nonlinear (t-SNE ) 

methods (Figure 4-1).  
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Figure 4-1 Methods for creating embedded dynamic networks 

 

Pre-processed fMRI scans are converted into time series data representing n ROIs and divided into T 

overlapping windows of equal length. Each window is shifted by a step of one time volume from the 

previous window. For each window, the data is correlated between ROIs to create T dynamic networks 

(Pearson’s correlation matrices) that are symmetric and unthresholded. The process is repeated for N 

subjects. The resulting networks are vectorized retaining only the data above the diagonal and stacked 

across time and subjects into a single matrix sized (N x T) x m, where (N x T) is the number of dynamic 

networks and m is the number of edges in each vectorized network (n x (n-1) / 2). The orange bars denote 

data for individual subjects. The data is reduced using PCA and component weights are formed into a new 

data matrix. A specified number of component weights are then embedded into 2D space. 

 

These 2D representations were used for visualization, classification of study populations 

and cognitive tasks, and spatial clustering statistics at group and individual levels. The 

individual embedded networks were color-coded to indicate study conditions or 

populations (Figure 4-2 and Figure 4-3 for example) or to identify individual participants 

(Supplemental Figure 4-8, Figure 4-9, and Figure 4-10).  

For linear embedding, the weights for the first two components from PCA, i.e. the 

two components that captured the most variance, were used for the embedding procedure. 

This linear embedding method is simply a mapping of the weight of the first PCA 
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component on the X axis versus the weight of the second component on the Y axis. Thus, 

embedding the data in 2D space limits the analysis to the first two components.  

For nonlinear embedding, t-SNE was used [30]. However, there is no restriction 

on the method to be used and other methods such as Isomap [44] or UMAP [35] could be 

used. Two different sets of embeddings were created with t-SNE using either the weights 

from all components needed to capture 99% of the variance or the weights from the first 

two components. This latter set of embeddings was created for direct comparison to the 

linear embedding. t-SNE is a non-linear machine learning algorithm developed for 

reduction and visualization of high-dimensional data. It is an unsupervised algorithm that 

projects high-dimensional data into a lower space in two main steps. First, a probability 

distribution over high-dimensional point pairs (fMRI networks in our case) is constructed 

such that similar (high-dimensional) points get higher probabilities. Then, a probability 

distribution over low-dimensional data (initially generated randomly or through other 

data reduction methods) is constructed. The Kullback-Leibler divergence between the 

two distributions is minimized with respect to the locations of the low-dimensional data 

to obtain the final low-dimensional points after sufficient number of optimization 

iterations. The distribution in the high-dimensional space is defined as a standard 

Gaussian Kernel, while the low-dimensional distribution is defined as a t-distribution. 

More detail about t-SNE is provided in the supplementary material file. A MATLAB 

(2016b) implementation of t-SNE was used for the embedding 

(https://lvdmaaten.github.io/tsne/code/tSNE_matlab.zip).  

 

 

 

https://lvdmaaten.github.io/tsne/code/tSNE_matlab.zip
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4.2.4 Classification using low dimensional networks  

 Machine learning approach 4.2.4.1

For each classification, we used a support vector machine (SVM) to discriminate 

between classes of dynamic networks using the spatial coordinates of the dynamic 

networks in low dimensional space. SVM is a widely-used classifier that finds a 

maximum-margin hyperplane between the two classes during the training phase [45]. A 

non-linear SVM classifier with a RBF (radial basis function) kernel as implemented in 

the LIBSVM toolbox for MATLAB [46] was used to classify the points in 2D space. 

  

 Evaluation of classification performance 4.2.4.2

To evaluate classification performance a repeated random subsampling (training-

testing 68%-32%) was used to ensure that the obtained results can be generalized. The 

hyper-parameters (c: cost, and g: gamma) were selected using the average across a 5-fold 

cross-validation procedure [47] with a grid search on hyperplane parameters during 

training at each subsampling permutation. Due to stochastic components in the t-SNE 

algorithm, different embedding runs can result in slightly different maps for the same 

input data. To account for this variability of the t-SNE maps, the t-SNE algorithm was 

run 50 times, which resulted in 50 datasets for classification. Thus, each classification 

analysis was repeated 50 times, and the final performance measures were obtained by 

averaging across these 50 classifications. We used accuracy, sensitivity, and specificity of 

the test data set for model performance evaluation. The same evaluation procedure was 

used for the single PCA datasets obtained from the first two components for each 

analysis. 
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 Analysis 4.2.4.3

We performed several classification analyses using 2D representations (i.e., 2D 

points) generated with t-SNE and PCA. Dynamic networks from younger adults were 

used to classify: i) rest/2-back working memory task, ii) rest/1-back working memory 

task, and iii) 1-back/2-back working memory tasks. Dynamic networks from the 1-back 

working memory task were used to classify populations of younger and older adults.  

Classification of embedded task-based dynamic networks: Each dataset was 

split into training (68%) and test (32%) subsets ensuring that the entire 2D embedding 

from each participant was either in the training or the test subset. Using the parameters 

(SVM hyperplane) obtained from the training phase, the label (i.e., -1 or +1) for each data 

point in the test subset was predicted. In order to classify the dynamic network time series 

for each participant, the predicted labels for each of the data points from the participant’s 

embedded dynamic network time series were used. The label with the majority (more 

than half of the dynamic networks) was used as the label for that participant’s entire 

dynamic network time series. The predicted and the actual classes of embedded dynamic 

networks were then used to obtain the accuracy, sensitivity, and the specificity. This 

process was repeated with 100 permutations of splitting the dataset into the training and 

test subsets, and the average values across the 100 permutations were used as the 

performance measures for that classification. This classification procedure was repeated 

for the 50 t-SNE replications, and the average values of accuracy, sensitivity, and 

specificity across the 50 classifications were reported as the final classification 

performance measures. This same approach was used for classifications of PCA datasets 

(note that for PCA embedding replications are not necessary so a single dataset was used 



139 

 

and the average accuracy, sensitivity, and specificity were computed across 100 

permutations).  

Classification of embedded population-based dynamic networks: Each dataset 

was split into training (68%) and test (32%) subsets. To address the unbalanced data with 

41 older and 22 younger participants, the same proportion of groups was used in training 

and test subsets to avoid any potential bias. The similarity between the sensitivity and 

specificity results indicates that there was no major effect of the population imbalance. 

Additionally, the class (i.e., group) weights in the SVM optimization process were 

modified to account for the unbalanced data by choosing a larger weight for the class 

with smaller number of observations. All data points representing the embedding of each 

participant were grouped together either in the training or the test subset. We used the 

same majority vote procedure as the one described above to obtain the predicted class of 

each embedding. This process was repeated with 100 permutations of splitting the dataset 

into the training and test subsets, and the average values across the 100 permutations 

were used as the performance measures for that classification. This classification 

procedure was repeated for the 50 t-SNE replications, and the average values of accuracy, 

sensitivity, and specificity across the 50 classifications were reported as the final 

classification performance measures. This same approach was used for classifications of 

PCA datasets but with a single embedding.     
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4.3 Results 

4.3.1 Summary of Methods 

In section 4.3.2, projected networks into the 2D space are described. 

Section 4.3.2.1 details embedded task-based dynamic networks and section 4.3.2.2 details 

the embedded population-based dynamic networks. Section 4.3.2.3 describes the one-to-

one mapping of low and high dimensional data. Section 4.3.3 describes the classification 

analyses for both embedded task-based and population-based dynamic networks. Finally, 

in section 4.3.4, we describe the clustering of groups and individuals in the embedded 

dynamic networks. 

 

4.3.2 Visualization of embedded dynamic networks  

 Task-based dynamic networks 4.3.2.1

Figure 4-2 shows dynamic networks embedded in low dimensional space for the 

population of young adults with comparisons of 2-back to rest, 1-back to rest, and 2-back 

to 1- back. The first column in the image shows networks embedded with t-SNE using 

99% of the data variance. There is clear separation between the embedded dynamic 

networks for the 2-back working memory task and rest conditions. This separation is not 

evident between 1-back working memory task and rest or between 2-back and 1-back 

working memory tasks. Dynamic networks embedded using the first two PCA 

components are shown in the middle column of Figure 4-2.  
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Figure 4-2 Embedded dynamic brain networks across tasks 

 

Embedded networks are shown for younger adults to contrast 2-back working memory task and rest (top 

row), 1-back working memory task and rest (middle row), and 2-back and 1-back working memory tasks 

(bottom row). Each column shows a different 2D embedding method. Although patterns differ between 

embedding methods, the same trend is apparent across methods: 2-back and rest have the greatest 

separation, 1-back and rest are less distinct, and 2-back and 1-back have the least separation. The embedded 

networks are colored by task: 2-back – blue, rest – green, 1-back orange. For both t-SNE datasets, the 

embedding was repeated 50 times, but only one representative map is shown here. 
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Although the spatial pattern of the networks embedded using PCA is visibly different 

from networks embedded with t-SNE using 99% of the variance, the overarching pattern 

across the three task comparisons is quite similar.  

The separation between the 2-back working memory task and rest is quite clear, 

but there is extensive overlap between the 1-back and rest as well as between the 2-back 

and 1-back comparisons.  Given that the PCA embedding was based on only a small 

portion of the total variance, t-SNE was also used to embed networks based only on the 

first two component weights for a more direct comparison. The last column of Figure 4-2 

shows these results. It is visually apparent that the shape and spatial distribution of these 

embedded networks closely resembles those embedded with linear PCA.  

 

 Population-based dynamic networks 4.3.2.2

Embedded dynamic networks for younger and older adults performing the 1-back 

task are shown in Figure 4-3. The networks embedded using t-SNE with 99% of the 

variance show clear separation between the younger and older adults. There are notable 

exceptions with several of the younger adults having networks that overlap with the older 

adults. It is also evident that the embedded networks from older adults have greater 

variability in the spatial distribution compared to those from the younger adults. The 

dynamic networks from individual subjects embedded using the first two PCA 

components (both PCA and t-SNE embedding) have spatial patterns distinct from those 

embedded using t-SNE with 99% of the variance. These spatial patterns are comparable 

to those seen for the between-task comparisons.  
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Figure 4-3 Embedded dynamic brain networks across groups 

 

Embedded networks are shown for younger and older adults during the 1-back working memory task. As 

with the task-based mapping, the group maps made with t-SNE using 99% of the variance is distinct from 

the other two mappings. However, the two populations are visibly distinct for all embedding methods. The 

embedded networks are colored by group: younger – blue and older – red. For both t-SNE datasets, the 

embedding was repeated 50 times, but only one representative map is shown here. 

 

Despite differences in the appearance of dynamic series from individual subjects, there is 

clear separation between the younger and older populations for both embedding methods. 

The older adults also have greater variability in the spatial distribution of the embedded 

networks compared to younger adults. 

 

 Mapping between high and low dimensional networks 4.3.2.3

As pointed out earlier in the introduction, unlike most current methods, the 

method introduced here allows for a one-to-one mapping between a given network or 

cluster of networks in low dimensional space and the associated network(s) in high 

dimensional space. To demonstrate this capability, in Figure 4-4 we show the mapping 

between the low and high dimensional data for networks from two of the participants 

included in Figure 4-3. This figure shows three networks (A, B, and C) from a younger 

participant and a single network (D) from an older participant. The figure highlights the 
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low dimensional spatial representation and the high dimensional connectivity of each 

network. Networks A, B, and C are the 72
th

 (2:24, min:sec), 85
th

 (2:50), and 117
th

 (3:54) 

networks in the time series of dynamic networks for the younger participant. Network D 

is the first network of the dynamic network time series for the older participant. As this 

figure shows, the close proximity in low dimensional space of the three networks from 

the young individual (A – C) are associated with similar connectivity patterns relative to 

the network from the older adult (D). For example, the highly connected hub nodes in the 

motor cortex and cerebellum (red and orange nodes) are present in the older adult, but 

these nodes have substantially lower degrees in all three networks of the younger adult. 

Interestingly, the connectivity of network B is more similar to network C than it is to 

network A (e.g., higher degree hub nodes present in the frontal lobe in network A (green 

nodes) are not present in network B and C), despite the fact that A and B are closer in 

time. The pattern is depicted in the low dimensional mapping with B and C being closer 

together in space than A and B. Graph variables that are frequently used to evaluate brain 

networks [48] were computed for each of the individual networks as well as average 

across the entire dynamic time series for both participants (Table 4-1). The large spatial 

separation between the younger and older adult in the low dimensional embedding is 

supported by consistent differences in the network variables in single networks as well as 

in the average across the time series. However, the limitation of comparing brain 

networks using the summary variables is highlighted by the fact that the summary 

variables did not exhibit consistent patterns between three networks from the younger 

adult.  
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Figure 4-4 One-to-One mapping of low and high dimensional data 

 

High dimensional networks associated with four sample low dimensional 2D points in the t-SNE 

embedding (created with 99% of variance) are shown here. Three networks associated with a younger 

individual (A, B, and C) and one network associated with an older individual (D) are shown. Interestingly, 

although in the series of dynamic brain networks, network B (85
th

 network) is closer to network A (72
th

 

network) in time when compared to network C (117
th

 network), due to closer distance in the t-SNE space, 

network B is more similar to network C when compared to network A. Also, as shown in this figure, all 

three networks associated with the younger individual are substantially different from the network 

associated with the older individual. This is clearly captured by the large separating in the low-dimensional 

space. For visualization purposes, all four networks were thresholded to maintain the strongest 1.5% of 

connections. Network images were generated using the actual Pearson’s correlation matrices in BrainNet 

viewer software [49]. 

 

Table 4-1 Graph summary variables for networks highlighted in Figure 4-4.Note that the“Series

Average”isthevariablecomputesandaveragedoverallnetworksinthatdynamictimeseries. 

 Global Efficiency Local Efficiency Assortativity 

 Younger Adult 

Network A 0.259 0.463 0.707 

Network B 0.342 0.442 0.735 

Network C 0.274 0.434 0.731 

Series Average 0.342 0.450 0.720 

 Older Adult 

Network D 0.311 0.373 0.691 

Series Average 0.315 0.427 0.693 



146 

 

4.3.3 Classifying embedded dynamic networks  

 Task-based dynamic networks 4.3.3.1

The spatial patterns that are visibly evident in the embedded networks parallel the 

results obtained when using the embedded networks to classify the task conditions with a 

SVM (Table 4-2). For the networks embedded using t-SNE with 99% of the variance, the 

2-back/rest conditions were classified with 87.6% accuracy. The classification accuracy 

fell to 58.8% for the 1-back/rest comparison and classification totally failed for the 2-

back/1-back comparison (44.5%). The classification sensitivity and specificity followed 

similar patterns and are shown in Table 4-2. Classification accuracy, sensitivity, and 

specificity of the networks embedded using PCA and t-SNE with two components exhibit 

the same trends as those for the t-SNE using 99% of the variance. It is notable that the 

networks embedded using two components tended to have higher classification accuracy 

than those embedded with t-SNE using 99% of the variance. The first two components 

capturing the greatest variability happened to contribute the most to discriminating 

between conditions in our case. The addition of the remaining components to reach 99% 

of the variance added individual-level variability, and thus, reduced classification 

performance. The classification boundaries are visualized in Figure 4-5. This image 

shows the average boundary across the 100 training/testing permutations for each 

classification. The darker shading is associated with higher consistency of boundary 

location. In areas where there is clear separation between networks for the two 

conditions, the boundary is more discrete and darker. In areas where separation between 

conditions is less clear, the boundary thickens and lightens, indicating that the dynamic 

networks were variably classified across the 100 permutations.  
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Table 4-2 Classification accuracy for task-based embeddings. Each measure is an average over 100 

permutations of the SVM training. The same permutations were used for all embedding methods. 

