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a b s t r a c t 

Studying a common architecture reflecting both brain’s structural and functional organizations across in- 

dividuals and populations in a hierarchical way has been of significant interest in the brain mapping field. 

Recently, deep learning models exhibited ability in extracting meaningful hierarchical structures from 

brain imaging data, e.g., fMRI and DTI. However, deep learning models have been rarely used to explore 

the relation between brain structure and function yet. In this paper, we proposed a novel multimodal 

deep believe network (DBN) model to discover and quantitatively represent the hierarchical organiza- 

tions of common and consistent brain networks from both fMRI and DTI data. A prominent characteristic 

of DBN is that it is capable of extracting meaningful features from complex neuroimaging data with a 

hierarchical manner. With our proposed DBN model, three hierarchical layers with hundreds of common 

and consistent brain networks across individual brains are successfully constructed through learning a 

large dimension of representative features from fMRI/DTI data. 

© 2019 Elsevier B.V. All rights reserved. 
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1. Introduction 

Inspired by the relation of brain structure and function (e.g.,

Passingham et al., 2002 ; Von, 1994 ), constructing a common

architecture reflecting both brain’s structural and functional

organizations across individuals and populations has been of

significant interest in the brain mapping field. With the help of

advanced multimodal neuroimaging techniques, we are now able

to quantitatively represent whole-brain structural (e.g., mapping

fiber connections using diffusion tensor imaging (DTI) ( Le Bihan

and Breton, 1985; Hagmann et al., 2003; Schmahmann et al.,

20 07; Hagmann et al., 20 08; Zhu et al., 2012, 2014a; Jiang et al.,

2015; Zhang et al., 2016a )) and functional profiles (e.g., mapping

functional localizations using functional MRI (fMRI) ( Ogawa et al.,

1992; Belliveau et al., 1991; Calhoun et al., 2001; Beckmann et al.,

2005; Calhoun et al., 2009; Lv et al., 2015; Zhao et al., 2015, 2016;

Zhang et al., 2016b, 2017, 2018 )) of the brain. For instance, from

a structural perspective, our previous studies have identified hun-

dreds of cortical landmarks across different populations, each of

which possesses consistent DTI-derived fiber connectivity patterns

( Zhu et al., 2012 ). Meanwhile, functional connectome-scale brain
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etworks were also effectively and robustly reconstructed by using

parse learning method applied to fMRI data ( Lv et al., 2015 ). 

Afterwards, multimodal fusion becomes more and more pop-

lar to study the brain’s functional and structural organizations

imultaneously. Given the complementary information embedded

n structural and functional connectomics data, it is natural and

ell-justified to combine multimodal information together to

nvestigate brain connectivities and their relationships simul-

aneously ( Chen et al., 2013; Zhu et al., 2014a ). For instance,

hang et al. (2017a , b ) proposed novel multimodal fusion models

o identify common and consistent cortical landmarks by jointly

epresenting connectome-scale functional and structural profiles

rom the brain; Zhang et al. (2018a ) proposed a novel multimodal

usion framework to explore the relationship among cortical

olding, structural connectivity and functional networks, and they

bserved that structural connectivity based brain parcellations and

parse dictionary learning derived functional networks exhibited

eeply rooted regularity across individuals, although cortical fold-

ng patterns are substantially more variable. Zhang et al. (2018b )

lso proposed a novel framework to explore fiber skeletons via

oint representation of functional networks and structural connec-

ivity. This joint representation guided the identification of main

keletons of whole-brain fiber connections, which contributes

https://doi.org/10.1016/j.media.2019.03.011
http://www.ScienceDirect.com
http://www.elsevier.com/locate/media
http://crossmark.crossref.org/dialog/?doi=10.1016/j.media.2019.03.011&domain=pdf
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o a better understanding of brain architecture, e.g., structural

onnectome and its local pathways. 

So far, from the existing multimodal fusion studies (e.g., Zhu

t al., 2014b; Zhang et al., 2017a,b, 2018a, Sui et al., 2012;

ykhlevskaia et al., 2008 ), we strongly believe that multimodal

rain connectomics research will revolutionize our fundamental

nderstanding of the structure and function of the brain and their

elationships, and eventually shed novel insights into how to treat

nd prevent many devastating brain disorders. However, multi-

odal integration of brain connectomics is also widely considered

 challenge, due to the intrinsic nature of multiscale properties

f connectivity and its significant spatial and temporal variability

cross individuals and populations ( He et al., 2013 ). 

