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Abstract 

The question of how the brain works has been the core interest of neuroscientists. To 

address this question, studies have been done to investigate the brain mechanism to 

receive, process, and transmit information. One of the approaches is to develop 

neuronal models to directly capture the microscopic activities and dynamics of the 

brain. Another approach emerges by explaining the brain organization to control human 

cognitive abilities as the mental expression of human behaviors which differ across 

individuals. This research direction has attracted scientists from different fields and is 

commonly known as brain-behavior relationships. In its development, this topic 

receives support from the advanced technology of brain imaging and behavioral tests, 

resulting in the availability of big and freely accessible data. Coupled with the 

development of mathematical techniques, recent perspective of brain-behavior study 

has shifted into data-driven approach which emphasizes on data exploration rather than 

initial hypothesis validation. Thus, some questions arise: (i) to ask whether data-driven 

approach in brain-behavior study, aside from providing new information, is also able 

to consistently capture the previously established knowledge at the level of single and 

multiple behaviors, (ii) towards its complexity, to inquire whether data-driven approach 

based on nonlinear model performs better than linear model in prediction and feature 

extraction, and (iii) to develop a general framework of fully nonlinear data-driven 

approach to improved the understanding of brain-behavior relationships. 

 This thesis answers the first inquiry in Chapter 3 and Chapter 4 for single and 

multiple behaviors, respectively. In single behavior, a study on reading ability is 

performed by predicting the reading performance using brain structural and functional 

properties coming from brain area and connections measures. Aside from the prediction 

performances of reading ability, the study also interprets the features extracted from 
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linear data-driven method. Interestingly, the features presented as reading-related brain 

areas confirm the reading areas established in the literature and provide more 

understanding on the involvement of motor cortex in reading ability. Chapter 4 focuses 

on the comparison between cognitive abilities structure explored from the brain 

properties with the one established from hypothesis of performance covariance in 

multiple behaviors. Similarly, this study also shows the consistency of the data-driven 

approaches compared to hypothesis-driven approaches and reveals some interpretable 

dissimilarities in terms of cognitive ability structure. 

 Research in Chapter 5 and Chapter 6 are carried out to address inquiries 2 and 

3 focusing on the methods in data-driven approach. Chapter 5 systematically compares 

linear and nonlinear models to study the brain and behavior relationships. Engaging 

linear correlation and regression for the linear model and artificial neural network for 

nonlinear model, this study shows that the mapping between brain and behavior is better 

captured by nonlinear relationships. Further, the analyses on the features of both models 

reveal that the consistently captured features by both models are interpretable and 

relevant with the previous studies. In addition, the nonlinear model is also able to 

capture more interpretable features not identified in the linear model. Motivated by this 

finding, Chapter 6 proposes a framework to implement fully nonlinear data-driven 

approach towards improved understanding of brain-behavior relationships. This study 

recruits Graph Neural Networks, t-distributed Stochastic Neighbor Embedding, and k-

Means Clustering to find brain clusters based on its structural properties. The proposed 

framework shows promising results. First, the structural clusters are partially consistent 

with the Resting State Networks identified from functional brain properties. Second, 

the structural properties of the brain belonging to each cluster similarly performs well 

to predict the performance of behavioral measures. Lastly, the wide variety of the 
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behavioral measures which can be predicted by the clusters suggests that the clusters 

may reflect how the cognitive functions are organized in the brain. 

 Altogether, this thesis shows the advantages of using data-driven approach to 

study brain-behavior relationships in single and multiple behavior levels. It also 

suggests that exploration using nonlinear approaches may provide better mapping and 

more interpretable features in brain and behavior studies. 
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Chapter 1 Introduction 

1.1 Background 

1.1.1. Human Brain and Behaviors 

Human brain possesses a greatly important role in controlling functions of the other organs by 

receiving, processing, interpreting, and transferring stimuli coming from the outside world into 

actions. Brain receives messages from the human five senses: sight, hearing, smell, taste, and 

touch, transforms and interprets, and finally transfers the messages to control the response 

performed by different organs. Aside from its controlling ability, brain is also capable of 

governing human intelligence, creativity, emotion, and memory. To support its exclusive role, 

brain is protected within the skull and broadly composed of the cerebrum, cerebellum, and 

brainstem (Figure 1.1). 

 

Figure 1.1. Illustration of brain anatomy and the structural features.  

 The biggest part of the brain is cerebrum which divides the brain into left and right 

hemispheres. Broadly, each hemisphere consists of several broad regions, widely named as 

frontal, parietal, temporal, and occipital lobes. Frontal lobes serve as the biggest region located 
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in the front part, while parietal lobe is behind the frontal lobe. Temporal lobes are the side 

region of the brain on the same level as the ears. Finally, the occipital lobes are located in the 

back of the brain. The second part of the brain is cerebellum which is located just below the 

occipital lobes. Lastly, brainstem acts as a connecting relay between cerebrum-cerebellum and 

spinal cord in the central nervous system. Aside from this broad anatomical partition,  research 

has also introduced different brain parcellation – widely called as brain atlas – that divides the 

brain into different special areas using their functional and structural properties. For example, 

a Multi Modal Parcellation (MMP) atlas, that is used in this study, was proposed to divide the 

brain into 360 different regions by taking functional and structural brain properties into 

account. 

 In brain research, especially the study of brain functions related to human behaviors, 

the focus falls into cerebrum both in surface and volume perspectives. The surface of the 

cerebrum is also called as cortex which has curving appearance forming hills and valleys. 

Microscopically, cortex contains billions of neurons which are the main actor of information 

processing in the brain. The dense nerve cell bodies of the neurons in the cortex create the grey-

colored layer named as gray matter. Underneath the cortex, there are axons or nerve fibers 

which connects the cell bodies from one brain area to another area. Because it mostly occupied 

by long nerve fibers with myelination, it is called white matter. Structurally, the folding in the 

cortex, called gyrus, increases the cortex surface area and thus, allows more neurons to fit 

inside. The folding generates grooves which is named as sulcus (see Figure 1.1 illustrating the 

morphometric measures). These structural brain properties extracted from the morphometric 

measures vary across brain areas and individual and have functional impact which are also 

further studied to find their association with the how individuals differ in behavior. 

 To assess, or specifically mine and quantify brain properties, advanced brain imaging 

techniques have been widely developed (Sejnowski, Churchland, & Movshon, 2014). 
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Especially for human, noninvasive techniques – avoiding direct contact with the brain – are 

adapted, for example Magnetic Resonance Imaging (MRI) and Electroencephalography 

(EEG). Applied on the brain, MRI uses a magnetic field and computer-generated radio wave 

to capture detailed image of the brain. There are different types of MRI measuring different 

brain properties: structural MRI (sMRI), diffusion MRI (dMRI), and functional MRI (fMRI). 

Structural MRI focuses on capturing the anatomy of the brain useful for clinical purposes 

especially to assess brain disorders. Diffusion MRI investigates the motion of water molecules 

inside the brain in voxel level. These measures further can be translated into brain structural 

connectivity informing how different brain areas are structurally connected. Functional MRI 

detects the change on Blood Oxygenation Level Dependent (BOLD) signal to measure the 

activity of the brain area. Using fMRI, functional connection between brain areas can be 

generated by simply performing correlation analysis to the BOLD signal between the brain 

areas. 

 After being processed in the brain, the stimuli are externally expressed by human body 

to form the individual behavior – in terms of mental activity is also called as human cognition. 

Individuals have different levels to mentally express their behaviors forming individual 

differences in cognitive ability (Carter et al., 2009). Traditionally, psychologists only relied on 

the observations of human behavior (e.g., how human reacts in different situations and 

performs in different tests) to assess and study human cognitive abilities resulting in the several 

theories of human cognitive ability structures (Schneider & McGrew, 2012; Spearman, 1904). 

Practically, they observed the covariances of performances across different cognitive tests and 

formed hypothesis and theory about the structure of cognitive abilities. The most commonly 

used structure is based on Cattell–Horn–Carroll (CHC) theory of cognitive abilities (Schneider 

& McGrew, 2012), shown in Figure 1.2. According to the CHC model, stratum I comprises 

many different specific tasks, requiring maximal performance expressed as speed or/and 
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accuracy. Stratum II comprises broad latent abilities, for example fluid reasoning (Gf), 

comprehension-knowledge (Gc, also called crystallized intelligence), short-term memory 

(Gsm), long-term storage and retrieval (Glr), and cognitive processing speed (Gs). These broad, 

domain-specific abilities are all positively associated. The CHC model accounts for this 

positive manifold by assuming a general factor of intelligence (g) at stratum III. 

 

Figure 1.2. Structure of cognitive abilities based on CHC theory.  

The structure consists of three strata: stratum I measures specific function known as behavioral tasks, stratum II 

indicates the latent abilities, and stratum III is the general intelligence. 

 Although the logic of how the external stimuli is processed by the brain and finally 

expressed as human behaviors is clear, the scientific evidence of how the brain correlated with 

the behaviors is still an emerging research topic. With the support from the neuroscience, 

psychologists and cognitive scientist recently shift their focus from considering only behavioral 

observation to brain-inspired study to have deeper understanding of human cognition. Through 

this collaboration, coupled with the advanced method in data analyses and modelling, the clear, 

or at least scientifically proven, understanding of how the brain works to control human 

behavior is expected. 

1.1.2. The State of the Art of Brain and Behavior Studies 

Brain is a complex system engaging highly dynamic activities and comprising different 

functions. Towards the efforts of the current industry to implement artificial intelligence which 

attempts to mimic the brain performance and efficiency, neuroscientists contribute by having 
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been working on the understanding of how the brain works. One straight forward approach is 

by highly invasive observation on neuronal level which is typically only applicable for animals. 

For human, the effort shift to non-invasive macroscale approach by exploring the brain in 

neural or voxel level. This approach is supported by the advances of brain imaging techniques 

(e.g. magnetic resonance imaging (fMRI) comprising of structural MRI, diffusion MRI, and 

functional MRI, please refer to Chapter 2 for more information on the MRI images) which can 

capture different features of brain activities and properties across brain systems. Further, to 

explain how the brain features emerge, cognitive scientists start their contribution by offering 

their knowledge on human behaviors. The endeavor of explaining how the brain works using 

human behaviors has been an emerging research topic in different research fields, widely 

termed as brain-behavior relationships.  

Several approaches have been taken to study the brain-behavior relationships. Initially, 

research focused on single brain property to correlate with a single behavior represented by a 

psychological task measuring a cognitive function. For example,  studies from Finn et al (2015) 

and Beaty et al (2017)  used brain functional connectivity – derived from the correlation of 

functional MRI signal between brain areas – to predict fluid intelligence and creativity, 

respectively (Beaty et al., 2018; Finn et al., 2015a). Aside from the prediction, such works 

captured the brain networks related to cognitive function: the fluid intelligence is related to the 

functional connections between parietal and frontal cortex while creativity is associated with 

the brain networks consisting of salience and executive brain systems as captured in Figure 1.3. 

Aiming for more general representation of brain properties, other studies engaged multiple 

brain properties to correlated with a single cognitive function. For example, the use of advanced 

machine learning method to map several brain structural properties and brain age (Jonsson et 

al., 2019). However, the approach of using only single behavior outcome representing single 

cognitive function has been criticized to not fully capture the whole process of brain to control 
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human behaviors (see review from Krakauer et al, 2017 (Krakauer, Ghazanfar, Gomez-Marin, 

MacIver, & Poeppel, 2017)). This argument is also supported by thorough reviews from 

(Marder & Goaillard, 2006), claiming that similar behavior may come from different circuit 

configurations, and from (Katz, 2016), showing that similar brain network may also be 

involved to generate different behaviors. 

 

Figure 1.3. Brain areas and networks related to behavioral outcomes.   

(A) Frontoparietal brain networks which were found to be predictive to fluid intelligence (figure adopted from 

(Finn et al., 2015a)). (B) Brain connections related to creativity where the red-colored connections represent the 

positive networks while the blue-colored connections represent the negative networks (figure adopted from (Beaty 

et al., 2018)). 

To address this issue, the study of brain behavior-relationships has shifted into multi-

behavior approach by engaging different cognitive tasks to relate with the brain features. This 

direction is somehow in line with the effort from cognitive scientists to explore the structure of 

cognitive abilities indicating the relationships among several behavioral outcomes (Figure 1.2). 

Specifically, the multi-behavior approach offers the possibility of finding brain areas correlated 

with several behavioral outcomes, and thus, explains the relationships between the behavioral 

outcomes by overlapping related brain areas (e.g. the closely related behavioral outcomes have 

overlapping related brain areas). A well-established study in this direction was done by finding 

brain areas associated with the entities in an established cognitive ability structure facilitated 

by brain morphometric properties (volume, surface area, and thickness of the cortex) (Román 

et al., 2014). This study found that the more general the entities (covering broad cognitive 
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functions), the more specific brain areas related to it. In addition, this study also found that the 

behavioral outcomes which engage similar cognitive function commonly share associated brain 

areas. Another work following this direction was done by Lenartowicz et al (2014) by 

analyzing the neural systems associated with different entities, represented as behavioral 

outcomes, under the umbrella of cognitive control (Lenartowicz, Kalar, Congdon, & Poldrack, 

2010). They found that some of those entities cover overlapping neural systems indicating how 

those associated entities are governed by common brain areas. In general, the mapping of brain 

properties to multiple behavior outcomes becomes the recent, and important, research trend in 

cognitive neuroscience, considering that it offers knowledge on both how the neural processes 

and how the human behaviors are organized (Anderson, 2015; Bassett, Zurn, & Gold, 2018; 

Girn, Mills, & Christoff, 2019; Kovacs & Conway, 2016; McFarland, 2017; Nathan & Del 

Pinal, 2017) 

Simultaneously, with the growth of multi-behavior approach, the study of brain-behavior 

relationships, especially in macroscale, has shifted from group comparison to individual 

differences. Group study is initially engaged to observe neuro-markers of brain diseases and 

behavior-related brain areas. For example, (Kim, Calhoun, Shim, & Lee, 2016) used resting-

state fMRI to classify subjects with schizophrenia from healthy subjects. The neuro-marker in 

this study was identified as functional connectivity strength, obtained by calculating the 

correlation of blood oxygenation level dependent (BOLD) signals between two brain areas. For 

behavior-related brain areas, previous works (Greisen et al., 2018; Nakai & Okanoya, 2018; 

Venkatraman, Soon, Chee, & Ansari, 2006) employed a group of participants to reveal the 

brain mechanisms in arithmetic and language tasks. The findings suggest that both tasks are 

related, indicated by overlapping brain areas. In addition, another study (He et al., 2013) 

revealed reading-related brain areas obtained by multivoxel morphometric study from 253 

participants. More recently, the research direction goes beyond the group study to tap into 
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individual differences, known as individual study. In practice, group study to find brain areas 

related to behavior outcomes are initially performed (Bolger, Perfetti, & Schneider, 2005). 

Next, the features, or properties, of the identified behavior-related brain areas are further used 

to predict the behavioral outcomes. Note that to avoid circularity, some studies divided the 

participants into two subsets: the first subset was used to identify the behavior-related brain 

areas, while the other subset was used for the individual-study on predicting behavioral 

outcomes. For example in reading, Cachia and colleagues used the features of reading-related 

brain areas found in literature to predict individual reading scores (Cachia et al., 2018). More 

comprehensively, other study worked in both group- and individual-study by finding reading-

related features and predicting individual reading scores from the obtained features (Cui, Su, 

Li, Shu, & Gong, 2018).  

To summarize, this part introduces the current state of brain-behavior relationship studies 

which: (i) engage multi-behavior approach to answer both questions from neuroscience (how 

the neural processes are organized) and cognitive science (how human behaviors are 

organized), and (ii) shift from group study, by finding behavior-related features, to individual 

study, by using the features to predict individual behavioral skills. 

1.1.3. Data-Driven Approaches Towards the Understanding of Brain and Behavior 

Relationships 

To study the brain-behavior relationships, researchers come up with a model to map the 

brain properties and behavior outcomes. Generally, a model is considered good, or at least 

acceptable, if the model can mimic the mechanism of the real system. To develop a model, the 

variables and parameters need to be first determined. In the study of brain-behavior 

relationship, the determination of the variables and parameters of a model can be addressed by: 

(i) hypothesis-driven approach, based on theory or established knowledge; and (ii) data-driven 

approach, learned from the data without initial hypothesis (see Figure 1.4 for examples).  
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There are two different ways to engage hypothesis-driven approach to study brain-behavior 

relationships. Firstly, experiments are used as the base, thus, to use the parameters obtained 

from experiment to develop the brain model which can mimic how the brain control a behavior. 

The implementation falls into microscale (neuronal) level and macroscale (neural population) 

level (Dumoulin & Wandell, 2008; Jones & Palmer, 1987). Both studies worked on the same 

direction to understand the mechanism of visual cortex: the first study focused on neuronal 

model implemented in cat, while the second study took human cortex as the object of interest 

and engaged neural model. Secondly, instead of experiments, another hypothesis-driven 

approach used the conclusion from the other studies for the reference. For example, Cachia et 

al (2018) find the mapping of reading ability with the structural properties of left lateral 

occipito-temporal sulcus (OTS) area ((Cachia et al., 2018). They used the hypothesis that OTS 

are related to reading acquisition which have been shown in previous studies (Dehaene & 

Cohen, 2011). In addition, hypothesis-driven approach is also common for cognitive science, 

especially when psychologist propose the understanding of human ability structure (Cattell, 

1943; McGrew, 2009; Schneider & McGrew, 2012). In this effort, psychologists propose that 

correlated behavioral outcomes form a latent ability. Note that the association among 

behavioral outcomes is learnt from hypothesis supported by the established theory. In the 

contrary to its success, there are some drawbacks of implementing hypothesis-driven approach 

in brain-behavior studies. First, brain is very complex system containing a huge number of 

neurons, leading to huge number of model parameters. Thus, much effort is needed to fit all 

the parameters from experiments into model (Wu, David, & Gallant, 2006). Second, especially 

applied to the works that used conclusion from the previous works as a reference, this approach 

may limit our understanding of the specific association. For example, focusing on the mapping 

between reading acquisition and properties of OTS areas, will not tell us that other brain 

systems are also potentially responsible for reading acquisition. 
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To tackle the issues, other methods based on data-driven approach are currently growing. 

Data-driven approach relies the learning process merely on the data without any initial 

hypothesis from previously established conclusions. The emerge of this approach is the result 

of the advanced data collection techniques in different fields, including cognitive neuroscience. 

Some reviews on this topic have also suggested the exploration on the big data of neuroscience 

to capture more understanding of brain mechanism in controlling behaviors (Brunton & 

Beyeler, 2019; Poldrack & Yarkoni, 2016). The most evident advantage of using data-driven 

approach is the possibility to explore beyond existing knowledge. However, a precaution of 

using this approach has also been discussed (Carlson, Goddard, Kaplan, Klein, & Ritchie, 

2017). The conclusion drawn from data exploration must be carefully interpreted. In this 

scenario, previous works still have an important role to explain and confirm, rather than to limit 

the knowledge. In addition, the conclusion derived from data-driven approach can also be a 

future research direction, aiming to confirm the conclusion in independent studies. 

To summarize, this part emphasizes the advantage of using data-driven approach that can 

lead to deeper and wider understanding of brain-behavior relationships which may not be 

captured by hypothesis-driven approach. Moreover, previous works still hold an important role 

in data-driven approach to confirm and interpret the findings. Otherwise, the conclusion may 

lead to misleading interpretations of the relationships, 
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Figure 1.4. Hypothesis-driven and data-driven approaches to study brain-behavior relationships.  

(a) Hypothesis-driven approach, in which the model is derived using theoretical equations. Next, the parameters 

of the model are adjusted according to experimental data. Hypothesis-driven approach can be implemented in 

both microscale, neuronal level, and  in macroscale, neural population level. The figure is adapted from (Dumoulin 

& Wandell, 2008). (b) Data-driven approach, where the model is developed by learning from the data. In this 

figure, linear correlation approach is used to extract the feature and develop a predictive model. The figure is 

adapted from (Shen et al., 2017). 

1.1.4. The Advances of Mathematical Non-Linear Modeling to Map Brain and Behavior 

Relationships 

The key to the success of data-driven approach relies on its feature extraction and 

interpretation. Towards these important aspects, the data-driven approach in brain-behavior 

relationships mostly recruits linear model to map brain properties and behavioral outcomes. 

For instance, a widely used data-driven method named Connectome-based Predictive Model 

(CPM) is proposed to find the linear correlation and develop linear model of brain connectivity 

and behavioral outcomes (Finn et al., 2015b; Shen et al., 2017). In details, CPM first identifies 
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brain connections correlated with behavioral outcomes from a set of subjects and use them for 

predictive model development. Next, the model is used to predict the behavioral outcomes from 

another set of subjects. Motivated by its simplicity and interpretability, some studies have taken 

up the method into several cognitive domains. Beaty et al (2014) investigated brain functional 

connections which are positively and negatively correlated with creativity scores from training 

subjects and used them to predict the scores from the testing subjects (Beaty et al., 2014).  

Another study applied the same methods to investigate the association between resting brain 

connections and behavioral disorders: cocaine abstinence, and neuroticism and extraversion, 

respectively (Hsu, Rosenberg, Scheinost, Constable, & Chun, 2018; Yip, Scheinost, Potenza, 

& Carroll, 2019). Aside from the establishment of CPM, linear correlation has also been used 

by other studies to find the association between brain properties and behavior. Studies focusing 

on reading, used linear correlation and found that grey and white matter properties are 

associated with reading skill (Raschle, Chang, & Gaab, 2011; Yeatman, Dougherty, Ben-

Shachar, & Wandell, 2012). 

Assisted by the development of mathematical tools, more advanced modelling techniques 

claim their role to understand the brain-behavior relationships. These techniques mostly engage 

non-linear approaches assuming that the relationships are not fully explained by linear 

correlation. Supported by the emerging big and free data  in cognitive neuroscience, researchers 

shift to machine learning (ML) algorithms as their non-linear tool to understand brain-behavior 

relationships. To date, the application of ML in neuroscience has been growing significantly 

(Glaser, Benjamin, Farhoodi, & Kording, 2019). Generally, the implementations of ML in 

cognitive neuroscience can be categorized into three different classes. The first one is the most 

straightforward application, which is to use brain features as input to predict the outcomes 

related to human cognition (Havaei et al., 2017; Iqbal, Ghani, Saba, & Rehman, 2018; Pinto, 

Alves, & Silva, 2016). Note that most studies in this class emphasized only on the model 
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performances to predict or to classify the data. The second class goes beyond the first class by 

interpreting the model. For example, a feed-forward artificial neural network (ANN) model 

was created to classify different tasks from tasks fMRI (Jang, Plis, Calhoun, & Lee, 2017). 

Aside from the good performance with only 6.9% of error rate, the model was also interpretable 

to provide the brain areas associated with the tasks. Vu et al (2018) recruited different 

techniques of ML to solve the similar problem (H. Vu, Kim, & Lee, 2018). They developed a 

Convolutional Neural Network (CNN) to classify volumetric data of task MRI. Similarly, the 

model was interpreted by visualizing the brain voxels associated with each task. The third, and 

the most advanced application of ML in cognitive neuroscience, is to use ML model – mostly 

ANN – to mimic how the brain processes information. For instance, some studies used deep 

ANN to model how the brain processes visual and semantic stimuli (Devereux, Clarke, & 

Tyler, 2018; Horikawa & Kamitani, 2017). This class of ML application has the most 

contribution to understanding of brain-behavior relationships. However, since such studies 

focus on specific processes, the availability of the data may also be limited. 

To summarize, linear approach is mostly used to understand the relationships between brain 

and behavior via data-driven approach because of its simplicity and interpretability. However, 

based on the assumption that the relationships are complex and may not be linear, nonlinear 

ML techniques, supported by big data era in cognitive neuroscience, have been another 

growing approach in the field. A precaution measure has been alarmed about the 

interpretability of the nonlinear ML techniques since they mostly involve advanced 

mathematics. To this extend, the comparison of model performance and feature interpretation 

of linear and nonlinear approaches are highly valuable in this research direction. Further, by 

referring to the position of data-driven approach, a study that can show fully nonlinear data-

driven approach to reveal interpretable and consistent features is highly valuable. 
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1.2 Open Questions 

Following the storyline in the introduction section, this thesis focuses on three key terms: brain-

behavior relationships, data-driven approach, and linear versus non-linear approaches. For the 

first term, initially researchers focused on single behavior to capture the brain networks 

responsible for specific function. More recently, as the state of the art of brain-behavior 

relationships, the study shifts to engage multiple behaviors and multiple brain properties to 

explain how the brain adjusts and shapes its properties to govern the entities in cognitive ability 

structures. It leads, not only to a deeper understanding of how the brain works to control 

different functions, but also to the conception of how the behavioral outcomes are related to 

each other to form the structure of human abilities. Second, the data-driven approach provides 

advantage than hypothesis-driven approach by not limiting the interpretation, which leads to 

richer knowledge and new perception of the relationships between brain properties and 

behavioral outcomes. However, results and conclusions from previous studies still hold 

important role here to confirm and to explain, but not to limit, the results from data-driven 

approach. The last term expresses the comparison between linear and nonlinear model. Linear 

model has been widely used in the field because of its simplicity and interpretability. An 

assumption that the relationship between brain and behavior may not be simply linear 

association leads to the emerging of nonlinear approach, especially using machine learning to 

map the relationships. A direct comparison between linear and nonlinear approaches is initially 

needed before implementing a fully non-linear data-driven method in cognitive neuroscience.  



15 
 

 

Figure 1.5. Open questions arising from the overview of brain-behavior study. 

Form this overview focusing on data-driven approach in brain-behavior study, there are some 

inquiries arising as visualized in Figure 1.5, which is further formulized as open questions: 

1. At single behavior level, does the linear data-driven approach provide results which are not 

only consistent with the literature, but also offers deeper understanding? 

2. At multiple behaviors level, does the linear data-driven approach provide results which are 

not only consistent with the literature on the structure of human intelligence, but also offers 

deeper understanding? 

3. Towards the comparison of linear and nonlinear data-driven approaches, does the nonlinear 

approach offer better model performance than the linear approach? Next, in terms of feature 

extraction, do they capture the similarly interpretable features? 

4. Finally, how fully nonlinear data-driven approach can be implemented to improve our 

understanding of brain-behavior relationships? 

1.3 Objectives 

To address those questions, this thesis works on the following objectives: 
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1.3.1. To predict reading ability from brain structural and functional properties 

This objective is relevant to open question number 1. To represent the single behavior level, 

reading performance measured by examiner when subjects loudly read English words is used. 

To keep the data-driven approach, this work engages the structural and functional properties 

from the whole brain without limitation to any specific areas. The idea of the work is first, to 

identify the brain areas correlated to reading performance by using linear correlation between 

brain properties and the scores of reading test. Next, the identified areas are used to develop 

predictive model from the training data which is further used to predict the reading performance 

of the testing data. Relying on the acceptable prediction performances, the areas are therefore 

considered as related to the reading performances. Further, the areas related to reading 

performance can be grouped into different level according to their correlation strength. 

Previous studies inspired this work found that reading system consists of circumscribed frontal, 

temporoparietal, and temporal cortical cortex (Dehaene, Cohen, Morais, & Kolinsky, 2015; 

Murphy, Jogia, & Talcott, 2019; Vandermosten, Boets, Wouters, & Ghesquière, 2012). By 

engaging data-driven approach, the expected results are to find wider reading-related brain 

areas than those areas mentioned in the literature. Note that the wider system should also be 

interpretable and functionally relevant to reading acquisition. In addition, it is also expected 

that the features extracted using data-driven approach reveal more information about the 

involvement of different brain properties in reading performance. 

1.3.2. To explore cognitive ability structure nested in brain anatomical properties 

This objective is proposed to address open question number 2, where the multiple behaviors 

are supposed to reflect a cognitive ability structure. In psychology, the association among 

behavioral outcomes is modeled to form a hierarchical structure. The more specific entity 

appears in the lowest level, mostly occupied by specific behavioral outcomes or cognitive tasks. 
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In the second level, it contains broader cognitive function known as latent abilities. The highest 

level is the most general entity called as general intelligence, as illustrated in Figure 1.2  

(Cattell, 1943; McGrew, 2009; Schneider & McGrew, 2012).  

There is a broad consensus about the structure of cognitive abilities mostly based on covariance 

structure analyses of inter-individual performance differences on multiple cognitive tasks and 

the underlying hypothesis. However, it is not fully understandable whether the ability structure 

ascertained at the behavioral level is similarly reflected in structural properties of the brain. In 

this direction, this work aims to explore the cognitive ability structure reflected in brain 

structural properties. Note that the hypothesis of the association between behavioral outcomes 

is not involved in this exploration, instead, the cognitive ability structure derived from 

hypothesis is used for a reference. Further, the brain-derived and hypothesis-derived structures 

of cognitive abilities are compared. The results are expected to show consistency and 

explainable discrepancy between the behavior-derived and brain-derived cognitive ability 

structures; thus, the brain-derived structure can be a valuable complement for the widely used 

hypothesis-derived structure. In addition, since the brain-derived cognitive ability structure is 

revealed from brain properties, the brain networks representing each entity may offer deeper 

understanding on the brain mechanism organizing different abilities. 