For both t-SNE classifications, each permutation is averaged across the 50 replications as well. 

 Accuracy Std Dev Sensitivity Std Dev Specificity Std Dev 

 t-SNE with 99% of variance 

2-Back vs Rest 87.6 6.8 86.4 11.3 88.8 8.5 

1-Back vs Rest 58.8 7.6 67.2 12.7 50.5 12.9 

2-Back vs 1-Back 44.5 8.8 51.8 22.1 37.1 19.6 

 PCA with top 2 components 

2-Back vs Rest 90.1 7.9 88.6 12.1 91.4 8.8 

1-Back vs Rest 65.6 11.1 62.2 15.7 69.0 16.2 

2-Back vs 1-Back 52.4 12.4 56.9 18.9 47.9 18.3 

 t-SNE with top 2 components 

2-Back vs Rest 90.0 7.8 88.9 11.8 91.1 9.0 

1-Back vs Rest 64.8 10.6 57.9 16.4 71.7 14.5 

2-Back vs 1-Back 50.3 11.9 56.1 22.7 44.4 21.7 

 

Table 4-3 Classification accuracy for group-based embeddings. Each measure is an average over 100 

permutations of the SVM training. The same permutations were used for all embedding methods. 

For both t-SNE classifications, each permutation is averaged across the 50 replications as well. 

 

 Accuracy Std Dev Sensitivity Std Dev Specificity Std Dev 

 t-SNE with 99% of variance 

Younger vs Older 88.2 5.3 85.6 11.0 89.6 7.2 

 PCA with top 2 components 

Younger vs Older 88.5 6.7 81.9 13.7 92.0 8.1 

 t-SNE with top 2 components 

Younger vs Older 88.9 6.6 83.1 13.7 92.0 8.1 
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Figure 4-5 Classification boundaries for embedded task-based networks 

 

Boundaries for younger adults comparing 2-back working memory task and rest (top row), 1-back working 

memory and rest (middle row), and 2-back and 1-back working memory tasks (bottom row). The dynamic 

networks are overlaid on the classification boundaries for visualization purposes. Each column shows a 

different 2D embedding method. The decision boundaries generated from 100 permutations of classifier 

training/testing were averaged to produce these maps. The darker the background shading the more likely a 

boundary was present in that location across the 100 permutations. Dark-light interfaces separate networks 

from different conditions. The probability of being consistently classified across permutations is higher for 

networks located in the lighter regions. For the 2-back/rest comparisons the boundary makes a fairly clear 

separation between networks from the two conditions for all embedding methods. For the 1-back/rest 

comparison, the conditions are not as well separated and the boundaries are less distinct. For the 2-back/1-

back comparisons the boundaries are much less distinct and are widely spread across the space. The 

classification accuracy closely parallels the distinctness of the boundaries. For both t-SNE datasets, only 

one representative map of the decision boundary (from the 50) is shown here. 
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Note that for the 2-back/rest maps, the primary boundary was fairly discrete and 

was located between the task-specific networks. The majority of the remaining space was 

lightly shaded, indicating that it is unlikely that a boundary would be found in those 

areas. There were some areas where networks from both conditions co-existed and 

boundaries were present on some of the permutations, but likelihood was relatively low 

as indicated by the light shading (for example, middle left region for the tSNE99 map). 

For the other classifications with relatively lower accuracy, the boundary becomes less 

discrete.   

 

 Population-based dynamic networks 4.3.3.2

Given the visibly clear separation between the embedded networks for younger 

and older adults, it is not surprising that classification accuracy was quite high for the 

group embedding maps. Classification accuracy was 88.2% for networks embedded using 

t-SNE with 99% of the variance, 88.5% for the networks embedded with PCA, and 

88.9% for networks embedded using t-SNE with two components. Table 4-3 presents the 

average classification accuracy, sensitivity, and specificity across all three embedding 

methods. The classification boundaries are visualized in Figure 4-6. As with Figure 4-5, 

the image shows the average boundary across the 100 training/testing permutations with 

darker shading being associated with higher boundary location consistency. The figure 

shows clear boundaries between the younger and older adults for all three embedding 

methods.  
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Figure 4-6 Classification boundaries for embedded group-based networks 

 

Boundaries for classifying younger vs. older adults during the1-back working memory task. Embedding 

methods are labeled above each mapping. For all embedding methods the boundary is fairly distinct and 

clearly separates the study groups. The dynamic networks are overlaid on the classification boundaries for 

visualization purposes. See Figure  4-5 for more details concerning figure interpretation. For both t-SNE 

datasets, only one representative map of the decision boundary (from the 50) is shown here. 

 

4.3.4 Spatial clustering of embedded dynamic networks 

The classification results presented above indicate that there is distinct spatial 

clustering for many of the dynamic embedding maps, but the classification methodology 

is not intended for quantifying the spatial clustering. To determine how well the data 

clustered by task, group or by individual participant, the average distance between 

embedded dynamic networks was assessed. The distance between each pair of dynamic 

networks was computed as the average of Euclidean distance between all pairs of 2D 

points from one embedding and all 2D points from the other embedding. The distance 

within tasks/groups was compared to the distance between tasks/groups to determine how 

tightly the participants clustered together based on the task or their study population. A 
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permutation test was used to determine if the clustering was significantly greater than 

expected by random chance.  

Clustering at the individual level indicates that the dynamic embedding for that 

person is distinct from other people, even if they are part of a cluster based on task or 

group. In order for an embedding method to simultaneous capture population and 

individual level clustering, it must maintain multiscale properties in the reduced 

dimensional space. To evaluate the clustering at the individual level, the distance within 

the individual participants’ embedded dynamic networks was compared to the distance 

between individuals, and a permutation statistic was used to assess significance. Here, the 

distance within each participant’s embedding was computed as the average of Euclidean 

distance among all pairs of 2D points of that same embedding, and the distance between 

two series of dynamic networks was computed as the average of Euclidean distance 

between all pairs of 2D points from one embedded series and all 2D points from the other 

embedded series. 

 

 Task/group clustering 4.3.4.1

Table 4-4 and Table 4-5 show the ratio of the within task/group to the between 

task/group spatial distances, and statistics for each of the task/group comparisons based 

on the embedding method. Smaller ratios indicate that the clustering within tasks/groups 

was higher than between tasks/groups. As the within task/group clustering decreases, the 

ratio approaches one (1). As expected based on the visualization and the classification 

results, clustering of the task-based networks was greatest for the 2-back/rest comparison 

for all methods.  
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Table 4-4 Clustering of task-based embeddings. The ratio of the embedding distance within tasks 

versus the embedding distance between tasks. For the t-SNE embedding, each measure is an average 

over 50 unique replications. For PCA there is only one possible embedding so there is no variance 

associated with the measures. Significant clustering was identified using P-values that were 

determined for each embedding using a permutation test. The average p-values over the 50 

replications are shown for t-SNE. 

 

 

 

 

 

 

 

 

 

 

Clustering was highly significant for all embedding methods. For the 1-back/rest 

comparison clustering was substantially lower than for the 2-back/rest comparison but all 

methods exhibited significant clustering. The 2-back/1-back comparison did not show 

significant clustering for any of the embedding methods, consistent with the visualization 

and classification results. For the comparison of younger vs. older adults, all three 

embedding methods showed significant clustering by group. Statistical comparisons were 

made between the embedding methods to identify differences in clustering. 

 

 Within/Between Std Dev p-value 

 t-SNE with 99% of variance 

2-Back vs Rest 0.7263 0.0178 0.0009 

1-Back vs Rest 0.9662 0.0210 0.0186 

2-Back vs 1-Back 1.0055 0.0110 0.1613 

 PCA with top 2 components 

2-Back vs Rest 0.6728 - 0.0043 

1-Back vs Rest 0.9361 - 0.0068 

2-Back vs 1-Back 1.0011 - 0.0992 

 t-SNE with top 2 components 

2-Back vs Rest 0.6117 <0.0001 0.0043 

1-Back vs Rest 0.9266 0.0032 0.0072 

2-Back vs 1-Back 0.9937 <0.0001 0.0829 
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Table 4-5 Clustering of group-based embeddings. The ratio of the embedding distance within groups 

versus the embedding distance between groups. For the t-SNE embedding, each measure is an 

average over 50 unique replications. For PCA there is only one possible embedding so there is no 

variance associated with the measures. Significant clustering was identified using P-values that were 

determined for each embedding using a permutation test. The average p-values over the 50 

embeddings are shown for t-SNE. 

 

 

 

 

 

 

 

Two-sample t-tests were used to compare the two t-SNE embedding methods. 

One-sample tests were used to compare PCA to the t-SNE methods. All comparisons 

were significant with p < 0.001 after correcting for multiple comparisons. The networks 

embedded using t-SNE with two components always exhibiting the highest clustering, 

followed by PCA, and then t-SNE with 99% of the variance.  

 

 Individual participant clustering 4.3.4.2

Table 4-6 and Table 4-7 show the ratio of the spatial distances within individuals 

relative to between individuals across tasks and groups, respectively. Smaller ratios 

indicate high clustering of embedded dynamic networks at the individual level, i.e. the 

embedded series of dynamic networks for each individual is spatially distinct from other 

individuals.  

 Within/Between Std Dev p-value 

 t-SNE with 99% of variance 

Younger vs Older 0.6931 0.0165 <0.0001 

 PCA with top 2 components 

Younger vs Older 0.6545 - <0.0001 

 t-SNE with top 2 components 

Younger vs Older 0.6238 0.0002 <0.0001 
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Table 4-6 Clustering of individual participant embeddings across tasks. The ratio of the embedding 

distance within participants versus the embedding distance between participants. For the t-SNE 

embedding, each measure is an average over 50 unique replications. For PCA there is only one 

possible embedding so there is no variance associated with the measures. Significant clustering was 

identified using P-values that were determined for each embedding using a permutation test. The 

average p-values over the 50 embeddings are shown for t-SNE. 

 

 

 

 

 

 

 

 

 

 

The embedded dynamic networks were significantly clustered by individual 

across all tasks/conditions for all embedding methods. All comparisons between the 

embedding methods were highly significant (p<0.001) after correcting for multiple 

comparisons. Unlike the task/group level clustering, individual clustering was always 

highest for the networks embedded using t-SNE with 99% of the variance, followed by 

PCA, and then t-SNE with two components. Two-sample t-tests were used to compare 

the two t-SNE embedding methods. One-sample tests were used to compare PCA to the t-

SNE methods. 

 Within/Between Std Dev p-value 

 t-SNE with 99% of variance 

2-Back vs Rest 0.1738 0.0027 <0.0001 

1-Back vs Rest 0.1897 0.0032 <0.0001 

2-Back vs 1-Back 0.1835 0.0022 <0.0001 

 PCA with top 2 components 

2-Back vs Rest 0.2371 - <0.0001 

1-Back vs Rest 0.2862 - <0.0001 

2-Back vs 1-Back 0.2234 - <0.0001 

 t-SNE with top 2 components 

2-Back vs Rest 0.2386 <0.0001 <0.0001 

1-Back vs Rest 0.2962 0.0004 <0.0001 

2-Back vs 1-Back 0.2217 <0.0001 <0.0001 
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Table 4-7 Clustering of individual participant embeddings across groups. The ratio of the embedding 

distance within participants versus the embedding distance between participants. For the t-SNE 

embedding, each measure is an average over 50 unique replications. For PCA there is only one 

possible embedding so there is no variance associated with the measures. Significant clustering was 

identified using P-values that were determined for each embedding using a permutation test. The 

average p-values over the 50 embeddings are shown for t-SNE. 

 

 

 

 

 

 

 

 

 

4.4 Discussion 

The current study was designed to determine if embedding dynamic functional 

brain networks on low-dimensional manifolds can help resolve current challenges 

associated with visualizing, analyzing and interpreting these networks. As a proof-of-

concept we utilized linear plots of PCA components and nonlinear transformations using 

t-SNE to embed dynamic functional brain networks onto a 2D manifold. This method 

facilitated visualization and maintained a one-to-one mapping between networks in low- 

and high-dimensional space. Representations of the networks in the low dimensional 

space were used to examine the spatial patterns associated with various task conditions 

(rest, 1-back, and 2-back) and study populations (younger and older adults). We 

demonstrated that the low-dimensional network representations contained meaningful 

 Within/Between Std Dev p-value 

 t-SNE with 99% of variance 

Younger vs Older 0.1932 0.0032 <0.0001 

 PCA with top 2 components 

Younger vs Older 0.2331 - <0.0001 

 t-SNE with top 2 components 

Younger vs Older 0.2248 0.0018 <0.0001 
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information sufficient to discriminate between these different task conditions and study 

populations.  

Our analyses in the low dimensional space showed that the separation between 

dynamic networks across task conditions was greatest for the most distinct task 

conditions (2-back vs rest) and for the population comparisons (younger vs. older adults). 

For conditions that were less distinct (1-back vs. rest and 2-back vs 1-back), separation 

between groups of embedded networks decreased. This was visually apparent and 

confirmed by quantitative analyses. As the task conditions became more similar and the 

low dimensional representations merged, the individual participant variability began to 

dominate. This is demonstrated in Supplemental Figure 4-8, Figure 4-9, and Figure 4-10 

where the mapped dynamic networks are colored by individual subject. These figures 

show that the dynamic networks for an individual subject tend to be furthest apart for the 

2-back/rest mapping, regardless of the embedding method. The pair of dynamic networks 

for individual subjects is closer together for the 1-back/rest. For the 2-back/1-back 

mapping, the dynamic networks for most subjects are either adjacent to each other or are 

actually overlapping. The average distance between the low dimensional representations 

(Supplemental Table 4-8) showed that the 2-back/rest separation was significantly larger 

than separation between for the 1-back/rest or the 2-back/1-back mappings for all 

methods. Although the 1-back/rest separation tended to be greater than the 2-back/1-back 

separation, this was only significant for t-SNE using two components. Results of the 

multivariate analysis of variance (MANOVA) used to compare the distances are in 

Supplemental Table 4-9.  
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The low-dimensional visualizations generated using 99% of the data variance 

exhibited a somewhat “star burst” appearance while those using just two components 

were more globular. There is currently no a priori information to help explain their 

distinct visual appearance. These networks embedded using 99% of the variance had 

lower clustering at the task/group level, and classification tended to have lower accuracy, 

sensitivity, and specificity compared to the maps based on two-components. However, 

the networks embedded using 99% of the data variance had higher spatial clustering at 

the individual level compared to those based on two PCA components. Thus, limiting the 

transformations to these components enhanced differences between the task/group. When 

the networks are embedded using components that captured 99% of the variance, the low 

dimensional representations are more likely to be influenced by individual variability 

captured by the additional components. It is possible that embedding networks to 

specifically target group, condition, or individual differences could be enhanced if other 

variables such as population labels, task performance, or individual phenotypic variables 

(e.g., sex, IQ, age, etc.) are included. This may be achieved by using regression 

techniques (e.g., by modifying regression tools provided in [50] for dynamic network 

analyses) or by capitalizing on new developments in the field of manifold learning, such 

as Uniform Manifold Approximation and Projection - UMAP [35] which extends the 

capabilities already available in t-SNE. Future studies can investigate these possibilities.  