Inspired by recent great success of deep learning methods (e.g.,

engio et al., 2012; Goodfellow et al., 2014; Graves et al., 2013;

reff et al., 2016; He et al., 2016, 2017; Hinton 2002; Hinton et al.,

006; Hinton and Salakhutdinov, 2006 ), recently, our group has

eveloped several deep learning models, such as 1D CNN model

or fMRI time series ( Huang et al., 2017; Zhang et al., 2018c ),

BM and DBN models for fMRI time series data ( Hu et al., 2018;

i et al., 2018 ), and 3D CNN models for spatial brain networks

 Zhao et al., 2017a,b , 2018 ). These previous studies have shown

hat deep learning models exhibited strong ability in extracting

eaningful hierarchical structures from fMRI data, for instance,

uang et al. (2017) proved that their Deep Convolutional Auto-

ncoder (DCAE) model is superior in representing fMRI signals,

nd as the model goes deeper, a better abstraction of data can be

chieved. Li et al. (2018) proposed a blind source separation (BSS)

odel based on DBN with two hidden layers of RBM, and their

xperimental results showed that the proposed two layers’ DBN

odel is capable of identifying not only latent components related

o distinct brain systems, but also the ones related to functional

nteractions across brain systems. In parallel, from a structural

erspective, Chen et al. (2015) applied hierarchical structures

n the 3-D reference atlas of Allen Mouse Brain Atlas to study

rain fiber pathways across the individuals. Among the three

ifferent scales examined, on the finest scale, 300 regions were

elected to parcellate the whole mouse brain, after which these

egions were then combined to obtain 96 regions and 69 regions

arcellations. The corresponding fiber pathways at different scales

ave shown that structural brain networks also exhibit hierarchical

rganization patterns ( Chen et al., 2015 ). 

However, our previous deep learning models have not explored

he relation between brain structure and function yet, thought

t has been postulated that structural and functional brain net-

orks are closely related. It is also interesting to explore if/how

uch multimodal brain networks exhibit hierarchical organization

atterns. To investigate the above-mentioned questions, here we

ropose a novel computational framework to explore both func-

ional and structural connectivity on different scales and thus learn

ierarchical latent features and associated representations via Deep

elief Network (DBN). Three major advantages of our proposed

ramework are as follows. First, DBN is known to possess for the

apability of learning hierarchical latent features and associated

epresentations ( Li et al., 2018; Brosch et al., 2014; Lee et al., 2009;

alm, 2012 ). In this paper, the shallow RBM model is extended

s building blocks into a DBN with multi-layer structure to better

odel the intrinsic hierarchical features of the brain architecture.

econd, deep learning algorithms exhibit strong learning power,

.g., extracting meaningful patterns from big data ( Chen and

in, 2014; LeCun et al., 2015 ). Our proposed voxel level analysis

ill thus take the advantage of large-scale training samples. For

xample, around 100 K vertices from one cortical surface, as well

s their common features (functional and structural trace-map

alues) ( Zhu et al., 2012 ; Chen et al., 2013 ), are collected from each

ubject in the Human Connectome Project (HCP) dataset as the
raining samples. Third, we proposed a novel multimodal fusion

odel to combine DTI and fMRI data and then explore common

ortical architecture of human brain considering both functional

nd structural aspects. In the joint model, for each modality, an

fficient feature descriptor is developed to describe the corre-

ponding connectivity for each vertex, and representative features

or both brain’s functional and structural information will be gen-

rated using the proposed feature descriptors at the voxel level. 

In this work, 100, 50 and 25 common brain networks are

btained from 3-layer DBN model, respectively. The number of

he layer is suggested from existing studies such as Erhan et al.

2009) and Salakhutdinov and Larochelle (2010) . The number of

he networks for each layer is decided by using the low-rank de-

omposition algorithms ( Wen et al., 2012 ). The obtained common

rain networks are shown to be functionally and structurally con-

istent across different subjects. Interestingly, the obvious hierar-

hical relationships are observed from layer 1 to layer 3. More-

ver, reproducibility studies indicate that our proposed framework

orks well when using different datasets and those common brain

etworks are quite reproducible. The comparisons between the hi-

rarchical brain networks derived by DBN models and the Holistic

tlases of Functional Networks and Interactions (HAFNI) ( Lv et al.,

015 ) derived by sparse coding provide a better way to under-

tand how the hierarchical network architecture is organized in the

rain. Finally, comparison experiments using meta-analysis are de-

igned and adopted to examine and interpret the obtained com-

on brain networks on both functional and anatomical domains.

ll of the above analyses suggest that our proposed DBN model can

easonably identify the hierarchical architecture of human brains

y representing the common brain networks in each hierarchical

ayer. 

. Methods and materials 

.1. Overview 

In this section, we briefly introduce the framework of our pro-

osed methods. The flowchart is shown in Fig. 1 , and details are

urther shown in each subsection. As shown in Fig. 1 , to explore

he hierarchical and common brain networks across populations

hrough multi-modalities, our method contains three major steps.

he first two steps compute the structural and functional connec-

ivity pattern at voxel level. The third step is to combine those

tructural and functional connectivity profiles together and feed

hem into a carefully designed DBN model to discover the hier-

rchical organization of the brain networks. 