1.3.3. To compare linear and nonlinear models in prediction of behavioral outcomes from 

brain properties 

The use of nonlinear techniques to dive into brain and behavior data exploration has been 

widely suggested following the assumption of the complex association (Carlson et al., 2017; 

Glaser et al., 2019; Kietzmann, McClure, & Kriegeskorte, 2019). The most evident 

disadvantage of nonlinear techniques – more generally known as ML – is the issue on the 

interpretability compared to the linear techniques. Computer science community seems to 

understand the issue and provides immediate response by proposing several approaches to 
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disentangle and interpret the hidden features obtained by nonlinear ML techniques (Andersen, 

Winther, Hansen, Poldrack, & Koyejo, 2018; Haufe et al., 2014; Yosinski, Clune, Nguyen, 

Fuchs, & Lipson, 2015). 

This objective aims to answer the most basic question of linear and nonlinear techniques in 

brain-behavior relationships as posed in open question 3. The work involves the linear 

correlation and linear regression to map the brain-behavior relationships. On the other side, 

multi-layered perceptron ANN (MLP) serves as nonlinear techniques to perform the similar 

mapping tasks. The mapping covers several brain structural properties and behavioral 

outcomes. Further, the comparison between linear and nonlinear techniques focuses on model 

performance to predict the behavioral scores and the model features in terms of brain areas 

related to each behavioral outcome. The expected results are to support the hypothesis of 

nonlinear association between brain and behavior with higher performance of nonlinear 

predictive model. In terms of model features, it is expected that consistent features are extracted 

from both linear and nonlinear techniques. 

1.3.4. To use graph neural network for brain clustering and interpretation 

This objective finalizes all the previous objectives to answer the general open question number 

4 regarding the implementation of fully nonlinear data-driven approach towards improved 

understanding of brain-behavior relationships. The study to fulfill this objective is inspired by 

the establishment of resting functional brain networks (RSN) which were identified using linear 

correlation and interpreted from the previous hypothesis about brain systems and their 

organization (Thomas Yeo et al., 2011). In contrary, this study aims to engage fully nonlinear 

data-driven approach to reveal brain networks reflected from the whole brain structural 

properties. Without any prior hypothesis, each brain networks are interpreted from related 

behavioral outcomes and demographic data.   
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To work on this, a graph neural network (GNN) is developed as an unsupervised machine 

learning to capture the hidden features in whole brain structural properties across subjects. 

Clustering techniques is implemented to find the brain networks comprising several brain areas 

based on their hidden feature representation. Further, the structural properties of each brain 

networks are associated with behavioral outcomes and demographic data to find the 

information that can best explain the brain networks. Therefore, it is expected that this study 

results in structural brain networks which are interpreted via behavior or demographic data. In 

addition, another result informing the clusters of behavioral outcomes based on the underlying 

brain networks can be explored. 
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Chapter 2 Human Connectome Project (HCP) Database 

This Chapter introduces the Human Connectome Project (HCP) database which is used for the 

studies in this thesis. 

2.1 Overview 

Human Connectome Project (HCP) is led by Washington University, University of Minnesota, 

and Oxford University in their effort to map the macroscopic neural mechanism into behaviors 

(Van Essen et al., 2013a). This project provides data from large young adult populations (N = 

1207, age range 22-35 years) covering brain imaging from several modalities, behavioral 

measures, and subject demographic information. The brain imaging techniques include 

structural MRI (sMRI), diffusion MRI (dMRI), functional MRI (fMRI), and 

magnetoencephalography (MEG). The behavioral data consists of several cognitive tests 

including inside scanner test (was done during the fMRI scan) and cognitive tests adopted from 

National Institutes of Health (NIH) tasks and Penn Tasks. In this Chapter, the overview of each 

brain and behavior dataset is addressed, supported with the references for more detailed 

descriptions. Note that this thesis only used MRI images and some of the behavioral measures, 

therefore the overview in this Chapter only covers MRI images and those behavioral measures. 

However, for detailed information of HCP data, the readers can refer to  the HCP Manual which 

is downloadable through HCP official website (https://www.humanconnectome.org). 

2.2 Brain Parcellation 

Brain parcellation, also known as brain atlas, is used to divide the brain into different areas to 

facilitate the analyses, especially in association to brain functions. The works in this thesis used 

a brain parcellation from HCP project called Multi-Modal Parcellation (MMP) atlas, which is 

based on several modalities, including structural MRI, and task and resting state functional 

MRI (Glasser et al., 2016). Unlike other atlases, this atlas considers the brain in both surface 

https://www.humanconnectome.org/
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and volume level. It leads to the more specific identification of brain areas. The MMP atlas 

divides the brain into 180 different areas for each hemisphere, therefore also termed 360-atlas. 

Some areas in the 360-atlas were further grouped to form a 44-atlas, where each hemisphere 

has 22 functionally interpretable areas (Glasser et al., 2016). The 44-atlas is used to visualize 

the reading-related connections, since visualizing connections in the 360-atlas might be too 

complex due to the large number of areas. Both atlases are depicted in Figure 2.1, where the 

name of the areas in MMP atlas are available in Table 2.1.  

Table 2.1. Area names in the MMP atlas. 

No. Name No. Name No. Name No. Name No. Name No. Name 
1 V1 31 POS1 61 a24 91 11I 121 Pro5 151 PGs 
2 MST 32 23d 62 D32 92 13I 122 PeEc 152 V6A 
3 V6 33 v23ab 63 BBM 93 OFC 123 STGa 153 VMV1 
4 V2 34 d23ab 64 P32 94 47s 124 PBelt 154 VMV3 
5 V3 35 31pv 65 10r 95 LIPd 125 A5 155 PHA2 
6 V4 36 5m 66 47m 96 6a 126 PHA1 156 V4t 
7 V8 37 5mv 67 8Av 97 i6-8 127 PHA3 157 FST 
8 4 38 23c 68 8Ad 98 s6-8 128 STSda 158 V3CD 
9 3b 39 5L 69 9M 99 43 129 STSdp 159 LO3 
10 FEF 40 24dd 70 8BL 100 OP4 130 STSvp 160 VMV2 
11 PEF 41 24dv 71 9p 101 OP1 131 TGd 161 31pd 
12 55b 42 7AL 72 10d 102 OP2-3 132 TE1a 162 31a 
13 V3A 43 SCEF 73 8C 103 52 133 TE1p 163 VVC 
14 RSC 44 6ma 74 44 104 RI 134 TE2a 164 25 
15 POS2 45 7Am 75 45 105 PFcm 135 TF 165 S32 
16 V7 46 7PI 76 47I 106 Po12 136 TE2p 166 pOFC 
17 IPS1 47 7PC 77 a47r 107 TA2 137 PHT 167 PoI1 
18 FFC 48 LIPv 78 6r 108 FOP4 138 PH 168 Ig 
19 V3B 49 VIP 79 IFJa 109 MI 139 TPOJ1 169 FOPS 
20 LO1 50 MIP 80 IFJp 110 Pir 140 TPOJ2 170 p10p 
21 LO2 51 1 81 IFSp 111 AVI 141 TPOJ3 171 p47r 
22 PIT 52 2 82 IFSa 112 AAIC 142 DVT 172 TGv 

23 MT 53 3a 83 P9-
46v 113 FOP1 143 PGp 173 MBelt 

24 A1 54 6d 84 46 114 FOP3 144 IP2 174 Lbelt 

25 PSL 55 6mp 85 A9-
46v 115 FOP2 145 IP1 175 A4 

26 SFL 56 6v 86 9-46d 116 PFt 146 IP0 176 STSva 
27 PCV 57 P24pr 87 9a 117 AIP 147 PFop 177 TE1m 
28 STV 58 33pr 88 10v 118 EC 148 PF 178 PI 
29 7Pm 59 A34pr 89 A10p 119 Pre5 149 PFm 179 A32pr 
30 7m 60 P32pr 90 10pp 120 H 150 PGi 180 p24 

Note: The table covers areas of the right hemisphere (1-180). Areas in the left hemisphere (181-360) have 
corresponding names, for example, area 1 is V1 in the right hemisphere, while area 181 is V1 in the left 
hemisphere. 
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Figure 2.1. The MMP brain atlas. 

(a) Each brain hemisphere is divided into 180 areas represented by different colors (360-atlas). (b) Based on the 

architecture, task-MRI, and connectivity profiles, the 360-atlas is further grouped into the 44-atlas, numbered 1- 

44, where each hemisphere contains 22 areas. 

2.3 Structural MRI 

Structural MRI (sMRI) is a non-invasive brain imaging technique aiming to examine the brain 

anatomy (i.e. size and shape) in terms of the white matter and grey matter and thus, useful to 
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support medical report about brain pathology. Briefly, MRI signal varies across gray matter 

and white matter, since the former mostly contains of cell body while the latter consists of long-

range nerve fibers. Using the signal differences, several morphometric measures can be 

quantified, for example volume, thickness, curvature, sulcus depth or surface area. During the 

scan, different types of sequences are performed, leading to different images with different 

interpretation. The adjustable sequence parameters are repetition time (TR) and echo time (TE). 

The scan using the settings of short TR and short TE results in the contrast between gray and 

white matter (widely named as T1-weighted), while long TR and long TE emphasized the 

difference between brain tissue and cerebrospinal fluid (widely named as T2-weighted). 

In HCP data, the T1-weighted images were obtained using TR = 2400 ms and TE = 2.14ms, 

while T2-weighted images used TR = 3200ms and TE = 565 ms. The sMRI data were 

preprocessed using HCP minimal pre-processing including the removal of spatial artifacts and 

distortions. After the preprocessing, the data are available in CIFTI format with 91,282 cortical 

and subcortical grayordinates. For the detailed information of the preprocessing steps please 

refer to (Glasser et al., 2013). Aside from T1- and T2-weighted images, the sMRI also provides 

surface-based morphometry measurements including cortical thickness, myelination, mean 

cortical curvature, and sulcus depth. Thickness was measured as the distance between the pial 

surface and the grey-white matter border (Alvarez, Parker, & Bridge, 2019). Cortical thickness 

is known to correlate with the number of neurons (Herculano-Houzel, Watson, & Paxinos, 

2013). Myelination - an indication of myelin content - was determined as the ratio of T1 and 

T2 weights (T1/T2) (Glasser & van Essen, 2011). The higher value of myelination refers to the 

increase of sheath surrounding neuronal cells and fibers. Curvature indicates the bending of 

each vertex in the cortical surface. The higher curvature is an indication of sharper bending, 

with positive values correspond to upward curving (convex) (Shimony et al., 2016). Lastly, 

sulcus depth was calculated as the distance between mid-surface gyri and sulci (Müllner et al., 
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2015). Curvature and sulcus depth contribute to determine the sulcal patterns which predate 

the acquisition of cognitive skills (Mangin, Jouvent, & Cachia, 2010). All voxel-wise data both 

in individual and as group average can be downloaded from HCP website.  The voxel-wise 

property measures within a given brain area (according to MMP atlas) were averaged  to obtain 

an area-specific measure of the respective property.  

2.4 Diffusion MRI 

Diffusion MRI (dMRI) provides detailed examination  into the microstructure of white matter 

by measuring the mobility of water molecules which tend to diffuse more strongly along white 

matter. In HCP, the parameters to acquire dMRI data are: TR = 5520ms, TE = 89.5 ms, flip 

angle = 78, field of view = 210 x 180, matrix = 268 x 144, slice thickness = 1.25mm, slice 

number = 111, isotropic voxels = 1.25 mm, echo spacing = 0.78 ms, BW = 1488 Hz/Pz, and b-

values = 1000, 2000, and 3000 s/mm2. The data were also minimally preprocessed (Glasser et 

al., 2013). 

One of  brain properties that can be generated from dMRI is brain structural connectivity by 

applying probabilistic tractography on the  dMRI data to trace brain white matter connections 

between each pair of areas in MMP atlas (T. E.J. Behrens, Berg, Jbabdi, Rushworth, & 

Woolrich, 2007; Timothy E.J. Behrens et al., 2003). For each pair of ROI, one was first used 

as the seed ROI while the other as the target, and then vice versa. In each seed ROI, there are 

multiple vertices and from each vertex, 5000 streamlines were sent out to the target ROI. The 

propagation following the diffusion tensor would stop when meeting brain voxels with the 

fractional anisotropy value less than 0.1 or reaching the cortical pial surface. The averaged 

value of directional connectivity probabilities between two areas were defined as the general 

structural connectivity strength between two brain areas. The complete data of brain structural 

connectivity from all subjects are adapted from the work of our colleague, Xinyang Liu. She 
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also published a work related to the brain structural connection in face network (X. Liu, 

Hildebrandt, Meyer, Sommer, & Zhou, 2019). 

2.5 Functional MRI 

There are two types of functional MRI (fMRI) in HCP dataset: (i) resting-state fMRI (rs-fMRI), 

where subjects were at rest during the scan, and (ii) task fMRI, where subjects were required 

to perform some cognitive tests during scan. Specifically, for rs-fMRI, the scan was performed 

in four different sessions, with two sessions performed on the same day. Functional MRI relies 

on detecting the changes of blood-oxygen-level dependent (BOLD) signal indirectly reflect 

brain activities at rest or  during task processing. In HCP, the parameters for fMRI acquisition 

are: TR = 720 ms, TE = 33.1 ms, flip angle = 52, field of view = 208 x 180, matrix = 104 x 90, 

slice thickness = 2 mm, slice number = 72, isotropic voxels = 2.0 mm, multiband factor = 8, 

echo spacing = 0.58 ms, and bandwith = 2290 Hz/Pz. 

fMRI data are presented in time-series, from which, functional connectivity can be derived. 

Initially, the signals were low pass filtered at 0.01 Hz to remove scanner-related noise. 

Functional connectivity was determined by measuring the Pearson correlation of the time-

series (BOLD) signals between areas. The areas were determined according to the MMP atlas, 

where the average BOLD signal in each area was calculated from all voxels within this area. 

Finally, by avoiding self-connection, for each participant a 360 x 359 functional connectivity 

matrix was derived. Figure 2.2 provides examples of all the MRI images.  
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Figure 2.2. Illustration of structural, diffusion, and functional MRI. 

The illustration of (A) structural MRI, (B) diffusion MRI, and (C) functional MRI. The figures adopted from 

(Hirsch, Bauer, & Merabet, 2015) 

2.6 Behavioral Data 

The behavioral data in HCP projects contains inside-scanner (task-fMRI) and outside-scanner 

cognitive tests. The inside-scanner tests include the domains of working memory, gambling, 

motor, language, social cognition, relational processing, and emotion processing. The outside 

scanner tests adopt cognitive tests from NIH and Penn Tasks, which cover alertness, cognition, 

emotion, motor, personality, health and family history, sensory, psychiatric and life function, 

and substance use. For the detailed information of each task, the readers can refer to the HCP 

manual. 

The studies on this thesis only consider fifteen cognitive tasks listed in Table 2.2. 

Table 2.2. Behavioral measures in terms of cognitive tasks sampled from HCP database. 

Construct Task Description 

Fluid Reasoning 

(Gf) 

Raven’s 

Progressive 

Matrices (Gf1) 

Tests non-verbal reasoning using Raven’s 

Progressive Matrix Form A. Participants are 

presented with spatial arrangements of squares, with 

one square missing. The missing square has to be 

selected out of five alternatives. In total, there are 24 

questions and 3 bonus questions. The tasks stop if 

participant incorrectly selects 3 answers in a row. 
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Spatial 

Orientation 

Processing (Gf2) 

It is measured using Variable Short Penn Line 

Orientation. The participants need to rotate a line to 

be parallel with the reference line. To rotate, the 

participants need to click a button on the keyboard 

which rotate the line either clockwise or 

counterclockwise. There are 24 trials in this task. 

 

List Sorting 

Working Memory 

(Gf3) 

The task requires participants to sequence presented 

stimuli. The stimuli are the pictures of animals and 

foods, accompanied by sound clip and text that name 

the picture. In list 1, the participants need to order 

the items (either animals or food) from smaller to 

bigger size. In list 2, both animals and food are 

displayed. The participants need to sequence the 

food, from smaller to bigger size, followed by the 

animals with the same order.  

 

Comprehension 

Knowledge (Gc) 

Oral Reading 

Recognition Test 

(Gc1) 

The task tests the ability of the participants to read 

English as accurate as possible. The administrator 

scores them as correct or wrong.  

 

Vocabulary 

Comprehension 

(Gc2) 

It measures the general knowledge of vocabulary. 

The participants were asked to choose a picture, out 

of four pictures, which is closely related to the audio 

stimuli. 

 

Memory (Gm) Verbal Episodic 

Memory (Gm1) 

It examines the verbal episodic memory where the 

participants are presented with 20 words and 

required to remember them. Next, they are shown 40 

words (20 new words in addition to the previously 

presented words) and need to decide whether they 

have seen the words previously. 
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Picture Sequence 

Memory (Gm2) 

The task is done to assess the episodic memory. A 

sequence of pictures (varies from 6 – 18 pictures 

depending on age) is presented to participant who is 

required to recall the sequence over two learning 

trails. A point is given for each adjacent pair of 

pictures. Therefore, the maximum point is the 

number of presented pictures minus one.  

Executive 

Function (EF) 

Dimensional 

Change Card Sort 

- Color (EF1) 

In dimensional change card sort the participants are 

presented with target pictures which vary along 

features. A series of pictures (which vary in intended 

feature) are then displayed to the participants who 

are required to match them to the target pictures 

according to the feature; in this task the intended 

feature is color. After some trials, the feature is 

changed.  

“Switch” trials are also adopted in dimensional 

change card sort task (both color and shape features), 

which requires the cognitive flexibility of the 

participants. For example, 4 straight trials are to 

match the shape, then the next trial is color before 

moving back to the shape feature. 

 

Dimensional 

Change Card Sort 

- Shape (EF2) 

Similar to (EF1), where instead of color, the feature 

considered on the pictures is shape. 

Note that “switch” trials are also applied. 

 

Flanker Inhibitory 

Control and 

Attention Task – 

Congruent (EF3) 

This test measures inhibition. It requires participants 

to decide the direction of the middle arrow from a 

group of arrows. The word congruent means that the 

middle arrows point in the same directions with the 

other arrows. 
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Flanker Inhibitory 

Control and 

Attention Task – 

Incongruent 

(EF4) 

Similar to EF3, it also measures inhibition. But for 

incongruent, the middle arrows point in the opposite 

direction with the other arrows. 

 

 

 

Processing 

Speed (Gs) 

Pattern 

Comparison 

Processing Speed 

(Gs1) 

 The task measures the speed of the participants to 

decide whether a pair of pictures are the same. 

 

 

 

 

Sustained 

Attention (Gs2) 

It measures the speed of the participants to press 

spacebar while presented with stimuli. 

 

Relational 

Processing 1 

(Gs3) 

The participants are presented by pairs of objects and 

asked to decide whether those pairs differ in the 

same feature. This test was done during fMRI scan. 

In this case, the scan is from right to left. 

 

Relational 

Processing 2 

(Gs4) 

In this task, the scan is done from left to right. 

Note. The construct represents the ability domains addressed by the cognitive tasks. In the HCP 
project manual following task abbreviations were used: Gf1 – PMAT24_A_CR; Gf2 - 
VSPLOT_TC; Gf3 - ListSort_AgeAdj; Gc1 - ReadEng_AgeAdj; Gc2 - PicVocab_AgeAdj; 
Gm1 - IWRD_TOT; Gm2 - PicSeq_AgeAdj; Ex1 - DCCS_C_s_mean_RT_s; Ex2 - 
DCCS_S_r_mean_RT_s; Ex3 - Flanker_c_mean_RT_s; Ex4 - Flanker_i_mean_RT_s; Gs1 - 
Processing_speed_mean_RT_s; Gs2 - Sustained_attention_median_RT_s; Gs3 - 
Relational_con_mean_RT_RL_s; Gs4 -  Relational_con_mean_RT_LR_s.  
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Chapter 3 Predicting Reading Ability from Brain Anatomy and Function: 

From Areas to Connections 

3.1 Chapter Introduction 

This Chapter aims to answer open question 1 and to fulfill objective 1 focusing on data-driven 

approach to understand the relationships between brain properties and single behavioral 

outcome. On the brain side, both structural and function properties of the whole brain are used. 

The performance of loudly reading English words scored by examiner serves as the behavioral 

outcomes. Most of the contents of this section are from my published paper where I was the 

first author (Daniel Kristanto, Liu, Liu, Sommer, & Zhou, 2020). In this work, I made 

contributions by conceptualizing the idea, analyzing the data, and writing the manuscript. The 

approval from the co-authors to include the results in this thesis has been requested and granted. 

Reading plays a highly important role in human culture, development and learning. This 

complex ability differs across adults, associated with many factors, such as letter knowledge, 

phonological awareness, education, or family background (Myers et al., 2014). The neural basis 

of reading has been extensively studied, as reviewed, for example by (Vandermosten et al., 

2012) with respect to fiber tracts and by (Murphy et al., 2019) based on fMRI (functional 

magnetic resonance imaging) findings. These studies revealed that the neural reading system 

consists of circumscribed frontal, temporoparietal, and temporal cortical areas. In addition, 

reading is also known to involve further brain areas and functions beyond the above-mentioned 

systems (Carreiras, Armstrong, Perea, & Frost, 2014; Dehaene et al., 2015), specifically areas 

related to visual and semantic processes. However, the picture how reading is processed in the 

brain is still incomplete. Thus, the present study aimed to find more reading-related areas and 

brain systems. 
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Reading abilities develop from illiterate to literate states through intense and continuous 

learning. This learning process has been shown to have profound functional impacts on brain 

development (Maurer et al., 2006). A previous study  found that children who spent more time 

reading have stronger functional connectivity between the fusiform gyrus, an area related to 

word processing in reading, and visual and cognitive areas (Horowitz-Kraus & Hutton, 2018). 

A longitudinal study starting at age 5-6  found that children’s reading scores after 3 years of 

reading acquisition were correlated to volume changes in temporo-parietal white matter (Myers 

et al., 2014). Using voxel-based morphometry of grey matter, it was similarly observed that 

reading acquisition was related to volume changes in fusiform gyrus, inferior occipital gyrus, 

and thalamus (Simon et al., 2013).  The influence of reading on white matter integrity in 

children, quantified by fractional anisotropy (FA) was also reported (Yeatman et al., 2012). 

The results showed that the FA of tracts connected to reading areas increased through a 4-year 

learning process. 

Recently, research is shifting towards the question whether brain measures reflect 

individual differences in reading ability. By comparing participants from different literacy 

groups, ranging from illiterate, ex-illiterate, and literate participants, it was found that the sulcal 

patterns of reading areas predicted reading ability across adults (Cachia et al., 2018). Notably, 

this study only focused on one established reading areas, that is, the lateral occipito-temporal 

sulcus.  Another study investigated grey matter volume of the whole brain to find reading-

related features (Cui et al., 2018; He et al., 2013). They found that grey matter volume features 

can predict individual differences in reading skills. However, these studies only used grey 

matter volume as a predictor. So far no study has assessed the predictive power of other 

structural brain measures, such as cortical thickness and myelination. In addition, the capability 

of functional brain measures, such as functional connectivity, to predict reading abilities is as 

yet unexplored.  
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The present study aimed to engage a data-driven approach to explore more reading 

related structural and functional brain measures. We expected, by implementing a data driven 

approach, to observe a larger reading network involving previously identified reading-related 

areas and some other areas which may be indirectly related to reading or even appear to be 

unrelated to reading.  Furthermore, we investigated the performance of brain measures in 

predicting individual differences in reading ability, separately and in combination. Thus, we 

also expected that different brain measures have different capability to predict reading ability, 

in which the most important brain measures to shape reading ability can be identified. To 

evaluate the predictive power of different brain measures, we extended the connectome-based 

predictive model (Shen et al., 2017) to both structure and function. The model was 

implemented on data from a large number of participants (N = 998) from the Human 

Connectome Project. It was found that structural measures predicted reading scores better than 

functional measures. Further, analysis of the model features revealed a wider network of 

reading-related areas that are grouped according to their correlation levels with the reading 

scores across individuals. The grouping reflects the degree of correlations of brain areas and 

their functional and structural connectivity with reading performance.  

3.2 Materials and Methods 

3.2.1. Materials 

Participants 

The data for this study were taken from the human connectome project (HCP S1200; (Van 

Essen et al., 2013a), which is publicly available (see Chapter 2). The HCP provides several 

MRI modalities, covering resting state fMRI, dMRI, and structural property maps from T1- 

and T2-weighted images. After excluding some participants with incomplete data, 998 

participants, ranging in age from 22 – 35 years and including 532 females were used. Among 
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the 998 participants, only 202 participants were students, and 89 were left-handers. The years 

of education completed across the participants were widely distributed, ranging from <11 years 

to >17 years. All participants were native speakers of English. The full overview and detailed 

acquisition protocols of HCP are available at https://www.humanconnectome.org and (Van 

Essen et al., 2013a).    

Brain Parcellation 

We adopted the Multi-Modal Parcellation (MMP) atlas, which divided the brain into 360 areas 

(refer to Chapter 2 for the detailed information) 

Measures of Brain Areas 

For the present study we used three structural measures, provided by HCP and based on 

structural MRI: cortical thickness, myelination, and sulcus depth. For each participant, each 

structural property has a 360 x 1 vector representing the property in 360 brain areas. Please 

refer to Chapter 2 for the detailed information.  

Measures of Brain Connections 

This study considered both structural and functional connections, forming 360 x 359 matrix for 

each participant. Please refer to Chapter 2 for the detailed information on how the structural 

and functional connections were obtained. 

Behavioral Scores 

For this study, reading was opted since it has been widely studied, resulting in the established 

brain areas related to reading. Thus, the results explored using data-driven approach can be 

interpreted from the rich conclusions from the previous study. In addition, reading is a simple 

task which may not be interrupted by other cognitive function. Towards it, HCP also provides 

only single test to measure reading ability. 

https://www.humanconnectome.org/
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The behavioral measure of reading proficiency was based on the NIH Toolbox Oral Reading 

Recognition Test (TORRT) termed Gc1 in Table 2.2 (Gershon et al., 2014). The TORRT uses 

computer adaptive testing (CAT) to evaluate the participant’s skill of reading by pronouncing 

single words as accurate as possible. As a note, this skill is categorized as a crystallized factor 

of intelligence, which depends on past learning and experience. During the test, participants 

are presented with English words or letters and are asked to pronounce them as accurately as 

possible. Higher scores indicate better reading ability. In this study, unadjusted scores were 

used in analysis.  

The TORRT has high test-retest reliability and good construct validity compared to 

other gold-standard measures (Gershon et al., 2014). The TORRT test score is a result of 

different aspects of an individual’s reading development, such as familiarity to written 

materials, and both specific and general abilities supporting reading skills. In addition, the score 

obtained depends on whether an individual’s environment has helped to develop her or his 

reading skills. Note, however, that single word reading does not tap into semantics or syntax. 

On the other hand, it is important to point out that a reading aloud test such as the TORRT also 

has a word production and articulation component, which may be less relevant for silent 

reading skills.   

3.2.2. Methods 

The present study extended the Connectome-based Predictive Method proposed by (Shen et 

al., 2017) to both area and connection measures, which form vectors and square matrices, 

respectively. The method consists of two different levels: (i) feature extraction and model 

development done on training participants, and (ii) model evaluation using independent testing 

participants. Since the present study used a large number of participants from HCP, we 

randomly split the dataset into 499 training participants (Nr), for feature extraction and model 

development, and 499 testing participants (Nt) for model evaluation. In the first level, feature 
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extraction and model development employed Leave One Out Validation (LOOV), where Nr – 

1 participants were used in the training step to predict the score of the left-out participant. This 

process was iteratively performed Nr times, each time leaving out one participant, to predict 

the scores of Nr participants, so called LOOV-prediction. Subsequently, Nr feature masks were 

obtained during LOOV. As a note, LOOV approach was preferred over k-fold validation 

because it can capture individual differences. In addition, a study from (Shen et al., 2017) 

suggested that determining k in k-fold validation is critical and depends on many factors, which 

may affect feature interpretation and prediction results. In the second level (termed novel-

prediction), the model was evaluated by predicting the reading scores of Nt participants of the 

independent testing set with the final feature mask formed by the common elements appearing 

in the feature masks of all LOOV iterations in the training set. The steps of feature extraction, 

LOOV-prediction, and novel-prediction are described below. 