In addition to using embedded dynamic networks for discriminating between 

various conditions or populations, the low-dimensional embedding has potential to be 

used in mechanistic studies of brain dynamics. The growing interest in studies of brain 

dynamics is built around the premise that brain states can be modeled using patterns of 
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brain activity or brain connectivity [5, 51]. As noted in the introduction, there is no ideal 

model of brain states. Measures of brain activity based on fMRI have suggested that 

specific regions of the brain play crucial roles in brain state transitions [52, 53]. Using a  

graph-based analysis of fMRI signal amplitude, it has been shown that higher flexibility 

of transitioning between brain states was associated with learning progress [54]  and with 

executive performance differences between children and young adults [55]. Compared to 

direct measures of fMRI signal amplitudes, brain networks contain a wealth of complex 

information that may better represent brain states [33, 48]. Unfortunately the dynamic 

brain networks are large and complex making it difficult to identify and interpret 

meaningful dynamic patterns.  

The current study was designed to address this challenge by embedding dynamic 

networks on a low-dimensional manifold. In a comparable study Billings and colleagues 

[29] defined brain states using networks obtained from computing the correlation 

between pairwise state vectors generated with ICA. These states were mapped into a 2D 

t-SNE space for all study subjects, and density plots were generated to map the 

probability of existing in specific brain states. However, the individual participant and 

temporal aspects of the data were not captured, and it was not possible to directly 

transition from the low-dimensional space back to individual brain networks. Much work 

remains to be done in order to determine the full potential of using low-dimensional 

manifolds to study dynamic functional brain networks. The major contributions of the 

current study are that dynamic network series were embedded, visualized, and analyzed 

for individual study participants. Our work demonstrates that it is possible to deal with 

large amounts of information contained in dynamic networks by representing them in a 
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low dimensional space. The representation in this space made it possible to visualize and 

quantitatively compare the similarities and differences of dynamic networks within and 

between individuals. Since there is a one-to-one mapping between the low- and high-

dimensional spaces, key networks can be mapped back to brain space for mechanistic 

studies. Cognitive processes may map to specific portions of this space such that the 

location of the embedded network is indicative of the underlying cognitive process and 

critical brain circuits can be discovered from the associated high-dimensional brain 

networks. Another potential use for this embedding method in cognitive neuroscience is 

real-time fMRI, where visual inspection of results can be very important. It is also 

possible that embedded dynamic networks could be used in understanding brain disorders 

or to assess effectiveness of treatments. For example, low-dimensional network 

representations could be examined in alcohol or substance use disorder to determine if 

cue-induced craving is associated with specific portions of the embedding space. The 

brain circuits that are mapped to the dysfunctional portions of the space can be examined 

to identify underlying neural mechanisms.  

The current study is not without weaknesses. First, the total number of subjects 

used (22 in the paired task comparisons and 63 population comparisons) was relatively 

small. The slightly high standard deviation of classification results is most likely due to 

this small samples size. We chose to use a dataset that we had in house because our prior 

work [36, 56] had demonstrated network differences for both task and group, albeit for 

static networks. This smaller dataset also avoided the growth in the computational 

intensity of this methodology associated with increasing the number of networks. While 

it is possible to deal with very large datasets with algorithm optimization and cluster 
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computing, that was beyond the scope for this proof-of-concept study. We recognize that 

this methodology will need to be replicated in larger study populations -- a goal for future 

work. Another weakness of this study is that we did not directly compare our approach to 

other representations created from fMRI time series. For example, representations 

generated from fMRI time series using reservoir computing have been shown to 

discriminate between 2-back and 0-back task conditions with 77-81% accuracy [27]. 

Nevertheless, we feel that the brain networks reveal important neural processes that are 

captured only by examining the relationships between brain regions. Finally, we used 

motion scrubbing to address head motion artifacts. This method results in removing some 

volumes, and, thus, participants had different numbers of fMRI scans that went into the 

analysis. This does not create large temporal gaps in the dynamic network time series as 

each dynamic network was made from a 120 s window. However, we acknowledge that 

this procedure likely induces temporal smoothing, and future work is needed to examine 

how various motion correction methods such as AROMA [57] affect the results.      

To our knowledge, this is the first study to demonstrate the promise of embedding 

dynamic functional brain networks into 2D space to visualize and analyze these complex 

datasets at the individual and group level. Both linear and nonlinear embedding methods 

proved useful with each method having its own strengths and weaknesses. The potential 

utility of examining the spatial location of embedded dynamic networks include, but are 

not limited to: comparing connectivity patterns from various conditions or study 

populations, identifying a hierarchy in transitioning between connectivity patterns, 

determining if disorders are associated with transitioning (or not transitioning) between 

specific connectivity patterns, classification or prediction in different treatment or disease 
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populations, and relating various phenotypic characteristics (e.g., IQ, BMI, etc.) to unique 

network dynamics. Our approach has the potential to serve as a cross-study method for 

representing, analyzing, and interpreting dynamic brain networks. This could ultimately 

provide a standard space for projecting brain networks where the 1:1 mapping between 

high and low dimensional spaces is maintained. Thus, quantitative analyses and 

visualization may be performed on the low dimensional data, and mechanistic hypotheses 

focused on critical brain regions or circuits can still be assessed in the high dimensional 

brain networks. 

 

4.5 SUPPLEMENT TO CHAPTER 4 

4.5.1 T-distributional Stochastic Neighboring Embedding (t -SNE) 

t-SNE is a non-linear machine learning algorithm developed for visualization of 

high-dimensional data. It is an unsupervised algorithm that projects high-dimensional 

data into a lower space in two main steps. First, a probability distribution over high-

dimensional point pairs is constructed such that similar (high-dimensional) points get 

higher probabilities. Then, a probability distribution over low-dimensional data is 

constructed, and the Kullback-Leibler divergence between the two distributions (Eq. 4-3) 

is minimized with respect to the locations of the low-dimensional data to obtain the final 

low-dimensional points after sufficient number of optimization iterations. The 

distribution in the high-dimensional space is defined as a standard Gaussian Kernel (Eq. 

4-1), while the low-dimensional distribution is defined as a t-distribution (Eq. 4-2). 

𝑝𝑖𝑗 = exp (
exp (−‖𝑥𝑖 − 𝑥𝑗‖

2
/2𝜎2)−1

∑ exp (−‖𝑥𝑘 − 𝑥𝑙‖2/2𝜎2)−1𝑘≠𝑙
) 4-1 
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Where 
ijp is the similarity between the brain networks ix  and 

jx  in the high-dimensional 

space DR , In similar fashion, similarities between low dimensional representations of the 

brain networks 
dy R  are defined as 

𝑞𝑖𝑗 = exp (
 (1 + ‖𝑦𝑖 − 𝑦𝑗‖

2
)−1

∑  (1 + ‖𝑦𝑘 − 𝑦𝑙‖2)−1𝑘≠𝑙
)   4-2 

The similarity measure in the low dimensional space is based on heavy tailed Student-t 

distribution to account for the large difference of volume between the high- and low-

dimensional spaces. The representation 
1...

d

Ny y R  is learned by minimizing the 

Kullback-Leibler divergence between the two distributions: 

𝐾𝐿(𝑃||𝑄) =∑ 𝑝𝑖𝑗log (
𝑝𝑖𝑗

𝑞𝑖𝑗
)

𝑖≠𝑗
      4-3 

Optimization of Eq. 4-3 is a complex process based on the gradient descent 

method (GDM). The main parameters and the values we used are: 1) perplexity which is 

a smooth measure of the effective number of neighbors = 85% of the samples; 2) learning 

rate =1000; 3) initial momentum (=0.5; 4) final momentum=0.8 and 5) momentum switch 

iteration=200. More detail about these parameters, the optimization procedures and the t-

SNE methods can be found in the references provided in the main text. In our study t-

SNE constructs a map in a low dimensional space in which each point corresponds to one 

fMRI brain network by defining a similar distribution over pairs of points and 

minimizing the divergence between the two distributions. It defines pairwise similarities 

between fMRI brain networks that have already been reduced to PCA components 

Dx R (where D is either two (2) or the number of components capturing 99% variability 

of fMRI brain networks).  
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4.5.2 Supplementary Figures and Tables 

 

Figure 4-7 PCA component-variance plots 

 

The figures show the cumulative proportion of variance captured by the PCA components for each of the 

task/group comparisons. The number of components needed to capture 99% of the variance is indicated by 

the red lines. The proportion of the variance captured by the top two components is indicated by the green 

lines.   
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Figure 4-8 Task-based embedded dynamic networks colored by individual participant generated 

with t-SNE using 99% of the variance 
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Each of the 22 individual participants is represented in a separate panel with their embedded networks 

colored by task for (A) 2-back/rest, (B) 1-back/rest, and (C) 2-back/1-back. In each of the participant-

specific panels all other participants are gray. The bottom right corner of each figure shows all embedded 

networks colored as shown in the top left corner. 
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Figure 4-9 Task-based embedded dynamic networks colored by individual participant generated 

with PCA using the top two components 
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Each of the 22 individual participants is represented in a separate panel with their embedded networks 

colored by task for (A) 2-back/rest, (B) 1-back/rest, and (C) 2-back/1-back. In each of the participant-

specific panels all other participants are gray. The bottom right corner of each figure shows all embedded 

networks colored as shown in the top left corner. 
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Figure 4-10 Task-based embedded dynamic networks colored by individual participant generated 

with t-SNE using the top two components 
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Each of the 22 individual participants is represented in a separate panel with their embedded networks 

colored by task for (A) 2-back/rest, (B) 1-back/rest, and (C) 2-back/1-back. In each of the participant-

specific panels all other participants are gray. The bottom right corner of each figure shows all embedded 

networks colored as shown in the top left corner.   
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Table 4-8 Distance between task-based embedded networks averaged across participants. The 

distance (in arbitrary units) between the two embedded networks was computed for each of the task 

comparisons and embedding methods in every participant. The average and standard deviation 

across the participants are presented. 

  
 Distance Std Dev 

 t-SNE with 99% of variance 

2-Back vs Rest 143.66 61.02 

1-Back vs Rest 92.82 46.76 

2-Back vs 1-Back 72.76 42.54 

 PCA with top 2 components 

2-Back vs Rest 103.91 47.37 

1-Back vs Rest 80.39 53.27 

2-Back vs 1-Back 60.49 35.09 

 t-SNE with top 2 components 

2-Back vs Rest 179.95 56.33 

1-Back vs Rest 114.89 51.46 

2-Back vs 1-Back 83.24 38.05 
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Table 4-9 Statistical comparison of distance between task-based embedded networks: A MANOVA 

was used to compare the distance between embedded networks for each task comparison and 

embedding method. Post-hoc contrasts were used to identify significant paired comparisons. 

Abbreviations: 2B= 2-back, 1B=1-back, R=rest. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 F value p-value 

 t-SNE with 99% of variance 

F-test 13.79 <0.001 

 Post-hoc comparisons 

2B/R vs 1B/R 19.85 <0.001 

2B/R vs 2B/1B 29.91 <0.001 

1B/R vs 2B/1B 3.06 0.095 

 PCA with top 2 components 

F-test 16.73 <0.001 

 Post-hoc comparisons 

2B/R vs 1B/R 9.55 0.006 

2B/R vs 2B/1B 26.61 <0.001 

1B/R vs 2B/1B 2.81 0.109 

 t-SNE with top 2 components 

F-test 46.00 <0.001 

 Post-hoc comparisons 

2B/R vs 1B/R 38.56 <0.001 

2B/R vs 2B/1B 97.27 <.0001 

1B/R vs 2B/1B 6.96 0.0154 
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5.1 Summary of Results 

The driving objective of this work was to provide novel tools that allow analyzing 

the function and dynamics of the brain as a complex network of interconnected 

components at multiple scales.  The rapid advancement of non-invasive neuroimaging 

techniques and powerful computers has provided a vast arena of opportunities for 

exploring the structure and function of the brain as what it truly is - a complex network. 

This has provided an unprecedented opportunity to identify abnormalities caused by 

neurological disorders, such as Alzheimer’s disease, long before they progress into the 

final stages, where the suffering and economic burden is unavoidable. The lack of 

standard tests for early diagnosis of such disorders as well as the rapidly aging population 

makes this of even more importance. However, despite the exponential increase of 

network studies of the brain and very promising findings, there are still critical gaps to be 

filled before a true revolutionary understanding of the brain and its abnormalities is 

achieved. Among such critical gaps, are: 1) the need for software packages that enable 

wide utilization of powerful multivariate frameworks for testing hypotheses on whole-

brain networks and relating whole-brain networks to phenotypes, 2) the need for 

multivariate frameworks that allow testing regional subnetwork hypotheses while 

including their interactions with other brain regions, 3) the need for parsimonious 

approaches for visualizing, analyzing, and interpreting dynamic network data at both the 

individual and population levels. After resolving such limitations through development of 

novel tools, we will be able to more fully utilize brain network science for the better 

understanding of normal and abnormal brain function and dynamics.  
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Toward this goal, during a three-phase project, we developed modeling frameworks 

and tools to address three main challenges mentioned above in studies of static and 

dynamic brain networks, including: 1) a user-friendly software for multivariate modeling 

of whole-brain networks, 2) a multivariate statistical framework for modeling 

subnetworks of the brain within the context of their whole-brain networks, and 3) a new 

approach for embedding dynamic brain networks into lower dimensional manifolds. We 

demonstrated the promise and distinct features of our developed methods through 

simulation and empirical studies. We believe that our provided tools and models in this 

study fill important gaps in understanding the complex structure and function of the brain 

in health and disease.  