.2. Data description and preprocessing 

The dataset used in this study was obtained from the Hu-

an Connectome Project (HCP) ( Barch et al., 2013 ; Van Essen

t al., 2013 ). The acquisition parameters of task fMRI (tfMRI)

ata are as follows: 90 × 104 matrix, 220 mm FOV, 72 slices,

R = 0.72 s, TE = 33.1 ms, flip angle = 52 °, BW = 2290 Hz/Px,

n-plane FOV = 208 × 180 mm, 2.0 mm isotropic voxels. For tfMRI

mages, the preprocessing pipelines included skull removal, mo-

ion correction, slice time correction, spatial smoothing, and global

rift removal. All of these steps are implemented by FMRIB Soft-

are Library (FSL) FEAT ( Woolrich et al., 2009 ). HCP tfMRI dataset

ncludes 7 different task designs, they are language, motor, gam-

ling, emotion, social, relational and working memory. For DWI

ata, the parameters are as follows: Spin-echo EPI, TR 5520 ms, TE

9.5 ms, flip angle 78 °, refocusing flip angle 160 °, FOV 210 × 180

RO x PE); matrix 168 × 144 (RO x PE), slice thickness 1.25 mm, 111

lices, 1.25 mm isotropic voxels, Multiband factor 3, and Echo spac-

ng 0.78 ms. Age information: for the HCP dataset, Mean = 29.31,
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Fig. 1. The flowchart of proposed method. (A–D) Steps to obtain the structural trace-map for each vertex. (E–H) Steps to derive the functional trace-map for each vertex. 

(I) The 3-layer DBN model using the functional and structural profiles acquired from steps A-H as the inputs to derive the hierarchical representation across the subjects. 

Step A: extracting fiber bundles passing through the seed vertex. Step B: projecting each fiber’s direction to a unit sphere surface. Step C: dividing the surface of sphere 

into 48 equal areas. Step D: computing the histogram of structure trace-map within each area and generating a feature vector for each seed vertex ( Chen et al., 2013 ). 

Step E: identifying individual functional brain networks via HAFNI ( Lv et al., 2015 ). Step F: generating functional connectivity map for each vertex and then projecting each 

connection to the uniform spherical surface. Step G: dividing the surface of sphere into 144 equal areas. Step H: computing the histogram of functional trace-map within 

each area and generating a feature vector for each seed vertex. For the color bar, U-A means unactivated state and H-A means highly activate. For the H-A, we set z-score 

as 2 empirically according to Lv et al. (2015) . The color bar is same for the following figures. (For interpretation of the references to color in this figure legend, the reader is 

referred to the web version of this article.) 
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Median = 29.00, Std. Devia/on = 3.667. Age range: 22–25: 20.48%;

26–30: 43.70%; 31–35: 34.66%; > 35:1.16%. Gender information: Fe-

male: 54.48%; Male: 45.52%. Education level: Didn’t complete high

school: 3.74%; High school graduate: 14.64%; Completed some col-

lege: 25.71%; College graduate: 40.77%; Graduate student: 15.14%.

Handness: Left dominance: 9.37%; Neutral Dominance: 0.33%;

Right dominance: 90.30%. Please refer to Barch et al. (2013) and

U ̆gurbil et al. (2013) for more details. 

2.3. Structural connectivity descriptor “structure trace-map”

The motivation of designing a structural trace-map descrip-

tor is to measure the similarity of different fiber bundles. The

fiber bundles are within 3D space and it is very difficult to

compare them directly. In this study, we aim to construct the

similarities between the ‘trace-maps’ of DTI-derived fiber bun-

dles for those initialized landmarks, with a similar way as pro-

posed in Zhu et al. (2012) and Chen et al. (2013) . The effective-

ness and efficiency of ‘trace-map’ method has been addressed in

Zhu et al. (2012) and Chen et al. (2013) . To be self-contained, we

describe the ‘trace-map’ representation and comparison of the DTI-

derived structural fiber connection pattern in the following para-

graphs. 

The “trace-map” method is shown in Fig. 1 A–D, it mainly has

two steps to measure the similarity of different 3-dimensional fiber

bundles via 1-dimensional vectors. The first step is projecting the
eginning and ending points of each fiber (principal orientation of

ach fiber) from fiber bundles ( Fig. 1 B) onto a uniform spherical

urface. As shown in the Fig. 1 B, the sample fiber bundle is mainly

onnected left frontal area to right frontal area, which means the

ajor direction is horizontal, thus, on the uniform spherical sur-

ace, dozens of dots are projected onto the left and right side of

he sphere, so the major pattern of this fiber bundle is shown on

he sphere. In the second step, we divide the uniform spherical

urface into 48 equal areas ( Fig. 1 C) and construct a histogram for

ach area ( Fig. 1 D), which are then represented as the feature vec-

ors. This step helps to simplify the information from 3D sphere

o 1D vectors but containing necessary spatial information. A his-

ogram algorithm is used to calculate how many projecting dots

re located on each area, and we name the value of histogram

s density and big density value means more fibers are projecting

nto this area, and vice versa. A 48-dimensional histogram vec-

or tr = [ d 1 , d 2 . . . d 48 ] , containing 48 density values, namely ‘trace-

ap’ ( Zhu et al., 2012 ), is finally obtained as the structural profile

f the landmark under consideration. By constructing trace-map,

he fibers penetrating to the landmark can thus be represented as

ectors with dimension of 48, instead of 3D shapes, in other words,

very fiber bundle will have its own trace-map representation us-

ng a 1D vector. 