Extracting reading-related features from whole brain measures 

By adopting a data-driven approach, we extracted reading-related predictive features from 

whole brain measures. Figure 3.1A illustrates the framework for feature extraction in each 

iteration of LOOV, where inputs are whole-brain measures with K elements and reading scores 

from Nr-1 participants. The size of K depends on the input: if the input is an area measure, K 

is 360 elements representing values of this measure; if the input is a connectivity measure, K 

is (360 x 359) elements representing connectivity strengths between different areas. Next, in 

each LOOV iteration, Pearson correlations were calculated between each element of K and the 

reading scores across the Nr-1 participants. This resulted in correlation coefficients (r) and p-

values with reading scores for K elements. Significant correlations can be positive or negative, 

whereas intermediate correlations (around zero) may be non-significant. A p-value 

thresholding technique was introduced to remove insignificant elements. This study used four 

different thresholds: p-values < .001, < .005, < .01, or < .05. The elements in K with p-values 
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larger than a given threshold were set to 0; otherwise, the elements were set to 1. This was done 

separately for positive and negative significant correlations, yielding positive and negative 

feature masks, depending on the sign of the correlations. Figure 3.1D and 3.2E display 

examples for such feature masks, while Figure 3.2 shows how brain measures in these feature 

masks are correlated with reading scores. 
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Figure 3.1. The full pipeline of the methods used in this study. 
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(A) Feature extraction in each LOOV iteration, comprising the following steps: (i) Pearson correlation was applied 

on brain measures and reading scores across Nr-1 participants. K is number of elements (360 for area measures 

and (360 x 359) for connection measures) and Nr is number of training participants. (ii) The correlation step 

resulted in correlation coefficient (r) and p-value (p) of each element in K. There were positively and negatively 

correlated elements with positive and negative r, respectively. (iii) A p-value threshold was used to remove 

insignificant elements. Elements with p-values above threshold were assigned to 0. Otherwise, the elements were 

assigned to 1. This resulted in positive feature masks, from positive r, and negative feature mask, from negative 

r. (B) Model development for LOOV-prediction, comprising the following steps: (i) Hadamard product performed 

between brain measures from 498 (Nr-1) participants and positive feature masks resulting in positive predictive 

features. (ii) Predictive features prepared by summation (and division by 2 for connection measures to avoid 

redundancy since the matrices are symmetrical) to form fitted features from 498 participants. (iii) These fitted 

features were regressed on reading scores from 498 participants to develop a linear prediction model for the 

reading score of the left-out subject. The process for negative feature masks is identical. (C) Model development 

for novel-prediction, comprising the following steps: (i) Hadamard product performed between brain measures 

from 499 (Nr) independent testing participants and positive final feature masks (determined from the intersect of 

feature masks obtained from LOOV, see text) resulting in positive predictive features. (ii) Predictive features were 

prepared by summation (and division by 2 for connection measures to avoid redundancy since the matrices are 

symmetrical) to form fitted features from 499 participants. (iii) These fitted features were regressed with reading 

scores from 499 participants to develop a linear model to predict reading scores from testing participants. The 

process for negative feature masks is identical. For multiple measures considering all five brain measures (see 

text), there are 5 fitted features for each participant. Therefore, in the linear model, there are five different 

parameters representing five brain measures. (D, E) Feature masks as outputs of the feature extraction pipeline, 

forming a binary symmetrical matrix for connection measure input or a binary vector for area measure input, 

respectively.  
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Figure 3.2. Correlations of the measures of reading-related areas with reading scores across participants. 

The feature masks in the 360-atlas are divided into positive and negative features which are occupied by the 

positive-correlated and negative-correlated elements. (A) Average of some elements in myelination features 

across participants with ascending order of reading scores. The elements are the overlapping nodes between the 

areas in Core Regions of both networks, and the final feature masks used in novel-prediction. Red circles and 

lines represent positive-correlated elements whose values are increasing with the reading scores, whereas, blue 

circles and lines represent the contrary. (B) Same as in (A) for structural connectivity. The plots of structural 

connectivity are separated between positive and negative because they have different values in y-axis. Notably, 

the p-values of all correlations are less than .001. 

LOOV-Prediction in Nr participants 

As mentioned previously, LOOV was conducted within training participants (Nr = 499), where 

498 participants were used to develop models to predict the reading score from the left-out 

participant in each iteration. Firstly, the positive and negative feature masks, determined from 

498 participants using the method explained above, were multiplied by the brain measures from 

498 participants to obtain predictive features. By summing the elements in the feature masks 

(and dividing by 2 for connection measures to avoid redundancy since the matrices are 
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symmetrical) we obtained 498 different positive and negative predictive features derived from 

498 participants; these were fitted into a linear regression model with the reading score of the 

498 participants to build two different prediction models from positive and negative feature 

masks, respectively. Figure 3.1B captures the details of the model development for LOOV-

prediction using a positive feature mask. The process for the negative feature mask is identical. 

To predict the score of the left-out participant, the brain measures from the left-out participant 

were multiplied by the feature masks to obtain fitted features, similar to the model development 

process. The fitted features were then implemented into the models to get the predicted reading 

score of the left-out participant. This process was done 499 times to predict the reading scores 

from 499 participants in Nr. Finally, a Pearson correlation between predicted and actual scores 

of Nr participants was calculated to evaluate the performance of the LOOV prediction.  

Novel-Prediction in Nt independent testing participants 

In novel-prediction, the final feature masks were developed by taking the common elements of 

all feature masks obtained during LOOV. In details, suppose (fa,1, fa,2, . . . , fa, Nr) are the feature 

masks from LOOV, where fa,1 is the feature mask of the first iteration. As a reminder, each 

feature mask is a binary vector, containing elements with values of ‘0’ or ‘1’. The final feature 

mask was determined by finding the intersect elements, which are assigned to ‘1’ in all LOOV 

iteration, Fa,0.001 = intersect (fa,1, fa,2, . . . , fa, Nr), where Fa,0.001 represents the final feature mask. 

By using the common elements across different features from all iterations, together with the 

p-value thresholding in previous steps, the likelihood of false positive features might be 

reduced. To build a prediction model, the final feature masks were multiplied with the brain 

measures of training participants (Nr = 499) resulting in 499 predictive features. Importantly, 

the present study evaluated the prediction performance of single measure and multiple 

measures. In single measure, each predictive feature was summed (and divided by 2 for 

connection measures to avoid redundancy since the matrices are symmetrical) to form 499 
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fitted features, which in turn, were regressed on reading scores of training participants (Nr = 

499) to develop a model.  It is possible to avoid the summing process and directly feed the 

features into the linear model. However, it is computationally much more expensive since in 

the present study, a large number of participants, together with five different brain measures, 

were used. In multiple measures, the summed feature for each brain measure form five different 

values for the linear regression model. It must be noted that in this prediction scheme, a linear 

model with Ridge regularization was applied (Hoerl & Kennard, 1970). The regularization 

penalizes the weight, which increases during the learning process. In addition, Ridge regression 

is more suitable for prediction model where the predictors or features are correlated. In this 

study, some of the brain properties are highly correlated as depicted in Figure 3.3.  

 

Figure 3.3. Correlations between brain properties across participants. 

Correlation between brain properties of Area 2 (A) and Area 59 (B) across participants. 

Overall, Figure 3.1C provides the scheme of the model development process for single feature. 

In multiple features, the number of fitted features is 5 for each participant. Finally, the linear 

models obtained from single and multiple measures, and from both positive and negative 

feature masks were used to predict the reading scores of testing participants (Nt = 499) in which 

the summed features from single or multiple brain measures were used as model inputs. Similar 

to LOOV-prediction, prediction performance was evaluated by calculating the Pearson 
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correlation between predicted and actual scores. Please refer to (Shen et al., 2017) for more 

detailed information of CPM, together with the script in MATLAB.   

Identifying reading networks from area measures 

Reading networks were identified and revealed to interpret reading-related areas. The 

networks contain 5 different levels, grouping the reading-related areas according to their 

correlation levels with the reading score across individuals. The Core Regions is occupied by 

the most significantly correlated areas (smallest p-value threshold .001 considered here). 

Moreover, the less correlated areas are placed into the other levels: Extended-Regions 1 (p-

value threshold .005), Extended-Regions 2 (p-value threshold .01), and Extended-Regions 3 

(p-value threshold .05).  The levels with a given p-value threshold exclude the areas already 

assigned to levels with smaller p-value thresholds.  In addition, non-correlated Region was also 

introduced to handle areas, which were not included in those levels, that is, areas not 

significantly correlated to reading performance. 

In details, suppose Fa,0.001 = (fa,1, fa,2, . . . , fa, Nr) is the feature mask of an area measure 

from LOOV using .001 as p-value threshold, where fa,1 is the feature mask of the first iteration. 

As a reminder, each feature mask is a binary vector with 360 elements. The next step is to find 

the common elements of the feature masks across iterations, Fa,0.001 = intersect (Fa,0.001), where 

Fa,0.001 represents the common elements. Those elements were then assigned to the Core 

Regions. Next, a similar procedure was applied to the feature masks from different p-value 

thresholds, Fa,0.005, Fa,0.01, and Fa,0.05. The common elements from those feature masks, (Fa,0.005, 

Fa,0.01, and Fa,0.05), were assigned to the Extended-Regions 1, 2, and 3, respectively. Based on 

the correlation level, some areas, which are included in the lower level (e.g. Extended-Regions 

1) are also included in the higher level (e.g. Core Regions). In this case, those areas are only 

included in the higher level and removed from the lower level. It must be noted that the feature 



43 
 

masks are in both directions, positive or negative. Therefore, the networks contain both positive 

and negative regions. Considering that there are three area measures, that is, cortical thickness, 

myelination, and sulcus depth, this analysis yielded three different reading networks. The final 

networks were determined as the union of those reading networks. The union means that an 

area just needs to be significant in one measure to be included in the final networks. By taking 

the union of the networks from different structural measures, it can generate a comprehensive 

structural reading networks, both positive and negative, which is useful to understand the 

contribution of different areas to reading ability, structurally. In addition, the independent 

networks identified by different brain measures, which are useful to study the contribution of 

particular measure of brain areas, are also visualized. 

Reading-related connection density 

Reading-related connection density was calculated to investigate the consistency of 

reading-related areas and connections obtained from our data-driven approach. Here the 

analysis was done only in .05 p-value thresholds to cover all the levels in the networks. Suppose 

Fc,0.05 = (fc,1, fc,2, . . . , fc, Nr) is the feature mask of a connection measure from LOOV using .05 

as p-value threshold, where fc,1 is the feature mask of the first iteration and Nr is the number of 

training participants. Different from area measures, each feature mask derived from connection 

measures consists in a 360 x 359 binary matrix. Next, these feature masks were converted to 

smaller 5 x 5 matrices, where 5 represents 5 different levels, with the 5th level being the non-

correlated Region. The conversion was performed by first assigning 360 areas to 5 levels, in 

which each cell in the 5 x 5 matrices contained several cells of the 360 x 359 matrix. Then, the 

value of each cell in the 5 x 5 masks was determined by counting the number of ‘1’ elements 

(features) in the 360 x 359 matrix within the cells.  This step resulted in Fc,0.05 = (fc,1, fc,2, . . . , 

fc, Nr), where bold letters indicate the smaller 5 x 5 matrices. By averaging the feature masks 

across participants, the final feature mask was obtained as F^c,0.05 =mean (fc,1, fc,2, . . . , fc,Nr). 
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It must be noted that F^c,0.05 is a 5 x 5 matrix representing the number of connections within 

each level and between levels in the feature mask. Finally, the reading-related connection 

density was calculated by dividing the number of connections from each level by the number 

of possible connections from that level. The number of connections of each level can be 

calculated as the sum of each row in F^c,0.05. The number of possible connections was obtained 

by the number of nodes in each level multiplied by 359, since an atlas with 360 areas was used. 

The number of nodes is the number of brain areas in each level, as represented in the 360-atlas. 
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3.3 Results 

3.3.1. Predicting Reading Ability from Whole Brain Measures 

 

Figure 3.4. Prediction of reading scores using structural and functional brain measures.   

(A) Leave-one-out validation (LOOV) in the training set Nr and (B) novel-prediction in the independent testing 

set Nt, using different measures represented by different color bars for the positive and negative masks. Some bars 

are missing because the prediction cannot be done since there are no features after thresholding.  Blue and red 
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dashed lines in (B) denote the best predictions using single measures from positive and negative feature masks, 

respectively. ‘Multiple Measures’ represents the combination of measures (C, D) Scatter plots of actual and 

predicted reading scores calculated using all measures in positive and negative feature masks, respectively. The 

plots show that including more areas in the feature mask (higher p-value threshold = .05) results in better 

prediction than fewer areas (smaller p-value threshold = .01). * above the bar indicates that the prediction has p-

value < .001. 

Table 3.1. Prediction Results using (a) LOOV and (b) novel-prediction. 

(A) 

Brain Measures 

p-value threshold 
0.001 

p-value threshold 
0.005 

p-value threshold 
0.01 

p-value threshold 
0.05 

Positive 
Features 

Negative 
Features 

Positive 
Features 

Negative 
Features 

Positive 
Features 

Negative 
Features 

Positive 
Features 

Negative 
Features 

Thickness 
N/A N/A N/A N/A [0.1221*] [-0.0424; 

0.345] 
[0.1779*] [0.0564; 

0.2087] 

Myelin 
N/A N/A [0.2031*]   [0.2081*]    [0.0727; 

0.105]  
[0.1475*] [0.2113*] [0.1867*] 

Cortical Folding [0.2657*] [0.2107*] [0.1393*] [0.2074*] [0.1326*] [0.2361*] [0.2011*] [0.2198*] 
Structural 
Connectivity 

[0.1855*] [0.3047*] [0.1913*] [0.1407*] [0.0824; 
0.0657] 

[0.2381*] [0.1857*] [0.2217*] 

Functional 
Connectivity 

[0.1203;   
0.0071] 

N/A   N/A [0.1290;   
0.0039] 

[0.0226;   
0.6140] 

[0.1055;   
0.0184] 

[-0.0109; 
0.8089] 

[0.0861;   
0.0545] 

[0.0061;   
0.8910] 

 

(B) 

Brain 
 Measures 

p-value threshold 
0.001 

p-value threshold 
0.005 

p-value threshold 
0.01 

p-value threshold 
0.05 

Positive 
Features 

Negative 
Features 

Positive 
Features 

Negative 
Features 

Positive 
Features 

Negative 
Features 

Positive 
Features 

Negative 
Features 

Thickness 
N/A N/A N/A N/A [0.0116; 

0.7954] 
[0.1339*] [0.0119; 

0.7905] 
[0.1421*] 

Myelin N/A N/A [0.1044; 
0.011] 

[0.0263; 
0.5582] 

[0.1216*] [0.0762; 
0.0890] 

[0.1282*] [0.1057; 
0.0107] 

Cortical Folding 
[0.0608; 
0.1750] 

[0.0758; 
0.091] 

[0.1039; 
0.02] 

[0.1236*] [0.1238*] [0.1314*] [0.1431*] [0.1460*] 

Structural 
Connectivity 

[0.1343*] [0.1069;   
0.0169] 

[0.1187;   
0.0080] 

[0.1418*] [0.1421*] [0.1579*] [0.1602*] [0.1650*] 

Functional 
Connectivity 

[0.0998;   
0.0258] 

N/A   [0.0853;   
0.0568] 

[0.0334;   
0.4562] 

[0.0748;   
0.0949] 

[0.0559;   
0.2125] 

[0.0497;   
0.2680] 

[0.0714;   
0.1112] 

Multiple 
Measures 

N/A N/A N/A N/A [0.1609*] [0.1692*] [0.1738*]  [0.2096*] 

Note: Each element in the table represent the prediction performance expressed by [r; p] between actual and predicted scores. 

[r*]: p-value < .001. N/A: no prediction possible since there are no features after thresholding. 

One of the main objectives of this study is to evaluate the performance of several brain 

measures in predicting individual differences in reading ability. The results are depicted in 
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Figure 3.3 for both LOOV within the Nr training participant (A) and novel-prediction with the 

Nt independent testing set (B). The prediction performances are presented as correlation values 

between actual and predicted scores from different brain measures, at different p-value 

thresholds. Different colors and patterns of the bars represent different p-value thresholds and 

feature masks: .001, .005, .01, .05 and positive and negative signs. Some bars are missing at 

some p-value thresholds since all p-values were larger than the thresholds, resulting in zero 

vectors in feature masks. No predictions were possible in such cases. 

In LOOV, the evaluation was performed for 499 participants in the training set, where 

498 participants were used for model training to predict the reading score for the left-out 

participant (see Method). Iteratively, 499 predicted scores from each of the 499 participants 

were obtained. The correlations (r) between predicted and actual reading scores were then 

calculated according to these scores. Quantitatively, this study indicates that structural 

measures, comprising of myelination, sulcus depth, and structural connectivity, show better 

prediction performance with a mean r = .17 for positive features and r = .19 for negative 

features, as compared to functional (connectivity) measures with mean r = .11 for positive 

features and r = .01 for negative features. 

In novel-prediction using the independent test set of Nt = 499 participants, feature 

masks were determined by using the overlapping elements of all 499 feature masks derived 

during LOOV. Subsequently, the resulting feature mask was used to predict 499 novel 

participants. In line with LOOV, structural measures predicted the reading ability with mean 

rs = .11 and .12 for positive and negative features, respectively, whereas functional features 

did worse with mean rs = .08 and .05. All p-values for the predictions are provided in Table 

3.1. Furthermore, this study makes an additional novel prediction by combining all five 

different brain measures in order to predict reading abilities (see Method). As depicted in 

Figure 3.3B, all r values were higher than the best r values obtained using single measures, 
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represented by red and blue dashed lines for positive and negative features, respectively. It is 

presented by r = .17, p < .001 for positive features and r = .21, p  < .001  for negative features, 

all for the .05 p-value threshold and r = .16, p < .001 for positive features and r = .17, p < .001  

for negative features, all for the .01 p-value threshold. Evidently, all four performance measures 

exceed the best performance using single measure shown by the dashed line in Figure 3.3B (r 

= .1602, p < .001 for positive and r = .17, p < .001 for negative features). Figure 3.3C and 3.3D 

shows scatter plots of predictions using multiple measures for both positive and negative 

features, with p-value thresholds of .01 and .05. The figures clearly show a good agreement 

with the previous findings above that increasing p-value thresholds (hence, wider networks) 

result in better prediction performance. 

3.3.2. Reading Networks Identified by Reading-Related Features in Area Measures 

Aside from predicting performance, the reading-related brain features were identified. 

To begin with, four p-value thresholds were used to obtain four different feature masks for both 

positive and negative correlations in the feature extraction step from area measures. Moreover, 

we aimed to group the elements in feature masks, representing brain areas, into different levels 

according to their correlation levels, to form reading networks (see Method).  

Figures 3.4 depicts the final positive and negative reading networks, derived as a union 

from 3 different brain structural measures, where different colors represent different levels. 

The networks are also presented as schematic circular graphs (Figure 3.5 supported by Table 

2.1 for the names of the areas), where the brain areas are displayed as numbers according to 

the 360-atlas. In positive network, the well-known reading-related insular, frontal opercular, 

and lateral temporal cortex (Bolger et al., 2005; Cachia et al., 2018; Cui et al., 2018; Deutsch 

et al., 2005; Vandermosten et al., 2012), especially in the right hemisphere, occupy the Core 

Region and are identified as the most significantly correlated areas. Interestingly, another area 

related to the auditory system is also found in the positive Core Region.  
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 Moreover, negative network includes areas, which are negatively correlated with 

reading scores. The finding that lateral temporal and inferior frontal in the left hemisphere 

occupy the Core Region in negative network, indicates that those areas are most significantly 

correlated (p-value threshold < .001) with reading scores, but in a negative way.  In the present 

analysis the negative network includes the lateral temporal cortex of the left hemisphere the 

sulcus depth of motor and somatosensory cortex.   

 To further analyze the Core Regions of the positive and negative network, anti-

correlation plots of brain measures across areas within the Core Regions and across participants 

between positive and negative networks are presented in Figure 3.6. Since these areas are 

correlated with reading performance in opposite directions, we expected the measures of those 

areas to be anti-correlated. As depicted, this hypothesis indeed holds true for sulcus depth and 

myelination, with strong anti-correlation being found in sulcus depth. However, in cortical 

thickness the expectation was not confirmed.  

3.3.3. Reading-Related Connections 

In addition to area measures, the connection measures were analyzed in terms of reading-

related connection density (see Method). This analysis aimed to evaluate the consistency of our 

data-driven study to find reading-related brain areas and structural and functional connections. 

As previously mentioned, we used measures from the whole brain information without 

specifically targeting known reading-related areas and connections. The overlaps between 

reading-related areas and connections in the present data-driven results support its consistency. 

In this study, connection density was measured in each level of networks determined by area 

measures. 

Figure 3.7 depicts the results of reading-related connection density in different levels 

in both positive and negative networks. Firstly, it must be noted that in this analysis, the non-
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correlated Region is divided into two groups according to positive and negative correlations 

with reading performance, respectively, though the correlations are not significant (p-values 

>.05). Overall, the non-correlated Region have the lowest density of connections that are 

significantly correlated with and predicting reading scores in both positive and negative 

networks. The non-correlated Region are occupied by areas, which are not significantly 

correlated with reading scores for the three area measures (thickness, myelination and sulcus 

depth). Therefore, reading-related connections seem to occur mostly in reading-related areas 

identified by regional structure measures, with higher connection densities inside (Core 

Regions, Extended-Regions 1, Extended-Regions 2, and Extended-Regions 3) than outside 

(non-correlated Region) the networks. Another result shown in Figure 3.7 is that the lowest 

reading-related connection density is located in negative functional networks. It is evident that 

there are very few functional connections, which are negatively correlated with reading scores.  

In addition, the current study also revealed reading-related brain connections, both 

structural and functional, which are visualized in both matrices and brain plots in Figure 3.8 

and Figure 3.9, respectively. Note, the visualizations of the connections of 360 brain areas 

might not be understandable since there are many nodes involved. Therefore, the reading-

related connections are displayed based on the 44-atlas (Figure 3.9). 
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Figure 3.5. Reading networks obtained from area measures. 

Red and blue boxes indicate the Core Regions of positive and negative networks, respectively. In positive 

networks, apart from reading-related areas found in the literature (insular and frontal opercular cortex and lateral 

temporal cortex), the Core Region covers early auditory cortex, most significantly positively correlated with 

reading performance. In the negative networks, somatosensory and motor cortex are Core Region, most 

significantly negatively correlated with reading performance. For more detailed areas of the networks, please refer 

to Figure 2.1 and Supplementary Table 2.1 for the name of brain areas in MMP atlas.  
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Figure 3.6. Reading networks illustrated as circular graphs. 

(A) positive network and (Bb) negative network. The number inside the graphs are brain areas according to the 

360-atlas. For detailed information of the areas, please refer to Supplementary Table 2.1, where numbers 1-180 

represent areas in the right hemisphere, and numbers 181-360 in the left hemisphere. 
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Figure 3.7. Correlation of brain measures across participants between core areas from positive and 
negative networks. 

The measures were averaged over the areas in the Core Regions. 
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Figure 3.8. Reading-related connection density. 

The connection density is calculated based on the 360-atlas, in which the number of connections of each level is 

divided by all possible connections from that level which is the number of nodes in that level times 359. This 

analysis reveals that the density of reading-related connections inside (Core Regions, Extended-Regions 1, 

Extended-Regions 2, and Extended-Regions 3) the networks is higher than outside (non-correlated Region). In 

addition, the negative functional network has the lowest reading-related connection density. 

 

 



55 
 

 

 

Figure 3.9. Matrices of reading-related connections in the 44-atlas. 

The value of each cell represents the connection strength, indicated by the number of connected nodes in 360-

atlas between two areas in the 44-atlas. Firstly, Fc,0.05 = (fc,1, fc,2, . . . , fc, Nr), which is the feature mask of a 

connection measure in 360-atlas from LOOV using .05 as p-value threshold is transferred into the 44-atlas to form  

Fc,0.05 = (fc,1, fc,2, . . . , fc, Nr) where bold indicates that the feature masks are in 44x44 matrix. Finally, the matrix of 

connection strength is calculated by averaging Fc,0.05 across participants. 
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Figure 3.10. Brain-visualized connection matrices.  

For better visualization, only the connections whose values are bigger than threshold are displayed. It must be 

noted that the connection strength is not similarly distributed across measures. Therefore, different thresholds are 

assigned to different measures: Structural positive = 10, structural negative = 10, functional positive = 15, 

functional negative = 5. 

3.4 Discussion and Conclusion 

Reading plays a crucial role in human development in many aspects and in modern societies 

reading skills are commonly the most-trained ability from early age. Through a continuous 

process, learning to read impacts brain development. Environmental factors such as family and 

education background can shape brain structure and function, and differences in brain structure 

and function are related to reading ability (Horowitz-Kraus & Hutton, 2018; Myers et al., 

2014). Inspired by this finding, recent studies emphasize individual differences carried by these 

neural differences. Thus, previous studies (Cachia et al., 2018; Cui et al., 2018) predicted 

individual differences in reading ability by using different structural brain measures. 

Nevertheless, there is a dearth of evidence whether functional measures can predict individual 

differences in reading abilities. In addition, it is not clear, which structural measures best reflect 

individual differences in reading ability and whether combining different measures leads to 

better predictions as compared to single measures. In addition, most previous studies only 

focused on established reading-related areas rather than considering the whole brain. 

 The present study extends the Connectome-based Predictive Model (CPM), proposed 

by previous study (Shen et al., 2017) and widely used in neuroscience and behavioral studies 

(Beaty et al., 2018; Finn et al., 2015a; Hsu et al., 2018). CPM, considered as a hypothesis-free 

method, uses brain connection measures of a large number of participants in order to predict 

their behavior. Briefly, it first extracts behavior-related features in a group study and projects 

these features into individual participants to predict person-wise performance. In the present 
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study, CPM was extended to measures of both areas and connections of 998 participants from 

the HCP project, who were all native speakers of English. The area measures covered 

myelination, cortical thickness, and sulcus depth across the whole brain, divided into 360 areas. 

The connection measures included both structural and functional connectivity. Reading 

performance was assessed with a standard test of reading aloud a list of English words. Overall, 

in both LOOV within the training participants and novel-prediction with independent testing 

participants, structural measures were better able than functional measures to predict reading 

abilities. Specifically, structural connectivity and sulcus depth were the measures with the best 

prediction performance. This finding agrees with the report of  (Cachia et al., 2018), that sulcus 

characteristics predicted reading performance. On the other hand, our results suggest that 

functional measures, in terms of resting-state connectivity, was least predictive of reading 

performance when compared to structural measures. This finding is supported by previous 

studies, which successfully used structural information to predict reading ability, such as white 

matter volume (Myers et al., 2014), grey matter volume (Cui et al., 2018), and sulcus pattern 

(Cachia et al., 2018). However, it is worth to note that our study used resting-state fMRI as 

functional information. Thus, further study using task-fMRI is needed to fully evaluate the 

power of functional information to predict reading ability. 

In addition, comparing the r values (correlation between predicted and observed 

reading scores) from different p-value thresholds in feature selection shows that, in novel-

prediction from myelination and sulcus depth using positive features, increasing p-value 

threshold also increases r values. Using features with small p-value threshold means that only 

more significantly correlated elements are considered to predict the reading ability. Therefore, 

the results suggest that expanding the predictive features by taking also lower-correlated 

features into account improves the prediction performance. These results therefore suggest that 

reading might be highly related to some brain areas, but can be better predicted by including 



59 
 

also other less correlated areas, indicating an extended reading-related brain network. This 

study also combined a wider range of brain measures. Importantly, including multiple measures 

significantly improved the overall prediction performance relative to single measure, 

suggesting that the reading abilities are influenced by multiple structural properties in the 

reading-related networks. 

 Aside from predicting reading performance from overall brain measures, the 

prediction-relevant features of area measures can be used to identify reading-related brain 

networks. Thorough reviews by (Carreiras et al., 2014; Dehaene et al., 2015) insist that reading, 

as a complex task, involves a number of different brain areas and functions. Both reviews agree 

that the visual, phonological, orthographic and semantic systems play important roles in the 

reading process. These systems are represented by occipital cortex, supramarginal gyrus, 

fusiform gyrus, and anterior temporal cortex.  Inspired by finding large reading-related brain 

systems in the prediction step, we made an attempt to interpret the features obtained in order 

to get a wider view of reading-related brain areas and connections. By engaging different p-

value thresholds, reading-related areas were grouped into 5 levels according to the correlation 

levels to the reading score to form positive and negative reading networks. The first level, 

named Core Regions, was defined by most significantly correlated areas, while the 5th level, 

termed non-correlated Region, captured all non-correlated areas. Interestingly, the reading-

related areas identified in the literature, that is, insular and frontal opercular cortex and lateral 

temporal cortex, were also found in the Core Regions revealed by our analyses.  

 An interesting, and maybe arguable finding of the present study concerns the 

lateralization of the reading networks. As shown in Figure 3.4, the reading networks involve 

both hemispheres. Many previous studies found that reading is left-lateralized, composed by 

phonological and orthographic systems, involving Broca’s frontal area and left fusiform gyrus, 

respectively (Vandermosten et al., 2012). In addition, the left fusiform gyrus, also known as 
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visual word form area (VWFA), was found to have important role in reading whole words 

(Dehaene & Cohen, 2011). However, the idea of strict left-lateralization of reading has been 

moderated by numerous later findings of the additional involvement of the right hemisphere 

(Elliott & Grigorenko, 2014; Hartwigsen & Siebner, 2012). 