In chapter 2, we presented a software package in response to the great need for an 

accessible multivariate framework that allows relating whole brain networks to 

phenotypic characteristics and drawing inference from such relationships. The backbone 

of the implemented framework in this software was a two-part mixed-effects model 

originally developed for modeling the probability (presence/absence) and strength of 

(present) connections within a multivariate context. The software was developed in 

MATLAB, but since MATLAB is currently not capable of modeling big correlated 

datasets produced within the implemented framework, we provided interfaces with SAS, 

R, and Python (either one could be used depending on software availability) to enable 

modeling such data. For more efficient processing, modeling is done in two main steps 

through user friendly GUIs. In the first step, using imaging data files, some initial data 

frames and equations are produced, and then, using these initial files, final datasets and 

modeling equations are produced and statistical models are fitted through a system call to 
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SAS, R, or Python. The outputs of this software include two tables which present the 

estimation coefficients and p-values for modeling the probability and strength of brain 

connections as functions of network features and covariates of interest. We also 

developed and implemented a clustering-based data reduction method in this software 

package to allow modeling even larger datasets (studies with large number of ROIs or 

participants). We demonstrated the utility of this data reduction method using fMRI 

datasets from a local aging study as well as HCP data [1]. To our knowledge, this is the 

first software package that provides an accessible framework for assessing brain network 

differences between study populations as well as assessing the effects of covariates of 

interest such as age and disease phenotypes on brain connections and brain networks. 

Confounding variables are also controlled for in this software. A variety of neuroimaging 

data such as fMRI, DTI, and EEG can be analyzed with this software, which makes it 

useful for a wide range of investigators. Implications of this software are discussed in the 

following sections.  

In chapter 3, we first presented a multivariate framework that enables modeling 

subnetworks within the context of their whole-brain networks, and then using this new 

framework, we demonstrated the differences between analyzing subnetworks within their 

whole and as independent networks. This framework was derived through devising a 

procedure within the two-part mixed-effects framework mentioned above to enable 

analyzing brain subnetworks, while maintaining the capabilities of the original 

framework for whole-brain studies. This critical extension was derived by adding binary 

subnetwork covariates as additional fixed effects. These covariates distinguished the 

subnetworks of interest from other regions of the brain. Estimates of these covariate 
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parameters and their interaction parameters as well as estimates of linear combinations of 

such parameters (contrast statements), and parameters from other covariates of interest 

allow analyzing subnetworks within their whole-brain networks. Using simulated data of 

connectivity matrices with known population differences at global and local levels and 

also empirical data, we demonstrated that analyses of brain subnetworks within their 

whole could better disentangle global and local differences when compared to analyzing 

them as independent networks or when analyzing them through standard t-test analyses. 

More specifically, we showed that analyzing subnetworks within their whole could 

correctly identify complex patterns of populations differences which are: 1) present at the 

global but not local levels, 2) restricted to local subnetworks, and 3) restricted to one of 

two overlapping subnetworks. Analyzing subnetworks as independent networks didn’t 

always identify the correct simulated differences. Also, using empirical data from an 

alcohol study, we again demonstrated the superiority of our method in analyzing 

differences of brain subnetworks (DMN in our case). Our findings clearly indicated the 

promise of our proposed method as well as the importance of analyzing subnetworks 

within the context of their whole for more realistic modeling of brain networks.  

Finally, given the importance of dynamic network analyses and current challenges 

in this area, we spent the last part of this project on developing a methodology for direct 

projection of dynamics of brain networks into lower dimensional manifolds. After 

deriving dynamic brain networks through a sliding window approach, we used PCA and 

t-SNE to directly map these networks into a 2D space based on their relationships in the 

high-dimensional space. Similar networks were thus located in close proximity in the 2D 

space. Using a SVM classifier, we showed that this low dimensional space contained 
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meaningful information as it was able to successfully discriminate between cognitive 

tasks and study populations with very high accuracies. Also, through statistical 

permutation tests, we showed that this space is clustered at both the individual and 

group/condition levels. A prominent feature which distinguishes this space from other 

currently available spaces is that it allows maintaining the information from high 

dimensional space through its one-to-one mapping capability between low and high 

dimensional spaces. Although we only demonstrated the visualization and classification 

utility of this new space, it can be used for a variety of other purposes, such as identifying 

the most occurring connectivity patterns under various conditions and in a range of study 

populations and identifying the implications of transitioning between specific 

connectivity patterns.  

 

5.2 Multivariate Tools and Brain Networks  

In this project, we presented promising multivariate tools to overcome important 

methodological obstacles in studies of brain networks.  

 

5.2.1 Multivariate Tools for Whole-brain Networks 

We first developed a software package for the application of a multivariate 

statistical framework for whole-brain studies. This toolbox allows filling some critical 

gaps left by current methods which predominantly use averaging and univariate 

approaches in brain network studies. The averaging and massively univariate 

methodologies have dominated network analyses of the brain for almost two decades, 

resulting in thousands of publications about the healthy brain and its abnormalities in 
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neural disorders [2]. However, such methods also result in a significant loss of 

information and potential insight as they cannot account for inter-subject variability and 

many other sources of confounding effects [3, 4]. Univariate approaches entail thousands 

to millions of statistical tests for network studies of the brain. For instance, a network 

with 268 regions [5] requires almost 35000 tests for comparing all connections, and this 

number becomes substantially larger for voxel-wise networks (e.g., for a network with 

20000 voxels, almost 200 million tests will be required). This massive number of 

statistical tests results in very high rates of type I error, demanding rigorous correction 

strategies for multiple comparisons [6-8]. Additionally, in relating phenotypic 

characteristics to brain connection, simultaneous contributions of other connections are 

ignored in univariate methods [9] and usually a single variable is related to brain 

connections at a time.  

Such technical considerations, which can result in misleading outcomes, create 

imperative implications for understanding the brain structure and function. Appropriately 

designed multivariate tools allow addressing such critical challenges by providing a 

framework to: 1) relate multiple phenotypic characteristics (e.g., age, disease phenotypes) 

to the entire set of brain connections, 2) incorporate inter-subject variability, 3) control 

for confounding effects, and 4) reduce the required statistical tests in a significant way. 

Unfortunately, the development of multivariate models for such analyses has lagged 

behind [10, 11]. Our developed software program allows performing such analyses by 

providing a promising multivariate model for whole brain networks. The implemented 

framework also addresses important limitations of other introduced multivariate models 

[12-14].  In a relatively recent study about the impacts of chronic exposure to pesticide 
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and nicotine [15], which was done by our group, the promise and strength of the 

implemented model have been further shown (we have provided this study as an 

appendix to this dissertation). The provided interface to a statistical software as well as 

the developed and implemented data reduction method allow modeling larger datasets of 

brain networks obtained from a variety of neuroimaging techniques such as fMRI, DTI, 

and EEG. To our knowledge, this is the first software package that allows relating 

multiple phenotypic characteristics to brain connections and brain networks while 

controlling for any desired confounding effect. The advent of rich neuroimaging data, 

such as Functional Connectome Project [16] data and Human Connectome Project (HCP) 

data [1], has provided an unprecedented opportunity for understanding the complex 

organization of structural and functional brain networks. Parallel to such rich and big 

data, strong multivariate tools, such as our presented software, are greatly needed to 

enable extracting the wealth of information present across such rich data. Principled 

multivariate tools such as our developed software combined with rich neuroimaging 

datasets will significantly advance our understanding of the brain.  

 

5.2.2 Multivariate tools for Brain Subnetworks  

Another major challenge not addressed by current methodologies is to analyze 

brain subnetworks while including their interactions with other brain regions – i.e., to 

analyze brain subnetworks within the context of their whole-brain networks. Even the 

developed software in chapter two, which provides an accessible framework to address 

some critical challenges in studies of brain networks, can only be used for whole-brain 

networks and not brain subnetworks at present, unless subnetworks are extracted and 
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treated as independent networks. Thus, to address this important limitation, in chapter 

three, we developed a framework to model brain subnetworks within their whole-brain 

networks. We used the mixed-effects framework implemented in our presented software 

as the backbone of our new model and devised a procedure within this framework that 

allowed modeling subnetworks within the context of their whole-brain networks. This 

also allowed maintaining the capabilities of the original model for whole-brain network 

studies.  

We believe that this extension was even a more critical step toward understanding 

the complex organization of the brain network. Despite the brain having specialized 

communities or subnetworks with tightly interconnected connections, cognitive tasks 

engage multiple interacting subnetworks [2, 17, 18]. For instance, using abstract graph 

metrics such as modularity, many studies have shown the critical role of interactions 

among distributed subnetworks of the brain in establishing the baseline of different types 

of cognitive tasks [19-22]. However, current univariate and even multivariate tools can 

only provide very limited and superficial insight into understanding such complex 

interactions. Even for an extensively-studied task like face recognition, which engages 

multiple distributed subnetworks in visual, limbic, and prefrontal areas of the brain [23, 

24], current methods are not capable of providing key information about the nature of 

interactions among involved subnetworks [2].  

Furthermore, psychiatric and neurological disorders such as Alzheimer’s disease, 

Schizophrenia, ADHD, depression, and autism are characterized by disturbances in 

multiple subnetworks of the brain with some subnetworks being affected in a more 

significant way [25]. For example, Alzheimer’s disease has been associated with 
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decreased connectivity in the DMN [26, 27] and increased connectivity in the Salience 

network [28]. It is quite challenging to fully understand the implications of such 

connectivity increases/decreases in brain subnetworks at multiple resolutions through 

currently available methodologies. This has led to substantial inconsistencies in the 

literature in characterizing the effects of brain disorders on brain networks [29]. Thus, 

there is clearly a dearth of multivariate frameworks, such as our presented model in 

chapter three, that allow more realistic representations of brain subnetworks by modeling 

them within the context of their whole-brain networks. Our presented framework in 

chapter three not only allows going beyond reporting omnibus p-values from averaging 

or univariate methods by accounting for inter-subject variability and other confounding 

effects, but also allows accounting for complex interactions between brain subnetworks 

and disturbances of such interactions in neural disorders such as Alzheimer’s disease.  

Another key aspect of the human brain network is the presence of inherently 

overlapping (not disjoint) subnetworks [17] – i.e.,  a certain brain region can be a part of 

subnetwork A during cognitive task C1, and that same region can be a part of subnetwork 

B during cognitive task C2. Modeling overlapping subnetworks is an exceptional 

challenge which is beyond the reach of current methods. As shown through simulation 

analyses, our introduced framework is the first one that allows modeling overlapping 

subnetworks and disentangling the correct differences among such subnetworks.  

To our knowledge, this framework is the first one that allows modeling brain 

subnetworks while including their interactions with other brain regions. In addition to 

modeling the interactions within and between brain subnetworks at a single scale, the 

introduced framework in chapter three can also be used for modeling complex 
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interactions of hierarchical brain subnetworks at multiple resolutions. This is important 

because the brain, as a complex multiscale system, is characterized by similar 

organization at multiple resolutions [30]. For example, while the brain can be 

decomposed into highly inter-connected and weakly intra-connected communities or 

subnetworks at a single scale [31], each subnetwork also displays this modular structure 

at the next level, such that it can be decomposed into further communities, and this 

hierarchical modular structure is present at the subsequent (sub) levels as well [32]. 

Development of modeling frameworks that allow accounting for such complex 

hierarchical interactions among brain subnetworks at different scales, such as our 

presented model in chapter three, is a major step toward understanding brain structure 

and function [30].  

 

5.3 Dynamic Networks Embedded into Lower Dimensional Manifolds 

Given the considerable shift from static network to dynamic network studies in 

recent years, we presented a novel method for embedding dynamic networks into lower 

dimensional manifolds in the last chapter. Our method provides a framework to visualize, 

analyze, and interpret dynamic brain networks on lower dimensional manifolds while, 

unlike current methods, maintaining the topological properties of high-dimensional 

counterparts of each embedded network. The possibility of switching between low- and 

high-dimensional networks is a unique promising capability not provided by any other 

currently used method that embeds dynamic brain networks into lower dimensional 

manifolds. Meaningful visualization and quantitative analyses of the vast amount of 

dynamic brain network data is an exceptional challenge that we are currently facing. The 
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projection of such big and complex data into lower dimensional manifolds has emerged 

as a promising approach in recent years due to providing a flexible framework for 

multiple analyses, including but not limited to: i) comparing connectivity patterns from 

various conditions or study populations, ii) identifying the most occurring connectivity 

patterns, iii) identifying a hierarchy in transitioning between connectivity patterns, 

determining if disorders are associated with transitioning (or not transitioning) between 

specific connectivity patterns, iv) classification or prediction of different treatment or 

disease populations, and v) relating various phenotypic characteristics (e.g., IQ, BMI, 

etc.) to unique network dynamics. This has motivated many studies to focus on brain 

dynamics via embedding them into lower dimensions. However, the methods employed 

in such studies, which have either investigated brain dynamics through fluctuations of 

raw fMRI time series [33-35], or through changes in brain network topology [36-38], 

don’t allow examining dynamic network transitioning at the level of individual subject, 

and also fail to provide a one-to-one mapping between the high- and low-dimensional 

space. This is a major limitation and results in significant loss of information and 

potential insight as any dimension reduction algorithm that doesn’t include a mechanism 

to switch back to the high-dimensional space could always result in losing significant 

amount of information.  

Our proposed method overcomes this important limitation of current methods and 

thus provides a more powerful framework for investigating complex dynamics of brain 

networks at multiple resolutions. Our work also provided evidence that embedding 

dynamic brain networks into low dimensional manifolds has the potential to help us 
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better visualize and understand dynamic brain networks with the hope of gaining a deeper 

understanding of normal and abnormal brain dynamics.     

One of the most extensively used approaches for dynamic network analyses is the 

approach introduced by Allen et al. in [39]. In this approach, they first use a group 

independent component analysis (GICA) to decompose their resting – state fMRI data 

into meaningful components, and then using a sliding window method across the 

constructed time series of each component, they produce the dynamic networks for each 

participant. Finally, they obtain a predefined number of brain states through clustering of 

combined dynamic networks of all participants. While this interesting method has been 

widely used, it suffers from important limitations: 1) the number of clusters (i.e., brain 

states) should be specified, 2) it doesn’t allow visualizing brain states and their 

transitions, 3) brain states are solely characterized by clusters of similar networks and 

thus new topological information cannot be added to or conceived from each state, and 4) 

the whole analyses should be repeated after introducing any new data. Although smilar to 

this method, our proposed approach also requires rerunning the analyses after introducing 

any new data at present, it addresses the first three limitations: 1) Since t-SNE produces a 

clustered map as it maintains the local structure of the high-dimensional data, the number 

of brain states can be simply defined as the number of produced clusters, and thus a 

predefined number of brain states which can ultimately bias the results will not be 

required, 2) brain states (e.g., clusters of low dimensional points) and their transitions can 

be visualized, 3) new topological information or even outcomes from other dynamic 

analysis can be added to the generated space. For example, one can simply visualize and 

analyze modularity fluctuations of connectivity patterns or brain states represented in the 
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lower dimensional manifold. We will also address the first limitation in the future by 

using methods that don’t require rerunning the whole analyses for any new data.  

