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Abstract: These days, neuroscience is developing in size, scope, and complexity 

of neural data obtained from large portions of nervous systems. The primary aim 

of network models in neuroscience is to map, record, and model the components 

and interactions of the human brain and nervous systems. In this paper, our goal 

is to survey graph-based network models in neuroscience and study their 

applications to detect diseases and disorders related to the human brain. 
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Introduction 

Network neuroscience is a field that studies the structure and behavior of the 

human brain and nervous systems on all scales from molecules and neurons to 

circuits and systems. In addition, data on brain networks is big in size and 

complexity. Thus, they need powerful methods to both model and analyze brain 

network data which displays networks containing the relations or interactions that 

connect components of neurobiological systems [1]. 

Nervous systems in the brain is the complex and connected network. Imaging 

methods are used to obtain different aspect of structure and dynamics of neurons. 

Making strong brain networks via extracting information from datasets and 

measurement methods is challenging problem in neuroscience [2]. 

Generally, graph theory is a branch of discrete math that dates back to the 18th 

century. It is a powerful tool to model and analyze brain networks in neuroscience 

field [3]. In other words, it is used to perceive the architecture, function, and 

development of brain networks. In this method, data sets are depicted in 

mathematical forms as graphs [4]. Network models are applied for brain 

connectivity. Moreover, graph theory methods can provide new significant 

information about structure, function of network brain systems such as architecture, 

evolution, development, and disorder issues [5]. 

 The rest of the paper is organized as the following. we briefly explained brain 

structure and graph theory in the background section. Then, we peruse different 

types of network models from various aspects in the network model section. we 

study the application of graph-based network models. Finally, we conclude our 

paper in the section conclusion. 
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Backgrounds: 

In this section, we study brain structure and its nervous system. Moreover, we 

peruse graph theory which is the fundamental concept for network models in 

neuroscience because they are built based on it.  

A. Brain structure and nervous system 

Brain is a complex organ in human body since it controls thought, memory, 

emotion, and almost most actions which human is able to do. It made of water, 

protein, carbohydrates, and salts. In fact, brain is not a muscle and contains blood 

vessels and nerves. Central nervous system has two various regions as gray 

matter and white matter [6]. The high level of human brain is shown in Figure 1. 

Neural cell bodies, axon terminals, dendrites, and nerve synapses are located in 

gray matter space. While bundles of axons form white matter space. These axons 

are responsible for conducting nerve signals, protecting the axons, and sending 

nerve signals up and down the spinal cord [7]. 
 

 

Figure 1: High level of human brain structure 

A neuron is composed of three main parts which are dendrites, an axon, and a 

cell body or soma which are shown in Figure 2 [8]. A dendrite is responsible for 

receiving inputs from other cells. Axons are interfaces between neurons to 

communicate with each other. Thus, neurons send a signal named action potential 

via axons. A soma keeps a neuron ‘s DNA and also proteins made in it are 

transported through axons and dendrites [9]. 



 

Figure 2: The main components of a nervous system 

 

B. Graph theory 

A graph is a structure which consists of nodes or vertices and edges or 

connections. The connection between nodes can be either directed or disdirected 

as well as binary or weighted value [10]. In Figure 3, prevalent measures of a graph 

are shown. Node degree is the number of connections that links it to other nodes 

in the network [11]. Moreover, edges are links that connect nodes to each other. 

They depend on how interactions are computed from empirical data. Path length 

is the minimum number of edges that needed to be passed to reach from one node 

to another node in the network. A cluster is a set of nearest neighbors of a node 

that is connected. The clustering coefficient is defined as the number of links that 

exists between the nearest neighbors of a node as a proportion of the maximum 

number of possible connections [12]. 

 Hub measures the strength of a node to all other nodes. Thus, hub is a node with 

high degree or high centrality [13]- [14]. The centrality of a node states the number 

of the shortest path between all other node pairs in the network that pass through 

it. Nodes with either high degree or high centrality are hubs [15]. A hub in a network 

has a central position in the whole structure of a network [16]. Robustness is the 

structural integrity of the network that follows the deletion of nodes or edges or the 

influence of perturbations on local or global network states[17]. A complex network 

can be divided into sub-networks or modules. In addition, a network has high 

modularity if it has lots of connections within modules and fewer connections 

between modules [18]. 
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Figure 3: General measures of a graph 

Network models 

Brain structure networks can be described as a graph that consists of nodes and 

edges. Nodes can be shown neurons or any other human brain components and 

edges between nodes are shown the communication between them. Simple 

models contain only nodes and edges. By adding more information to either nodes 

or edges, sophisticate models are made. To construct network model, relational 

data is collected from a neurobiological system. In the next step, these collected 

data is normalized and artifact and noise reduction are done before mathematical 

form of a graph or network model is built [19]. 

Human brain is modeled as a structural or functional complex network. These 

types of models are built based on graph theory in four steps as follows. a) nodes 

are set. They can be extracted from MRI or diffusion tensor imaging data. b) 

compute continuous of association between nodes such as spectral coherence or 

connection probability between two regions which are obtained in diffusion tensor 

imaging data set. c) an association matrix is produced with computing all pairwise 

associations between nodes to generate a binary adjacency matrix or undirected 

graph. d) The network parameters are computed in the graphical model of a brain 

network [20].  