 By using a data-driven approach, the present study was not limited by any prior 

hypothesis, including the left-lateralization of reading. Indeed, our results indicate that reading 

involve both hemispheres. Involvement of the right hemisphere in reading has been directly 

demonstrated with transcranial magnetic simulation (TMS) (Hartwigsen & Siebner, 2012). 

Recently, (Kershner, 2020) suggested that both hemispheres cooperate to shape the reading 

process in different frequency domains of the acoustic speech envelope. A study using event-

related fMRI (Bozic, Tyler, Ives, Randall, & Marslen-Wilson, 2010) showed that the variation 

of linguistic-complexity and nonlinguistic complexity in reading activated the left hemisphere 

and both hemispheres, respectively. In addition, the contribution of the right hemisphere to 

lexical processing shapes individual differences in reading ability (Weems & Zaidel, 2004). 

For a review of the contribution of the right hemisphere - including prefrontal and more 

posterior and temporal areas - in language comprehension, which is also related to reading, 

especially metaphor and connotation comprehension, please see (Brownell, 2000) . 

 Reading involves a multitude of cognitive (sub-)processes with more or less specific 

neural substrates. The hemispheric lateralization of these substrates may differ, e.g., as a 

function of the sub-process in question, and other factors, such as sex and handedness, general 

and may vary across participants. In general, our finding of the differential involvement of both 

hemispheres in neural correlates of reading, support the idea that both hemispheres contribute 

to reading but in quite specific ways. Thus, the contributions of the two hemispheres to shaping 

reading ability (or, more globally, language) can also be interpreted as competition or 

cooperation between hemispheres. Cooperation of hemispheres may be reflected in 
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corresponding networks that show the same (positive) polarity in both hemispheres (see the 

middle panel in Figure 3.4). However, the present study seems to demonstrate competition 

between hemispheres, in corresponding network regions of different polarity, in particular in 

lateral temporal and inferior frontal cortex. This finding is supported by a previous study 

reporting competition effects between hemispheres in information processing (Olk & Hartje, 

2001). However, it must be noted that, while using different brain measures, the present study 

engaged only a single reading test to develop reading networks. Further study implementing a 

data-driven approach to a more elaborate reading test is needed to evaluate the detailed roles 

of left and right hemispheres, and their interactions in reading.  

Beyond the confirmation of reading related brain systems suggested in the literature, 

we found the auditory cortex in the Core Region to be positively correlated with reading scores. 

Some studies showed the auditory system to be related to reading (Pugh et al., 2013; Yao, 

Belin, & Scheepers, 2011). However, in previous studies, the details of this relationship were 

not very clear. The present findings suggest that the structural measures, that is, sulcus depth 

in auditory areas are positively correlated with reading scores, that is, deeper sulci in auditory 

cortex are related to better reading ability. This finding might provide new insight how 

structural properties in auditory areas relate to cognitive abilities, especially reading. It is 

supported by the fact that persons who are good at hearing, might have better ability at 

pronouncing words (Vineyard & Bailey, 1960). Additionally, the finding aligns with the role ascribed 

to phonological awareness in reading acquisition (Ziegler & Goswami, 2005). 

Another novel and interesting finding is captured in the negative Core Region, where the 

sulcus depth of right motor cortex was found to be significantly negatively correlated with 

reading scores.  It is currently debated whether the motor cortex has a special role in the reading 

process. On the one hand, a fMRI study (Dreyer & Pulvermüller, 2018) showed that the motor 

cortex is not only activated by concrete action verbs, but also by abstract words. Additionally, 
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(Pattamadilok, Ponz, Planton, & Bonnard, 2016) found that the dorsal premotor cortex, known 

as a primary area for writing, also has a functional role in reading. In contrast, using multi-

voxel pattern analysis, lack of somatotopic activation in motor cortex during the reading of 

action verbs was reported by (Zhang, Sun, & Wang, 2018). On the other hand, in our analysis, 

the myelination of primary left hemisphere somatosensory cortex was placed in positive 

Extended-Region 2. It agrees with the review from (Bohland, Tourville, & Guenther, 2019), 

which summarized that oral reading performance is strongly related to left motor and 

somatosensory cortex activity. Together, the present study suggests that, in terms of structural 

measures, somatosensory cortex of the left hemisphere is positively correlated with reading 

ability, whereas in the right hemisphere, it is negatively correlated with reading ability. 

However, it is still difficult to relate the finding of the present study regarding the correlation 

of structural measures in motor and sensory cortex with reading ability, especially in areas 

negatively related to reading. This issue needs further study, possibly using a longitudinal 

approach to investigate the changes in motor cortex structural measures during reading 

acquisition.  

 Moreover, the other levels reveal wider reading-related areas known to be involved in 

other tasks. Consistent with (Dehaene et al., 2015), visual areas occupy Extended-Region 1 and 

Extended-Region 2, indicating the contribution of  visual areas to reading. Although they are 

not Core Region, these areas are positively correlated with reading performance and, therefore, 

contribute to the reading ability of the participants. This finding is plausible – if not trivial – 

since reading written words requires visual processing of these words.  

In addition, there are also language-related areas, especially semantic areas, in reading-

related networks. These areas, including inferior frontal gyrus, inferior temporal gyrus, and 

superior temporal gyrus (Bolger et al., 2005; Friederici, 2018), are located in the Core Region 

and Extended-Region 3. Reading and language are highly related abilities, as demonstrated by 
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the fact that reading performance for native language is usually better than for a foreign 

(second) language. 

  Detailed analysis on positive and negative Core Regions indicated that anti-correlation 

of brain measures between areas with different polarity holds for sulcus depth and myelination, 

but does not hold for cortical thickness (Figure 3.6). This is explainable by the fact that, unlike 

for other measures for sulcus depth (Figure 3.5), there are some brain areas ascribed to the Core 

Regions. By being situated within the Core Regions, sulcus depth of these brain areas is most 

highly correlated with reading scores (positive correlation in positive Core Region and negative 

correlation in negative Core Region), and consequently they are also highly anti-correlated. On 

the other hand, the measures of myelination and thickness do not have high correlations with 

reading scores (no areas with p-value < p-value threshold .001), thus there are no areas 

occupying Core Regions for myelination and thickness (SI Fig. 2). Thus, the areas located in 

the Core Regions of sulcus depth could have weak or even non-significant reading-correlations 

in terms of myelination or thickness measures. Consequently, brain areas belonging to positive 

and negative Core Regions may have only weak anti-correlations for myelination (Figure 3.6B) 

or even positive correlations for thickness (Figure 3.6C), despite having marked anti-

correlations for sulcus depth. This result shows that brain measures in some areas may represent 

individual differences, but some can be strongly correlated (positive correlation, represented 

by the correlation within positive or negative Core Regions) or anti-correlated (negative 

correlation, represented by the correlation between positive and negative Core Regions), which 

might be interesting to provide more explanation of co-variance of brain measures which 

carries functional behaviors, as studied by (Alexander-Bloch, Giedd, & Bullmore, 2013; Z. J. 

Chen, He, Rosa-Neto, Germann, & Evans, 2008). 

 A possible account for the anticorrelation of certain areas across hemispheres may 

relate to the partial dependency of hemispheric laterization on handedness. Whereas the 
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majority of right-handed and some left-handed individuals show left-hemisphere dominance 

for language, some left-handers show right-hemisphere dominance (Ocklenburg et al. 2014 for 

a recent review).   To assess the extent to which the present findings about the reading networks 

and their hemispheric lateralization, we reran our analyses just for right-handers after having 

excluded the left-handed participants. Among Nr = 499 participants which were used as 

training participants, 31 participants were left-handers. Therefore, in a supplementary analysis 

of only right-handed participants, Nr = 458 participants were used to develop reading networks 

with the same approach (see Methods). The reading networks derived from this analysis is 

shown in Figure 3.10. The result indicates that the reading networks developed by only using 

right-handed participants were similar with the reading networks developed from both right 

and left-handed participants (see Figure 3.4). Specifically, the areas grouped in Core Regions 

were identical in both reading networks, with or without left-handed participants. The figure 

also indicates the anticorrelation of certain areas across hemispheres which were also found in 

reading networks developed with both right and left-handed participants. The results therefore, 

confirm that the findings of the present study in terms of reading networks and the contribution 

of both hemispheres are not affected by handedness. 

Aside from the reading networks, the present study also identified reading-related 

connections. The motivation is to evaluate the property of reading networks in terms of reading-

related connections. By introducing connection density analysis, we found that the non-

correlated Region has the least connection density than other levels. Physically, this means that 

although there are many nodes in the non-correlated Region, the number of reading-related 

connections is scarce. In contrast, the Core Regions is the densest level in both positive and 

negative networks, indicating that most reading-related connections involve nodes of the Core 

Regions. These overlapping results between area and connection measures underscore the 
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consistency of the present data-driven approach. As mentioned, this study extracts features 

from area and connection measures independently, without any prior hypothesis. 

Moreover, the detailed analysis on reading-related connections reveals some interesting 

findings. Supplementary Figure 3.8 captures the common reading-related structural and 

functional connections. For better visualization, Supplementary Figure 3.9 neuroanatomically 

visualizes these connection matrices with some thresholds. Generally, Supplementary Figure 

3.8A and 3.8B indicate that reading-related positive structural connections are dominated by 

connections in the left hemisphere, while the negative structural connections are dominated by 

the connections in the right hemisphere. Detailed analyses in structural positive connections 

revealed that more connections are present between reading-related areas, Insular and Frontal 

 

Figure 3.11. Reading networks developed from training participant excluding the left-handed 
participants (Nr = 458). 

In this analysis, the same group of training participants, excluding the left-handed participants, was engaged to 

develop the reading networks using the identical approach (see Methods). Initially, the number of training subjects 

was Nr = 499 and the number of the left-handed participants was 31. Therefore, in this analysis, the number of 

training participants was Nr = 458 participants. The result indicates the similar reading networks with the initially 

found reading networks by including both right and left-handed participants (see Figure 3.4). Specifically, the 

Core Regions, both positive and negative, are identical in both reading networks, with or without the left-handed 

participants. Therefore, this result confirms that the finding of the current study in terms of reading networks and 

the contributions of both hemispheres in reading are not notably affected by including the left-handed participants. 
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 Opercular Cortex and Superior Parietal Cortex, located in the Core Region and 

Extended-Region 3. Interestingly, these reading-related areas are also connected with other 

areas, such as prefrontal areas, known to be related to attention and executive control, and 

visual areas. This finding, once again, agrees with (Dehaene et al., 2015) in demonstrating the 

connection between visual and reading areas. On the other hand, structural negative 

connections show more wide-spread connections. As identified above, reading tends to activate 

certain areas, which is also supported by the connection of those areas. Stronger connections 

between different areas might interfere or compete with the reading processes, leading to or 

being related to worse reading performance. Another finding is that most functional positive 

reading-related connections appear in parietal and frontal cortex in both hemispheres. These 

areas are known to be responsible for higher-order cognitive functions. Finally, although it has 

the least reading-related connections, the negative functional connections are dominated in the 

right hemisphere, which agrees with the finding of reading-related negative structural 

connections. It is important to note that this study analyzes the relationship between structural 

and functional connections and behavior, but does not directly compare the relationship 

between functional and structural connections. However, the findings might provide some 

initial perspective for future research on this topic, emphasizing that in general, the connections 

between brain areas could carry more information regarding behavioral traits.   

 Finally, some limiting issues in this study might be addressed in future studies. First, it 

must be noted that CPM used in this study engages a fully linear approach to extract features 

and predict behavioral scores. Treating the data linearly is useful for easy interpretation, 

however it might not capture more sophisticated or nonlinear relationships between features 

and behavior, resulting in lower prediction performance. This lower prediction performance is 

typical in previous studies using CPM as a linear approach. For example, previous studies 

predicted neuroticism and creativity scores from fMRI and obtained correlation coefficient of 
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0.1 to 0.2 (Beaty, Benedek, Silvia, & Schacter, 2016; Hsu et al., 2018). On the other hand, 

nonlinear modelling is an emerging topic in data analysis, including neuroscience (Jang et al., 

2017; M. Liu, Cheng, Wang, & Wang, 2018), especially in reading ability (Cui, Xia, Su, Shu, 

& Gong, 2016; Hoeft et al., 2011). These works, engaging nonlinear machine learning 

approach, provided higher accuracy in prediction. However, the features are prone to be 

uninterpretable. A trade-off between prediction performance and feature interpretation is a 

future direction in both neuroscience and data analysis. A review from (M.-A. T. Vu et al., 

2018) suggests that machine learning has the capability to take an important role in this issue, 

considering that the data collections are continuously growing and freely available.  

Second, although the findings are suggestive of the capability of brain measures to predict 

reading scores, the causal relationship that learning of reading shapes the development of brain 

structures is not evident. It needs a longitudinal study which measures both brain structure and 

reading skill developments over time. Some previous studies  (Maximo, Murdaugh, O’Kelley, 

& Kana, 2017; Myers et al., 2014; Simon et al., 2013) performed longitudinal studies to learn 

how brain is developed during learning of reading. However, those studies only focused on 

either a single measure or specific brain areas related to reading. A longitudinal study that takes 

multiple measures from the whole brain is likely to give a more complete information of brain 

development influenced by learning of reading. In addition, a longitudinal study might evaluate 

the consistency of the findings of the current study, which was done only in young adult group.  

Third, the present study only performed analyses of a single behavioral score measuring 

reading ability from the TORRT test. Although being done in single test, we observed some 

new insights of reading-related networks. The findings, such as the predictability of structural 

information for reading scores and the contribution of left and right hemispheres to the reading 

process, lead to new knowledge regarding the reading process, which can be useful to design 

future experiments to evaluate how the brain processes reading. Furthermore, the study can be 
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extended by combining different tests on reading to obtain a better and more differentiated 

understanding of the reading ability. In addition, involving more samples with different literacy 

or with reading disorders, would help to support and extend the findings in this study.  

 In summary, we used a data-driven approach to extract reading-related features and 

predict individual reading scores from several whole brain measures. A data-driven approach 

does not require initial hypotheses to determine reading-related areas. The reading-related areas 

were determined by engaging linear correlations between brain measures and reading scores 

from a large number of participants (N = 998). This analysis allowed to predict reading 

performance from functional and structural brain measures. In addition, our results suggest that 

by combining the measures, better prediction performance is achieved than from single 

measures. Further analysis of reading-related features revealed positive and negative reading 

networks. These networks comprise reading-related areas, grouped at different levels according 

to their correlation levels with the reading score. Reading-related areas also found in previous 

studies occupy the Core Region of the positive network, where the correlation with reading 

scores are highest. Other areas related to auditory and motor systems were also found in Core 

Regions of both positive and negative networks. This finding suggests that reading involves 

wider areas than those found in previous neuroscientific studies of reading. Connection 

measure analyses revealed that connection density inside the reading networks is higher than 

outside the reading networks. This finding is also evidence for the consistency of the data-

driven approach, since the area and connection analyses are conducted independently and 

without prior hypothesis. Finally, this study contributes to providing future directions for 

further study in reading, in terms of the contribution of right hemisphere to reading process, 

correlation between motor and auditory areas with reading development, and neuroscience 

study in general by extending method interpretation which takes into account both area and 

connection measures in behavior-related brain network investigations. 
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Chapter 4 What the Structural Brain Properties Tell Us about the 

Ontology of Human Intelligence   

4.1 Chapter Introduction 

This Chapter aims to answer open question 2 and to fulfill objective 2 working on the 

implementation of data-driven approach to improve the understanding on how brain is 

organized to control several behavioral outcomes. This Chapter focuses on cognitive ability 

structure explaining the association among several behavioral outcomes and how it is reflected 

in brain structural properties. This Chapter, presented in the form of manuscript where I am the 

first author, is going to be submitted for publication. In this work, my contributions are 

proposing the idea, doing the data analyses, and writing the manuscript. The co-authors have 

agreed to include the results in this thesis. 

Traditionally, research on human intelligence aims at describing, measuring, and classifying 

cognitive abilities and unveiling their ontological structure by means of inter-individual 

covariations of performance across multiple tasks. Since the synthesis model known as Cattell–

Horn–Carroll (CHC) theory of cognitive abilities has been compiled and disseminated 

(McGrew, 2009), there is relatively wide ranging consensus on the psychometric ontology of 

intelligence, notwithstanding some caveats (Schulze, 2005). According to the CHC model, 

stratum I comprises many different specific tasks, requiring maximal performance expressed 

as speed or/and accuracy. Stratum II comprises broad latent abilities, for example fluid 

reasoning (Gf), comprehension-knowledge (Gc, also called crystallized intelligence), short-

term memory (Gsm), long-term storage and retrieval (Glr), and cognitive processing speed 

(Gs). These broad, domain-specific abilities are all positively associated. The CHC model 

accounts for this positive manifold by assuming a general factor of intelligence (g) at stratum 

III.  A somewhat separate literature on ontological entities of human intelligence concerns 
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executive functions (EF). Most suggestions about the ontological entities of EF derived from 

psychometric tasks, encompass the abilities of working memory, shifting and inhibition (e.g., 

(Miyake et al., 2000)).  

More recent research investigates the mechanisms underlying the ontological entities of human 

intelligence. Most prominent is the quest for the brain basis of the purported cognitive abilities. 

Initially, studies focused on stratum I to understand the neuroanatomical basis and neural 

mechanisms for mastering specific cognitive tasks. Following this research direction, 

connectome-based predictive modeling (CPM) (Finn et al., 2015a; Shen et al., 2017) – a 

method to map brain properties and performance score of specific cognitive task – was quickly 

taken up by other studies (Beaty et al., 2018; Cui et al., 2018; Daniel Kristanto et al., 2020). In 

a further step research is taking aim  on latent cognitive abilities at stratum II in the CHC model 

when mapping the brain structure and activity to mental functions (Barbey, 2018; Colom, Jung, 

& Haier, 2006; Dubois, Galdi, Paul, & Adolphs, 2018; Jung & Haier, 2007; Kovacs & Conway, 

2016; Mianxin Liu, Liu, Hildebrandt, & Zhou, 2020; Román et al., 2014). Such studies are 

highly valuable when it comes to providing a neuro-functional and neuro-structural explanation 

of the ontological entities of human intelligence beyond specific tasks. 

In the contrary of those emerging studies, the behavioral neuroscience community did not 

sufficiently appreciate the psychometric desiderata, especially with respect to the warning 

expressed very early on by Cronbach and Meehl (1955) on not conflating psychological 

constructs with the one or the other of their operational measure (Cronbach & Meehl, 1955). 

Specifically, they asked for distinct indicators of brain property to support the existence of the 

psychological constructs (Lenartowicz et al., 2010). The availability of large-scale databases 

enables an alternative approach which explores the ontological entities of human cognition on 

the basis of brain properties, and does not take the established psychometric entities for granted 

(Poldrack & Yarkoni, 2016). For example, Bolt and colleagues explored the latent factors 
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revealed by brain activation observed when performing a series of cognitive tasks (Bolt, Nomi, 

Yeo, & Uddin, 2017). Unfortunately, Bolt et al. did not systematically discuss the consistency 

and disparity between their brain-derived ontology and those established in psychometric 

research. Here we argue that such direct comparisons are necessary towards a better 

substantiation of the ontology of human cognition, which should accommodate both, the 

covariance structures of task performance, as well as the brain networks producing these 

abilities (Anderson, 2015; Poldrack & Yarkoni, 2016). In addition, most previous studies only 

focused on brain networks representing the ontological entities without exploring how the 

features of those brain networks explain the mechanism underlying the ontology of human 

cognition. 

The present study contributes to establishing a formal ontology for psychology, behavioral 

neuroscience and their applied disciplines (see (Poldrack & Yarkoni, 2016)). We explore the 

structure of human abilities in the areas of intelligence and executive function (further termed 

intelligence to cover intelligence and executive function in this paper) derived on the basis of 

brain structural properties, including thickness, myelination, curvature, and sulcus depth, 

associated with performance in 15 different psychometric tasks, and compare them with a 

purely performance-derived ontology. Specifically, we ask to what extent brain-based 

ontologies are consistent and disparate from the psychometrics-based ontologies in terms of 

inferred latent abilities (stratum II) reflected from the overlapping brain areas related to 

cognitive tasks (stratum I). Further, to support the differentiation and the existence – as 

suggested by (Lenartowicz et al., 2010) – of the inferred latent abilities, we expected that the 

brain areas related to the inferred abilities of brain-based ontology to be segregated (have no 

overlaps. If this is the case, we further inquire how the segregated ability-related areas are 

coupled through the underlying network connectivity to form positive manifold that leads to 

higher ability.  
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4.2 Materials and Methods 

4.2.1. Materials 

Participant 

This study was conducted on the publicly available data from the WU-Minn Human 

Connectome Project (HCP), covering several magnetic resonance imaging (MRI) modalities, 

including resting-state functional MRI, diffusion MRI, and structural MRI (Van Essen et al., 

2013a). The HCP database also provides demographics and performance measures on several 

cognitive tasks challenging different domain specific abilities. Of initially 1206 participants 

available in the HCP database, after removing those with incomplete brain imaging and/or 

cognitive tasks data, a sample of N = 838 (449 females, 760 right-handers, and 3 ambidextrous) 

individuals could be compiled. Their age ranged from 22 to 35 years. For more detailed 

information including the data acquisition protocols of the HCP we refer to the project’s 

website (https://www.humanconnectome.org/). The local ethics committee of Washington 

University approved the HCP study. 

Brain structural properties 

We considered four structural properties of the brain, derived from structural MRI: thickness, 

myelination, curvature, and sulcus depth, presented in MMP atlas where the brain is divided 

into 360 areas. For the connectivity analyses, we used structural connectivity based on white 

matter projections. Please refer to Chapter 2 about structural and diffusion MRI for the detailed 

information on brain properties and about brain parcellation. 

Cognitive tasks 

Performance in 15 cognitive tasks entered the present analyses. The tasks were adopted from 

the task-evoked fMRI measurement (in scanner test), NIH Toolbox and Penn Computerized 

Cognitive Battery (Barch et al., 2013; Dubois et al., 2018; Van Essen et al., 2013b), and were 

https://www.humanconnectome.org/
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selected by the HCP as a representative set of tasks covering the most broadly investigated 

domain specific abilities at stratum II according to the CHC (see the Chapter Introduction 

Section). Table 4.1 provides a summary of the tasks grouped into different stratum II abilities 

(please refer to Table 2.2 for the detailed description of the tasks). We also included executive 

function (EF) as a domain specific ability (Zink, Lenartowicz, & Markett, 2021) because it 

plays a crucial role in human cognition and has pivotal diagnostic relevance for many mental 

conditions.   

Table 4.1. Cognitive tasks and associated domain specific abilities. 

Domain specific abilities Tasks 

Fluid Reasoning (Gf) Raven’s Progressive Matrices (Gf1) 

Spatial Orientation Processing (Gf2) 

List Sorting Working Memory (Gf3) 

Comprehension Knowledge 

(Gc) 

Oral Reading Recognition Test (Gc1) 

Vocabulary Comprehension (Gc2) 

Memory (Gm) Verbal Episodic Memory (Gm1) 

Picture Sequence Memory (Gm2) 

Executive Function (EF) Dimensional Change Card Sort - Color (EF1) 

Dimensional Change Card Sort - Shape (EF1) 

Flanker Inhibitory Control and Attention Task – Congruent 

(EF3) 

Flanker Inhibitory Control and Attention Task – Incongruent 

(EF4) 

Processing Speed (Gs) Pattern Comparison Processing Speed (Gs1) 

Sustained Attention (Gs2) 

Relational Processing 1 (Gs3)* 
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Relational Processing 2 (Gs4)* 

Note. * means that the tasks were performed during the fMRI scan (in-scanner tasks). Please refer to Table 2.2 in 

Chapter 2 about cognitive tasks in HCP project for detailed information of each task. 

The indicators Gf1, Gf2, Gf3, Gc1, Gc2, Gm1, Gm2 were accuracies or performance scores 

assessed by examiner (Weintraub et al., 2013), whereas the abilities in tasks EF1, EF2, EF3, 

EF4, Gs1, Gs2, Gs3, and Gs4 were evaluated using inverted reaction times of correct 

responses, indicating the number of trials correctly solved per second. All performance 

indicators were standardized. Note that for all tasks, higher values correspond to better 

performance. 

4.2.2. Methods 

Identifying task-related brain areas 

We identified task-related brain areas for each of the 15 tasks by correlating structural 

properties of the 360 brain areas with task performance scores across individuals. The CORR 

function in MATLAB (https://www.mathworks.com/help/stats/corr.html) was applied to 

determine the Pearson correlation coefficients. This analysis, for a given brain property and 

task, resulted in one correlation value in each cortical area. For all tasks and the four brain 

properties there were thus fifteen times four correlation values for each cortical area. The 

CORR function additionally provides p-values. A thresholding of p < .05 was applied to select 

relevant brain areas associated with a given task. Thus, brain areas which were significantly 

correlated with task performance were regarded as task-related brain areas. These were then 

split according to the sign of the correlation into positive versus negative task-related brain 

networks. 

Since data mining was applied on four brain structural properties, for each cognitive task four 

sets of task-related brain areas were obtained, all split into positive and negative networks. For 

https://www.mathworks.com/help/stats/corr.html
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a multimodal representation, we then determined the union of these sets of task-related brain 

areas across the four brain structural properties. Thus, to qualify as task-related, a given brain 

area needed to be significantly correlated with the task score in at least one of the four 

properties. Note that there is a case where certain brain areas were positively correlated with 

task performance in one structural brain property and negatively in another property. In this 

case, such areas appear in both positive and negative networks of task-related brain areas. The 

obtained positive and negative brain networks for each of the 15 tasks were submitted to 

subsequent analyses.  

Quantifying the overlap of task-related brain areas 

The task-related brain areas were not exclusive to single tasks and, therefore, overlapped across 

some tasks. We thus aimed to quantify the overlap for every pair of tasks by employing a long-

standing index termed Intersect Over Union (IOU) (Jaccard, 1912). The IOU is still widely 

used to measure the similarity between sample sets. In our case, the IOU of two tasks was 

calculated as the ratio between the number of common brain areas related to both tasks and the 

total number of distinct brain areas in the two tasks, simply expressed by: 

𝐼𝐼𝐼𝐼𝐼𝐼 =

 #𝑜𝑜𝑜𝑜 𝑐𝑐𝑜𝑜𝑐𝑐𝑐𝑐𝑜𝑜𝑐𝑐 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 𝑏𝑏𝑎𝑎𝑏𝑏𝑏𝑏𝑎𝑎𝑎𝑎𝑐𝑐 𝑏𝑏𝑎𝑎𝑎𝑎𝑡𝑡𝑎𝑎 𝐴𝐴 𝑎𝑎𝑐𝑐𝑎𝑎 𝐵𝐵
#𝑜𝑜𝑜𝑜 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 𝑎𝑎𝑎𝑎𝑟𝑟𝑎𝑎𝑏𝑏𝑎𝑎𝑎𝑎 𝑏𝑏𝑜𝑜 𝑏𝑏𝑎𝑎𝑎𝑎𝑡𝑡 𝐴𝐴+ #𝑜𝑜𝑜𝑜 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 𝑎𝑎𝑎𝑎𝑟𝑟𝑎𝑎𝑏𝑏𝑎𝑎𝑎𝑎 𝑏𝑏𝑜𝑜 𝑏𝑏𝑎𝑎𝑎𝑎𝑡𝑡 𝐵𝐵− #𝑜𝑜𝑜𝑜 𝑐𝑐𝑜𝑜𝑐𝑐𝑐𝑐𝑜𝑜𝑐𝑐 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 𝑏𝑏𝑎𝑎𝑏𝑏𝑏𝑏𝑎𝑎𝑎𝑎𝑐𝑐 𝑏𝑏𝑎𝑎𝑎𝑎𝑡𝑡𝑎𝑎 𝐴𝐴 𝑎𝑎𝑐𝑐𝑎𝑎 𝐵𝐵

 . 

Considering that 15 cognitive tasks were involved in the analyses, the computation of IOU 

indices of all task-pairs resulted in a 15 x 15 IOU matrix. IOU calculation was applied for 

positive and negative networks, respectively. Thus, we obtained two 15 x 15 IOU matrices. 

Since the task-related brain areas were based on the correlations between performance and 

brain properties, we emphasize that the IOU matrices reflected the covariance structure of pair 

of tasks across participants. 

Exploring the structure of IOU matrices  
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We aimed to compare the cognitive ontologies derived from the structure of IOU matrices of 

task-related brain areas with the structure of cognitive abilities established by covariance 

structure analyses of task performance scores. To this purpose, we used three different 15 x 15 

matrices indicating the association of all tasks or overlap of task-related brain areas: (i) 

correlation matrix of performance scores across all tasks, (ii) a positive IOU matrix, and (iii) a 

negative IOU matrix of task-related brain areas. 

First, we applied Confirmatory Factor Analysis (CFA) on the correlation matrix of task 

performance scores to provide a baseline model of domain specific abilities for descriptive 

comparison with the brain derived cognitive ontologies. We used the lavaan 

(https://lavaan.ugent.be) package for the Statistical Computing Software R (https://www.r-

project.org/) for this purpose. The model included the domain specific abilities listed in Table 

2.2. Latent factors were standardized for identification purpose, such that all factor loadings 

could be freely estimated.  