 

5.4 Limitations 

While this dissertation presents novel tools to study networks of the brain, it is not 

without limitations. Weaknesses of presented methods are discussed separately below.  

Multivariate software for whole-brain networks: Datasets produced within the 

implemented framework of this software are usually big as they consist of thousands of 

brain connections for each participant, even for small number of brain regions. Thus,  

despite the provided interface to a powerful statistical software packages, like SAS, and 

the data reduction option, using this software for voxel-wise brain network analysis is not 

possible at present, and even modeling networks with a large number of ROIs or 

participants might result in convergence or modeling time issues. Although we have 

provided a GEE model in Python as an alternative to deal with such situations, due to 

having multiple correlated variables (e.g., functional connections, clustering coefficient, 

degree, etc.), GEE results could be inaccurate as they can only model a single correlated 

variable. Accurate interpretation of the results about population differences could be 

another challenge when using this software. While interpreting results from the effects of 

desired phenotypic characteristics (e.g., age or disease phenotypes) on brain connections 

is very straightforward, the interpretation of the results from the effects of such 

characteristics on topological features and their contribution to population differences can 

be challenging. The implemented model in this software is basically a regression 

framework and thus the population differences are obtained through including interaction 
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variables. To find the differences of a topological feature like global efficiency between 

the study populations, the user should seek how the relationship of this feature and 

connection strength (/probability) differs between the study groups. For more complex 

analyses, three-way and four-way interactions might be required which makes the 

interpretation even more difficult. As mentioned earlier, this software allows modeling 

whole-brain networks and doesn’t allow analyzing subnetworks within the context of 

their whole-brain networks which is another major limitation of this software at present. 

Finally, the simulation capabilities of the implemented framework are not currently 

available in this toolbox. This will be provided in the future versions.  

Analyses of brain subnetworks within their whole-brain networks: While the 

simulated data in this study were sufficient to demonstrate the promise of our presented 

model and the importance of analyzing subnetworks within their whole-brain networks, 

they were inherently limited as they didn’t account for the full complexity of the human 

brain. There are certainly more alterations that can be made to the simulations for a more 

comprehensive simulation of the complex interactions of brain networks. In addition, the 

empirical data from a prior study used in this work were chosen to simply demonstrate 

the utility of the introduce model. Considerable research will need to be done on both 

smaller focused data such as the one we used as well as on large data like the Human 

Connectome Project to further demonstrate the importance of analyzing brain 

subnetworks within their whole. Also, application of this framework for modeling large 

number of subnetworks creates important implications for fitting the statistical models 

and interpretation given that there will be more parameters to estimate and an increase in 

the computational cost. Thus, this model is most appropriate for limited number of 
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subnetworks (~5) at present, though it remains valid for larger numbers of subnetworks. 

Moreover, since most studies focused on brain subnetworks have mainly used a limited 

number of subnetworks such as DMN and attention network, we believe it will not be a 

considerable issue. Finally, application of this model, in particular the derivation of 

contrast statements for comparing subnetworks, requires some statics or programming 

background which could ultimately limit its utility. We will add this model to the future 

versions of our software to make it accessible to a wider range of investigators.   

Embedding dynamic networks into lower dimensional manifolds: This study 

was a proof-of-concept work that only presented a meaningful space and its distinct 

utilities for dynamic network studies. The data used in this study was relatively small and 

the same utility needs to be shown for larger datasets. Also, a more comprehensive 

comparison with other methods that embed networks into lower dimensional manifolds 

will be required. The impacts of motion scrubbing as well as window and shift size were 

not evaluated in this study. Motion scrubbing, for example, could induce temporal 

smoothing and future work is needed to examine how various motion correction methods 

such as AROMA [40] affect the results. More importantly, one of the central promises of 

the presented space is to identify brain states or connectivity patterns and their transitions 

as well as topological properties of higher-dimensional counterparts. However, such 

analyses have not been done in this study and future works should also investigate the 

presented method with respect to such analyses. 
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5.5 Future Directions 

In this project, we presented novel tools to address some critical methodological 

challenges that we are currently facing in analyzing networks of the brain. We believe 

that the application of these tools combined with the recent wealth of neuroimaging data 

can dramatically advance our understanding of the brain. Yet, these tools should be 

improved further to address limitations mentioned above.  

As the first step, we will extend the software package and implement the 

framework developed for subnetwork analyses as additional GUIs. This will make this 

useful model widely accessible to researchers from a variety of backgrounds. We will 

also add another extension of the original framework to this software which allows 

multitask analyses of whole-brain networks [41]. This new extension allows comparing 

whole-brain networks between study populations and across different cognitive tasks. 

Also, we will provide utilities for simulating brain networks and predicting phenotypes 

from brain networks and vice versa in the future versions of this software. In the current 

version of this software, although the statistical software (i.e., SAS, R, or Python) can be 

used from a Windows operating system in addition to Linux, for Matlab, only a Linux 

operating system can be used. This can create issues for those who don’t have any 

experience in working with Linux. We will resolve this issue by enabling the use of 

Windows versions of Matlab. Also, we will improve the computational capacities of this 

software through parallelizing mechanisms to enable analyzing large datasets, including 

the HCP data.  

Although in chapter three, using simulated and empirical data, we showed the 

strength of our developed model in correctly identifying sophisticated patterns of 
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differences on a variety of system-level and regional hypotheses tests, there are certainly 

much more complex patterns which can’t be shown through such data. More specifically, 

using both small local data like the one we used and large databases like the Human 

Connectome Project, future studies should use this model to test how analyzing 

subnetworks within their whole alters our biological interpretation of brain network 

connectivity.      

Another interesting direction for the future study is using the developed 

multivariate tools to investigate the structure-function associations of brain networks, 

which is another major challenge in brain network studies [42, 43]. Using the DTI and 

fMRI data from the HCP, we will examine hypothesized relationships between the 

structural network features and functional connections. More specifically, using the 

original and extended (for subnetworks) multivariate modeling frameworks, we will 

develop a framework and use it to study the relationship between the functional and 

structural networks of the brain. We will also examine the effects of covariates of interest 

on such relationships. This can provide a more reliable and thorough examination of 

structural-functional associations of global and local brain networks as subject and nodal 

sources of confounding effects will be included in the modeling process. Since multiple 

network features will be used at the same model and thus the p-values will be adjusted, 

the significance of each structural network feature in predicting the functional 

connections can be determined. To our knowledge, this distinctive feature, which allows 

incorporating multiple repeated measurements (i.e., nodal structural/functional network 

features and connections) is not provided by any other method used for analyzing the 

structural-functional associations of brain networks. We should note that we have already 
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completed a part of this analysis by deriving the dense structural connectome of all DTI 

data of HCP using the probtrackx2 function [44] of fsl [45] on a local cluster.    

Finally, we will use our presented methodology in chapter four for analyzing larger 

datasets. We will examine the impacts of motion scrubbing, window size and window 

shift on our produced maps. We will also focus on some real applications of this space 

like identifying brain states and their transitions for different cognitive conditions and 

study populations. We will also extend this methodology to enable overlaying additional 

topological information to the lower dimensional manifolds. We will also use new 

developments in the field of manifold learning, such as Uniform Manifold 

Approximation and Projection - UMAP which extends the capabilities already available 

in t-SNE. Our overarching goal is to provide a space through simulated or large rich 

empirical data where dynamic networks can be embedded and analyzed across different 

studies [46].  

In summary, we believe that this project presents novel promising tools that will 

ultimately provide a more realistic understanding of the brain as what it truly is – a 

complex system. However, future studies will be needed to resolve limitations of the 

presented tools and models.  
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Abstract 

Latino immigrants that work on farms experience chronic exposures to potential 

neurotoxicants, such as pesticides, as part of their work. For tobacco farmworkers there is 

the additional risk of exposure to moderate to high doses of nicotine. Pesticide and 

nicotine exposures have been associated with neurological changes in the brain. Long-

term exposure to cholinesterase-inhibiting pesticides, such as organophosphates and 

carbamates, and nicotine place this vulnerable population at risk for developing 

neurological dysfunction. In this study we examined whole-brain connectivity patterns 

and brain network properties of Latino immigrant workers. Comparisons were made 

between farmworkers and non-farmworkers using resting-state functional magnetic 

resonance imaging data and a mixed-effects modeling framework. We also evaluated 

how measures of pesticide and nicotine exposures contributed to the findings. Our results 

indicate that despite having the same functional connectivity density and strength, brain 

networks in farmworkers had more clustered and modular structures when compared to 

non-farmworkers. Our findings suggest increased functional specificity and decreased 

functional integration in farmworkers when compared to non-farmworkers. 

Cholinesterase activity was associated with population differences in community 

structure and the strength of brain network functional connections. Urinary cotinine, a 

marker of nicotine exposure, was associated with the differences in network community 

structure. Brain network differences between farmworkers and non-farmworkers, as well 

as pesticide and nicotine exposure effects on brain functional connections in this study, 

may illuminate underlying mechanisms that cause neurological implications in later life. 
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6.1 Introduction  

Latino immigrant workers employed on farms experience chronic exposures to 

cholinesterase-inhibiting pesticides such as organophosphates and carbamates [1, 2]. 

Such exposure to pesticides could place this vulnerable population at greater risk for the 

development of neurological dysfunction [3-5]. A recent longitudinal study by Quandt et 

al. [6] showed that total cholinesterase, acetylcholinesterase (AChE) and 

butyrylcholinesterase (BChE) activities in farmworkers are decreased during the 

agricultural season compared to non-farmworkers. Although the role of long-term 

exposures to low to moderate levels of pesticides remains controversial [7], a growing 

body of studies indicates that chronic exposure to cholinesterase-inhibiting pesticides is 

significantly related to cognitive impairment [8, 9]. The long-term effects of exposures to 

pesticides may include an increased risk of developing depression [10] or 

neurodegenerative disorders such as Alzheimer’s disease [11] and Parkinson’s disease 

[12-14].  

Tobacco farmworkers are not only exposed to pesticides, but also experience 

nicotine exposure through dermal absorption. Tobacco farmworkers can have systemic 

nicotine levels that are comparable to regular smokers [15, 16]. While it is known that 

large doses of nicotine are toxic [17, 18], many studies have indicated that lower, 

nontoxic doses of nicotine improve cognitive performance through modulating the 

release of several neurotransmitters including acetylcholine and dopamine [19, 20]. An 

interesting finding is that nicotine may actually be protective against the development of 

Parkinson’s disease [21, 22]. Co-exposure to pesticides and nicotine is particularly 

interesting since both cholinesterase-inhibiting pesticides and nicotine alter cholinergic 
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neurotransmission. Pesticides increase cholinergic neurotransmission by blocking the 

degradation of the acetylcholine. Nicotine, on the other hand, increases cholinergic 

neurotransmission by directly binding to the acetylcholine receptor. The basal forebrain 

cholinergic system has projections that broadly innervate the cerebral cortex and 

subcortical nuclei. Changes in cholinergic neurotransmission could therefore have far-

reaching rather than local, brain effects. Thus, studies aimed at evaluating the 

neurobiological changes associated with exposure to pesticides and nicotine would 

benefit by techniques that examine the brain as an integrated system rather than a 

collection of isolated brain areas.   

Functional brain network analyses that use resting-state functional magnetic 

resonance imaging (rs-fMRI) have demonstrated great promise in examining systemic 

brain changes across health and disease [23-25]. FMRI, as a non-invasive technique, is 

sensitive to changes in blood oxygenation that occur in response to changes in brain 

acidity. The blood-oxygenation level-dependent (BOLD) signal is sensitive to the 

changes in the relative amounts of blood oxyhemoglobin (higher) and deoxyhemoglobin 

(lower) that occur with increased neural activity [26]. A typical fMRI study is performed 

by collecting multiple (often hundreds) scans of the brain to identify the BOLD signal 

fluctuation that occur over time. Rs-fMRI measures the spontaneous fluctuations of the 

BOLD signal when the participant is not performing an explicit task [27, 28]. 

Approximately 95 percent of the brain metabolism occurs due to these spontaneous 

fluctuations [29]. The statistical association or dependency among BOLD signals from 

different parts of the brain image is referred to as functional connectivity [27], and 

represents the functional interactions among different brain areas. Brain network analyses 
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are based on graph theory and evaluate the connectivity patterns across the entire brain 

rather than focusing on connectivity to and from a single brain area [30]. Brain networks 

and graph theory methods are growingly used in studies of the human brain because these 

methods examine the brain as an integrated system [31]. Within a systems view of the 

brain, circuits are critical for normal and abnormal neurological processes rather than 

individual brain areas. Brain network analyses are proving to be clinically meaningful in 

studies of neurodegenerative disorders such as Alzheimer’s [32-35] and Parkinson’s [36, 

37] diseases, as well as for evaluating brain changes associated with smoking [38, 39].  

This study used brain network analysis of rs-fMRI data and a mixed-effects 

modeling framework [40] to compare brain network connectivity patterns between Latino 

immigrant workers engaged in farm work to those not engaged in farm work. The 

network analysis was used to characterize global as well as local brain connectivity 

patterns. This study provides important evidence for the potential neurobiological 

impacts of pesticide and nicotine exposures on the brains of Latino farmworkers. 

  

6.2 Materials and Methods 

6.2.1 Participants 

The analysis reported here is based on data collected as part of a larger research 

project, “Pesticide Exposures & Neurological Outcomes for Latinos: PACE4.” The 

PACE4 study is an ongoing community-based study with an initial size of 447 Latino 

male participants including migrant farmworkers and immigrant non-farmworkers. 

Farmworkers were recruited from east central North Carolina, and non-farmworkers were 

recruited from Forsyth County in west central North Carolina. Farmworkers were 
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currently employed as agricultural laborers, and had worked in agriculture for at least 3 

years. Non-farmworkers could not have worked in occupations in the past 3 years that 

exposed them to pesticides, such as farm work, forestry, landscaping, and lawn 

maintenance. The current study used the same population as in [41]. Briefly, 81 of the 

PACE4 participants were recruited to have a brain MRI scan. The current study focused 

on 74 participants (48 farmworkers and 26 non-farmworkers) with complete data, which 

including a brain image, at least had one blood sample for cholinesterase measurements, 

and one urine sample for cotinine measurements. Among the 7 excluded data, four 

participants had no blood sample, two had no urine sample, and one participant was 

missing both. All participants gave written informed consent for participation in the main 

study and consented again to participate in the imaging study. The study was approved by 

the Wake Forest School of Medicine Institutional Review Board. 