The rationale for comparing fiber bundles via trace-maps is that

imilar fiber bundles will have similar trace-map patterns. Thus,

fter representing the fiber bundle by the trace-map model, fiber
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I

undles can be compared through calculating the distances be-

ween their corresponding trace-maps ( Zhu et al., 2012 ). Through

his way, we are able to quantitatively measure structural connec-

ivity patterns and similarities between landmarks. 

.4. Functional connectivity descriptor “function trace-map”

In our previous HAFNI work ( Lv et al., 2015 ), we have success-

ully identified hundreds of latent brain networks and their spatial

verlaps and temporal interactions. Though these HAFNI derived

etworks are reasonable to be treated as individual functional pro-

les, they are difficult to be compared across subjects. Inspired by

he “structural trace-map” mentioned above, here, we designed a

ew functional descriptor, “functional trace-map”, based on HAFNI

etworks to measure the functional connectivity between seed ver-

ex and all the other vertices in the brain. Moreover, “functional

race-map” can dramatically reduce the dimension of 3D functional

aps into 1D feature vectors. At the same time, we can preserve

he necessary spatial information for quantitatively measuring the

unctional connectivity. In the HAFNI project ( Lv et al., 2015 ), we

emonstrated that in a specific functional network (e.g., task fMRI

erived network), vertices in the activation regions are consid-

red to have similar functional meaning and have stronger func-

ional connection among each other. Thus, given 7 functional tasks

for each task, HAFNI project will obtain 400 functional networks

 Lv et al., 2015 ), thus there are 400 ×7 = 2800 functional networks

n total for each subject and those networks are illustrated in sup-

lemental material Part A). We can project them onto a uniform

pherical surface for each subject to define a potential functional

onnectivity map for each vertex on the cortical surface. 

Learned from structure trace-map, here is the procedure of how

o generate a functional connectivity map. Each vertex is linked

ith certain number of counters that store how many networks

re involved and are initialized as 0 at the beginning, and the num-

er of counters is the same as the number of whole brain vertices

nd they are corresponding with each other. For each vertex v i on

he cortical surface, it is treated as a seed voxel. We examine all

he 2800 networks and select those networks in which the seed

ertex v i is activated. For each selected network, we record all the

ctivated vertices v active (excluding v i ) and update the counters of

ll those v active by adding 1. Thus, we are able to construct a map

or the seed vertex v i that contains the counters of all v active . We

amed this map as a functional connectivity map f i of the seed

ertex v i (as visually shown in the Fig. 1 F). More details about

enerating the functional connectivity map are provided in supple-

ental material Part B. Then, based on this functional connectivity

ap f i , we make the seed vertex v i as the center of a unit sphere.

e connect v i and all the vertices in v active ( f i ) and project each di-

ection (one direction is a line connecting from seed vertex v i to

nother vertex v j ( v j is from v active ( f i )) to the uniform spherical

urface as a unit vector. This direction will be projected n times as

he corresponding counter of v j is n ( Fig. 1 F). After we go through

he whole brain vertices for seed vertex v i , the uniform spherical

urface with hundreds of dots are obtained. At last, we divide the

ots-projected uniform spherical surface into 144 equal areas and

onstruct histogram of dots for each area in sequence, which are

hen represented as functional feature vectors, this step is very

imilar to the final step in structure trace-map algorithm. As a re-

ult, a 144-dimensional histogram vector tr = [ d 1 , d 2 . . . d 144 ] , con-

aining 144 density values, namely “function trace-map”, is finally

btained as the function connectivity of the seed vertex. 

By constructing the function trace-map vectors, the seed

ertex’s functional connectivity map can be represented by 144

eature vectors instead of using around 100 K dimension vec-

ors. More importantly, our functional trace-map can efficiently

reserve major spatial information of the seed vertex, more de-
ails and evaluations of the functional trace-map descriptor are

rovided in supplemental material Part C. 

.5. DBN model of joint representation of structural and functional 

rofiles 

DBN is built up with a stack of probabilistic model called RBM

 Smolensky, 1986 ) as shown in the Fig. 1 I. In general, RBM is an

nergy-based model with the joint probability distribution that can

earn probability distribution from input data. A typical RBM con-

ists of two layers, that is, the visible layer v and the hidden layer

 . The visible layer is directly connected to the input data, and each

f visible nodes accepts one dimension of the input. The number

f hidden layer nodes is denoted by k , each of which represents

 latent variable. The space of latent variables is spanned by the

idden nodes. The connection between these two layers is repre-

ented by the weight W , the size of which is n × k . RBM defines

he probability by the energy of the system, E(v,h) , such that: 

p ( v ) = 

∑ 

h 

p ( v , h ) = 

∑ 

h 

1 

Z 
ex p 

−E ( v ,h ) (1) 

here Z = 

∑ 

v ,h ex p −E( v ,h ) , is the partition function

 Smolensky, 1986 ). To estimate normally distributed real data,

(v,h) is defined in Gaussian- Bernoulli RBM (GB-RBM) as: 

 ( v , h ) = −
∑ 

i j 

1 

σi 

v i w i j h j −
∑ 

i 

( a i − v i ) 2 

σ 2 
i 

−
∑ 

j 

b j h j (2) 

here w ij is the weight between the visible variable v i and the

idden variable h j , a i and b j are the bias of visible and hidden vari-

bles. σ i is the standard deviation of a quadratic function for each

 i centered on its bias a i . 