Second, a CFA mimicking the domain specific ontological entities established for the 

performance data was fitted to the positive and negative IOU matrices. With this analysis we 

asked whether the model fit, the factor loading matrix and the correlational structure of domain 

specific ontological entities derived from IOUs are comparable with the structure established 

for performance scores. 

Third, the factorial structure of the positive and negative IOU matrices was next explored by 

Exploratory Factor Analysis (EFA). To this purpose we used the psych package (https://cran.r-

project.org/web/packages/psych/index.html) in R. Unlike CFA, which requires prior 

assumptions regarding the factorial structure, EFA is a data-driven approach and allows 

exploring the number of factors needed to explain the structure of an association matrix, as 

well as the pattern of factor loadings. Since different domain-specific abilities indicated by 

https://lavaan.ugent.be/
https://www.r-project.org/
https://www.r-project.org/
https://cran.r-project.org/web/packages/psych/index.html
https://cran.r-project.org/web/packages/psych/index.html
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latent factors are expected to be correlated, an oblique (promax) rotation was conducted to 

achieve a simple structure and thus better interpretable factors. To determine the number of 

factors, we applied two criteria in the analyses of both positive and negative IOU matrices, 

namely the scree plot and the Chi-square difference test.  Scree plots were created based on 

eigenvalues of principal axis factor analysis aiming for the minimum residual solution. By 

comparing with the course of random eigenvalues, the number of factors in the best fit model 

can be determined. In parallel, the Chi-square difference test was performed to compare 

different factor solutions (Schermelleh-Engel, Moosbrugger, & Müller, 2003). A series of 

competing models were constructed with the number of factors increasing from one factor to 

the best solution suggested by the scree plot. Comparisons were made between each pair of 

neighboring models, e.g. one-factor v.s. two-factor models, two-factor v.s. three-factor models, 

until the best choice was identified. The difference of Chi-square (𝜒𝜒𝑎𝑎𝑑𝑑𝑜𝑜𝑜𝑜2 ) and the degrees of 

freedom (𝑑𝑑𝑑𝑑𝑎𝑎𝑑𝑑𝑜𝑜𝑜𝑜) were computed. The 𝜒𝜒𝑎𝑎𝑑𝑑𝑜𝑜𝑜𝑜2  value is distributed along 𝑑𝑑𝑑𝑑𝑎𝑎𝑑𝑑𝑜𝑜𝑜𝑜, the significance 

of which can be checked using a 𝜒𝜒2 table. If the 𝜒𝜒𝑎𝑎𝑑𝑑𝑜𝑜𝑜𝑜2  value is significant, the competing model 

with more freely estimated parameters fits the data better. 

The two methods (CFA and EFA) rely on different assumptions, but in some cases they lead 

to consistent factorial structures when applied to the same data (P.-Y. Chen, Yang, & Morin, 

2015; Mian, Godoy, Briggs-Gowan, & Carter, 2012; Murray, Booth, Eisner, Obsuth, & 

Ribeaud, 2019). The methodological choices above reflect the assumptions that can be made. 

For the psychometric ability structure, there is a vast knowledge of which tasks are loaded into 

which domain-specific ability. Furthermore, a series of previous papers published on the HCP 

data confirmed the domain specific abilities considered here (e.g., Dubois et al., 2018; Liu et 

al., 2020). Thus, the factorial structure provided by the CFA on the covariance matrix of task 

performance scores is not a subject-matter for the present analyses but a descriptive reference 

for interpreting the ontological entities derived from the brain properties. For the IOU matrices 
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of task-related brain areas of these 15 specific cognitive tasks, there is no prior knowledge on 

how they cluster. By applying a CFA on the IOU matrices mimicking the psychometric ability 

structure we first investigated whether task-related brain areas reveal exactly the same 

ontological entities as performance scores. To further explore the structure of the IOU matrices 

and identify potential differences between psychometric and neurometric ontological entities, 

an EFA approach is reasonable.  

Model fit in the CFA was quantified by the 𝜒𝜒2-goodness of fit index (𝜒𝜒2), the Comparative Fit 

of Index (CFI), Root Mean Squared Error of Approximation (RMSEA), and Standardized Root 

Mean Squared Residual (SRMR). For EFA, the 𝜒𝜒2 -test statistic and the RMSEA were 

evaluated. It must be noted that in large samples the 𝜒𝜒2 –test statistic is highly sensitive; thus, 

alternative fit indices play an important role in model fit evaluation. Acceptable values for 

those indices are > .95 and < .08 for CFI and both RMSEA and SRMR, respectively (Hu & 

Bentler, 1999). 

Altogether, the full methodology framework of our work is presented in Figure 4.1. We first 

identified the task-related brain areas using correlations between brain properties (thickness, 

myelination, curvature, and sulcus depth) and task performances from the Washington 

University - University of Minnesota Consortium (WU-Minn) Human Connectome Project 

(HCP) (see Materials,  and Table 2.2 and Table 4.1). Next, the overlaps of task-related brain 

areas for the different structural properties were quantified using IOU (Intersect Over Union) 

index to form IOU matrices. These matrices were submitted to factor analysis to obtain a brain-

based cognitive ontology. The brain-based ontology was compared with the psychometrics-

based ontology derived from task performances. Aside from this comparison, we aimed to 

identify overlapping brain areas related to each entity from the brain-based ontology (called 

ability-related brain areas) and to investigate the underlying structural network connections 

among the ability-related areas across the entities. 
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Figure 4.1. Depiction of full framework of the present work. 

4.3 Results 

4.3.1. Task-Related Brain Areas 

The task-related brain areas consisting of positive and negative networks (following the MMP 

atlas (Glasser et al., 2016)) were identified by thresholding correlations between structural 

brain properties and task performance scores across individuals to form positive and negative 

networks depending on the sign of the correlations (see Method). Figure 4.2, supported by 

Table 2.2 (names of brain areas in the MMP atlas) and Table 4.2 (task-related brain areas 

according to MMP atlas), depicts the brain areas related to each task, along with their 

hemisphere-specific distributions in positive and negative networks, and the contributions of 

different structural brain properties to the task-related brain areas. Overall, there were eight 

tasks (Gc1, Gm1, Gm2, EF1, EF2, EF3, Gs3, and Gs4) which covered more areas in negative 

networks than positive networks. On average, the tasks featured ~10% of the total task-related 

brain areas where different structural properties diverged into positive and negative correlations 

with performance. Importantly, the task-related areas for all tasks, including positive and 

negative networks, covered around 80% of the whole brain. In terms of brain structural 

properties (Figure 4.2B), we observed that sulcus depth was the property with the strongest 

contribution to task-related brain areas, outperforming the other properties in 10 out of 15 tasks, 
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while myelination was the only property which contributed more strongly to negative than 

positive networks. 

Another interesting finding is that some brain areas are involved in several cognitive tasks. For 

example, visual areas  are related to almost all the cognitive tasks. We consider that this finding 

may be related to two different factors: brain parcellation and weakly isolated cognitive tasks. 

Brain parcellation is the result of a group study which unifies the brain images from different 

individuals. By noting that brain size across individuals is different, the parcellation may not 

be perfect for every individual. For example, a visual area for a particular brain atlas engages 

150 voxels, while some individuals may have larger or smaller brain areas with more than 150 

voxels or less than 150 voxels for visual area, respectively. The second factor engages the 

cognitive task protocol and implementation, which has also been a challenge  for psychologists. 

It is very difficult to isolate a cognitive task to measure only a specific cognitive function. For 

example, measuring reading ability also includes the collaboration among other cognitive 

functions, such as visual (to read the word) and motor (to tap the screen), aside from reading 

function itself. These multi-function performance may lead to the involvement of other brain 

areas which may not be (directly) related to the intended cognitive function. 
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Figure 4.2. Task-related brain areas and their distribution. 

Distribution of task-related brain areas (A) and the detailed contribution of different structural brain properties 

(B). All the brain maps in this paper were visualized using Connectome Workbench 

(https://www.humanconnectome.org/software/connectome-workbench).   

Table 4.2. Task-related brain areas in MMP atlas 

  Task-Related Brain Areas 

G
f1

 

P:2,3,4,6,8,9,14,19,21,22,23,24,31,32,33,34,35,38,41,42,43,47,49,53,55,57,58,60,62,66,73,74,75,80,82,
88,90,92,94,96,102,103,104,106,108,111,113,114,115,117,119,120,121,123,124,125,127,129,130,131,1
33,135,137,138,139,142,145,146,148,151,153,154,156,157,158,159,160,163,168,169,173,176,182,184,
185,187,190,194,197,203,205,206,212,218,222,225,226,233,234,237,238,239,241,242,248,249,252,253
,256,258,266,270,274,282,283,284,285,286,289,291,294,295,296,299,300,305,307,308,310,318,325 
N:2,4,5,7,15,18,23,25,31,32,36,39,40,49,57,64,65,66,72,73,78,82,88,93,104,110,118,124,125,128,130,1
31,133,134,137,140,145,151,152,155,159,170,176,178,188,196,198,199,203,204,205,206,209,213,214,
216,217,219,220,221,225,233,245,246,247,252,257,268,279,284,286,289,290,292,304,308,310,311,313
,314,325,328,331,335,343,345,352,353,354,355,357,358 

G
f2

 

P:1,2,14,17,23,24,28,31,32,38,41,42,47,52,56,58,60,61,83,90,91,102,103,104,106,107,109,111,112,113,
115,117,119,120,121,124,125,127,129,130,131,132,133,137,139,142,143,145,146,148,150,151,153,154
,155,160,161,169,173,174,175,176,182,184,185,189,194,197,199,203,210,211,212,223,233,236,237,23
8,241,242,250,263,270,271,274,282,283,284,285,286,288,289,292,293,294,295,299,300,301,305,307,3
10,317,323,325,330,331,333,335,336,337,338,344,349,353,356,357 
N:1,2,4,7,10,15,18,23,28,31,32,36,46,52,53,57,59,62,66,67,72,78,87,88,89,91,101,104,110,118,124,125
,128,129,130,131,133,134,137,139,143,144,151,157,163,173,179,181,182,187,188,196,199,201,203,20
4,206,207,216,233,235,243,245,246,247,249,252,253,257,265,268,269,279,284,290,292,298,302,303,3
08,310,311,320,321,323,325,331,338,343,345,352 

G
f3

 

P:1,2,5,6,9,11,14,22,27,29,31,32,33,34,37,38,42,55,61,80,86,102,104,105,106,114,115,119,124,125,12
8,130,131,132,137,139,140,142,145,146,150,151,153,156,158,161,164,168,170,174,176,178,180,185,1
89,203,204,205,210,212,215,218,236,237,239,241,256,263,271,278,281,282,284,285,286,293,294,296,
308,312,315,319,325,326,331,333,338,341,349,353,358 
N:1,8,13,18,24,28,45,52,62,64,71,72,77,87,93,118,123,125,128,130,131,137,143,151,152,169,176,177,
178,181,188,190,193,196,206,219,233,240,243,247,252,257,273,277,278,284,287,302,303,305,308,311
,322,325,331,346,351 

https://www.humanconnectome.org/software/connectome-workbench).
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G
c1

 
P:2,12,28,31,32,34,35,38,42,46,47,52,57,58,76,79,87,94,101,103,104,105,106,108,109,111,112,114,11
5,117,119,120,121,124,128,130,131,132,133,135,137,146,150,151,152,153,154,160,166,169,174,175,1
82,197,203,206,210,212,214,218,222,223,237,238,241,242,252,270,282,284,285,286,288,289,292,294,
299,300,304,308,315,323,325,326,328,331,333,342,347,348,349,357 
N:2,4,5,10,16,23,26,28,29,30,32,36,39,40,45,46,49,50,52,53,54,56,65,67,69,70,72,77,78,81,83,87,88,95
,99,109,110,122,125,128,130,131,133,137,138,142,143,144,164,166,170,171,173,178,179,182,196,199,
203,206,207,209,216,217,220,221,222,223,226,228,230,233,236,245,246,247,252,257,260,261,264,265
,267,268,272,275,279,284,285,289,298,306,308,311,314,317,321,325,329,331,332,337,343,346,353,35
4,358 

G
c2

 

P:1,2,4,5,6,7,9,10,11,14,19,24,31,32,35,38,41,42,45,53,56,57,58,61,79,87,90,91,92,94,103,104,108,109
,111,112,113,114,115,118,119,120,124,126,127,129,130,131,133,135,138,139,140,142,146,148,150,15
1,153,154,160,161,163,168,169,176,178,182,184,185,186,187,189,190,194,197,203,204,206,212,214,2
22,223,225,228,230,233,237,238,239,241,251,252,254,258,261,263,270,274,282,283,284,286,287,289,
291,292,294,295,298,299,300,304,307,310,311,315,323,325,326,330,331,333,334,337,343,346,347,348
,353,358 
N:2,5,10,18,19,23,32,34,36,40,41,45,52,53,54,64,65,66,67,69,72,73,77,78,81,83,87,88,99,101,104,107,
109,110,122,125,128,130,131,133,142,151,166,173,176,178,179,181,182,196,199,203,206,209,212,217
,220,221,222,223,225,228,233,240,243,245,246,247,252,257,258,268,275,279,284,285,286,289,293,29
8,306,311,313,314,319,322,325,331,343,345,346,353,358 

G
m

1 P: 8,9,19,31,61,94,122,126,151,176,180,184,189,232,247,253,272,293,294,299,311,312,341 
N:11,15,16,21,40,42,44,48,49,50,56,70,80,85,96,104,112,121,123,140,147,152,156,166,177,194,195,19
6,199,201,226,230,232,245,265,267,287,300,314,323 

G
m

2 

P:9,22,35,37,39,43,49,74,77,79,91,95,106,111,117,119,124,125,130,132,133,134,138,142,154,155,164,
169,176,180,189,206,208,214,215,222,231,233,237,239,241,249,252,255,256,282,287,296,299,303,310
,317,321,326,333,335,341,348,356 
N:21,26,28,36,57,58,70,71,72,73,78,87,89,90,98,106,108,110,112,115,117,118,119,125,128,130,135,16
3,169,171,176,206,212,213,224,238,247,248,250,255,262,277,279,280,290,291,296,299,300,305,310,3
15,317,321,326,332,349,351,354,358 

E
F

1 

P:8,11,30,31,55,57,60,66,82,94,96,109,114,115,127,130,137,155,167,168,169,171,172,174,182,188,20
2,206,212,223,237,239,247,253,286,310,315,323,327,328,330,347,348 
N:2,4,8,10,15,16,23,41,46,52,58,70,77,100,110,137,145,153,163,171,182,188,206,219,221,222,226,227
,230,240,243,247,249,257,265,275,277,280,284,309,313,315,318,325,338 

E
F

2 

P:8,30,31,32,39,53,57,59,66,94,107,111,112,114,127,130,133,154,167,178,180,188,202,206,212,228,2
37,253,264,280,295,300,305,307,310,313,315,327,330,349,357,358 
N:1,2,4,8,10,15,18,23,28,30,58,70,77,84,100,107,110,118,131,132,139,145,149,163,173,179,182,184,1
95,198,203,206,219,221,222,226,227,228,240,243,247,249,251,252,253,265,275,277,279,280,284,293,
298,304,310,311,313,318,325,329,343,354 

E
F

3 

P:2,14,31,32,33,35,53,55,57,59,78,111,117,127,130,137,138,144,146,156,167,180,182,188,193,212,24
3,253,264,273,297,299,310,312,315,317,324,326,330,352,358 
N:1,2,4,7,8,16,23,27,28,29,30,31,33,40,47,48,50,70,77,87,100,107,137,143,144,149,152,153,159,173,1
80,182,184,187,205,206,207,219,221,222,225,228,232,235,243,246,265,279,280,282,284,297,298,304,
313,317,325,329,352,359 

E
F

4 

P:2,13,31,32,33,35,53,57,59,66,78,82,94,106,109,117,120,130,136,138,141,144,146,151,158,160,164,1
67,168,174,176,180,182,188,193,202,212,216,228,236,237,253,274,280,283,286,288,289,310,312,323,
324,326,330,342,351,352,355,358 
N:1,2,4,7,16,30,31,33,40,45,50,70,76,77,85,88,100,112,115,122,137,143,144,149,152,153,163,164,181,
182,184,187,189,195,199,206,207,217,219,221,222,225,243,249,265,268,280,284,298,308,310,313,317
,329,332,341,344,352 

G
s1

 

P:1,3,6,8,11,12,14,15,17,30,31,32,35,36,38,39,42,55,56,66,73,79,82,87,103,111,119,120,122,127,128,1
39,140,141,142,144,145,146,149,150,154,161,167,181,183,184,185,188,192,200,210,220,233,239,260,
262,271,274,278,282,283,284,286,291,294,295,299,300,301,302,307,315,327,330,334,335,341,344,347
,349,351,356 
N:7,15,18,37,85,88,103,107,121,132,140,141,143,144,153,165,172,178,187,195,208,218,219,240,278,2
97,298,301,311,313,317,333,335,338,343,356,358 

G
s2

 P:4,8,37,40,42,51,63,120,122,139,142,157,179,181,184,185,188,192,197,202,207,213,223,224,227,256
,262,263,278,298,300,312,324,328,329,332,333,335,336,345 
N:9,10,11,16,41,45,46,59,73,77,83,103,121,124,130,165,197,215,221,232,239,255,263,297,312,314,32
5,329,336,354 

G
s3

 P: 12,66,79,80,87,117,126,135,188,204,208,249,254,264,278,315,340,345,346,352 
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N:9,12,18,19,26,35,55,67,70,88,95,114,122,132,135,149,172,178,179,189,193,196,207,208,210,215,24
1,246,249,267,277,284,292,302,311,313,314,320,345,352,360 

G
s4

 P:1,4,6,11,23,29,43,52,57,67,79,82,111,117,126,139,153,155,166,181,184,188,225,231,236,254,278,28
6,300,313,327,333,335,340,346,347 
N:1,9,12,13,15,23,32,41,69,73,78,82,83,99,106,107,139,149,157,173,187,189,193,194,196,199,210,213
,220,226,229,234,257,261,264,267,274,278,284,292,299,313,317,320,332,336,348,358,360 

Note: P and N indicate the positive and negative brain networks. The number indicate the brain areas in MMP 
atlas. 

4.3.2. Ontologies of human intelligence derived from psychometric and brain properties 

We prepared three matrices as visualized in Figure 4.3 from which we derived the ontologies 

of human intelligence (see Method). The correlation matrix (Figure 4.3A) was obtained by 

computing the pair-wise correlation of all cognitive task performances. The IOU matrices 

represented the pair-wise overlapping in task-related brain areas of all the tasks from positive 

networks (Figure 4.3B) and from negative brain networks (Figure 4.3C). 

First, we factor analysed the correlation matrix of task performance scores by means of 

Confirmatory Factor Analysis (CFA) to provide a descriptive reference of the psychometric 

structure available from the present battery of tasks (see Method) for the brain-derived 

ontologies. In line with previous analyses of the HCP data including the same 15 tasks (Dubois 

et al., 2018; Mianxin Liu et al., 2020), we estimated five domain-specific abilities 

corresponding to those listed in Table 4.1. The domain-specific ability factors were allowed to 

correlate. To account for method specificity, three residual correlations between two pairs of 

EF tasks and one pair of Gs tasks were necessary. These indicators reflect two different 

conditions of the same tasks; thus, method specificity is obvious by design. The five correlated 

factors model fitted the task performance data well (see Table 4.3, presenting statistical 

evaluation of model fit). Standardized factor loadings for all domain-specific abilities were 

statistically significant, but their magnitude differed across abilities (see Table 4.4). Domain-

specific ability correlations ranged between .26 and .79, with the smallest correlation observed 

between EF and Gc and the largest between Gf and Gc, and between EF and Gs. This pattern 



85 
 

of correlations between domain-specific abilities is in line with the psychometric literature on 

human intelligence. 

 

Figure 4.3. Illustration of correlation matrix, positive IOU matrix, and negative IOU matrix. 

(A) Correlation matrix for performance scores. (B) Positive  IOU matrix.  (C) Negative IOU matrix.  

Second, using CFA, the structures mimicking the domain-specific ontological entities 

established for the performance data were fitted to the positive (Figure 4.3B) and negative 

(Figure 4.3C) IOU matrices. As summarized in Table 4.3, the fits of both models were poor. 

Furthermore, the parameter estimates indicated that the five-factor structure of the 

performance-based ontology was not reflected in the IOU matrices, mainly because Gf, Gc and 

Gm were strongly correlated and not differentiable. Thus, task-related brain areas seem to 

reveal substantially different ontological entities of human intelligence as compared with task 

performance itself.  

Given that the assumed factorial structure derived from psychometrics did not hold for the IOU 

matrices, we next explored the structure of positive and negative IOU matrices using 

Exploratory Factor Analysis (EFA) (see Method). As depicted in the Figure 4.4, screeplots and 

parallel analyses indicated that a three-factor structure best explained the associations captured 

by the positive IOU matrix, whereas the negative IOU matrix was best described by a five-

factor structure. The number of factors was also supported by the results of 𝜒𝜒2difference test 

(see Table 4.5). As indicated in  Table 4.3, the final EFA solutions had a good fit. Thus, the 
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loading patterns of these solutions can be descriptively compared with the psychometric 

structure. Figure 4.5 provides a schematic graphical summary of this comparison.  

 

Figure 4.4. Scree plots of factor analyses. 

Scree plots of factor analyses for (a) positive and (b) negative IOU matrices. The x-axis represents the number of 

factors, while the y-axis represents the eigen value of the principal factors from actual (blue line) and simulated 

data, expressed by random (reduced) correlation matrix (red line). The simulated data are the random (reduced) 

correlation matrix. The suggested number of factors is determined by the number of eigen values above the points 

where two lines intersect, which are 3 and 5 factors for (a) and (b), respectively. 

Table 4.3. Summary of CFA and EFA model fit estimated to identify brain derived ontological entities of 

human intelligence. 

Model 𝝌𝝌𝟐𝟐 CFI RMSEA SRMR 

CFA of performance correlation matrix 190.036 .978 .042 .035 

CFA of positive IOU Matrix 510.256 .725 .072 .077 

CFA of negative IOU Matrix 633.503 .638 .082 .081 

EFA of positive IOU Matrix 62.180 - .000 - 

EFA of negative IOU Matrix 27.5 - .000 - 

Note. IOU – intersect over union; CFI – Comparative Fit Index; RMSEA – Root Mean Squared Error of 
Approximation; SRMR – Standardized Root Mean Squared Residual 

 

Table 4.4. Standardized factor loadings and factor correlations of CFA applied in task scores correlation 
matrix. 

Tasks Gf Gc Gm EF Gs 

Raven’s Progressive Matrices (Gf1) .656     

Spatial Orientation Processing (Gf2) .557     

List Sorting Working Memory (Gf3) .473     

Oral Reading Recognition Test (Gc1)  .822    

Vocabulary Comprehension (Gc2)  .817    

Verbal Episodic Memory (Gm1)   .367   

Picture Sequence Memory (Gm2)   .542   
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Dimensional Change Card Sort - Color (EF1)    .800  

Dimensional Change Card Sort - Shape (EF1)    .883  

Flanker Inhibitory Control and Attention Task – 

Congruent (EF3) 

 
 

 
.690 

 

Flanker Inhibitory Control and Attention Task – 

Incongruent (EF4) 

 
 

 
.669 

 

Pattern Comparison Processing Speed (Gs1)     .656 

Sustained Attention (Gs2)     .265 

Relational Processing 1 (Gs3)     .365 

Relational Processing 2 (Gs4)     .452 

Factor Correlations Gf Gc Gm EF Gs 

Gf -     

Gc .790 -    

Gm .703 .391 -   

EF .302 .253 .348 -  

Gs .352 .341 .509 .790 - 

Note: All factor loadings and correlations are statistically significant (p < .05). 

Table 4.5. The result of Chi-square difference test to determine the number of factors in EFA. 

(a) Positive IOU matrix 

Structures 𝝌𝝌𝟐𝟐 𝒅𝒅𝒅𝒅 𝜒𝜒𝑎𝑎𝑑𝑑𝑜𝑜𝑜𝑜2  𝑑𝑑𝑑𝑑𝑎𝑎𝑑𝑑𝑜𝑜𝑜𝑜 𝑝𝑝 

1-factor 339.34 90    

2-factor 111.19 76 228.15 14 0* 

3-factor 62.18 63 49.01 13 0* 

4-factor 36.32 51 25.86 12 .0112 

5-factor 26.41 40 9.91 11 .5385 

 

(b) Negative IOU matrix 

Structures 𝝌𝝌𝟐𝟐 𝒅𝒅𝒅𝒅 𝜒𝜒𝑎𝑎𝑑𝑑𝑜𝑜𝑜𝑜2  𝑑𝑑𝑑𝑑𝑎𝑎𝑑𝑑𝑜𝑜𝑜𝑜 𝑝𝑝 

1-factor 415.38 90    

2-factor 172.04 76 243.34 14 0* 

3-factor 100.08 63 71.96 13 0* 

4-factor 68.37 51 31.71 12 .0015* 

5-factor 27.5 40 40.87 11 0* 

Note: 𝝌𝝌𝟐𝟐 = chi-square 𝒅𝒅𝒅𝒅 = degree of freedom, 𝜒𝜒𝑎𝑎𝑑𝑑𝑜𝑜𝑜𝑜2  = chi-square difference,  𝑑𝑑𝑑𝑑𝑎𝑎𝑑𝑑𝑜𝑜𝑜𝑜 = difference of degree of 
freedom.  

The corrected p is .05/8 = .00625.  

*means that the p is lower than the corrected p.  

The bold row serves as the best model. 
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Figure 4.5A displays the loading pattern characterizing the reference ontological structure 

derived from psychometrics. Figure 4.5B is a simplified schematic representation of the 

positive IOU matrix structure (solid lines). Additionally, the complete factor loading matrix 

estimated by EFA applied on the positive IOU matrix is displayed in Table 4.6. Not obviously 

interpretable loadings are displayed as broken lines in Figure 4.5B. However, as indicated in 

Table 4.6, these loadings are very weak as compared to those displayed as solid lines. Thus, 

the loading pattern clearly suggests a first factor (Accuracy) reflecting shared brain properties 

associated with rather difficult tasks measured by performance accuracy (covering Gf1, Gf2, 

Gf3, Gc1 and Gc2), a second factor (EF) representing shared brain properties relevant for 

executive function tasks (covering EF1, EF2, EF3, and EF4), and a third factor (Gs) of 

processing speed-related brain areas shared by tasks measuring the swiftness of responses in 

simple cognitive tasks (covering Gs1, Gs2, Gs3, and Gs4). Compared to the psychometrics-

based ontology, we found partly consistent but less differentiated ability structure from positive 

IOU matrix.  

Figure 4.5C is a simplified schematic representation of the negative IOU matrix structure (solid 

lines). The complete factor loading matrix estimated by EFA applied on the negative IOU 

matrix is presented in Table 4.7. The loading pattern is different from the one indicated by the 

positive IOU matrix, as the broken lines in Figure 4.5C indicates not obviously interpretable 

loadings (Table 4.7, where these loadings are very weak as compared to those displayed as 

solid lines). The loading pattern suggests a five-factor structure partly in line with the 

psychometric ontology, reflecting: Gf (Gf1, Gf2, Gf3), Gc (Gc1, Gc2), Inhibition (EF3, EF4), 

Switching (EF1, EF2), and Speed (Gs1, Gs2, Gs3, and Gs4). 
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Figure 4.5. Comparison of psychometrics-based and brain-based ontologies of human intelligence. 

(A) Psychometrics-based ontology from 15 tasks. (B) Brain-based ontology from positive IOU matrix. (C)  Brain-

based ontology from negative IOU matrix. Details of the model fits and loadings are shown in Tables 4.4 – 4.7. 

The solid lines represent the ability structure that we use for further analysis, while the broken lines indicate the 

uninterpretable loadings. 

Table 4.6. Standardized factor loading and factor correlations estimated by EFA applied on the positive 
IOU matrix. 

Tasks Factor 1 

(Accuracy) 

Factor 2 

(EF) 

Factor 3 

(Speed) 

Raven’s Progressive Matrices (Gf1) .71 -0.01 -0.08 

Spatial Orientation Processing (Gf2) .74 -0.08 -0.07 

List Sorting Working Memory (Gf3) .47 .02 .00 

Oral Reading Recognition Test (Gc1) .61 .02 -0.08 

Vocabulary Comprehension (Gc2) .71 -0.04 -0.02 

Verbal Episodic Memory (Gm1) .05 .12* .05 

Picture Sequence Memory (Gm2) .25* .04 .06 

Dimensional Change Card Sort - Color (EF1) .02 .40 .07 

Dimensional Change Card Sort - Shape (EF2) -0.03 .49 .04 

Flanker Inhibitory Control and Attention Task – Congruent 

(EF3) 

-0.07 .67 -0.10 

Flanker Inhibitory Control and Attention Task – 

Incongruent (EF4) 

.03 .63 -0.13 

Pattern Comparison Processing Speed (Gs1) .25 .04 .23** 

Sustained Attention (Gs2) .04 -0.04 .28 

Relational Processing 1 (Gs3) -0.09 .04 .30 
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Relational Processing 2 (Gs4) -0.03 -0.08 .55 

Factor Correlations    

Factor 1 (Accuracy) -   

Factor 2 (EF) .53 -  

Factor 3 (Speed) .49 .50 - 

Note: All factor loadings are statistically significant (p < .05).  