Details of the parent study participant population [42] and this sub-population 

[41] have been previously reported. Participant characteristics for this study are included 

here for completeness. As shown in Table 6-1, the farmworkers tended to be younger 

with less education. Neither difference achieved statistical significance, but both 

variables were included in the mixed statistical model. The smoking status was 

significantly different between the two groups. Due to this difference and our interests in 

the effects of nicotine on brain networks, smoking status and pack years were also 

included in the analyses. Note that there were significant differences in the country of 

origin with all farmworkers being from Mexico but 42% of non-farmworkers being from 

other countries. Despite this difference in country-of-origin, all participants in both 

groups identified as Latino. 
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Table 6-1 Study Population Characteristics 

Participant Characteristics Farmworkers 

 (n = 48) 

Non-

Farmworkers (n 

= 26) 

*p-value 

Age 

 

 

 

40.33±6.99 

(Min/Max: 

31/71) 

43.61±10.49 

(Min/Max: 30/58) 
0.1108 

Education   0.0654 

     0-6 grade (Edu1) 17 (35.4%) 7 (26.9%)  

     7-11 grade (Edu2) 24 (50.0%) 9 (34.6%)  

     12 grade or more (Edu3) 7 (14.6%) 10 (38.5%) 

 

 

 

Country of birth 

   

<0.0001 

     Mexico 48 (100%) 15 (57.7%)  

     Central America   8  (30.8%)  

South America   3  (11.5%)  

 

 

Occupation 

   

 

N/A 

     Farmworker 48 (100)   

     construction  7 (26.9%)  

     Production  6 (23.1%)  

     Food preparation/restaurant  3 (11.5%)  

     Maintenance/cleaning  3 (11.5%)  

     Sales  1 (3.8%)  

     Mechanic  2 (7.7%)  

     Other  1 (3.8%)  

     Unemployed  3 (11.5%)  

 

 

Pack years smoked at baseline, yrs 

 

 

 

1.6695±4.64 

 

 

0.6501±2.94 

 

 

0.3617 

Smoking status 18 smokers 

(37.5%) 

2 smokers (7.7%) <0.0001 

 

6.2.2 Cholinesterase and Cotinine measurements  

Whole blood acetylcholinesterase (AChE), and butyrylcholinesterase (BChE) 

activities (umole/min/ml), and urinary cotinine levels (ng/ml) were used as indirect 

measures of exposure to pesticide and nicotine, respectively. Cholinesterase activity was 

measured from blood samples that were collected June 2, 2013, to October 20, 2013. 

Average across the summer (for those with multiple samples) was used in our analyses. 

Most participants had three or four samples but five individuals (four non-farmworkers, 
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one farmworker) had two samples and a single participant (farmworker) had one sample. 

Cholinesterase activities were assayed with a modification of the radiometric method of 

Johnson and Russell [43]. Urine samples that were assessed for cotinine levels were 

collected between June 2, 2013, and October 20, 2013. The assay was performed by 

Salimetrics LLC using standard procedures. Details about the assays can be found in 

works published by Quandt et al. [6] and Arcury et al. [15].    

  

6.2.3 Image acquisition 

All imaging was carried out at Wake Forest School of Medicine using a Siemens 

3T Skyra scanner equipped with a 32-channel head coil. For the functional data, whole-

brain gradient echo-planar imaging (EPI) sequence was employed to acquire the blood-

oxygenation level-dependent (BOLD) contrast images with the following parameters: 

slice thickness = 4.0 mm, in-plane resolution = 4 mm × 4 mm, TR = 1700ms, and 157 

volumes with 35 contiguous slices per volume. The first 8 image volumes were discarded 

to allow tissue magnetization to achieve steady-state. High-resolution 

(0.98mm×0.98mm×1.0mm) T1-weighted scans were acquired in the sagittal plane using 

a single-shot 3D MPRAGE GRAPPA2 sequence with the following parameters: 

acquisition time = 5.0min and 30s, TR = 2.3s, TE = 2.99ms, 192 slices. High-resolution 

images were used in preprocessing the functional images.  
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6.2.4 Image processing and network generation 

The rs-fMRI data underwent a series of standard preprocessing steps using 

Statistical Parametric Mapping 8 (SPM8) software (Wellcome Trust Center, London, 

UK: www.fil.ion.ucl.ac.uk/spm/). T1-weighted structural images were first normalized 

to MNI standard space (www.mni.mcgill.ca) with 4×4×4 mm
3
 voxels. Functional scans 

were realigned to the first volume for head movement correction and slice-time corrected. 

Functional scans were then co-registered to their structural images, and transformed into 

the standard space using the registration transformation matrices. Low frequency drift 

and physiological noise were reduced through standard band pass filtering (0.009-

0.08Hz), and regressing out motion parameters, and whole brain mean signal, mean white 

matter (WM), and mean cerebral spinal fluid (CSF) signals [44, 45] using in-house 

generated Matlab scripts.  

Using the preprocessed data and the automated anatomical labeling (AAL) atlas 

[46], mean time series of 116 brain regions were extracted through averaging the time 

series of all voxels in each region. A functional brain network for each participant was 

constructed through computing the Pearson (full) correlation between all pairs of the time 

series. Each one of the 116 brain regions represents a node in the network and the 

correlation between the nodes quantifies the weighted edge between them. Negative 

correlations were set to zero for the subsequent analyses as multiple graph variables, 

clustering in particular, remain poorly understood in networks containing negative edges 

[47, 48]. This is a standard procedure for brain network analyses because most graph 

analysis algorithms that yield topological network properties cannot accommodate 

negative edges. We also generated networks using partial correlation due to its capability 

http://www.fil.ion.ucl.ac.uk/spm/
http://www.mni.mcgill.ca/
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in distinguishing direct from indirect connections between brain regions [49]. 

Unfortunately, there were convergence problems in mixed model fits using partial 

correlations. Additionally, partial correlation may underperform full correlation in certain 

contexts due to the small fraction of indirect connections and the over removal of signal 

resulting from the large number of regressors [50]. Thus, all results presented here are for 

the full correlation analyses. 

 

6.2.5 Mixed-effects modeling framework 

Regression analysis is mainly used for two purposes: 1) predicting values of a 

dependent variable(s) from the values of a number of independent variables, and 2) 

determining which independent variables are associated with the dependent variable(s) 

and the magnitude of the association. This study used the regression analysis for the latter 

purpose. Since we had repeated measurements (i.e., thousands of functional connectivity 

measures between different brain regions for each person), a mixed-effects regression 

framework was employed to capture and account for the correlations between the 

repeated measurements of each participant. In other words, a functional connection 

between one pair of brain regions in a participant is not independent of the other pairs of 

connections within that participant’s brain. A mixed-effects regression framework allows 

dealing with this situation through including random effects for each participant.        

We used a two-part, mixed-effects modeling framework [40] to statistically 

compare the global and local network properties between Latino immigrant workers 

employed on farms to those in working in other industries with low likelihood of 

pesticide exposure. The modeling framework allowed comparing network properties 
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between the two groups through the inclusion of interaction covariates. The flexibility of 

the mixed model also allowed for the inclusion of non-network variables. This allowed us 

to include cholinesterase enzyme activity levels and urinary cotinine (a nicotine 

metabolite) levels to quantify the relationship between brain network patterns and 

cholinesterase and nicotine levels. We were also able to control for important 

confounding variables such as age, education, and smoking status. The approach models 

both the probability of having a connection (presence/absence) and the strength of a 

connection if it exists. The modeling framework is detailed below.  

Let Tijk denote a variable specifying whether a connection exists between node j and node 

k for the i
th

 participant, and Wijk (Wijk≥0) denote the connection strength (i.e. the (j,k)
th

 

element in the i
th

 participant’s correlation matrix); then, we can write: 

𝑇𝑖𝑗𝑘 = 1,    if  𝑊𝑖𝑗𝑘 > 0 6-1 

𝑇𝑖𝑗𝑘 = 0,    if  𝑊𝑖𝑗𝑘 = 0 6-2 

𝑃(𝑇𝑖𝑗𝑘 = 1|𝜃) = 𝑝𝑖𝑗𝑘(𝜃),   𝜃 = [𝛽  𝑏𝑖] 6-3 

𝑃(𝑇𝑖𝑗𝑘 = 0|𝜃) = 1 − 𝑝𝑖𝑗𝑘(𝜃), 𝜃 = [𝛽  𝑏𝑖]   6-4 

where pijk is the probability of having a connection between node j and node k for the i
th

 

participant, β is a vector of parameters corresponding to the fixed effects, and bi is the 

random effects vector for participant i. Fixed effects represent the population-based 

parameters, and random effects are participant-specific parameters that capture 

correlation between repeated measurements of each participant (i.e., capture between-

participant variations). Assuming that Sijk is a non-zero correlation value (i.e. Sijk = Wijk > 

0), the two-part mixed-effects modeling framework can be defined as below (where the 
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subscripts r and s denote parameters for the presence (Part 1) and strength (Part 2) modes, 

respectively): 

𝑙𝑜𝑔𝑖𝑡(𝑝𝑖𝑗𝑘) = 𝑿𝑖𝑗𝑘
′ 𝜷𝑟 + 𝒁𝑖𝑗𝑘

′ 𝒃𝑟𝑖 6-5 

𝐹𝑍𝑇(𝑆𝑖𝑗𝑘) = 𝑿𝑖𝑗𝑘
′ 𝜷𝑠 + 𝒁𝑖𝑗𝑘

′ 𝒃𝑠𝑖 + 𝒆𝑖𝑗𝑘 6-6 

Here Xijk and Zijk are design matrices for the fixed and random effects with the 

same set of covariates in both models, and εijk captures the random noise in the 

connection strength between node j and node k for the i
th

 participant. Eq. 6-5 is a logistic 

mixed-effects regression model that models the relationship between the probability (pijk) 

of having a connection and a set of covariates (Xijk). In general, logistic regression 

models are used for modeling the probability of binary outcomes (presence or absence of 

a functional connection in our case). Eq. 6-6 quantifies the relationship between the 

strength of present connections and the same set of covariates. FZT is the Fisher’s Z-

Transform applied to correlation values to ensure the normality assumption is met. Using 

equations 6-5 and 6-6 we evaluated the relationships between a set of covariates and 

probability and strength of brain connections. Including interactions of brain network 

properties with the covariate of interest in these models allowed finding brain network 

differences between farmworkers and non-farmworkers. To complement the mixed 

model findings, traditional univariate comparisons of brain network properties were also 

performed using a T-test.  
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6.2.6 Covariates  

Farmworker Status (FWS): FWS, our main covariate of interest, was a binary 

variable that distinguished farmworkers from non-farmworkers. We used farmworkers as 

the reference group. (FWS was set to zero for all connections corresponding to 

farmworkers and one for all connections corresponding to non-farmworkers.)  

Network Covariates (Net): Four metrics that represented different properties of 

the brain network were used. Network segregation, integration, and resilience were 

characterized by using the average clustering coefficient, average global efficiency, and 

degree difference in each nodal pair, respectively [51]. For degree, the difference was 

used to capture assortativity [52]. The overall modularity [53] was another utilized metric 

that quantified how much the network subdivides into interconnected communities 

(community structure).  

Interaction Covariates (Int): Interaction covariates included interactions of the 

four network metrics with FWS. These covariates determined if the relationships between 

the outcome variable (connection probability or strength) and network metrics (clustering 

coefficient, global efficiency, degree, and modularity) were different between 

farmworkers and non-farmworkers.  

Exposure Covariates (Exp): Blood acetylcholinesterase (AChE) and 

butyrylcholinesterase (BChE) activities (umole/min/ml) were used as markers of 

pesticide exposure. Urinary cotinine level (ng/ml) was used as a marker of nicotine 

exposure.    



218 

 

Confounding covariates (Conf): Six variables including age (as a continuous 

variable), educational level, pack years of smoking as a continuous variable 

(smok_years), smoking status (smok_status), spatial Euclidean distance (dist1) between 

nodes (i.e., brain regions) [54], and the square of spatial Euclidean distances (dist2) 

between nodes were used as confounding covariates. Smoking status was a binary 

variable that distinguished current smokers from non-smokers. Non-smoker group was 

used as the reference group in the modeling analysis. Pack years of smoking was 

calculated based on the National Cancer Institute definition:  

pack years = average packs day × number of years smoked 

Educational level was a categorical variable with three levels of educational 

attainment years including, level 1: 0-6, level 2: 7-11, and level 3: ≥12. These three levels 

are represented by Edu1, Edu2, and Edu3, respectively. The third educational level 

(Edu3) was used as the reference group in the modeling process. These variables were 

categorized as confounders because they were not the focus of this study, and they were 

assumed to affect the functional connections in the brain.  

Thus, the fixed effects parameters βr and βs can be decomposed into βr = [βr,0 βr,Net βr,Exp 

βr,FWS βr,Int βr,Conf] and βs = [βs,0 βs,Net βs,Exp βs,FWS βs,Int βs,Conf]. βr,0 and βs,0  correspond to 

the intercepts in equations 6-5 and 6-6, respectively. Figure 6-1 shows different steps of 

our approach.  

The random effects bri, bsi, and error εi were assumed to be normally distributed 

and mutually independent. We used an unstructured covariance matrix for random effects 

in terms of their Cholesky-root factors [55]. Unstructured covariance matrices are the 

most common forms of covariance structures for modeling data sets with small number 



219 

 

of random effects. We also used a grouping effect that allowed modeling two different 

sets of covariance parameters for farmworkers and non-farmworkers. The parameters in 

equations. 6-5 and 6-6 were estimated via a restricted pseudo-likelihood approach [56] 

with the residual denominator degrees of freedom approximation of the F-test for a Wald 

statistic used for inference.  

 

Figure 6-1 Schematic of different steps 

 

Rs-fMRI data were collected from each study participant. The average time series was determined from 

116 anatomical brain regions as defined in the AAL atlas. Each region served as a network node. A 

correlation matrix was obtained through calculating the Pearson correlation between the average time series 

from every node pair, with negative correlation set to zero. The adjacency matrix was obtained via 

binarizing the correlation matrix. The four network metrics including nodal clustering coefficient, global 

efficiency, degree and overall modularity were extracted from the weighted brain network. These metrics 

along with exposure measurements including blood AChE and BChE activities, and urinary cotinine levels, 

farmworker status (FWS), and confounding variables were used as covariates in the two-part mixed-effects 

modeling framework to assess the relationship of farmworker status (and other covariates) with the 

probability and strength of functional brain connections.  

 



220 

 

Analyses were conducted in SAS software v9.4.  To clarify how the modeling 

framework links the connectivity probability and strength to a set of covariates, it is 

important to note that each parameter presented in Table 6-2 represents the change in the 

log odds of an edge existing (probability model) and the change in the average strength of 

that connection (strength model) for each unit change in the given covariate.  