RBMs are trained using the contrastive divergence (CD) learning

rocedure ( Carreira-Perpinan and Hinton, 2005 ). Each RBM layer

s trained by using the previous layer’s hidden units ( h ) as in-

ut/visible units ( v ). Inputs are modeled by RBMs via latent fac-

ors expressed through the interaction between hidden and visible

ariables. Thus, DBNs can be trained greedily, one layer at a time,

hat lead to hierarchical representation ( Hu et al., 2018; Li et al.,

018 ). In more details, the learning gradient is computed from the

eature of a single vertex, while the algorithm will go through the

omplete dataset with number of epochs (all subjects together).

or each data point presentation, each visible variable is assigned

ith the value of the corresponding vertex. Then, a truncated, iter-

tive version of Gibbs sampling called contrastive divergence (CD)

s applied to the complete set of variables. This is done in an alter-

ating sequence of hidden and visible variables, using the current

alues of the weights to calculate sampling probabilities of each

ayer. The difference between the values of the hidden and visible

ariables at the beginning and the end of the Gibbs chain is used

o compute the learning gradients, which are then used to update

he values of the weights before the next fMRI data point is pre-

ented. In addition, other penalty functions, such as L 1 penalty on

he weights or sparsity of simultaneously active hidden units can

lso be considered. 

In this work, for training dataset, the vertices coming from

0 HCP subjects are collected and treated as a standard training

ataset. For each vertex, 192 feature vectors (48 from structure and

44 from function) are obtained from both functional trace-map

nd structural trace-map. In total, around 1 million vertices from

0 subjects are used as the input. The inputs can be represented

s below: 

 = [ sb j 1 1 , sb j 1 2 . . . sb j 1 n 1 , sb j 2 1 , sb j 2 2 . . . sb j 2 n 2 , . . . . . . sb j 10 n 10 ] 
′ 

(3) 
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where n i is the total number of vertices of i th subject. Each ele-

ment in the Eq. (3) represents a column vector with dimension

of 192. Our DBN model in this work has three hidden layers that

have 100, 50 and 25 hidden nodes, respectively. The number of the

nodes is mainly decided by using the low-rank decomposition al-

gorithms ( Wen et al., 2012 ), and the rank of the input is around 50.

Therefore, we gave this low rank more redundancy by multiplying

the rank by 2, so the nodes for the first layer is set to 100. Simi-

lar scheme is used to derive the number of nodes for the second

and third layers. The main parameter settings are shown as below:

base epsilon: 0.0 0 01, initial momentum: 0.5, final_momentum: 0.9,

momentum_change_steps: 30 0 0, l1_decay: 0.1, activation: TANH,

gibbs_steps: 1, training steps: 50,0 0 0. Notably, the weight decay

L1 plays an important role in our experiments, in that it controls

the sparsity of the functional network. By applying the weight de-

caying rate in each iteration, the less vital connections are forced

to be small and only the most important ones are preserved, thus

yielding the weights, i.e., functional networks, to be sparse. 

2.6. Common network analysis 

As mentioned, the outputs from our DBN model are the weights

of each hidden layer. Here we use layer 1 as an example: the

dimension of the inputs is ( n 1 + n 2 + . . . + n 10 ) ∗ 192 , where n i is

the total number of vertices of i th subject. Because the number of

nodes in layer 1 is 100, the dimension of the weights we obtained

will be ( n 1 + n 2 + . . . + n 10 ) ∗ 100 . In this way, we can extract the

weights w for each subject by simply dividing the weights ma-

trix into 10 parts, and w consists of [ w 1 , w 2 , w 3 . . . w 10 ] 
′ and the

dimension of w i is n i 
∗100. In other words, w i contains 100 brain

networks for subject i , and each brain network can be easily visual-

ized by simply assigning the values in w i to the corresponding ver-

tices. It is worth noting that w is confirmed to be stable for each

round of training, and details are mentioned in the Section 2.9 . At

last, 100 common brain networks can be achieved for each sub-

ject. Similar to the output of layer 2 and layer 3, 50 and 25 brain

networks can be obtained for each subject as well. 

After the brain networks have been observed and identified, we

need to quantitatively measure their functional and structural con-

sistency. Here, two methods are adopted to evaluate the structural

consistency. First, the shapes of fiber bundles that passing through

those activation areas are compared by calculating the Pearson cor-

relation between structural trace-map features. Second, regarding

the functional consistency, as the identified brain networks are in

individual spaces, an image registration is needed to be performed

first. We register those brain networks from individual space into

the MNI standard space using FLIRT ( Jenkinson and Smith, 2001 ).

Then, we are able to compare those activation vertices by calculat-

ing the ratio of overlap. 