The highest loadings of the task are bold faced; these loadings are shown as solid lines in Fig. 3.  

* the task is included in the most interpretable factors. Note that these loadings on the factor are much smaller 
than those of the other tasks; hence, the task is not included in the factor. These loadings are shown as broken 
lines in Fig. 3.  

 

Table 4.7. Standardized factor loading and factor correlations estimated by EFA applied on the negative 
IOU matrix. 

Tasks Factor 1 

(Gf) 

Factor 2 

(Gc) 

Factor 3 

(Inhibitory) 

Factor 4 

(Switching) 

Factor 5 

(Speed) 

Raven’s Progressive Matrices (Gf1) .56 .16 .01 -0.10 -0.01 

Spatial Orientation Processing (Gf2) .62 .05 .07 -0.05 -0.03 

List Sorting Working Memory (Gf3) .41 -0.03 -0.02 .04 .02 

Oral Reading Recognition Test (Gc1) .06 .74 .07 -0.03 -0.03 

Vocabulary Comprehension (Gc2) .30 .55 -0.07 -0.04 -0.02 

Verbal Episodic Memory (Gm1) -0.03 .05 .06 .00 .16* 

Picture Sequence Memory (Gm2) .22* -0.01 -0.03 .05 .04 

Dimensional Change Card Sort - Color 

(EF1) 

-0.03 -0.05 -0.09 .98 -0.09 

Dimensional Change Card Sort - Shape 

(EF2) 

.16 -0.02 .19 .36 -0.02 

Flanker Inhibitory Control and Attention 

Task – Congruent (EF3) 

-0.02 .02 .81 -0.04 -0.10 

Flanker Inhibitory Control and Attention 

Task – Incongruent (EF4) 

-0.01 .01 .61 -0.02 .04 

Pattern Comparison Processing Speed 

(Gs1) 

.05 -0.08 .10 -0.03 .26 

Sustained Attention (Gs2) -0.04 .06 .00 .07 .14 

Relational Processing 1 (Gs3) .05 -0.05 -0.06 -0.05 .45 

Relational Processing 2 (Gs4) .01 .02 -0.08 -0.02 .43 

Factor Correlations      

Factor 1 (Gf) -     

Factor 2 (Gc) .56 -    

Factor 3 (Inhibitory) .44 .36 -   

Factor 4 (Switching) .46 .39 .57 -  
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Factor 5 (Speed) .51 .47 .54 .47 - 

Note: All factor loadings are statistically significant (p < .05).Bold values assigned the highest loading of the task.  

* the task is included in the most interpretable factors. these loadings on the factor are much smaller than those of 

the other tasks; hence, the task was not included in the factor. These loadings are shown as broken lines in Fig. 3 

As described in Methods, the positive and negative IOU matrices used here had been computed 

by applying a threshold of p < .05 to the correlations between brain properties and task 

performances. The identified ontology structures were found to be robust when using a stricter 

threshold of p < .01 (see Table 4.8). 

Table 4.8. The comparison of brain-based ontologies using p < .05 and p < .01 thresholds. 

p < .05 p< .01 

Positive structure 

Best structure has three factors 

Factor 1 (Accuracy)  Gf1, Gf2, Gf3, Gc1, Gc2 

Factor 2 (EF)  EF1, EF2, EF3, EF4 

Factor 3 (Speed)  Gs1, Gs2, Gs3, Gs4 

Positive structure 

Best structure has three factors 

Factor 1 (Accuracy)  Gf1, Gf2, Gc1, Gc2, Gc3 

Factor 2 (EF)  EF1, EF2, EF3, EF4 

Factor 3 (Speed)  Gs1, Gs2, Gs3, Gs4 

Negative structure 

Best structure has five factors 

Factor 1 (Gf)  Gf1, Gf2, Gf3 

Factor 2 (Gc)  Gc1, Gc2 

Factor 3 (Inhibitory)  EF3, Ef4 

Factor 4 (Switching)  EF1, EF2 

Factor 5 (Speed)  Gs1, Gs2, Gs3, Gs4 

Negative structure 

Best structure has four factors 

Factor 1 (Gf)  Gf1, Gf2, Gf3 

Factor 2 (Gc)  Gc1, Gc2 

Factor 3 (Inhibitory and Speed)  EF3, Ef4, Gs1, 

Gs2, Gs3, Gs4 

Factor 4 (Switching)  EF1, EF2 

 

Five factorial structure 

Factor 1 (Gf)  Gf1, Gf2, Gf3 

Factor 2 (Gc)  Gc1, Gc2 

Factor 3 (Inhibitory)  EF3, Ef4 

Factor 4 (Switching)  EF1, EF2 

Factor 5 (Speed)  Gs1, Gs2, Gs3, Gs4 

 

4.3.3. Brain areas corresponding to the inferred abilities of brain-based ontology 

We further identified the brain areas corresponding to the brain-based ontological entities, 

which we termed as ability-related brain areas. These areas were defined as the overlapping 

task-related brain areas of all tasks associated with the entity. For instance, the ability factor 
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Speed derived from the positive IOU matrix (Figure 4.3B) represents the tasks, Gs1, Gs2, Gs3, 

and Gs4. Thus, the ability-related brain areas corresponding to the factor Speed are the brain 

areas common to the tasks Gs1, Gs2, Gs3, and Gs4. An exception applied for Speed in negative 

ontology. Since there were no brain areas overlapping across all the four corresponding tasks, 

the ability-related brain areas were determined by the areas which appeared in three (out of 

four) corresponding tasks. 

Figure 4.6A-B shows the ability-related brain areas using MMP atlas (Glasser et al., 2016) for 

all the factors (see Table 4.9 for detailed information of the areas). Mainly, brain areas related 

to the factor abilities from positive IOU matrix were mostly from inferior parietal cortex, 

posterior cingulate cortex, and anterior cingulate and medial prefrontal cortex. On the negative 

IOU matrix, the ability-related areas were dominated by the areas in anterior cingulate and 

medial prefrontal cortex, superior parietal cortex, and lateral temporal cortex. To evaluate the 

functional relevance of those areas, we assigned the ability-related brain areas into 

corresponding resting state networks (RSN) (Thomas Yeo et al., 2011), as depicted in Fig. 

4.6C-D. The RSN was determined using clustering method applied on resting state functional 

connectivity profile of each brain region (Thomas Yeo et al., 2011). In general, we found the 

involvement of all RSN networks in accuracy, but only default mode and somatosensory and 

motor networks (DMN and SM) in speed. For EF, we found also frontoparietal and salience 

networks (FP and SAL), aside from DMN and SM. In the negative IOU matrix, Gc and 

switching involved all the RSN networks, while Gf and inhibition only lacked the involvement 

of SAL network. For speed, only DMN and SM were covered. We will further discuss the 

interpretation of these areas in Discussion section.  

As the ability-related areas are supposed to be segregated, we also quantified the exclusiveness 

of ability-related brain areas by computing their pair-wise overlap using the IOU index (see 

Method) as shown in Fig. 4.6E. We found relatively little overlap across the ability-related 
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brain areas, where the highest overlaps were present between Inhibition and Switching (.278 in 

IOU index) and between Gf and Gc (.2 in IOU index), all within the negative ontology. In 

contrast, we found that Speed in both ontologies was the factor showing the least overlap with 

other ontological entities. The same abilities in positive and negative ontologies showed 

relatively little overlaps. For example, EF in positive ontology only had .02 overlap and no 

overlap with Inhibition and Switching in negative ontology, respectively. Moreover, Speed also 

had zero overlap between positive and negative ontologies. These results show that the ability-

related areas are well segregated among the entities in the brain-based ontology.  
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Figure 4.6. Brain areas corresponding to the ontological entities.  

(A) From positive IOU matrix. (B) From negative IOU matrix. (C) and (D):  Distribution of ability-related brain 

areas for (A) positive IOU matrix and (B) negative IOU matrix in seven resting state networks (RSN). The RSN 

are attention (ATT), frontoparietal (FP), default mode (DMN), visual (VIS), limbic (LIM), somatosensory and 

motor (SM), and salience (SAL). (E) The pair-wise overlaps computed from IOU index of ability-related brain 

areas. 
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Table 4.9. Brain areas corresponding to the ontological entities. 

  Related brain areas 

1 2,31,32,38,42,104,115,119,124,130,131,146,151,153,203,212,237,241,282,284,286,294,325,331,333 

2 31,57,130,167,188,212,253,310,330 

3 188,278 

4 18,72,118,125,128,130,131,137,151,188,196,206,233,247,252,257,284,308,311,325,331 

5 2,5,10,23,32,36,40,45,52,53,54,65,67,69,72,77,78,81,83,87,88,99,109,110,122,125,128,130,131,133,14

2,166,173,178,179,182,196,199,203,206,209,217,220,221,222,223,228,233,245,246,247,252,257,268,2

75,279,284,285,289,298,306,311,314,325,331,343,346,353,358 

6 1,2,4,7,16,30,31,33,40,50,70,77,100,137,143,144,149,152,153,182,184,187,206,207,219,221,222,225,2

43,265,280,284,298,313,317,329,352 

7 2,4,8,10,15,23,58,70,77,100,110,145,163,182,206,219,221,222,226,227,240,243,247,249,265,275,277,2

80,284,313,318,325 

8 9,313 

Note: The numbers in the first column represent the inferred ability: accuracy, EF, and speed for positive structure 

and Gf, Gc, inhibition, switching, and speed for negative structure, respectively. The number on the second column 

indicate the brain areas in MMP atlas 

4.3.4. Structural connection analysis on ability-related brain areas 

Next, we analyzed the network connectivity underlying the segregated ability-related brain 

areas using fiber-based structural connectivity obtained by using probabilistic tractography and 

averaged across individuals (see Method). The ability-related brain areas occupied by the 

overlapping areas across corresponding tasks in each ability were considered as core areas, 

while the union of the task-related brain areas of the corresponding ability, excluding the core 

areas, were considered extended areas. We examined different levels of connections: (i) the 

connections between the core areas and (ii) the connections between the extended areas. Both 

connection levels can be applied within areas of the same ability and between abilities. 

We applied network density thresholds (10%, 20%, and 50% of the strongest connections in 

the weighted connectivity matrix) to group-averaged structural connectivities to identify 

connections (binary 1 or 0). For each level of connection (core and extended areas), we 

obtained the connection density as the ratio between the number of existing connections and 

the number of possible connections. Under all thresholds, the connection density of the core 
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areas (extended areas) is clearly larger (smaller) than the average density of the network (Figure 

4.7B). This finding indicates that although the ability-related brain areas are segregated in their 

regional structural properties, they are more densely connected by white matter projections. 

 

Figure 4.7. Comparison of the structural connection density of ability-related brain areas (core areas) to 
that among the other task-related areas (extended areas). 

(A) Connection density within and between ability entities from the brain-based ontology, in whole structural 

connectivity network with 20% threshold.  (B) The average density of core areas across different entities and all 

extended areas for different thresholds (10%, 20% and 50%) in the whole structural connectivity network.  

4.4 Discussion and Conclusion 

This work explored the ontology of human intelligence reflected in structural brain properties 

and compared it with the ontology derived from task performance alone. We started by 

confirming the established ontological structure of human intelligence in task performance. For 

brain-based ontologies, we created IOU matrices expressing the overlap of task-related brain 

areas identified from the correlation between structural brain properties and task performance 

across individuals. Next, we asked whether the established ontology is also nested in the brain 

structural properties and fitted the established psychometrics-based ontology into the IOU 

matrices. However, the established ontology did not fit well in the IOU matrices. To find the 

best ontology nested in brain structural properties, we applied EFA to the IOU matrices. We 

found that the positive IOU matrix was best explained by three factors, while the negative IOU 

matrix required five factors. We further identified the brain areas related to the inferred ability 
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factors from positive and negative IOU matrices. Interestingly, we revealed competing features 

for ability-related brain areas: on the one hand they were segregated as the overlaps of the 

ability-related brain areas were very small between abilities, on the other hand, they were 

integrated as their structural connectivities were denser than average network connectivity. 

Here, we will discuss three main findings, following the workflow depicted in Figure 4.1.  

Consistencies and differences in psychometrics-based and brain-based ontologies 

We found that brain-based ontologies align with the structure of human intelligence derived 

from the covariance in task performance. The most evident consistency appears in the 

identification of speed as independent ability in both positive and negative IOU matrices. In 

addition, the EF ability factor in the positive IOU matrix covers the same tasks as the EF ability 

in the psychometrics-based structure, and the Gf and Gc abilities in the psychometrics-based 

ontology perfectly match the Gf and Gc abilities identified from the negative IOU matrix. These 

similarities between performance- and brain-based ontologies are remarkable because, 

although based on the same 15 tasks, the dependent measures submitted to factors analyses 

(accuracy and error rates vs. brain structure) were extremely different, arguing for a partially 

robust isomorphy between behavior and brain at the level of abilities.  

However, we also observed interesting and, importantly, interpretable differences between 

performance- and brain-based ontologies. First, the positive IOU matrix could not separate Gf 

and Gc as independent factors but only unified one, which we termed accuracy. The unification 

of Gf and Gc agrees with early study from Cattell expressing that Gf and Gc are the 

representation of human intelligence (Cattell, 1943). Moreover, the relationships between Gf 

and Gc were also previously expressed in terms of skill acquisition (Wenger, Brozzoli, 

Lindenberger, & Lövdén, 2017) and emotional intelligence (Olderbak, Semmler, & Doebler, 

2019). Second, it is also interesting to find that the negative IOU matrix was able to distinguish 
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switching and inhibition, which was confirmed as single ability (EF) in psychometrics-based 

ontology. This result is explainable from the task description, as listed in Table 2.2, tasks EF1 

and EF2 engaged switching process between stimuli, while EF3 and EF4 measures inhibitory 

skill. In addition, the division of switching and inhibitory is also consistent with the previous 

study which confirmed the separability of those factors under the umbrella of EF using the 

factor analysis on task performances (Miyake et al., 2000). 

Another clear difference between performance- and brain-based ontologies which was 

consistent for both structures from positive and negative IOU matrices: Gm was consistently 

unrecognized as independent ability in positive and negative IOU matrices. Note that the tasks 

corresponding to Gm were scattered in different factors (i.e. accuracy and EF for positive IOU 

matrix, and Gf and speed for negative IOU matrix) in our EFA analyses. Here we argue that 

the brain areas responsible for Gm are very complex and may not be quantifiable only by 

neuroanatomical properties (Nadel & Hardt, 2011; Squire, 2009). However, our work expresses 

the contribution to the understanding of brain areas underlying Gm which overlap with 

accuracy and speed in terms positive and negative association, respectively. 

Specifically, we found that our results in the similarity and explainable dissimilarity are 

interesting, considering that we explored the brain-based structures using only limited brain 

structural properties. It triggers further study to use broader brain properties to ask whether the 

more consistent, or – in contrary – different but informative, ontological structures can be 

achieved. In more general perspective, we emphasize that the comparison approach, either 

focusing on similarity or dissimilarity, are highly valuable to explore whether the same latent 

ontological entities as in psychometrics arise when mapping multiple cognitive tasks (stratum 

I in CHC) onto brain anatomy and function to investigate their clustering (Anderson, 2015). 

This is to ask whether the latent entities derived from individual covariations of psychometric 
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performance match the ontological entities that can be derived from the brain’s anatomical 

organization and thus, possess distinct neural networks.  

Segregation of ability-related areas in brain-based ontology 

After analyzing similarities and differences between performance- and brain-based ontologies, 

we asked whether the latent factors in the brain-based ontologies represent distinct neural 

bases. This approach is broadly in line with a study of cognitive control (i.e., executive 

functions) by Lenartowicz and colleagues who used  machine learning to classify data from 

more than a hundred neuroimaging studies aiming to isolate component operations with similar 

and dissimilar brain activation patterns across experiments (Lenartowicz et al., 2010). The 

authors found that in general ontological entities described in the psychometric literature of 

cognitive control were also discriminable on the basis of brain activation. However, whereas 

shifting was consistently identified as a specific ontological entity in brain-activity covariance 

structure analyses, it could neither be discriminated from response selection, nor from response 

inhibition (Miyake et al., 2000). 

In the present study, we identified the brain areas corresponding to the inferred ability factors 

in brain-based ontology from structural brain properties and found that the areas corresponding 

to each ability showed little overlap with the other abilities; some abilities even showed 

complete exclusiveness. In more detailed observation, the overlaps mostly occurred between 

abilities from the same (positive or negative) IOU matrices. On the other hand, abilities derived 

from different IOU matrices tended to have few, sometimes even zero, overlapping ability-

related brain areas. The nonalignments of ability-related brain areas between positive and 

negative IOU matrices further supports the important role of negative brain networks, in the 

organization of human cognitive abilities (Clare Kelly, Uddin, Biswal, Castellanos, & Milham, 
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2008; Parente et al., 2018), complementing the more frequently featured positive brain 

networks, 

Furthermore, we investigated the functional relevance of ability-related brain areas by 

assigning them to different resting state networks (RSN) as depicted in Figure 4.6C-D. First, 

for the factors derived from the positive IOU matrix, we found that accuracy involved fronto-

parietal areas, in line with the parieto-frontal integration theory of intelligence (Jung & Haier, 

2007). Next, EF was related to fronto-parietal and default mode networks, specifically in 

prefrontal and parietal areas. The present findings based on structural brain properties 

complement those from functional brain activation in executive control, involving prefrontal, 

dorsal anterior cingulate, and parietal cortices (Niendam et al., 2012). The speed factor from 

positive IOU matrix only covered two brain areas located in default mode and somatosensory 

and motor networks. Note that the functional involvement of the default mode network and 

motor cortex in processing speed have been reported previously (Bogacz, Wagenmakers, 

Forstmann, & Nieuwenhuis, 2010; Silva et al., 2019).  

In the ontology derived from the negative IOU matrix, we generally found big contributions of 

default mode network in the brain areas related to the different factors. This finding offers a 

valuable complement to the establishment of default mode network as brain negative network 

in functional studies (Fox, Zhang, Snyder, & Raichle, 2009; Uddin, Kelly, Biswal, Castellanos, 

& Milham, 2009), that the default mode network can also be structurally determined as brain 

negative network. In addition, the engagement of default mode network in Gf indicating the 

negative association is in line with previous meta-analysis on functional and structural brain 

properties (Jung & Haier, 2007). Moreover, the areas for Gf and Gc, which involved attention 

and visual networks match with the literature where the negative association of brain structural 

properties in areas related to attention and visual processing with Gf and Gc has been recently 

reported (Tadayon, Pascual-Leone, & Santarnecchi, 2020). Next, inhibition and switching 
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recruited similar brain networks covering several resting state networks. Unfortunately, we 

found few studies supporting an assignment of negative brain networks with EF. Finally, the 

speed derived from the negative IOU matrix engaged default mode and motor networks 

emphasizing the involvement of those networks in processing speed in both positive and 

negative manner, as similarly reported in old participants (Gao et al., 2020). Generally, we 

observed that the associations between brain-structure derived abilities and the corresponding 

areas are in many cases line with the literature of resting state networks, which focused on 

functional brain properties. It indicates that, although they were identified from brain structural 

properties, they were functionally relevant with the corresponding abilities. However, since 

literature reported mostly positive association and was lacking of the understanding of negative 

association, our results in positive and negative associations may stimulate further study on 

how functional and structural brain properties assist or compete each other to shape abilities. 

Thus, these finding open new opportunities to study the structure-function relationship in the 

brain.  

Motivated by our findings about brain-based ontology, namely (i) the consistency and 

interpretable dissimilarities in terms of inferred latent abilities, with the psychometrics-based 

ontologies and (ii) the exclusive and functionally relevant brain areas corresponding to the 

inferred factor abilities (see previous sections), we argue that brain-based ontology is highly 

important to complement the currently dominant ontology supported by psychometric 

measures of human intelligence. There are at least two main reasons for this claim. Firstly, 

convergence or divergence between performance- and brain-based cognitive ontologies might 

pinpoint and help to resolve weaknesses reflected in psychological terminology and theory 

building (18, 20). Secondly, the juxtaposition of these ontologies is highly relevant from a 

clinical perspective. In this context, the mapping of psychological functions and corresponding 

exclusive brain systems is essential. However, psychological assessment still mainly relies on 
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psychometrics-based ontologies of cognitive abilities, whereas medical diagnoses focus on 

brain structure and function. Only by a unified ontological structure which possesses 

independent neural mechanism for the entities, these two perspectives will be granted a 

common base.  

Dense connection between the segregated ability-related brain areas 

After identifying the brain areas corresponding to brain-derived abilities, we asked to what 

extent those segregated brain areas can explain how the differentiable latent abilities in stratum 

II form the positive manifold, reflected in stratum III of the intelligence structure. Therefore, 

we analyzed the structural connection density between the core and extended areas within and 

between abilities (see Figure 4.7 in Results). We found that the segregated core areas of 

different abilities are densely connected, while the connection among the extended areas across 

abilities is sparser than the average connectivity density of the whole brain structural 

connectome under different thresholds. In the analysis of modules or communities in brain 

structural or functional networks, the inter-module connectivity is typically sparser than intra-

module connectivity (Meunier, Lambiotte, & Bullmore, 2010; Meunier, Lambiotte, Fornito, 

Ersche, & Bullmore, 2009). Thus the dense connections among the segregated core areas of 

different abilities is highly counterintuitive and we have not seen similar reports in the 

literature. It therefore informs that the segregated ability-related brain areas were also actually 

integrated in terms of structural connections. 

We thus emphasize two important, apparently contradictory/competing features of the inferred 

ability-related brain areas: they were exclusive (segregated) but more densely connected than 

the averaged structural connection (integrated). We interpret the ‘segregated’ feature to explain 

the independencies of latent abilities (stratum II) in human intelligence structure. Further, the 

dense connection of the ability-related brain areas across abilities – ‘integrated’ feature – 



103 
 

supports the positive manifold of the abilities leading to higher level of ability referring to 

general ability (g) in human intelligence structure. By this interpretation, we offer a perspective 

on how the mechanism of human intelligence structure can be explained by underlying neural 

networks in both regional neuroanatomic structure properties and underlying fiber network 

projects to support both segregation and integration. The segregation and integration 

configuration of brain areas have been studied to achieve better organization, thus better 

performances of cognitive abilities including their relationships with general intelligence 

(Bassett & Bullmore, 2017; Deco, Tononi, Boly, & Kringelbach, 2015; Fair et al., 2007; 

Sporns, 2013; Wang et al., n.d.). Note that these previous studies focused on functional brain 

properties, pointing to the question whether the structural brain properties hold the similar 

organization features of segregation and integration. Our results suggest further studies to 

specifically investigate the association between the structural connections and their inter-

individual variability among segregated ability-related brain areas and general intelligence. 

Limitations 

The present study still has several limitations. First, it only considered fifteen cognitive tasks 

and four brain structural properties. Recruiting a larger number of cognitive tasks and different 

brain properties, such as, cytoarchitecture, connectivity, biochemistry, or gene expressions, is 

a promising direction in this line of research. In addition, we derived the ability-related brain 

areas by the overlapping task-related brain areas across corresponding tasks. Therefore, 

employing a larger number of tasks will make the determination more robust. We also would 

like to point out that the approach to perform cognitive tasks might not be limited to measure 

a particular cognitive function as also suggested in a review paper (see (Poldrack & Yarkoni, 

2016)); for example, the test for Gs1 may also involve visual and semantic processing other 

than speed processing. Therefore, we suggested that the cognitive tasks need to be well isolated 

to specifically cover a cognitive function. Finally, it must be noted that we used correlation as 
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linear approach in our analyses to identify the task-related brain areas. As suggested by 

(Kriegeskorte, 2015), non-linear approach motivated by the advanced techniques, such as deep 

learning, can be applied to have more advanced mapping of brain and behavior.  

Conclusion 

In conclusion, we offered a novel approach to derive an ontology of human intelligence from 

structural brain properties and to compare it with the traditional ontology derived from task 

performance. The results revealed that factors in brain-based ontology partly reflect the 

ontology derived from psychometrics-based measures. In important respects the brain areas 

related to the brain-based ontologies corresponded to findings from the functional imaging 

literature about psychometric ability – brain system relationships. This held true especially for 

positive relationships, whereas negative relationships are less well investigated. Negative 

networks were superior in identifying the psychometric construct over positive networks. We 

also found sparse (or even no) overlap between brain areas relevant to different brain-based 

ontological factors, supporting the existence of the separable factors as latent abilities. 

Although the factors were segregated, the structural connections between their core areas were 

denser than the average connectivity density. It offers an explanation of how the latent abilities 

in stratum II of human intelligence are separable (segregated ability-related brain areas), but 

commonly contribute (denser connections than the average) to the higher ability - general 

intelligence - known as positive manifold. 
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Chapter 5 Predicting Task Performances from Brain Structural 

Properties: Linear vs Non-Linear Approach  

5.1 Chapter Introduction 

This Chapter is to address open question 3 by performing objective 3, focusing on the 

comparison between linear and nonlinear approaches implemented in the studies of brain-

behavior relationships. 

There have been emerging studies in brain-behavior relationships mainly aiming at the 

understanding of neural mechanism underlying behavioral functions. A general framework 

commonly taken by the studies follows a few steps: (i) data collection of brain properties as 

input and behavioral outcomes as output, (ii) model development to find the mapping between 

input and output which is done in a training subset, (iii) prediction in testing subset to check 

the robustness/generalizability of the model, and (iv) interpretation of the model features. 

While the general approach has been established, the studies of brain-behavior relationships 

widely differ across different aspects. First, the brain and behavioral data provide a wide variety 

of types and structures. For instance, the advances of neuroimaging techniques (e.g. functional 

and structural MRI and EEG) enable the publicly available brain images offering both 

functional and structural information. Through some preprocessing methods, the raw data can 

be transformed into several data shapes, for example 2D and 3D images. In addition, the 

experiments to collect brain imaging data are usually coupled with the cognitive tests 

performed by the participants to collect their behavioral data. Note that there could be several 

cognitive tests since a behavioral function can be measured by different approaches. Second, 

there also exist different methods to generate the mapping models, especially supported by the 

advanced mathematical tools. Traditionally, linear correlation and linear regression have been 

widely used to extract important brain features related to behavioral outcomes and to develop 
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the mapping and predictive models, respectively. However, linear approaches receive concerns 

claiming that the relationship between brain and behavior is not simply linear association. Thus, 

nonlinear methods, especially relying on the concept of machine learning, start to emerge. 

However, in terms of interpretability, nonlinear approaches are still behind the linear 

approaches, because of the complex computation. This problem is expected by computer 

scientist who start to tackle the issue with the methods to interpret the black box of nonlinear 

approaches, aside from their effort to develop more interpretable machine learning (Du, Liu, 

& Hu, 2019). 

Despite the growing studies on linear or nonlinear approaches and their debates in brain-

behavior relationships, this field is lacking an attempt to directly compare the performance of 

linear and nonlinear methods. An inspiring study was performed to benchmark the widely used 

Connectome Predictive Model (CPM) (Shen et al., 2017): a method using linear correlation 

between brain properties and behavioral outcomes to identify task-related brain areas and to 

develop linear predictive  model from those areas to predict the behavioral outcomes from 

novel subjects. The study systematically compared different method in calculating correlation 

and developing predictive models. Although the prediction was also done in nonlinear machine 

learning methods (e.g. K-Nearest Neighbor, Random Forest, and Gaussian Naïve Bayes), the 

benchmarking process still followed the framework of CPM in feature extraction by using 

linear approach to identify task-related brain areas. In addition, the study only considered 

model prediction performance for model comparisons without discussing the feature 

interpretation from linear and nonlinear models. 

This study in this thesis aims to comprehensively compare linear and nonlinear methods 

starting from the feature extraction to predictive model development and evaluation. In details, 

CPM method serves as the linear method, while an end-to-end multi-layered perceptron 

artificial neural network is used for the nonlinear method. The comparison focuses on brain 
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structural properties (i.e. thickness, myelination, curvature, and sulcus depth) to predict the 

scores of fifteen cognitive tasks and five latent abilities underlying those cognitive tasks. The 

comparison between models is done by considering both model predictive performance and 

the relevance of the feature with the established literature. Further, the results are discussed to 

offer new perspective of using linear and nonlinear approaches to understand brain-behavior 

relationships. 

5.2 Materials and Methods 

5.2.1. Materials 

The material for this work is similar with the materials used in the Chapter 4 which includes 

four brain structural properties (thickness, myelination, curvature, and sulcus depth) and the 

performances of fifteen cognitive tasks (Table 4.1). In addition, this work also used the scores 

of the latent abilities corresponding to the fifteen cognitive tasks (termed as construct column 

in Table 4.1). The scores from the latent abilities were calculated based on the model from the 

cognitive ability structure in Figure 4.5A. The computation is done using the ‘predict’ function 

from lavaan (https://lavaan.ugent.be) package implemented in R. 