Multilayer networks render a new concept in network models [21]. Multilayer 

networks show interconnected set of networks. Thus, multiple types of nodes and 

edges which are get from neuroimaging techniques build a network model [22]. In 

other words, multilayer network models implement multiple levels of networked 

characteristics [23].  Annotated networks can allocate properties to nodes. This 

information might be either grey matter volume or cortical thickness, 

magnetoencephalographic or electroencephalographic power [24]. One of the 

concepts in building graph-based brain network is dynamic meaning which 

reconfigure the shape of the graph over time as shown [25]. As shown in Figure 4, 

the edges of nodes are changed while the nodes are fixed. Cycles and cliques are 

two concepts help to import dynamic concept to graph-based networks [26]. 



Time
 

Figure 4: Concept of the dynamic in network models 

 

Network models based on graph theory can be built from three different main 
dimensions according to Figure 5, from data representations to first-principal 
theory; from biophysical realism to functional phenomenology; from elementary 
descriptions to coarse-grained approximations [27]. Finally, they are classified as 
structural network models or functional network models. 

 

 

Figure 5: Three dimensions of network model types [27] 

 

 

A. Structural brain network 

Graph-based structural brain networks are depicted as graphs which nodes show 

neural elements such as neurons or brain regions. Nodes are connected by edges 

which show physical links as synapses or axonal projections [28].  



Structural network models are constructed with two different methods as indirectly 

from inter-regional covariation of grey matter volume or thickness measurements 

or directly measurements from white matter connections [29]. 

To model grey matter part based on sMRI data, edges between nodes are 

computed by the strength of correlation between regional volume or cortical 

thickness measurements [30]. Nodes are defined as regions of a predetermined 

anatomical scheme [31]. 

Diffusion tensor imaging (DTI) [32], diffusion spectrum imaging (DSI) [33], and 

diffusion weighted magnetic resonance imaging (DW-MRI) [34] are three common 

techniques to make white matter networks.  

B. Functional brain network 

Functional brain networks can be described as a graph which edges display 

temporal dependence between the activities of various brain areas. The value of 

temporal dependence between regional activities is computed by neuroimaging 

methods such as functional magnetic resonance imaging (fMRI), 

electroencephalography (EEG), and magnetoencephalography (MEG). In 

addition, nodes show the specific brain components according to the used 

neuroimaging methods [35]. Anatomical regions-of-interest is defined as nodes to 

model graph-based functional network with fMRI data [36]. 

Brain activity is recorded as signals. Also, functional connectivity (FC) patterns 

depict the interactions between N different brain areas leading to a network or a 

graph [37]. Graph metrics such as clustering coefficient, path length, and efficiency 

are used to determine properties of functional brain network [38]-[39]. 

 

Applications of network models 

One of the most significant application of network models is to predict 

neuropsychiatric disorders of behavior in the brain [40]. Danielle and his colleges 

in [41] presented a network model to predict neuropsychiatric disorders. In [42], 

structural and functional networks are applied together to analyze human brain and 

classify subgraphs of a multi-layer network models. The proposed approach 

diagnoses brain disorders with extracting information from multiple brain modalities. 

Brain network models are widely used to detect brain disorders such as major 

depressive disorder (MDD) which is a mental issue. Graph theory in cognitive 

neuroscience have the ability in describing the behavior of complicated brain 

system [43]. Resting-state functional magnetic resonance imaging (fMRI) and 

graph theory is used to examine functional network [44]. 



As graph theory is depicted structural and functional network brain and 

characterize differences between healthy one and one is affected by psychiatric 

disease or neurological disorders. Combination of graph-based network models 

with neurofeedback is presented to provide a theoretically framework for feasible 

neuropsychiatric therapies [45].  

One of the application of graph-based network models is to examine Alzheimer 

‘s. In [46], the proposed method checked hubs migrate and connectivity decrease. 

Yu and others applied EEG with graph theory which has less edges [47]. This 

method investigates the difference between functional connectivity and behavioral 

variant of frontal temporal dementia (bvFTD). Moreover, Betty M. et al. examined 

Alzheimer ‘s with graph theory and its properties such as hubs [48]. He Y and his 

colleagues investigated structural network model in grey matter for Alzheimer ‘s 

disease. In this research, changes in the degree distribution associated with a more 

lattice-like network which is highly sensitive to computationally simulated lesions to 

the hub nodes [49]. 

Graph-based networks are applied to model the onset and spread of epileptic 

seizures [50]. To detect epileptic seizure disease, the topology of functional 

connectivity from MEG signals of patients with absence seizures records is 

analyzed. Results of modularity analysis show that nodes of epileptic brain 

networks abnormally connect to distinct functional modules in the network [51]. 

 

Conclusion 

To sum up, human brain can be represented as a structural or functional network 

model. Thus, brain is modeled based on graph theory as nodes show the brain 

regions and edges show the connections between these areas. Graph theoretical 

models are efficient tools to realize, specify, and quantify the complex brain 

network.  

In this review, we investigate graph-based network models viewpoint of structure 

and function in neuroscience. Graph-based network models have different 

applications in detecting and predicting brain disorders. Therefore, we studied 

some of these applications which is used graph-based networks and their 

propertied we examined earlier. Thus, we investigate how brain networks are 

modeled and how to apply them to detect brain disorders. The summery of our 

research is depicted in Figure 6.    



Graph-based brain network

Structural network 

model
Functional network 

model

Detecting brain disorders and 

diseases

 

Figure 6: Summary of research in this paper 

 

Most of the research focused on presenting theoretical network models and there 

is a gap in how to process them when networks are large. In the future, we want to 

design specific processor memory sensitive to speed up processing of graph-based 

networks with numerous nodes and connections.  
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