2.7. Model evaluation 

In our proposed DBN model, there are three key steps that af-

fect the model. First, we applied the trace-map algorithm to bet-

ter represent the functional connectivity and structural connectiv-

ity. Second, for the function aspect, instead of using GLM-derived

activation maps, we adopted the HAFNI project to obtain 400 func-

tional networks from each task. Third, we utilized the multimodal-

ity concept to combine the structural and functional information

together and then they are learned by the DBN model. In this sec-

tion, we designed 3 experiments to evaluate whether each key step

in our proposed model is effective. The first experiment is to test

whether the trace-map algorithm has advantages. So, we designed

a baseline to compare. In the baseline, for each task, we will use

a functional map (e.g. GLM-derived activation map) to represent

the major brain network pattern for the current task. In this way,
e will have 7 functional maps in total for each subject, and each

oxel will have a 7-dimensional vector. Then the inputs can be

rouped and directly fed into the unimodal DBN to obtain net-

orks (without adopting trace-map). For comparison, the same in-

uts will be firstly optimized by trace-map algorithm and then fed

nto the unimodal DBN to obtain networks. The second experiment

s to test whether using HAFNI project with 2800 networks (400

etworks per task) can provide richer information when study-

ng the whole brain functional connectivity. The baseline using 7

unctional maps is already designed in first experiment. For com-

arison, 2800 functional networks will be used for each subject

nstead. The third experiment is to compare the proposed mul-

imodal analysis with the networks extracted from a unimodal

BN (either functional DBN or structural DBN). This experiment

ould evaluate how much we gain from the multimodal DBN

odel. 

.8. Hierarchical model of common brain networks 

DBN is a hierarchical neural network that can learn probabilis-

ic structure from the inputs. That is, different layers can represent

nformation with different generalization levels. In our proposed

ramework, DBN has 3 layers in this paper, as suggested from

xisting studies such as Erhan et al. (2009) and Salakhutdinov and

arochelle (2010) , in which it was stated that three hidden layers

re usually the basic model of the DBN. And then, the obtained

rain networks from these 3 layers should follow a hierarchical

tructure. We measured the relationships between brain networks

erived from different layers by directly computing their overlaps.

he networks in the higher-level should be more abstract and

ight have global activation area which tends to contain some

pecific networks from the lower-level. We defined the ratio of

verlaps between lower-level brain networks and those from

igher-level as L-overlap rate: 

 = O v erlap ( A, B ) / ( A ) (4)

here, network A represents the lower level networks and B

tands for the higher-level networks. Through this way, for each

igher-level brain network, most related lower-level brain net-

orks can be identified. We hypothesize that the hierarchical

rain networks should possess both functional and structural

ierarchical characteristics simultaneously. 

.9. Validation of the DBN model 

In this paper, three validation experiments are adopted to

alidate the robustness and the reproducibility of the proposed

ethod. The first experiment is that we validate the consistency of

ur model by using the same inputs and run for three times. The

econd experiment is that we applied the proposed DBN model on

ther 5 groups of 10 subjects and did the statistical analysis based

n the 6 groups together (including the original group). The third

xperiment is that we use a group of 20 subjects as the inputs

o learn the common networks. In each group, we will keep one

sed subject data as the reference. The reason to keep one used

ubject is that it will be convenient to do the comparison from

wo inputs at later steps. In general, we need to examine whether

he same common brain networks can be achieved from differ-

nt inputs. Next, commonly used Jaccard overlap ( Lv et al., 2015 ;

hao et al., 2016 ) is adopted to discover the correspondent net-

orks from different inputs based on the similarity of the brain

etworks. The frequency of the common brain networks obtained

rom different inputs can be used to estimate the reproducibility

f our proposed model. 
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.10. Relationship between common brain networks and HAFNI maps 

The hierarchical architecture can be observed and identified by

he methods in Section 2.7 . However, one important issue is how

o understand and interpret those hierarchical architectures. For

xample, what is the neuroscience meaning behind each layer and

hat is the relationship between different layers. In this work, we

erform a comparison between hierarchical networks and HAFNI

omponents identified in our previous studies to illustrate the

odular organization of our brain works. In the HAFNI work, the

ndividual HAFNI components include concurrent functional net-

orks of both task-evoked and resting state related functional

aps, which can be reproduced across individuals ( Lv et al., 2015 ).

n addition, group-wise HAFNI components are also available and

ontain more global information. Thus, they can be treated as func-

ional templates that we could use to evaluate the similarity with

he hierarchical brain networks. 

Specifically, we compared the common brain networks from 3

ayers with individual HAFNI components and groupwise HAFNI

omponents by computing the overlap of the activation areas on

he cortical surface. Thus, for each HAFNI component (from both

ndividual and group-wise ones), we can identify most correlated

ommon brain networks in each of 3 hierarchical layers. Lastly,

e outline the relationship between hierarchical model and HAFNI

omponents, and further illustrate the architecture of the modular

rain organization. 