5.2.2. Methods 

Predicting the Performance Scores of Cognitive Tasks Using Linear Model 

As the linear model, we adopted the framework of Connectome-based Predictive Model (CPM) 

and modified the prediction technique. First, the feature searching was done by applying 

Pearson correlation to each brain property and the score of each cognitive task across subjects 

in the training group. Next, we selected the brain areas related to the task using p-value 

thresholding. The brain areas whose p-value < 0.05 were selected as task-related brain areas. 

Therefore, for each pair of brain property and cognitive test, we had a set of task-related brain 

areas. Finally, we found a mapping between a property of task-related brain areas and a task 

https://lavaan.ugent.be/
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performance score by developing a linear predictive model. In details, the predictor was the 

structural property of task-related brain areas while the response was the score of a cognitive 

test. For instance, a cognitive task is identified to have ten task-related brain areas from 

thickness property. Therefore, in the linear model there are ten predictors which are the 

thickness of those ten task-related brain areas. We used multivariate linear regression model, 

expressed by fitlm function in MATLAB, to implement the model development. Specifically, 

we used linear model with intercept, resulting in a model which has learnable parameters with 

the number of one plus number of predictors. The parameters are the intercept and the weight 

of the predictors. The parameters of the models were obtained by fitting process in the training 

data. After the parameters are learned, the model is then applied to predict the task score from 

the testing subjects. Note that in total, we have 75 linear models coming from 5 brain properties 

and 15 cognitive tests. 

Predicting the Performance Scores of Cognitive Tasks Using Nonlinear Model 

The non-linear model engaged multi-layered perceptron of artificial neural networks (ANN) as 

illustrated in Figure 5.1A. ANN mimics the working mechanism of neurons in human brain by 

transferring and transforming the information between the neurons. The input data points are 

grouped in the input layer Before reaching the output layer, the signal or information is 

processed in the hidden layer consisting of several hidden neurons. Briefly, a neuron in hidden 

layer takes the input signal which is multiplied by the corresponding weight and added by a 

bias and feeds it into a transfer function to obtain the output of the neuron, as written in 

Equation 5.1.  

𝐻𝐻𝑗𝑗 = 𝑑𝑑𝐻𝐻 ��𝑤𝑤𝑗𝑗,𝑑𝑑𝐼𝐼𝑑𝑑 + 𝑏𝑏𝑗𝑗

𝑁𝑁𝑖𝑖

𝑑𝑑=1

� 
(5.1) 
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where 𝐻𝐻𝑗𝑗 is the output of neuron j in hidden layer, 𝑑𝑑𝐻𝐻 is the transfer function for the neuron in 

hidden layer, 𝑁𝑁𝑑𝑑 is the number of input data points, 𝑤𝑤𝑗𝑗,𝑑𝑑 is the weight between the input data 

point i (𝐼𝐼𝑑𝑑) and neuron j in hidden layer, and 𝑏𝑏𝑗𝑗 is bias for neuron j in hidden layer. Note that 

there are different transfer functions – mostly nonlinear – available as options for different 

problems. Next, the outputs of the neurons in hidden layer are fed to the neuron in output layer 

which performs similar calculation expressed in Equation 5.2. 

𝐼𝐼 = 𝑑𝑑𝑂𝑂 ��𝑤𝑤𝑗𝑗𝐻𝐻𝑗𝑗 + 𝑏𝑏

𝑁𝑁𝑗𝑗

𝑗𝑗=1

� 
(5.2) 

where 𝐼𝐼 is the output of neuron in output layer, 𝑑𝑑𝑂𝑂 is the transfer function for the neuron in 

output layer, 𝑁𝑁𝑗𝑗 is the number of neurons in hidden layer, 𝑤𝑤𝑗𝑗 is the weight between the neuron 

j in hidden layer with the neuron in output layer, and b is bias for neuron in output layer. In 

each neuron, the biases and weights are learned during training process using back propagation 

algorithm. The weights and biases are adjusted in the direction which the loss function (Mean 

Squared Error in Equation 5.3) decreases. 

𝐿𝐿𝑀𝑀𝑀𝑀𝑀𝑀 =  
1
𝑁𝑁𝑏𝑏
�(𝐼𝐼 − 𝐼𝐼𝑎𝑎)2
𝑁𝑁𝑡𝑡

𝑟𝑟=1

 
(5.3) 

where 𝑁𝑁𝑏𝑏 is number of subjects in the training set, 𝐼𝐼𝑎𝑎 is actual task performance score of t-th 

subject, and 𝐼𝐼 is predicted task performance score of t-th subject. The recursive algorithm to 

adjust the parameters is written in Equation 5.4. 

𝑢𝑢𝑡𝑡+1 = 𝑢𝑢𝑡𝑡 − (𝐽𝐽𝑡𝑡𝑇𝑇𝐽𝐽𝑡𝑡 + 𝜇𝜇𝐼𝐼𝑐𝑐)−1𝐽𝐽𝑡𝑡(𝐼𝐼 − 𝐼𝐼𝑎𝑎)𝑡𝑡 (5.4) 

where 𝑢𝑢𝑡𝑡 is a vector containing weights and biases in iteration k, J is Jacobian matrix, 𝜇𝜇 is 

learning rate, and 𝐼𝐼𝑐𝑐 is identity matrix. To have detailed information of ANN, including the 

mathematical equations, there are several machine learning books widely available, for 

example (Bishop, 2006). 
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Figure 5.1. The architecture of the ANNs. 

(A) The general architecture of artificial neural networks, consisting of input, hidden, and output layers (the figure 

is adopted from (D. Kristanto & Leephakpreeda, 2018)). (B) The architecture used in this study, where from the 

left to the right, the blocks indicate input, hidden layer 1, hidden layer 2, output layer, and output. The input 

contains a vector with 360 values representing the brain property from 360 brain areas. First and second hidden 

layer have 20 and 15 neurons, respectively. Output layer has 1 neuron. Finally, we have the output which is the 

predicted score of cognitive tasks. 

In this study, we explored several architectures of ANN and found that a 2-hidden-layerd ANN 

with the number of neurons of 20 and 15, as depicted in Figure 5.1B, was the best architecture 

in this study to map brain structural properties and scores of cognitive tests (see Table 5.1). 

The ANN was developed using feedforwardnet function in MATLAB. To act for nonlinear 
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model, the tan sigmoid transfer function was adapted. The training on the training participants 

was done using Stochastic Gradient Descent transfer function with a learning rate of 0.01 and 

mean-squared error as the loss function. The other parameters were set to default settings (see 

https://www.mathworks.com/help/deeplearning/ref/network.train.html). There were in total 75 

trained non-linear models coming from 5 brain properties and 15 cognitive tests. 

Table 5.1. The performance comparison of ANN with different number of neurons. 

Number of Neurons in First and 
Second Hidden Layers 

Averaged Correlation between Predicted and Actual Scores 
Training Testing 

[10 5] 0.4571 0.0764 
[15 10] 0.5840 0.0705 
[20 15] 0.6140 0.0801 
[25 20] 0.6023 0.0792 
[30 25] 0.5780 0.0812 
[35 20] 0.5826 0.0798 

 

To train and test the predictive models, applicable for both linear and nonlinear models, we 

implemented 3-cross validation where the subjects are divided into three groups. The cross 

validation is widely applied in machine learning to generate more robust prediction. In this 

framework, a group of subjects is used for testing while the other groups serve as training data, 

This process is performed iteratively until all the groups are used both for training and testing 

data. Note that for both linear and nonlinear models, Pearson correlation between predicted and 

actual input serves as a metric to evaluate the model performance. In this work, the presented 

results of model evaluation (prediction performance) are averaged results among the three 

models since we used 3-cross validation. However, the model features used in the next analyses 

were extracted from the model which provided the best prediction performance. 

Identification of Task-Related Brain Areas 

We further identified the task-related brain areas coming from the best linear and non-linear 

models (out of three models). For the linear models, the task-related brain areas were identified 

using p-value threshold as explained in the previous section. For the non-linear models, the 
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task-related brain areas were observed from the summarized weights of the ANNs. The 

summarized weights were the dot products of all the weight matrices. Referring to Figure 5.1, 

each model had 3 weight matrices: (i) 𝑊𝑊𝐼𝐼
(360 𝑥𝑥 20), a matrix for the weight between input and 

first hidden layers, (ii) 𝑊𝑊𝐿𝐿
(20 𝑥𝑥 15), a matrix for the weights between the two hidden layers, and 

(iii) 𝑊𝑊𝑂𝑂
(15 𝑥𝑥 1), a matrix for the weights between the second hidden and output layers. The 

summarized weights were the dot product of those matrices, 𝑊𝑊𝑀𝑀
(360 𝑥𝑥 1) =

 𝑊𝑊𝐼𝐼
(360 𝑥𝑥 20)𝑊𝑊𝐿𝐿

(20 𝑥𝑥 15)𝑊𝑊𝑂𝑂
(15 𝑥𝑥 1), resulting in a vector (360 x 1) indicating the weight of each 

brain area. Finally, for each model, or pair of brain property and cognitive test, the task-related 

brain areas from the non-linier model were comprised of a number of brain areas (we tried 

different numbers of brain areas ranging from 30 to 130 brain areas) with the highest absolute 

weight. 

Predicting the Scores of Latent Abilities 

We also predicted the scores of five latent abilities (constructs in Table 4.1) using both linear 

and nonlinear models. The model development and evaluation are similar to the one 

implemented to predict the performance of particular cognitive tasks. However, the way to 

determine the inputs for the predictive models is different. 

For both linear and nonlinear models, we first identified the brain areas related to each latent 

ability. The ability-related brain areas were simply determined by the overlapping task-related 

brain areas from the cognitive tasks corresponding to a particular latent ability. For example, 

referring to Figure 4.5, cognitive ability Gc corresponds to task Gc1 and Gc2. Therefore, the 

ability-related brain areas of Gc were the overlapping task-related brain areas from Gc1 and 

Gc2. Next, the properties of the ability-related brain areas were used as the inputs of linear and 

nonlinear models to predict the scores of the latent abilities. Note that since we identified the 

ability-related brain areas based on the best linear and nonlinear models from the 3-cross 



113 
 

validation, we used the similar set of training and testing subjects – of the best model – to 

implement the prediction of the latent abilities. 

Quantifying the Overlapping Task-Related Brain Areas Identified in Linear and Nonlinear 

Models 

We aim to investigate how similar the task-related brain areas captured by linear and nonlinear 

models. To this extent, we computed the overlapping task-related brain areas between linear 

and non-linear models of each brain property across the cognitive tests using an index of 

Intersect Over Union (IOU) as presented in Chapter 4 (see section 4.2). In our case of task-

related brain areas, the IOU index between linear and non-linear models for each pair of brain 

property and cognitive test was calculated as the ratio between the number of common brain 

areas included in linear and non-linear models and the total number of distinct brain areas in 

each of the model, simply expressed by: 

𝐼𝐼𝐼𝐼𝐼𝐼 =  #𝑜𝑜𝑜𝑜 𝑐𝑐𝑜𝑜𝑐𝑐𝑐𝑐𝑜𝑜𝑐𝑐 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 𝑏𝑏𝑎𝑎𝑏𝑏𝑏𝑏𝑎𝑎𝑎𝑎𝑐𝑐 𝑟𝑟𝑑𝑑𝑐𝑐𝑎𝑎𝑎𝑎𝑎𝑎 𝑎𝑎𝑐𝑐𝑎𝑎 𝑟𝑟𝑑𝑑𝑐𝑐𝑎𝑎𝑎𝑎𝑎𝑎 𝑐𝑐𝑜𝑜𝑎𝑎𝑎𝑎𝑟𝑟𝑎𝑎 𝑑𝑑𝑐𝑐 𝑎𝑎 𝑝𝑝𝑎𝑎𝑑𝑑𝑎𝑎 𝑜𝑜𝑜𝑜 𝑏𝑏𝑎𝑎𝑎𝑎𝑑𝑑𝑐𝑐 𝑝𝑝𝑎𝑎𝑜𝑜𝑝𝑝𝑎𝑎𝑎𝑎𝑏𝑏𝑝𝑝 𝑎𝑎𝑐𝑐𝑎𝑎 𝑐𝑐𝑜𝑜𝑐𝑐𝑐𝑐𝑑𝑑𝑏𝑏𝑐𝑐𝑎𝑎 𝑏𝑏𝑎𝑎𝑎𝑎𝑏𝑏
#𝑜𝑜𝑜𝑜 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 𝑑𝑑𝑐𝑐 𝑟𝑟𝑑𝑑𝑐𝑐𝑎𝑎𝑎𝑎𝑎𝑎 𝑐𝑐𝑜𝑜𝑎𝑎𝑎𝑎𝑟𝑟+ #𝑜𝑜𝑜𝑜 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 𝑑𝑑𝑐𝑐 𝑐𝑐𝑜𝑜𝑐𝑐−𝑟𝑟𝑑𝑑𝑐𝑐𝑎𝑎𝑎𝑎𝑎𝑎 𝑐𝑐𝑜𝑜𝑎𝑎𝑎𝑎𝑟𝑟− #𝑜𝑜𝑜𝑜 𝑐𝑐𝑜𝑜𝑐𝑐𝑐𝑐𝑜𝑜𝑐𝑐 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎

 .  

Although IOU value range from 0 to 1 (0 means no overlapping and 1 means fully overlapping), 

IOU value of 0.3 or above could be considered high since it indicates that around 50% of the 

components are overlapping between two sets. For example, set A and B similarly have 40 

components where among them, 20 components are overlapping. Therefore, the IOU can be 

calculated as 𝐼𝐼𝐼𝐼𝐼𝐼 = 20
40+40−20

= 0.33. Note also that the determination of IOU values also 

depends on the number of components of each set. Therefore, especially for the nonlinear 

model, we tried different number of components or task-related brain areas (see the section of 

Identification of Task-Related Brain Areas).  

We computed the IOU values between linear and nonlinear models for each of the brain 

property (thickness, myelination, curvature, or sulcus depth) and the union of brain properties. 
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The union means that a brain area is required to be related with the cognitive test in at least one 

property to be considered in the union of task-related brain areas. Note that the IOU value is 

calculated for the same pair of cognitive tests. Therefore, for each of the cognitive test, we have 

five IOU values coming from brain structural properties (thickness, myelination, curvature, or 

sulcus depth) and union of them. 

5.3 Results 

5.3.1. Performance Comparisons of Linear and Nonlinear Models 

We first compared the prediction performances of linear and non-linear models as summarized 

in Figure 5.2 and 5.3 for cognitive tasks and latent abilities (the left panel is for linear models 

while the right panel is for nonlinear models, upper part shows the prediction in training 

subjects, while the bottom part shows the prediction for the testing subjects), respectively. 

Generally, we observed similar results in the prediction of cognitive tasks and latent abilities. 

First, we found that the results across different brain structural properties are similar indicating 

no domination across properties. Second, both linear and nonlinear models performed much 

better in the training than in the testing subjects. It informs that the model successfully created 

the mapping between brain structural properties and test scores. However, the mapping is not 

generally applicable, shown by the worse prediction in testing subjects. This model character 

is widely known as overfitting suggested as the result of small samples and excessively 

complex model. Specifically for the nonlinear model, these were the best models after trying 

to reduce the number of parameters and to add weight regularization. Third, the most important 

result, the nonlinear models offer much better prediction performance in training subjects and 

slightly better prediction performance in testing subjects. Aside from the overfitting problem, 

this result suggests that the relationships between brain structural properties and cognitive 

scores are better mapped using nonlinear approaches. 
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Figure 5.2. The prediction results of cognitive task scores from linear and nonlinear models. 

The presented results were from the best model (out of three models in 3-cross validation). The prediction results 

of linear models (A) for the prediction in training subjects, (C) for the prediction in testing subjects and non-linear 

models (B) for the prediction in training subjects, (D) for the prediction in testing subjects). The brain properties 

are color coded. The dashed line indicates the averaged correlation between predicted and actual scores in each 

case.  
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Figure 5.3. The prediction results of latent ability scores from linear and nonlinear models. 

The prediction results of linear models (A) for the prediction in training subjects, (C) for the prediction in testing 

subjects and non-linear models (B) for the prediction in training subjects, (D) for the prediction in testing subjects). 

The brain properties are color coded. The dashed line indicates the averaged correlation between predicted and 

actual scores in each case.  

5.3.2. The Overlapping of Task-Related Brain Areas Identified from Linear and 

Nonlinear Models 

After the comparison of the prediction performance, the identified task-related brain areas are 

also investigated as summarized in Figure 5.4. As mentioned, we tried different thresholds to 

determine the number of task-related brain areas in the nonlinear model. The result, as captured 

in Figure 5.4A informs that considering 90 task-related brain areas from the nonlinear model 

provides the highest averaged (across tasks) IOU with the task-related brain areas in linear 
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model. Note that in this calculation, the task-related brain areas both from linear and nonlinear 

models are determined by the union of the brain properties. Therefore, for further analysis and 

feature interpretation, we consider these sets (90 brain areas) of task-related brain areas from 

nonlinear model. Figure 5.4B shows the detailed IOU values for all cognitive tasks from 

independent property and union of brain properties. Overall, the degree of overlapping ranging 

from low to high overlaps (especially for the union of brain properties which provides 

significantly higher IOU compared to single property), with the highest averaged IOU value 

across brain properties found in task number 4, which is the Gc1 measuring the ability to read 

English words as accurate as possible. Another important result is that, the cognitive tasks 

which were predicted better by both models especially in testing data (task number 1 – 5, refer 

to Figure 5.2), tend to have higher IOU values than the other tests. It indicates the consistency 

of linear and nonlinear models to extract the common task-related brain areas to make better 

predictive models. 

Further, the functional relevance of the identified task-related brain areas is also explored. To 

this extent, we focused on task number 4 measuring the reading ability. Aside from the result 

that this task offers the highest overlapping features between linear and nonlinear models, the 

reading-related brain areas have also been identified and interpreted in Chapter 3. We 

composed a union reading-related brain areas from all the properties for linear and nonlinear 

models as plotted in Figure 5.4C. Note that the union reading-related brain areas are color 

coded according to the model where the areas were identified. The areas only identified in 

linear model or nonlinear model are green and blue colored, respectively, while the areas 

identified in both models are colored red. Interestingly, we found that the proportion of red-

colored areas are higher than the other colors (44% compared to 40% and 16% for areas 

identified only in nonlinear and linear models, respectively). Note that the higher number of 

common brain areas in linear and nonlinear models is the result of the union task-related brain 
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areas from four brain structural properties. In addition, compared to Figure 3.4 about the 

interpreted reading-related brain areas, most of the core areas are in the areas which are 

identified in both models (colored red). Those core areas are left auditory cortex, left inferior 

frontal cortex, right somatosensory and motor cortex, right insular and frontal opercular cortex, 

and right temporo-parieto-occipital junction (Fig. 5.4C). This finding reveals the functional 

relevance of the task-related brain areas identified by both linear and nonlinear models, 

especially in reading test. 

5.4 Discussion and Conclusion 

In this brief study, the implementation of linear and nonlinear models in brain-behavior study 

were compared in terms of their predictive performance and feature interpretation. The 

modified CPM was used as the linear model while ANN acted as the nonlinear model. Four 

brain structural properties and behavioral performances from fifteen cognitive tasks were the 

inputs and outputs of the models, respectively. In the prediction, the performance of nonlinear 

model is much better especially in the prediction of training subjects. The worse performance 

of both models to predict the testing subjects may indicate the overfitting problem as the result 

of limited number of subjects. In the feature interpretation, the task-related brain areas 

identified by both models show some low to medium overlapping. Focusing on the reading 

test, the reading-related brain areas identified by both models are functionally relevant 

compared to the interpreted reading-related areas found in Chapter 3.  
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Figure 5.4. The overlapping features between linear and non-linear models. 

(A) The averaged IOU values of task-related brain areas identified in linear and nonlinear models performed in 

different cases representing different number of features (task-related brain areas) from nonlinear model. (B) The 

overlaps of the identified task-related brain areas between linear and nonlinear models quantified by IOU index. 

The results are presented in each cognitive task for independent and union of brain properties. The value in each 

cognitive test is the averaged IOU across brain structural properties. (C) The union of reading-related brain areas 

from all properties, color coded according to the  model(s) based on which the areas were identified. 

As the first point to discuss, we want to emphasize the performance of the nonlinear model to 

predict the behavioral performance scores from the training subjects which outperforms the 

linear model. Predicting the training subjects, which were used to learn the parameters of the 

model during training, evaluates the mapping between input and output as captured by the 

models. The worse performance may indicate the incorrect mapping, while the good 

performance may reveal the correct mapping. In this case, the relationships between brain and 
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behaviors are better represented by nonlinear relationships. Next, the evaluation of the model 

using testing subjects investigates the generalizability of the model since the testing subjects 

were not seen during the training. The ideal model results in similar performance in testing and 

training subjects indicating both good mapping and generalizability. However, our results here 

showed overfitting where the prediction performance in testing subjects are much worse than 

the training subjects in both linear and nonlinear models. Overfitting problem may occur 

because of the complexity of the models and the limited number of subjects. In the model 

development, especially the nonlinear mode, we attempted different model complexity by 

adjusting the number of layers and neurons. The model that we used here was the least complex 

model with the best performance (see Table 5.1). In addition, the overfitting also appears in 

linear model which has the simple model architecture. Therefore, here we suggest that the 

overfitting, especially in nonlinear model, may occur because of the limited number of subjects, 

where the training subjects may not be enough to cover the general mapping between the input 

and output. Our argument is supported by the large number of learnable parameters in ANN 

model. In total, we had 108,000 weights and 36 biases. Compared to ~600 subjects for the 

observation in the training set, the number of parameters is much larger. For the linear model, 

although the prediction in testing subjects was worse than in training subjects, the difference 

was not as much compared to the nonlinear model. Supported by the much better performance 

of nonlinear model in training subject, here we argue that the mapping between brain properties 

and the scores of cognitive tests is not ideally represented by linear relationship. 

Focusing on the acceptable prediction performance on training subjects which may indicate the 

correct mapping between brain and behaviors, we analyzed the identified task-related brain 

areas from training set. We found that linear and nonlinear models share some overlapping 

brain areas indicated by the low to high values of IOU in Figure 5.4B, especially for union 

properties which results in significantly higher IOU values compared to single property. 
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However, note that these values are based on the highest averaged IOU values in different trials 

of identifying task-related brain areas in nonlinear models. To this extent, we further analyze 

whether the task-related brain areas identified from both models are functionally relevant with 

the corresponding cognitive tasks although the overlaps are not high. Here, we focus on the 

reading ability (task number 4), since this task provides high predictive performance and 

overlapping areas between linear and nonlinear models. The union reading-related brain areas 

from all properties as captured in Figure 5.4 shows the big portion of overlapping areas between 

linear and nonlinear model (red colored areas, around 44% from the total union task-related 

brain areas from both model). Interestingly, the core reading-related brain areas found and well-

interpreted in the previous chapter (Chapter 3) are located in the overlapping areas between 

linear and nonlinear models. It, therefore suggests the consistency of linear and nonlinear 

models to capture the functionally relevant task-related brain areas although they have small to 

medium overlapping features. 

Next, we also discussed the features which were identified only by nonlinear model to observe 

whether those features are functionally relevant. Referring to Figure 5.4C, we found that the 

primary visual cortex in right and left hemispheres were identified by the nonlinear model. 

Focusing on the reading ability, the primary visual cortex is known to be associated with 

reading performance (Dehaene & Cohen, 2011; Dehaene et al., 2015). In addition, aside from 

the identification of right motor cortex, nonlinear model captured the association of left motor 

cortex with reading performance. Although some previous studies indicate the association 

(Bohland et al., 2019; Tomasino, Fink, Sparing, Dafotakis, & Weiss, 2008), the lateralization 

of motor cortex was not explained. It therefore offers the wider interpretation of the 

involvement of motor cortex in reading acquisition for further investigation. 

Aside from the results which show the improved prediction performance of nonlinear model 

and the consistency and functionally relevant features, this study still needs further 
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improvement. First, adding more subjects may avoid the overfitting problem. Second, other 

linear and nonlinear methods using advanced techniques such as regularization and 

unsupervised feature extraction may be applied to have more general conclusion of the 

comparison between linear and nonlinear models. Third, the use of other linear and nonlinear 

techniques should be coupled with the approaches to extract and interpret the features which 

are comparable between models. Lastly, we also need to emphasize that the features in this 

study, in terms of task-related brain areas were not separated into positive and negative 

networks. In linear models, the separation is possible by taking the correlation sign into 

account. However, in nonlinear model, where the features were based on the weights, the 

separation may not be fully correct. The embedding process of ANN involved nonlinear 

transfer function, in this case tan sigmoid, which can transform the input pf each neuron from 

positive to negative and vice versa. Therefore, further study which consider another way to 

extract the feature from ANN is needed to generate positive and negative networks. In 

conclusion, aside from the subject and method limitation, this study reveals that the nonlinear 

mapping better represents the relationships between brain properties and behavior and shows 

the consistent and functionally relevant features extracted by linear and nonlinear models. 
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Chapter 6 Functionally Relevant Clusters of Brain Areas from Graph 

Neural Network 

6.1 Chapter Introduction 

This Chapter aims to answer open question number 4 which arises from the results of 

the previous Chapters. Chapter 3 and Chapter 4 focus on the neural mechanism underlying 

behaviors, identifying brain networks related to single reading ability and to the organization 

of several behaviors in cognitive ability structure, respectively. Chapter 5 shifts the direction 

to put more attention into the methods of brain-behavior study by comparing linear and 

nonlinear models in terms of their performance prediction and feature interpretation. It is found 

that the mapping between brain structural properties and performance scores of cognitive tasks 

can be better represented by nonlinear mapping. Motivated by this finding and to further extend 

the research direction in Chapter 3 and Chapter 4, the study in this Chapter is pointing at the 

framework to apply fully nonlinear analysis to brain-behavior study and to ask to what extent 

it can improve our understanding of brain-behavior relationships. Here, the work focuses on 

identifying the clusters of the brain networks from multiple brain properties, where each cluster 

is expected to support a particular ability underlying several cognitive tasks.  

 From another perspective, this Chapter starts with the same purpose as Chapter 4 to 

find how the human cognition structure is reflected in the brain properties. However, unlike 

the Chapter 4 which involves the task performance to identify the brain networks, this work 

fully relies on the brain properties to identify the clusters in the brain and only uses the task 

performances to interpret and explain the identified clusters. In this framework, there are two 

subtopics related to this study: identifying brain clusters and interpreting the reflected cognitive 

ability structure. 
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 For the former purpose, several studies have given their attention on how the brain can 

be divided into several regions based on their structural and functional properties. The most 

common work is the development of brain atlas, such as Automated Anatomical Labelling 

(AAL) and Multi Modal Parcellation (MMP) atlases. AAL atlas identified the brain partition 

using the brain anatomical property, particularly the high-resolution T1 volume. There are three 

versions of AAL atlas where in each newer versions, the brain is divided into more areas with 

finer resolutions: version 1 has 90 areas (Tzourio-Mazoyer et al., 2002), version 2 has 120 areas 

(Rolls, Joliot, & Tzourio-Mazoyer, 2015), and version 3 has 170 areas (Rolls, Huang, Lin, 

Feng, & Joliot, 2020). More comprehensively, MMP atlas used several brain properties 

covering structural and functional properties of brain voxels and connections to divide the brain 

into 360 areas (see sub-Chapter 2.2 for details). However, note that the brain atlases mentioned 

above merely proposed the brain partition, which are used for other studies, without further 

explanation on how they are integrated. An inspiring work was done by Thomas Yeo et al 

(2011) that explore the brain organization estimated by functional connectivity. Aside from the 

result of dividing the brain into seven Resting State Networks (RSN), this work also explained 

how the networks organized. RSN contains  motor, sensory, and other distributed networks of 

association areas. The functional connectivity analysis revealed that the connections within the 

sensory and motor cortex follow topographic representation with other networks. In addition, 

this work also discussed the relationship of this large scale functional organization with 

monkey brain anatomy.   

 The latter part about the interpretation of brain cluster in terms of cognitive ability 

structure has been an emerging research topic especially in cognitive neuroscience. The 

argument is that the cognitive ability structure derived from psychometrics may not exist if the 

structure is not reflected in the brain organization (see Introduction in Chapter 4 for the review). 

This claim triggers the research direction to explore the cognitive ability structure nested in the 
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brain properties, instead of relying on the psychometrics-based cognitive ability structures. For 

example, a study using task-fMRI signal found that the behavioral measures were also 

systematically structured in the brain activities forming some latent abilities (Bolt et al., 2017). 

However, the use of task-dependent brain properties (i.e. task-fMRI) might lead to a biased 

reflection of cognitive ability structure in the brain (Poldrack & Yarkoni, 2016). The biased 

reflection might occur since the task performed during the scan might not be exclusive to single 

cognitive function. For example, a task aims to trigger visual representation in human brain 

may also activate the areas related to motor or other functions due to the test procedure. 