 

 

Table 6-2 Parameter estimates, standard errors, and p-values for probability and strength models  

Adjusted using the adaptive FDR procedure detailed in [57] 

 

The network metric parameters, βNet = [βClust βEglobe βDeg βModul], give the 

change in the log odds of an edge existing and the change in the average strength of that 

connection for each unit increase in the respective metrics for farmworkers. The 

interaction parameters, βInt = [βFWSxClust βFWSxEglobe βFWSxDeg βFWSxModul], 

  Probability Model Output                  Strength Model Output   

Parameter Estimate SE *p-value Parameter Estimate SE *p-value 

βr,0 0.01793 0.03245 0.5807 βs,0 0.3205 0.006376 <0.0001 

βr,Clust 10.5373 0.6255 <0.0001 βs,Clust 2.0462 0.07152 <0.0001 

βr,Eglobe -20.8878 1.3925 <0.0001 βs,Eglobe 2.0806 0.1678 <0.0001 

βr,Deg 0.2360 0.02353 <0.0001 βs,Deg -0.08181 0.001607 <0.0001 

βr,Modul 0.1502 0.4075 0.7124 βs,Modul -0.6123 0.09568 <0.0001 

βr,Cotinine -0.00585 0.01074 0.5862 βs,Cotinine -0.00312 0.002444 0.2018 

βr,AChE 0.04860 0.02623 0.0639 βs,AChE -0.01949 0.005883 0.0009 

βr,BChE -0.05218 0.07858 0.5067 βs,BChE -0.00675 0.01796 0.7072 

βr,FWS -0.03901 0.04712 0.4077 βs,FWS 0.005605 0.006506 0.3890 

βr,FWS×Clust 2.0876 0.9961 0.0361 βs,FWS×Clust 0.2481 0.1107 0.0250 

βr,FWS×Eglobe -4.5325 2.5401 0.0744 βs,FWS×Eglobe -0.3895 0.2250 0.0835 

βr,FWS×Deg 0.03329 0.04061 0.4123 βs,FWS×Deg 0.004114 0.002263 0.0690 

βr,FWS×Modul -4.5484 0.7976 <0.0001 βs,FWS×Modul -0.3499 0.1694 0.0388 

βr,dist -0.00976 0.004572 0.0328 βs,dist -0.03500 0.000979 <0.0001 

βr,dist2
 -0.05547 0.004820 <0.0001 βs,dist2

 0.02335 0.000622 <0.0001 

βr,Age 0.000096 0.01109 0.9931 βs,Age -0.00508 0.002539 0.0455 

βr,Edu1 0.1340 0.03165 <0.0001 βs,Edu1 -0.03231 0.007005 <0.0001 

βr,Edu2 0.05476 0.02664 0.0398 βs,Edu2 -0.02192 0.006087 0.0003 

βr,smok_years -0.01788 0.01153 0.1211 βs,smok_years -0.00680 0.002425 0.0050 

βr,smok_status 0.08300 0.02627 0.0016 βs,smok_status 0.002705 0.005939 0.6488 
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give the additional change in the log odds of an edge existing and the additional change 

in the average strength of that connection for each unit increase in the respective metrics 

for non-farmworkers. 

 

6.3 Results 

6.3.1 Brain Network Metrics  

Table 6-2 presents the parameter estimates, standard errors, and False Discovery  

Rate (FDR)-corrected p-values obtained for the probability (eq. 6-5) and strength (eq. 6-

6) models. The table details the relationship between the covariates and the probability 

and strength of functional connections in the brain.   

Clustering coefficient (pr,Clust<0.0001, ps,Clust<0.0001) and global efficiency 

(pr,Eglobe<0.0001, ps,Eglobe<0.0001), as measures of brain network segregation and 

integration, were significant factors in predicting both the connection probability and 

strength. Degree difference (pr,Deg<0.0001, ps,Deg<0.0001) was positively related to the 

connection probability and inversely related to the connection strength. Modularity 

(ps,Modul<0.0001) was associated with the connection strength. Modularity was also 

associated with the connection probability in farmworkers (Note that modularity was 

related to the connection probability only as an interaction covariate 

(pr,FWS×Modul<0.0001)). There were significant interactions with farmworker status such 

that the network metric effects differed between populations. These effects are described 

in section 6.3.2 below. 
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6.3.2 Farmworker Status (FWS) and Interaction Covariates  

Functional connectivity patterns differed between farmworkers and non-

farmworkers by nodal clustering coefficient and overall network modularity. Figure 6-2 

was created for illustrative purposes to help understand these differences when clustering 

coefficient and modularity increase from their minimum to their maximum values (i.e., it 

exhibits how the significant interactions translate into different relationships for 

farmworkers and non-farmworkers). The results for probability and strength models are 

explained separately below. 

 

 Probability Model Results 6.3.2.1

The connection probability patterns were similar between farmworkers and non-

farmworkers when network metrics were equal to their averages (pr,FWS = 0.4077).   

Connection probability patterns differed between farmworkers and non-farmworkers as 

nodal clustering coefficient (pr,FWS×Clust=0.0361) and overall modularity 

(pr,FWS×Modul<0.0001) varied. The connection probability in non-farmworkers was higher 

and increased at a faster rate than in farmworkers as the clustering coefficient increased. 

Figure 6-2.A illustrates how the significant interaction results in the higher connection 

probability and its faster increase in non-farmworkers when clustering coefficient 

increases from its minimum to its maximum. Figure 6-2.B illustrates how the connection 

probability in non-farmworkers decreases as modularity increases from its minimum to 

its maximum; whereas, modularity in farmworkers did not affect the connection 

probability (i.e., the relationship between modularity and connection probability was 

significant only for non-farmworkers). 
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Figure 6-2 Connection Probability* and Connection Strength as functions of clustering coefficient 

and modularity 

 

This figure was created using coefficients obtained from the probability and strength models (Table  6-2) to 

illustrate how connection probability
*
 (A and B) and connection strength (C and D) change in farmworkers 

and non-farmworkers as clustering coefficient and modularity increase from their minimum to their 

maximum values. A. Connection probability in non-farmworkers was higher and increased at a faster rate 

than in farmworkers when clustering coefficient increased. B. Connection probability in non-farmworkers 

decreased as modularity increased; however, connection probability did not have a significant relationship 

with modularity in farmworkers.  C. Connection strength in farmworkers was higher and increased at a 

faster rate than in non-farmworkers when clustering coefficient increased. D. Connection strength in 

farmworkers was higher and decreased at a slower rate than in non-farmworkers as modularity increased. 

*It is important to note that the y-axis in all figures is the log-odds of connection probability. Any change 

in the log-odds of connection probability reflects a similar change in the connection probability, thus the y-

axis was labeled as connection probability instead of log-odds of connection probability for simplicity. (##: 

Significant relationship.) 

 

 Strength Model Results 6.3.2.2

The connection strength patterns were similar between farmworkers and non-

farmworkers when network metrics were equal to their averages (ps,FWS = 0.3890). 
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Connection strength patterns did differ between farmworkers and non-farmworkers as 

nodal clustering coefficient (ps,FWS×Clust=0.0250) and overall modularity  

(ps,FWS×Modul=0.0388) varied. The connection strength in non-farmworkers was higher and 

increased at a faster rate than in farmworkers as clustering coefficient increased. 

Figure 6-2.C shows the higher connection strength and its faster increase in non-

farmworkers when clustering coefficient increases from its minimum to its maximum. 

The connection strength in non-farmworkers was lower and decreased at a faster rate than 

in farmworkers as modularity increased (Figure 6-2.D).    As pointed out in section 6.2.5, 

to complement the mixed model findings, traditional univariate comparisons of brain 

network properties were also performed using a T-test. The results showed that the 

average clustering coefficient (p=0.0108) and modularity (p=0.0495) were both 

significantly different between farmworkers and non-farmworkers. As shown in 

Figure 6-4, both clustering coefficient and modularity were higher in farmworkers 

compared to non-farmworkers.  

 

Figure 6-3 Boxplots for clustering coefficient and modularity in farmworkers and non-farmworkers 

 

Both clustering coefficient (p =0.0108) and modularity (p=0.0495) were significantly higher in 

farmworkers 
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Figure 6-4 Boxplots for urinary cotinine levels  (ng/ml ) and acetylcholinesterase (AChE) and 

butyrylcholinesterase (BChE) activities (umole/min/ml) in farmworkers and non-farmworkers 

 

Urinary cotinine was significantly different between farmworkers and non-farmworkers (p=0.0063). 

However, AChE (p=0.6598) and BChE (p=0.6209) were not different between the two groups 

 

6.3.3 Exposure Covariates 

Figure 6-4 shows boxplots for AChE, BChE, and cotinine for farmworkers and 

non-farmworkers. While there were clear trends for lower cholinesterase activity in the 

farmworkers, the average AChE and BChE activities were not different among the two 

groups. It is important to note that in the full parent population there were significant 

differences between populations [6]. The modeling results showed that AChE had a 

significant inverse relationship with the connection strength (ps,AChE=0.0009); however, 

urinary cotinine and blood BChE did not have significant main effects on the connection 

probability or strength.  
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Table 6-3 Parameter estimates, standard errors, and p-values for probability and strength models 

without AChE and BChE 

Adjusted using adaptive FDR procedure detailed in [57]. 

 

6.3.4 Confounding Covariates 

Spatial distance between brain regions played an important role in predicting the 

probability (pr,dist = 0.0328, pr,dist2<0.0001) and strength (ps,dist<0.0001, ps,dist2<0.0001) of 

brain connections. The connection probability and strength between two regions 

decreased as the spatial distance increased. Education (pr,Edu1<0.0001, pr,Edu2 = 0.0398) 

was another significant factor in determining the probability of brain connections. 

Participants with 0-6 or 7-11 years of educational attainment were more likely to have 

brain connections than participants with > 12 years of educational attainment. The 

connection strength showed the reverse pattern with lower values in the less educated 

participants (ps,Edu1<0.0001, ps,Edu2 = 0.0003). Thus, less educated participants have more, 

 Probability Model Outputs    Strength Model Outputs   

Parameter Estimate SE *p-value Parameter Estimate SE *p-value 
βr,0 0.05960 0.03753 0.1123 βs,0 0.3188 0.006579 <0.0001 
βr,Clust 10.5987 0.6400 <0.0001 βs,Clust 2.0456 0.07087 <0.0001 
βr,Eglobe -20.9550 1.4004 <0.0001 βs,Eglobe 2.0804 0.1642 <0.0001 
βr,Deg 0.2360 0.02356 <0.0001 βs,Deg -0.08170 0.001621 <0.0001 
βr,Modul -0.7681 0.5293 0.1467 βs,Modul -0.5761 0.1011 <0.0001 
βr,Cotinine -0.00100 0.01428 0.9440 βs,Cotinine -0.00248 0.002623 0.3452 
βr,FWS -0.01165 0.04213 0.7821 βs,FWS 0.006449 0.006745 0.3390 
βr,FWS×Clust 2.3873 1.1080 0.0312 βs,FWS×Clust 0.2569 0.1129 0.0228 
βr,FWS×Eglobe -4.7013 2.6317 0.0740 βs,FWS×Eglobe -0.3938 0.2226 0.0769 
βr,FWS×Deg 0.03677 0.04028 0.3613 βs,FWS×Deg 0.003998 0.002273 0.0787 
βr,FWS×Modul -0.4990 0.9950 0.6161 βs,FWS×Modul -0.3757 0.1742 0.0310 
βr,dist -0.00988 0.004600 0.0317 βs,dist -0.03501 0.000978 <0.0001 
βr,dist2

 
-0.05492 0.004720 <0.0001 βs,dist2

 
0.02336 0.000623 <0.0001 

βr,Age 0.01319 0.01442 0.3603 βs,Age -0.00650 0.002579 0.0117 
βr,Edu1 0.06858 0.03774 0.0692 βs,Edu1 -0.02498 0.006880 0.0003 
βr,Edu2 0.04325 0.03499 0.2165 βs,Edu2 -0.02298 0.006404 0.0003 
βr,smok_years -0.00849 0.01433 0.5535 βs,smok_years -0.00702 0.002531 0.0055 
βr,smok_status 0.04954 0.03410 0.1463 βs,smok_status 0.001006 0.006359 0.8743 
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yet weaker brain connections. Note that there is a trend for difference in education 

between farmworkers and non-farmworkers.  Thus, including education in the model is 

important to control for the potential influence of this covariate on the results.  

Pack years of smoking (ps,smok_years = 0.0050) and smoking status (pr,smok_status = 

0.0016) were also associated with brain connections. Pack years of smoking was 

inversely related to the connection strength; but, smokers were more likely to have brain 

connections than non-smokers. The results also showed age as an important covariate in 

predicting the connection strength (ps,age = 0.0455). 

Older participants had weaker brain connections. Inclusion of these covariates in 

the model allowed for the comparison of network properties between farmworkers and 

non-farmworkers while controlling for these potential confounding effects. 

 

6.3.5 Parameter Estimates after excluding Cotinine, AChE and BChE  

To test the biological hypothesis that exposure to pesticides and nicotine 

contribute to brain network differences between farmworkers and non-farmworkers, 

additional mixed models were evaluated. In separate model fits, we evaluated the effects 

of excluding cotinine or AChE and BChE on parameter estimates.  As Table 6-3 presents, 

removing AChE and BChE affected the relationships between connection probability and 

education, smoking status and modularity × FWS interaction. Both Edu1 and Edu2 lost 

their significant relationships with the connection probability (pr,Edu1<0.0001      pr,Edu1 = 

0.0692, pr,Edu2 = 0.0398       pr,Edu2 = 0.2165), however, the estimate for Edu2 didn’t 

change much (βr,Edu1 = 0.1340       βr,Edu1 = 0.06858, βr,Edu2 = 0.05476       βr,Edu2 = 

0.04325). Smoking status lost its significant relationship with the connection probability 
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(pr,smok_status = 0.0016       pr,smok_status = 0.1463), and its estimate became approximately 

half of the original estimate (βr,smok_status = 0.08300       βr,smok_status = 0.0495). Modularity x 

FWS interaction was no longer related to the connection probability    

(pr,FWS×Modul<0.0001       pr,FWS×Modul = 0.6161), and its estimate was noticeably different 

(βr, FWS×Modul = -4.5484       βr, FWS×Modul = -0.4990). Removing AChE and BChE did not 

affect the significant relationships with connection strength.  

Removing cotinine (Table 6-4) affected the relationships between connection 

probability and education, AChE, and modularity × FWS interaction. Edu2 was no longer 

significantly associated with the connection probability (pr,Edu2 = 0.0398       pr,Edu2 = 

0.2326); however its estimate didn’t change much (βr,Edu2 = 0.05476       βr,Edu2 = 

0.03472). AChE showed significant association with the connection probability after 

removing cotinine; however, there was some trend for this covariate to be associated with 

the connection probability in the original model (pr,AChE = 0.0639       pr,AChE = 0.0001). 