.11. Explore the functional meaning of common brain networks 

hrough meta-analysis 

We applied several algorithms to examine the functional and

tructural consistency of those common brain networks we ob-

ained across different subjects. To further explore the functional

eaning of those networks, we adopted “meta-analysis” to ana-

yze the functional roles of those obtained networks. “Sleuth” is a

idely used toolbox from the BrainMap ( Fox and Lancaster, 2002;

ox et al., 2005 ; Laird et al., 2005 ) that can search related publi-
ig. 2. Eight examples of common brain networks obtained from DBN model layer 1. Each

onsistency for all the common networks in layer 1 is 0.61. 
ations/reports and screen their corresponding meta-data to plot

heir results as coordinates within the standard Talairach space

which can also be converted to the MNI space). By searching

rom thousands of related function brain imaging studies, meta-

nalysis can perform the statistics of the reported functional mean-

ng (behaviors) of ROIs we selected. In this work, we selected the

reas with the highest intensity in the common brain networks

s the ROIs to perform the meta-analysis and integrate the cor-

esponding roles of those functional networks. After we obtained

he functional meaning of those networks, we can do the compar-

son across the subjects to examine whether they have consistent

unctional roles and/or whether they have consistent anatomical

ocations. This is another validation approach to reveal the consis-

ency of the networks we obtained from the DBN model. The de-

ails about how to use the Sleuth software to search for papers of

nterest could be found on the website: http://www.brainmap.org/

leuth/ . 

. Results 

In this paper, our model is developed upon the deepnet pack-

ge to train the DBN model. One GPU (NVIDIA Corporation GP102

eForce GTX 1080 Ti) was used to training the dataset. As men-

ioned in the method section, a 3-layer DBN model was con-

tructed and the number of nodes from layer 1 to layer 3 are 100,

0, 25, respectively. The training process took for around 5 h for

ach run of the inputs. The core codes are uploaded onto GitHub:

ttps://github.com/jimzhang1989/DBN- deep- learning- .git . 

.1. Common brain networks 

As mentioned in the method Section 2.6 , the number of the

idden nodes controls the number of the obtained brain networks

or each subject. It turns out that the identified networks from

he same node display great consistency across different subjects

 Figs. 2–4 ). In total, we obtained 100 networks from layer 1, 50
 row represents a corresponding network from 10 subjects. The average functional 

http://www.brainmap.org/sleuth/
https://github.com/jimzhang1989/DBN-deep-learning-.git
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Fig. 3. Eight examples of common brain networks obtained from DBN model layer 2. The average functional consistency for all the common networks in layer 2 is 0.68. 

Fig. 4. Eight examples of common brain networks obtained from DBN model layer 3. The average functional consistency for all the common networks in layer 3 is 0.88. 
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networks from layer 2 and 25 networks from layer 3 for each sub-

ject. Note that the correspondence of networks is automatically ob-

tained from the DBN model and we visualized all the networks

based on the nodes in each layer and showed them on our web-

site: 

Homepage: http://hafni.cs.uga.edu/multimodality _ DBN/DBN.

html . 

Layer1: http://hafni.cs.uga.edu/multimodality _ DBN/layer1.html 
Layer2: http://hafni.cs.uga.edu/multimodality _ DBN/layer2.html 

Layer3: http://hafni.cs.uga.edu/multimodality _ DBN/layer3.html 

Here we showed eight randomly selected brain networks of ten

ubjects from layer 1 to layer 3. The color bar in each figure is set

rom 0.1 to 0.6 (blue to red). It can be seen that for each com-

on brain network, it shows reasonably good consistency across

ifferent subjects, as we expected. Note that our experiment was

esigned and processed within the individual space, which means

http://hafni.cs.uga.edu/multimodality_DBN/DBN.html
http://hafni.cs.uga.edu/multimodality_DBN/layer1.html
http://hafni.cs.uga.edu/multimodality_DBN/layer2.html
http://hafni.cs.uga.edu/multimodality_DBN/layer3.html
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Fig. 5. Examples of presenting functional and structural consistency for common brain networks. Shape of the fiber bundles is used to present the structural consistency 

and network overlap rates are used to present the functional consistency. 
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o registration is needed. Functional consistency has been evalu-

ted for all identified common brain networks from three layers

method part 2.6). Quantitatively, the average functional consis-

ency from layer 1 to layer 3 is 0.61, 0.68 and 0.88, respectively,

hich are quite high given the variability of brain functions. 

As suggested by numerous previous studies (e.g., Honey et al.,

009; Koch et al., 2010 ), there is close relationship between brain

unction and structure. For example, Park and Friston (2013) men-

ioned that network analyses suggest that hierarchical modular

rain networks are particularly suited to facilitate local (segre-

ated) neuronal operations and the global integration of segregated

unctions, and functional connectivity is highly constrained by

tructural connectivity. Similarly, our work had similar findings and

roved that functional networks have close relationship with the

tructural connections. From the Fig. 5 , we can see that the shape

f the fiber bundles is quite consistent. To quantitatively evalu-

te their similarity, we used structure trace-map method, men-

ioned in the method part 2.3, and the average similarity among

 networks is 0.45, 0.54, 0.42 and 0.57, respectively. The functional

onsistency is also listed in the Fig. 5 , for example, 0.703 for the

ubject 1 in the first network represents the average consistency

hen comparing the subject 1 with the other 9 subjects. To our

est judgment, those networks have great functional and structural

onsistency at the same time across different subjects. This is one

f the major neuroscientific contributions of this work. 