 The present study aims to explore the brain clusters from brain data of task-free 

structural properties covering both area and connection measures and interpret them using 

behavioral and ability measures. In details, the brain properties are explored in unsupervised 

manner using Graph Neural Networks (GNN) to obtain the hidden feature representation of 

each brain areas. Next, based on the extracted features, the brain areas are grouped to form 

brain structural networks. Finally, prediction models involving the structural properties of the 

brain belonging to each cluster and task performances are developed with the expectation that 

each cluster is predictive to only some cognitive tasks pointing to a particular cognitive latent 

ability. Thus, it will reveal the cognitive ability structure nested in the brain structural cluster. 

6.2 Materials and Methods 

6.2.1. Materials 

The materials for the present study are similar with the data used in Chapter 4 which includes 

838 participants. Each participant has the brain data consisting of brain structural properties 

(thickness, myelination, curvature, and sulcus depth) and brain structural connection. For the 

behavioral measures, each subject has performance scores from 15 cognitive tasks listed in 

Table 2.2.  Please refer to Chapter 2 for the detailed description of the data. 
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6.2.2. Methods 

The framework of this study is illustrated in Figure 6.1. There are two main parts: the brain 

clustering method and the prediction of the behavioral measures. Each part is generally 

explained in this section to give the big picture on how the methods were implemented. For the 

details of the mathematical tools on each method, readers are advised to read the materials cited 

in the corresponding method part. 

 
Figure 6.1. Framework of the present study. 

The framework is divided into two parts. The first part is to find the brain clusters based on the brain structural 

properties coming from both area and connection measures (A). The second part is the prediction of behavioral 

measures using the structural properties of each cluster (B). The more detailed explanations of the steps are 

presented in the following subchapters. 

Identifying Brain Clusters 
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We aim to identify the brain cluster nested in the brain structural properties coming from both 

area and connection measures; thus, we implemented GNN (Figure 6.1A). GNN is a machine 

learning tool applicable for unstructured data, mostly applied to learn social networks, 

containing a number of nodes and their relationships, termed connection between nodes 

(Farahani, Karwowski, & Lighthall, 2019; Scarselli, Gori, Tsoi, Hagenbuchner, & Monfardini, 

2009). In our study, the nodes are the brain areas, while the brain structural connections 

represent the relationship between nodes. Especially for the present study as illustrated in 

Figure 6.1A column 1, 𝑋𝑋 =  [�⃗�𝑥1, �⃗�𝑥2, … , �⃗�𝑥𝑁𝑁] is a matrix of the node features where N is the 

number of the nodes (N = 360 representing 360 brain areas), while �⃗�𝑥𝑑𝑑 is a vector representing 

the features of each node, �⃗�𝑥𝑑𝑑 ∈ ℝ𝐹𝐹 where F is the number of features in each node. Since we 

want to capture the group cluster which involve 838 individuals, the features of each node are 

the concatenated structural properties from 838 subjects. Thus, F has 4 x 838 values indicating 

the four structural brain properties (thickness, myelination, curvature, and sulcus depth) from 

838 individuals. Next, 𝐴𝐴 ∈ ℝ𝑁𝑁𝑥𝑥𝑁𝑁  is the connection between nodes represented by brain 

structural connection. Similarly, we used the structural connectivity from 838 subjects by 

averaging them to represent matrix A. Note that in the current state, we only included the 10 

percent connections with the highest connection strength for this study. Therefore, the 

connections which are within the 10% highest connection were assigned as ‘1’, while the other 

connections were assigned as ‘0’ in adjacency matrix A. 

 The mathematical approach of GNN is similar to the MLP (see Chapter 5.2) where each 

node is a neuron which transmits the received information based on the activation function. 

However, unlike in MLP where the neuron only considers the input from other neurons in the 

previous layer, in GNN the neuron receives information from the neighboring neurons and the 

underlying connections as expressed by Equation 6.1. 
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ℎ𝑐𝑐𝑟𝑟 = 𝜎𝜎 �𝑤𝑤0
𝑟𝑟−1ℎ𝑐𝑐𝑟𝑟−1 + � ∅�𝑤𝑤1𝑟𝑟−1ℎ𝑗𝑗𝑟𝑟−1,𝐴𝐴𝑑𝑑𝑗𝑗�

𝑗𝑗∈𝑁𝑁(𝑐𝑐)

� 
(6.1) 

where, ℎ𝑐𝑐𝑟𝑟  is the feature (hidden representation) of node n in layer l, 𝑤𝑤0
𝑟𝑟−1 is the weight for the 

nodes from previous layer, 𝑤𝑤1𝑟𝑟−1  is the weight for the connection between nodes, 𝐴𝐴𝑑𝑑𝑗𝑗  is 

connection feature between node i and j, while 𝜎𝜎 and ∅ are transfer functions. For the detailed 

mathematical framework of GNN, the readers can refer to the paper where the GNN was 

initially proposed (Scarselli et al., 2009). 

 After the graph development, the next step is to train the graph to extract the hidden 

feature representation of each node. To this extent, we considered unsupervised learning based 

in Deep Graph Informax (DGI) as proposed by (Veličković et al., 2018) and implemented by 

(Peng et al., 2020). The readers are advised to refer to those papers for detailed information 

about the training procedure. Generally, the training procedure, as illustrated in Figure 6.2 

involves some of the following steps: 

1. To develop a corrupted graph (C) form original graph (G) by shuffling the connections 

between nodes. Note that during shuffling, the edges of C is the same with G, only the 

features of the nodes are randomized. 

2. To encode each node on each graph to obtain the hidden node representations: 𝐻𝐻𝐺𝐺  and 

𝐻𝐻𝐶𝐶 

3. To summarize the hidden node representations from the original graph (s) 

4. To score the hidden node representation from the original and corrupted graphs by using 

discriminator (D): 𝐷𝐷(𝑣𝑣, 𝑠𝑠) for v in original graph (𝐻𝐻𝐺𝐺) and in corrupted graph (𝐻𝐻𝐶𝐶) 

5. To collate the final scores in the loss function (Equation 6.2): maximizing the 𝐷𝐷(𝑣𝑣, 𝑠𝑠) 

if v is from the original graph and minimizing 𝐷𝐷(𝑣𝑣, 𝑠𝑠) if v is from the corrupted graph. 
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Note that M, 𝑋𝑋𝑐𝑐, and 𝐴𝐴𝑐𝑐 represent the number of nodes, the features of nodes, and the 

features of connections for the corrupted graph. 

 

ℒ =
1

𝑁𝑁 + 𝑀𝑀
��𝐺𝐺(𝑋𝑋,𝐴𝐴)�𝑙𝑙𝑙𝑙𝑙𝑙𝐷𝐷�ℎ�⃗ 𝑐𝑐, 𝑠𝑠��

𝑁𝑁

𝑐𝑐=1

+ � 𝐶𝐶(𝑋𝑋𝑐𝑐,𝐴𝐴𝑐𝑐) �𝑙𝑙𝑙𝑙𝑙𝑙 �1 − 𝐷𝐷�ℎ�⃗ 𝑐𝑐, 𝑠𝑠���
𝑀𝑀

𝑐𝑐=1

� 
(6.2) 

 

Figure 6.2. The unsupervised training process of GNN. 

In the present study, the training process involved 64 layers of graph neural networks where 

the hidden node representation of each layer is presented in a single value. Therefore, by 

referring to Figure 6.1A column 2, 𝐻𝐻 =  �ℎ�⃗ 1,ℎ�⃗ 2, … ,ℎ�⃗ 𝑁𝑁� is a matrix containing the hidden 

representation of all nodes after the training process, with ℎ�⃗ 𝑑𝑑 ∈ ℝ𝐿𝐿 describing that the hidden 

representation of each node is a vector with length of L = 64 (number of layers). 

After the extraction of hidden representations of all the nodes, 𝐻𝐻 ∈ ℝ𝑁𝑁𝑥𝑥𝐿𝐿, we applied t-

Distributed Stochastic Neighbor Embedding (t-SNE) to reduce the dimension of the matrix H. 

The use of dimensional reduction, especially t-SNE, is to capture only the important features 

and to provide simple interpretation and visualization. Briefly, t-SNE works similarly with 

Principal Component Analysis (PCA) by computing pairwise distances of the data points (in 

our case is the pair of the nodes). Unlike the PCA which tries to preserve the large pairwise 

distance by maximizing the variance so that the different nodes are far apart, t-SNE keeps small 

pairwise distance to make the similar nodes closer (der Maaten & Hinton, 2008). In addition, 
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to support our objective to use fully nonlinear model in this chapter, t-SNE uses nonlinear 

approach to deal with the data, which makes it suitable for any geometric shape with manifold 

structure (see the comparison of using t-SNE and PCA in Swiss Roll dataset  

https://www.quora.com/What-advantages-does-the-t-SNE-algorithm-have-over-PCA). The 

original paper of t-SNE (der Maaten & Hinton, 2008) suggested that t-SNE is more appropriate 

to capture less than three dimensions. It is related with the heavy tails of the Student-t 

distribution which may not preserve the original structure of the data since they contain the 

large portion of the probability mass.  Following the suggestion, we performed the t-SNE to 

capture only two dimensions. As the output from the t-SNE, matrix of hidden node 

representations has the dimension of  𝐻𝐻𝑏𝑏−𝑀𝑀𝑁𝑁𝑀𝑀 = �ℎ�⃗ 1, ℎ�⃗ 2, … ,ℎ�⃗ 𝑁𝑁�,  𝐻𝐻𝑏𝑏−𝑀𝑀𝑁𝑁𝑀𝑀 ∈ ℝ360𝑥𝑥2.  

The final part to find the brain networks based on its structural properties is to cluster 

𝐻𝐻𝑏𝑏−𝑀𝑀𝑁𝑁𝑀𝑀. Referring to the Figure 6.1A in the last column, each node or brain areas now has only 

two features coming from the components of t-SNE. To cluster the nodes, we implemented k-

Means Clustering, or simply known as k-Means. This algorithm is an unsupervised clustering 

method to group data points into k clusters. It works, first by determining the number of cluster 

k. There are some methods to determine the number of clusters, for example Elbow method 

(Nanjundan, Sankaran, Arjun, & Anand, 2019). In this study, we used 7 as the number of 

clusters since we also aim to compare the identified structural networks with 7 RSN (see 

Chapter 5). The next steps are to assign the data points into cluster and to determine the 

centroids of each cluster. The distance between each data point and the corresponding cluster 

centroid is then calculated. The distance computation is useful to re-assign the data points into 

another cluster in the direction of minimizing the distance with the centroid. The processes of 

determining the centroids and assigning data points are repeated until reaching the global 

optima where there is no switching of data points from one cluster to another. 

https://www.quora.com/What-advantages-does-the-t-SNE-algorithm-have-over-PCA
https://www.quora.com/What-advantages-does-the-t-SNE-algorithm-have-over-PCA
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All the steps in this part to identify brain structural networks, were performed based on 

Python 3.7 using StellarGraph Library (https://stellargraph.readthedocs.io/en/stable/) for the 

GNN and Scikit-Learn Library (https://scikit-learn.org/stable/) for t-SNE and k-Mean 

Clustering.  

Predicting Behavioral Measures 

After the determination of brain clusters based on its structural properties, we 

investigated the performance of each cluster to predict the performance scores of behavioral 

tasks (see Materials). The prediction technique recruits ANN, similar to the nonlinear model in 

Chapter 5. The readers may refer to subchapter 5.2 about the nonlinear prediction modeling 

using ANN. Specifically for this study, the technical diagram of prediction process is illustrated 

in Figure 6.1B. The brain clusters are the set of brain areas in MMP atlas; thus, the inputs for 

the prediction model are the concatenated brain structural properties (thickness, myelination, 

curvature, and sulcus depth) of the brain areas on each cluster, forming an input vector  𝐼𝐼 ∈

ℝ𝑁𝑁𝐶𝐶𝑥𝑥4, with 𝑁𝑁𝐶𝐶being the number of brain areas in the cluster. Totally, we have 7 x 15 pairs of 

input and output (models) coming from 7 brain clusters and 15 behavioral measures. Note that 

the ANN architecture was identical to Figure 5.1: comprising of two hidden layers with the 

number of neurons in the first and second hidden layer is 20 and 15, respectively. We also 

implemented 3-cross validation to expect for the robustness of the model performance. Finally, 

the model performances were evaluated using correlation between actual and predicted 

performance scores. The presented model performances were the averaged performance across 

three different models.  

https://stellargraph.readthedocs.io/en/stable/
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6.3 Results 

6.3.1. Brain Clusters Identified from Structural Area and Connection Measures 

As previously mentioned, we aim to capture brain structural networks by clustering the hidden 

representations of brain area and connection measures. Using K-means clustering method, we 

identified seven structural brain clusters as depicted in Figure 6.3. There are two important 

findings that we emphasize. First, note that we performed feature extraction and clustering on 

both hemispheres simultaneously; we did not performed clustering on one hemisphere and 

copied the cluster indices into another hemisphere. Through this approach, we found consistent 

clusters appearing in left and right hemispheres (refer to Figure 6.3A, focusing on the same 

color-coded areas between left and right hemispheres). For example, the identification of motor 

and prefrontal cortex in both hemispheres, colored green and red, respectively. The consistency 

between left and right hemisphere is more evident in the medial view (bottom part of Figure 

6.3A), especially in the area of parietal cortex (green). Second, by looking at the location of 

the clusters, we also found the similarities of our brain clusters with the RSN (Figure 6.3B) 

which were identified only from brain functional properties. To quantify the similarities, we 

compute the overlapping (using IOU index) between brain structural clusters and RSN as 

depicted in Figure 6.3C. Interestingly, we found that each cluster from brain structural 

properties is specific to a network in RSN: Cluster 1 for FP, Cluster 2 for ATT, Cluster 3 for 

DMN, Cluster 4 for VIS, Cluster 5 for LIM, and cluster 7 for SAL. This association is based 

on the finding on Figure 6.3C where the diagonal values are brighter (higher) than the off-

diagonal values. For this pattern, we expect that Cluster 6 is the representation of network SM. 

However, we found that SM has the highest IOU with Cluster 7, which has been associated 

with SAL network since it shows the highest IOU value, and Cluster 6 has the highest IOU 

with ATT (for Cluster 2) and VIS (for cluster 4). 
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Figure 6.3. Brain structural clusters and comparison with functional clusters. 

(A) The brain clusters identified from the node structural representation based on area and connection measures, 

where different colors represent different clusters. (B) 7 Resting-State Networks. Note on RSN: SAL is salience, 

SM is somatosensory and motor, LIM is limbic, Vis is visual, DMN is default mode network, FP is fronto parietal, 

and ATT is attention. (C) The qualitative comparison between brain clusters identified from structural properties 

and RSN. 

6.3.2. Prediction Performances of Structural Brain Clusters 

After the identification of brain structural clusters, we used the structural properties of the brain 

areas belonging to each cluster to predict the scores from fifteen cognitive tasks. The results 

are presented in Figure 6.4 for training and testing subsets. Note that the results are the average 

of the prediction performance from three models in 3-cross validation technique. As an 
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interesting finding, we found that although the prediction results of cognitive tasks vary across 

clusters, the averaged prediction performance across cognitive tasks in all clusters are similar, 

especially in training subset (around 0.5). In more detailed look, we found that cluster 5 

provides the best performance to predict behavioral measures in both training and testing 

subsets.   

We further analyzed in behavioral test perspective to look for the behaviors best predicted by 

these clusters. To this extent, we identified the five best predicted cognitive tasks from each 

cluster to represent the tasks related to each cluster. The task performances used as the reference 

for this assignment were the averaged task performances from training and testing subsets 

presented in Figure 6.4. The results are presented in Table 6.1. Overall, we found that Gc2 was 

the only cognitive task which was included in the best predicted cognitive tasks in all clusters, 

followed by Gf2 which were included in 6 out of 7 clusters. However, Gf2 had more appearance 

as the first best predicted tasks than Gc2. Moreover, we found three cognitive tasks which were 

not included in the best predicted tasks in any clusters: Gm1, EF3, Gs2, and Gs3. 
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Figure 6.4. The performance of brain clusters to predict behavioral measures. 

The performances of brain clusters to predict fifteen behavioral measures (see Table 2.2) in training (A) and 

testing (B). The results are the average from the performance of three models in 3-cross validation technique. 

Note that each color in the bar graph represents different cognitive task. The order of the bar, left to right, 

represents the cognitive tasks number 1 to 15. The value above the bar indicates the averaged prediction 

performance across cognitive tasks in a cluster. 
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Table 6.1. The best five predicted task performances by each brain structural clusters. 

Clus. Cognitive Tasks 
Gf1 Gf2 Gf3 Gc1 Gc2 Gm1 Gm2 EF1 EF2 EF3 EF4 Gs1 Gs2 Gs3 Gs4 

1                
2                
3                
4                
5                
6                
7                

Note:  

6.3.3. Comparison of the Brain Structural Clusters with the Ability Factors Identified in 

Chapter 4 

Here we identified seven brain clusters which are consistent with the functional clusters and 

predictive to behavioral measures. Further, we ask how these brain structural clusters are 

related to the ability factors found in Chapter 4. Briefly, in Chapter 4 using the association of 

brain structural properties and score of behavioral measures, we identified eight ability factors: 

accuracy, EF, and speed for positive brain network and Gf, Gc, inhibition, switching, and speed 

for negative brain networks (see Figure 4.5). Note that for each ability factor, we also presented 

the ability-related brain areas (see Figure 4.6). We specify our question on how the ability-

related brain areas (identified in Chapter 5) are nested in the brain structural clusters. To this 

extent, we computed the overlapping between the ability-related brain areas and the brain 

structural clusters using IOU index. 

 Figure 6.5 captures the results in the perspective of structural brain clusters by presenting the 

highest IOU for each ability factors. Note that here we only took the perspective from the ability 

factors; thus, only clusters appear with the highest overlapping with ability-related brain areas 

are presented. We found distinct clusters presenting ability factors from positive and negative 

brain networks. The ability factors from positive networks are presented by Cluster 2 and 

Cluster 7, while the ability factors from negative networks are dominated by Cluster 5 coupled 
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with Cluster 6. Clusters 1, 3, and 4 are not there since they do not appear as the clusters with 

the highest overlapping with the ability factors. 

 

Figure 6.5. The comparison of ability factors and brain clusters. 

Illustration of comparison between brain areas related to the ability factors identified in Chapter 4 with the brain 

structural clusters quantified using IOU. The figure shows the maximal overlapping (highest IOU) of each ability 

factors with the brain clusters. 

6.4 Discussion and Conclusion 

The work aimed to identify the brain clusters from its structural properties to complete 

the functional resting state network (RSN). Beyond that, we also tried to interpret the clusters 

by finding the association to cognitive tasks with the expectation that the clusters are predictive 

to distinct sets of cognitive tasks pointing to distinct cognitive latent abilities. 
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 The identification of the brain structural clusters reveals two important findings. First, 

the clusters are similarly reflected in right and left hemispheres although we did the clustering 

in both hemispheres simultaneously. It therefore suggests that the brain structural properties, 

especially thickness, myelination, curvature, sulcus depth, and structural connectivity 

possesses the similarities across hemispheres in terms of their hidden representations. Second, 

the brain structural clusters reveal consistent brain parcellation compared to the one derived 

from function measures in RSN. The consistency is shown by the IOU values quantifying the 

overlapping between brain structural clusters and RSN, where the highest IOU for the clusters 

come for different networks in RSN. However, we found that SM network does not have clear 

representation in brain structural clusters since it has the highest IOU with Cluster 7 (best 

represented by SAL network). This consistency and discrepancy therefore suggests a future 

work to create more comprehensive brain networks which consider both structural and 

functional brain properties. Aside from those consistency and inconsistency of the brain 

structural clusters compared to RSN, we found that the clusters, on average, performed 

similarly to predict behavioral measures although they provided different associations with best 

predicted cognitive tasks. This finding is interesting since it shows that different clusters 

possesses enough variance to capture different measures explaining individual differences. By 

looking more closely into the prediction performance of each cluster, we found the distributed 

best predicted tasks across clusters. Simply speaking, although the clusters on average 

performed similarly in predicting behavioral outcomes, they were not only successful to predict 

some particular tasks. Instead, almost all the tasks, 11 out of 15, appeared in the five best 

predicted tasks in all clusters. Finally, we compared the brain structural clusters with the ability 

factors identified in Chapter 4. We found that the ability factors identified from positive and 

negative brain networks are presented by distinct clusters, where Cluster 2 and Cluster 7 
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represent the ability factors from positive networks, while cluster 5 and Cluster 6 are for the 

ability factors coming from negative brain networks. 

 To summarize, we want to emphasize that one of our focus in this work is to propose a 

framework to apply fully nonlinear data-driven approach to improved understanding of brain-

behavior relationships. By engaging GNN, t-SNE, k-Means clustering, and ANN, we were able 

to identify brain structural clusters and interpreted them by finding the nested behavioral and 

ability measures in each cluster. Aside from the promising finding including the consistency 

of the clusters with the RSN and the coverage of behavioral measures, there are still rooms for 

improvement. First, the development of the clusters might be improved by using more brain 

structural properties. Specifically, lowering the threshold of structural connectivity (> 10%) 

and increasing the number of hidden node representation on each GNN layer (>1) may enrich 

the extracted features used for clustering. Second, the use of wider variety of behavioral 

measures, including the involvement of demographic data of the participants may better explain 

the functional relevance of the clusters. Altogether, we claim that our proposed framework is 

applicable to wide variety of brain and behavioral measures and is promising to improve our 

understanding on brain-behavior relationships. 
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Chapter 7 Summary and Outlook 

7.1 Summary 

This thesis focuses on investigating the advantages of using data-driven approach in 

brain and behavior studies. Chapter 1, aside from brief introduction of brain, provides the 

literature covering the state of the art of brain-behavior studies, the emergence of data-driven 

approaches, and idea of implementing nonlinear models to map brain and behaviors. From the 

literature review, there are some open questions formalized to evaluate the application of data-

driven approaches: (i) Is data-driven approach able to capture the established knowledge and 

add more understanding in single and multiple behavior levels? (ii) Is nonlinear model better 

than linear models to map brain and behaviors? And (iii) What could be a framework to apply 

fully nonlinear data-driven approach to improved understanding of brain-behavior 

relationships? To answer those questions, Chapter 2 lists and provides information about the 

data used in all the following studies. 

 Chapter 3 aims to answer the first question about the implementation of data-driven 

approach focusing on single behavior level. In practice, the study develops a predictive model 

where the output is score performance from reading ability test, while the input covers 

structural and functional brain properties (thickness, myelination, curvature, sulcus depth, and 

structural and functional connection). The first main finding comes from the prediction results, 

informing that sulcus depth and structural connections are the best properties to predict reading 

ability. Another major finding is the establishment of reading networks comprising of four 

layers based on their correlation with reading ability. The core layer is occupied by the brain 

areas mostly found in the literature, while the other layers introduce brain areas which were 

not found to be associated with reading ability in previous studies. Moreover, this study also 

argues for the left lateralization of reading ability by showing that reading-related brain areas 

are distributed in both left and right hemispheres. In conclusion, this study shows that data-
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driven approach implemented in single behavior is able to confirm the findings of previous 

studies and above that, to add more interpretable knowledge. 

 Chapter 4 has the similar purpose with Chapter 3, but it now focuses on multi-behavior 

approach. In details, it compares the cognitive ability structure explored from brain structural 

properties to the one derived from psychometrics (initial hypothesis about the covariance of 

task performance). The results show that brain-based cognitive ability structure reveal, not only 

some similarities with the psychometrics-based cognitive ability structure, but also 

interpretable dissimilarities. At this point, it already proves the advantages of data-driven 

approach which can capture hypothesis-based finding and identify more interpretable findings. 

Further analysis on the brain areas governing latent abilities in brain-based cognitive ability 

structure show two competing features: the brain areas associated with the abilities are 

segregated (little or no overlap), but they are integrated in terms of the underlying structural 

connections. These features, integration and segregation, offers new perspective to explain the 

mechanism underlying cognitive ability structure. 

 Chapter 5 addresses the second question inquiring the comparison between linear and 

nonlinear models in terms of prediction performance and feature extraction by systematically 

compare linear and nonlinear models to study brain and behavior relationships. For the linear 

model, widely used CPM is engaged, while ANN takes the role for nonlinear model. The task 

of both models is the same: to find the mapping between brain structural properties (thickness, 

myelination, curvature. Sulcus depth) and performance scores from fifteen cognitive tasks 

across individuals. In terms of prediction, nonlinear model performs better in both training and 

testing subsets. It shows that the mapping between brain structural properties and behaviors is 

better characterized by nonlinear model. The analyses on the features of both models show that 

linear and nonlinear models capture partially consistent features. Interestingly, the consistently 

captured features by both models are interpretable and match with the literature. In addition, it 
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is also found that nonlinear model can capture some important features which are not captured 

by nonlinear model. 

 Motivated by the results from Chapter 5, Chapter 6 tried to answer the last question on 

the framework of fully nonlinear approach by proposing fully nonlinear data-driven framework 

to study brain and behavior relationships. The aim of this study is to explore the brain clusters 

based on its structural properties and interpret them in terms of associated cognitive tasks. 

Technically, the study employs GNN, t-SNE, and k-Mean clustering to found the hidden 

representation of brain structural properties and to use them to explore brain structural clusters. 

The result reveals important finding showing that the brain clusters obtained exclusively on 

brain structural properties show some consistency with the resting state network obtained from 

functional properties. Next, the structural properties of brain areas corresponding to each 

cluster are used to predict the performance scores from several cognitive tasks. The expectation 

was that each cluster has distinct set of best predicted cognitive tasks pointing towards 

cognitive latent abilities. The results do not fully agree with the hypothesis, showing that some 

cognitive tasks are best predicted by some clusters. However, the coverage of the best predicted 

tasks by all clusters shows promising research direction which suggests the involvement of 

wider variety of cognitive tasks to capture the latent abilities represented by each cluster. 

 In more general view, this thesis contributes to support the implementation of data-

driven approaches in brain and behavior studies. The results show that data-driven approaches, 

not only capture and confirm the previously established conclusion, but also is able to enrich 

the related knowledge by expanding the limitation from hypothesis-driven approach. 

Importantly, these two advantages of data-driven approaches have been proven in both single 

and multi-behaviors study. In addition, this thesis also offers some methods which are novel 

and also applicable to other behaviors.  
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To summarize, this thesis shows the advantages of using data-driven approaches in brain and 

behavior study in both single and multiple behavior levels. In addition, the results also show 

the promising research area which focuses on nonlinear modelling of brain-behavior 

relationships. To this extent, this thesis provides a general framework to implement fully 

nonlinear data-driven approach which can be performed in wide variety of brain properties and 

behavioral measures. 

7.2 Limitation and Outlook 

Specifically, the limitation and suggested future direction of each work has been 

discussed in each chapter. This section focuses on the general limitation and future research 

directions on the implementation of data-driven approach in the study of brain-behavior 

relationships. 

There are at least two main challenges, or limitations, in the research involving data-

driven approach: (i) the availability of related literature and (ii) the availability (in large 

amount) of datasets. For the first limitation, which may also apply to some of the works in this 

thesis, affects the interpretation of the results. There are two different cases on this issue. The 

first case appears when the large amount of literature related to our findings is available. The 

problem comes when most of the literature provides contradictive results which make it 

difficult to draw our data-driven conclusions. For example, we found in Chapter 3 that reading 

involves both hemispheres while most literature suggests that reading is left lateralized. To 

interpret our results, we thoroughly explored previous studies working on brain areas related 

to reading. We found that some studies, although showing that reading is dominated by the left 

hemisphere, also suggested that areas from right hemisphere also involve in some sub processes 

of reading. Thus, we directed our discussion into the conclusion that reading may involve the 

right hemisphere in some specific ways. It can also be interpreted as competition and 

cooperation between hemispheres. The second case is the contrary where there is not enough 
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literature associated with our finding. Similarly, it also makes the interpretation of data-driven 

conclusion more challenging. This limitation applies in some of the studies, for example in 

Chapter 3 about reading-related brain areas. There are some results which may not be 

completely interpreted since there is not enough literature in the specific topic. The same case 

may also apply in Chapter 4 where there is very limited literature discussing about the negative 

networks associated with some latent abilities. The second limitation involves the data 

availability. The conclusion derived from data-driven approach is better to be tested in different 

dataset to check the robustness and generalizability. All the works in this thesis exclusively 

uses dataset from HCP. Although the results have been confirmed by literature, the 

implementation of the same approach on other dataset would make the results more robust. 

Now, focusing on the future research direction, all the results on this thesis suggest the 

usefulness of data-driven approaches to study brain-behavior relationships, as also suggested 

by neuroscientists and cognitive scientists (see review in Chapter 1). However, it is expected 

that the future works on the implementation of data-driven approaches need to consider the 

above-mentioned challenges. By performing the analyses on different datasets and considering 

a wide range of literature, data-driven approach is expected to lead to robust and significantly 

improved understanding of brain-behavior relationships.  
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