The estimate for AChE was also different after removing the cotinine                       

(βr,AChE = 0.04860       βr,AChE = 0.1065). The modularity × FWS interaction lost its 

significant relationship with connection probability (pr,FWS×Modul<0.0001      pr,FWS×Modul = 

0.1686), and had a noticeably different estimate after removing cotinine (βr, FWS×Modul = -

4.5484         βr, FWS×Modul = -1.3277).  
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Table 6-4 Parameter estimates, standard errors, and p-values for probability and strength models 

without cotinine 

      Probability Model Outputs         Strength Model Outputs   

Parameter Estimate SE *p-value Parameter Estimate SE *p-value 

βr,0 0.03116 0.03437 0.3646 βs,0 0.3201 0.006424 <0.0001 

βr,Clust 10.5466 0.6262 <0.0001 βs,Clust 2.0437 0.07064 <0.0001 

βr,Eglobe -20.8914 1.3899 <0.0001 βs,Eglobe 2.0832 0.1656 <0.0001 

βr,Deg 0.2358 0.02353 <0.0001 βs,Deg -0.08183 0.001606 <0.0001 

βr,Modul 0.1733 0.4075 0.6683 βs,Modul -0.6423 0.09318 <0.0001 

βr,AChE 0.1065 0.02779 0.0001 βs,AChE -0.01915 0.005857 0.0011 

βr,BChE -0.08032 0.08261 0.3309 βs,BChE -0.00703 0.01796 0.6955 

βr,FWS 0.001131 0.04319 0.9791 βs,FWS 0.006729 0.006505 0.3010 

βr,FWS×Clust 2.4342 1.0989 0.0267 βs,FWS×Clust 0.2488 0.1094 0.0230 

βr,FWS×Eglobe -4.7792 2.6218 0.0683 βs,FWS×Eglobe -0.3908 0.2226 0.0791 

βr,FWS×Deg 0.03649 0.04035 0.3658 βs,FWS×Deg 0.004139 0.002263 0.0674 

βr,FWS×Modul -1.3277 0.9643 0.1686 βs,FWS×Modul -0.3258 0.1700 0.0553 

βr,dist -0.00956 0.004495 0.0334 βs,dist -0.03501 0.000979 <0.0001 

βr,dist2
 -0.05513 0.004704 <0.0001 βs,dist2

 0.02336 0.000622 <0.0001 

βr,Age 0.007865 0.01264 0.5338 βs,Age -0.00515 0.002539 0.0429 

βr,Edu1 0.1310 0.03418 0.0001 βs,Edu1 -0.03171 0.006908 <0.0001 

βr,Edu2 0.03472 0.02908 0.2326 βs,Edu2 -0.02066 0.006035 0.0006 

βr,smok_years -0.01398 0.01192 0.2408 βs,smok_years -0.00655 0.002402 0.0064 

βr,smok_status 0.07979 0.02487 0.0013 βs,smok_status 0.000117 0.005508 0.9830 

Adjusted using the adaptive FDR procedure detailed in [57].  

 

The modularity × FWS interaction was no longer associated with the connection 

strength; however, it showed to be associated with the connection strength             

(ps,FWS×Modul=0.0388       ps,FWS×Modul = 0.0553). The estimate for modularity × FWS 

interaction didn’t change much (βs, FWS×Modul = -0.3499       βs, FWS×Modul = -0.3258). These 

changes show that cotinine confounds relationships with both connection probability and 

strength. Thus, cotinine, AChE, and BChE, as markers of nicotine and pesticide 

exposures, are important covariates to be included in both models, and play important 

roles in modifying the significant relationships between several covariates and 

connectivity patterns, especially between the modularity x FWS interaction and 

connection probability.    
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6.4 Discussion 

The current study was conducted to determine whether brain functional networks 

are different between Latino immigrant workers that do or do not engage in farm work. 

The contribution of pesticide and nicotine exposure to any population differences in brain 

network connectivity was also examined. We used resting-state fMRI due to its promise 

in detecting early brain changes in people at risk of developing neurological dysfunction 

[58-61], as well as being a relatively straightforward technique that removes the burdens 

of experimental design, subject compliance, task-related confounds, and training 

demands. Rs-fMRI could be especially useful for future studies that focus on prenatal 

pesticide and nicotine exposure effects on children, due to difficulties of performing 

experimental tasks in children. However, future studies can also focus on cognitive task 

studies to better understand how pesticide and nicotine exposure affect the brain in a 

cognitively relevant manner.   

This study evaluated the whole-brain functional connectivity patterns, and did not 

identify specific brain regions that contributed to group differences. Unlike most other 

studies in this area, however, it allowed controlling for important confounding variables 

such as age, education, and smoking. Furthermore, interactions between various brain 

regions play a key role in cognitive processes and complex behaviors [47], and numerous 

studies suggest that in neurodegenerative disorders, interconnected brain regions are 

targeted rather than single regions [62]. Thus, functional network mapping approaches 

provide valuable insights about complex patterns of pesticide and nicotine exposure 

effects on the brain and their likely contribution to cognitive impairment.   
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Overall, network properties in Latino immigrant workers, as well as effects of pesticide 

and nicotine on brain connections, were investigated via a mixed-effects modeling 

framework. Our results indicated that both connection probability and strength differed 

between farmworkers and non-farmworkers as clustering coefficient and modularity 

changed. Both probability and strength of brain connections in non-farmworkers were 

higher and increased at a faster rate than in farmworkers when nodal clustering 

coefficient increased. This means that for networks with a comparable density 

(probability) and strength of connection, the clustering coefficient is higher in 

farmworkers compared to non-farmworkers. This can be visualized by adding a 

horizontal line to Figure 6-2.A and Figure 6-2.C and seeing that it intersects the 

farmworker curve at a higher clustering coefficient value. Figure 6-5.A shows this for the 

connection probability. Since neither connection strength nor connection probability was 

different between the two groups when network metrics were equal to their averages 

(pr,FWS = 0.4077, ps,FWS = 0.3890), the clustering coefficient, on average, should be higher 

in farmworkers. In fact, as shown in Figure 6-3, the unadjusted comparison of average 

clustering coefficients did show higher clustering coefficient in farmworkers. Modularity 

in farmworkers was also higher than in non-farmworkers for any strength value. Again, 

this can be visualized by adding a horizontal line to Figure 6-2.D and seeing that it 

intersects the farmworker curve at a higher modularity value (Figure 6-5.B). Thus, the 

average modularity should also be higher in farmworkers based on networks with 

comparable density and strength of connection. Again, as shown in Figure 6-3, an 

unadjusted comparison showed that the average modularity was higher among 

farmworkers.  
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Figure 6-5 Connection probability as a function of clustering coefficient (A) and connection strength 

as a function of modularity (B) 

 

A. for any given connection probability, the clustering coefficient in farmworkers is higher than in non-

farmworkers (CFW > CNon-FW). Similarly, for any given connection strength, clustering coefficient in 

farmworkers is higher than in non-farmworkers (not shown here). B. for any given connection strength, the 

overall modularity in farmworkers is higher than in non-farmworkers (MFW>MNon-FW).   

 

Thus, our results suggest that brain networks in farmworkers are more clustered 

and modular when compared to non-farmworkers. Higher clustering coefficient and 

modularity in farmworkers indicate increased functional specificity (increased intra-

modular connection probability and strength) and decreased functional integration across 

brain modules (decreased inter-modular connection strength) when compared to non-

farmworkers. In other words, functional modules in farmworkers are more dense and 

have stronger interconnections than those in non-farmworkers. But, connections between 

functional modules in farmworkers are weaker than those in non-farmworkers (i.e., there 

are stronger distributed connections across functional modules in non-farmworkers’ brain 

networks). The potential implications for information processing is that farmworkers 

(with higher clustering and modularity) could have more segregated neural processing 

and less sharing of information between brain regions.  
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Figure 6-6 Cartoon model of brain networks for farmworkers (A) and non-farmworkers (B) 

 

 

                             A. Farmworkers                                                               B. Non-Farmworkers 

Each network node represents a brain region and the lines represent functional connections. Although the 

same brain areas are included in both networks, the overall network connectivity is different. The node 

color indicates the module membership and the edge thickness represents connection strength.  The average 

connection probability (density) and strength are the same between farmworkers and non-farmworkers (i.e., 

the total number of brain edges and average strength of present edges are the same in A and B – Each 

network has 35 edges including 17 strong edges). However, brain networks of farmworkers are more 

modularly organized and have higher functional specificity and lower inter-modular integrity when 

compared to non-farmworkers (stronger connections are shown with thicker edges). This cartoon model 

was created for illustrative purposes to better visualize the study results. 

 

Figure 6-6 shows two cartoon brain networks that visually depict the implications 

of the differences found between the brain networks in farmworkers and non-

farmworkers.   Modularity plays an important role in facilitating different types of 

cognitive tasks [63-66]. Many studies have also shown altered modularity in 

neurodegenerative disorders [67-71]. Increased modularity has been shown to be 

associated with effortful, high-level cognitive tasks. Vatansever et al. [64] showed that 

higher cognitive efforts were associated with a more globally integrated (i.e., less 

modular) brain network. They showed that changes in default mode network (DMN) 
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connectivity are central in integrating information across brain modules. Flexible 

community formation in the DMN during demanding cognitive tasks facilitates 

integrating functional interactions across the brain. Shine et al., in another study in [72], 

showed that brain networks fluctuate between a state of specialized structure with greater 

intra-network connectivity (higher modularity and clustering) and a state of higher 

integrity with greater inter-network connectivity (lower modularity and clustering). They 

showed that brain networks reorganize toward the lower modularity state during 

challenging tasks. This finding is consistent with other works indicating that globally 

integrated brain networks support higher cognitive flexibility and control in complex 

tasks [65, 73]. Thus, increased whole-brain modularity in farmworkers might be 

associated with relative decreases in complex cognitive function and reduced 

performance in demanding tasks when compared to non-farmworkers. At the same time, 

increased modularity could support enhanced performance in simple cognitive tasks [74].  

While it is important to reflect upon the findings within the context of the extant 

literature, the present results are all based on resting-state brain networks. How these 

findings are ultimately associated with cognitive function is open to further research. A 

meta-analysis [75] dichotomized pesticide exposed workers into long (≥10 years) and 

short (<10 years) exposure durations, and found lower cognitive and motor performances 

in workers with longer exposure duration. The farmworkers included in this current study 

had significantly higher exposure duration than the non-farmworkers [76]. Unfortunately, 

we were not able to include exposure years into our network analysis model at this time 

due to collinearity with farmworker status. It is important to note that resting-state brain 

network properties are strongly associated with brain function in health and disease [77-
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79]. Brain networks in individuals who have better cognitive performance are mostly in 

an integrated state during rest [77]. Furthermore, increased resting-state modularity has 

been associated with cognitive deficits in some neurodegenerative disorders [67, 68, 70]. 

Future studies with brain imaging on a larger sample of farmworkers would be able to 

examine the relationships between exposure years, cognition, and network organization.  

The analyses that removed the cholinesterase and cotinine measures were intended to 

give further insight into the role of occupational chemical exposure in the population 

differences observed. When AChE and BChE were removed from the model there were 

important changes in the statistical significance and parameter estimates. The results 

indicated that AChE/ BChE confound the population differences in the relationship 

between connection probability and community structure. A similar finding was observed 

when cotinine was removed from the model. However, neither AChE /BChE, nor 

cotinine had an effect on the population differences in the relationship between 

connection probability and clustering coefficient.  

The comparable influence of AChE/BChE and cotinine is not overly surprising as 

both cholinesterase inhibiting pesticides and nicotine in tobacco can increase cholinergic 

neurotransmission [80]. Changes in AChE activity can lead to changes in acetylcholine at 

the synapse (i.e., reduced AChE associated with pesticide exposure can lead to decreased 

acetylcholine inactivation). The influence of BChE on acetylcholine metabolism is less 

clear. Nicotine, on the other hand, directly binds to nicotinic acetylcholine receptors and 

activates the cholinergic system. These findings indicate that alterations of the 

cholinergic nervous system from pesticide and/or nicotine exposure are at least associated 

with the population differences in modularity, but not clustering. After accounting for 
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occupational exposure, the population differences for modularity highlighted in 

Figure 6-5.B were eliminated. Thus, possible cognitive consequences (due to the 

modularity differences) that were pointed out above could be a result of chronic pesticide 

and/or nicotine exposures. 

The current study is not without limitations. First, although the modeling approach 

allowed controlling for important confounding variables such as age, education, and 

smoking status, it did not provide detail about specific brain regions or subnetworks that 

differ, and only gave overall differences between connectivity patterns of farmworkers 

and non-farmworkers. Future studies can focus on functional connectivity patterns in 

specific brain subnetworks such as the basal ganglia or default mode network by 

incorporating regional covariates into the model. Second, farmworkers who participated 

in this study were from one area of the US. Thus, the pesticides used may be different 

from pesticides used in other parts of the country. Third, the average AChE activity in 

participants used in this study was not significantly different between farmworkers and 

non-farmworkers. Longitudinal assessments, however, have indicated decreased AChE 

and BChE activities in the larger inclusive population of Latino farmworkers evaluated in 

our previous study [14]. A longitudinal study on brain networks across the agricultural 

season could better reveal how the functional connections and brain network properties 

change as cholinesterase activities change in farmworkers. Finally, we only measured 

AChE and BChE in the blood, and how this reflects changes in brain enzymes is unclear. 
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6.5 Conclusion 

The current study demonstrated that brain networks differed between Latino 

immigrant workers that did or did not engage in farm worker.  Our results suggest that 

the farmworkers have more clustered and modular brain networks than the participants 

that did not engage in farm work. This finding is consistent with a higher number and 

strength of intra-modular connections in farmworkers, and a lower number and strength 

of inter-modular connections in farmworkers. Cholinesterase activity, as a marker of OP 

and carbamate pesticide exposure, and urinary cotinine, as a marker of nicotine exposure, 

were associated with the differences in brain network community structure (modularity). 

This could indicate that enhanced cholinergic neurotransmission may play an important 

role in modularity differences between farmworkers and non-farmworkers. However, the 

difference in clustering coefficient between the farmworkers and non-farmworkers was 

not associated with markers of pesticide or nicotine exposure. Thus, there are other 

population differences driving the clustering findings that cannot be accounted for by the 

variables measured in this study.  While the neurobiological consequences of the 

topological brain network differences between farmworkers and non-farmworkers cannot 

be determined in the current study, the fact that some of the differences were associated 

with markers of occupational exposures is of concern. It is possible that the network 

differences observed could be acute or could be early indicators of brain changes in 

farmworkers that have neurological consequences in later life. Further studies are 

warranted to gain a deeper understanding of the implications of occupational chemical 

exposure for Latino immigrants working on farms. 
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To the best of our knowledge, this study provides a first baseline modeling framework 

to study local brain subnetworks within the context of their whole-brain networks 

while controlling for many potential sources of confounding effect. I have recently 

published this work in one of the top medical imaging journals (Human Brain 

Mapping) as thr first author. This paper presents the theoretical development of the 
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between two consortia of research institutions, including: Washington University in Saint Loius and the 

University of Minnesota, with strong contributions from Oxford University, Harvard University, 

Massachusetts General Hospitalm and the University of California Los Angeles.  
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