.2. Model evaluation results 

Following the first experiment in Section 2.7 , we checked the

etworks obtained from the baseline, and we found that some

eaningful patterns are not shown. Most networks are randomly
istributed and hard to explain. Examples are shown in the Fig 6 A.

owever, after we adopted trace-map into the inputs of first

xperiment, DBN can learn the new inputs well, and examples are

hown in the Fig 6 B. Those networks are typical known patterns

nd they are also shown in our proposed DBN model. Thus, we

now that trace-map has the effectiveness in our model. For the

econd experiment in Section 2.7 , we did the comparison between

sing 2800 functional networks for each subject to describe the

unctional connectivity (the proposed method) and 7 functional

etworks (baseline). We did both runs and the conclusion is

hat networks from the proposed method include all the typical

atterns obtained from baseline. In details, when focusing on

he common networks obtained from the proposed method and

aseline, many networks from the proposed method have larger

ctivation area with richer information on the whole cortical

urface, like the pairs from Fig. 6 C on the left; for other com-

on networks, networks from the proposed method may have

uite similar patterns with baseline, like the pairs from Fig. 6 C

n the right. Thus, using 2800 functional networks will provide

icher information. For the third experiment in Section 2.7 , we

ompared the networks obtained from structural DBN, functional

BN and the proposed multimodal DBN. We found that there are

3 common networks between functional DBN and multimodal

BN, there are 16 common networks between structure DBN and

ultimodal DBN, and 11 common networks between functional

nd structural DBN models. However, from the multimodal DBN

odel itself, the common networks obtained are around 44. That

s, by adopting our proposed multimodal DBN, we could achieve

bout 20–30 more common networks. Thus, we can infer that, our

roposed DBN model can effectively integrate structural and func-

ional information together and provide more common networks.
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Fig. 6. Illustration of examples of evaluation results. A. The brain networks obtained from DBN model by using 7 functional networks without using trace-map algorithm. 

B. The brain networks obtained from DBN model by using 7 functional networks including the trace-map algorithm. C. Examples of the networks obtained from DBN model 

by using 2800 functional networks and 7 functional networks, respectively. In each pair, brain networks from the model of using 2800 functional networks are on the left, 

brain networks from the model of using 7 functional networks are on the right. 
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In general, we used these three experiments to demonstrate that

our model is reasonably designed, and each key step is effective. 

3.3. Hierarchical brain networks 

Interestingly, hierarchical representations are observed from the

common brain networks in both structural and functional perspec-

tives. By studying those hierarchical representations, we confirmed

that the consistency from 3 layers keeps increasing from the lower

layer to the higher layer. In addition, in the hierarchical model, the

higher layer represents more global information and this global

information will have more consistency across the subjects. As we

can see from Fig. 7 , DBN has three layers and corresponding com-

mon brain networks are obtained from each layer. In more details,

following the steps in the method part 2.8, for the common brain

networks from layer 3, a set of related brain networks from layer

2 are picked up. Furthermore, some related networks from layer 1

are also identified. Then those networks are represented in a tree

model as shown in Fig. 7 . In the meantime, fiber connections of

those functional patterns are also provided. In order to evaluate

the performance of how the higher DBN-layer networks could

represent the lower DBN-layer networks, L-ratio from Eq. (4) is

used here. For example, in the network 1 of Fig. 7 , the network A

covers 70% of the network B and 100% of the network C, and the

network B covers 65% of D. In the network 2, L covers 80% of M,

80% of N and 100% of O. M covers 72% of Q. In general, all the

hierarchical networks we obtained from 3-layer DBN model have a

relatively high L-rate which reaches to 65% as a lower band. Thus,

the networks from 3 DBN layers can successfully represent the

hierarchical characteristics. An important conclusion is that the

higher-layer can represent more global information and this global

information will have more consistency across the subjects. On the
ontrary, lower layers will represent more local information and

ave less consistency across the subjects. This result is another

ajor contribution of this work. All the hierarchical representation

esults are shown on our website: 

Hierarchical representation between layer 1 and layer 2: 

http://hafni.cs.uga.edu/multimodality _ DBN/hierarchical.html 

Hierarchical representation between layer 2 and layer 3: 

http://hafni.cs.uga.edu/multimodality _ DBN/hierarchical2.html 

For the above-mentioned website, first two columns are the

etworks from higher layer. The rest columns are the networks

rom the lower layer. 

.4. Validation experiments 

One important question is if the consistent networks obtained

sing one dataset can be reproduced on another. To address this

uestion, we conducted three validation experiments in this sec-

ion as we stated in Section 2.9 . 

For the first validation experiment, we aim to validate the con-

istency of the proposed DBN model by using the same inputs and

un for multiple times. Matrix “w” is confirmed the same from

hree runs and it further means all the common networks obtained

rom w will be the same from 3 runs. Thus, we can make the con-

lusion that when the model is completely trained, the obtained

ommon networks are stable. 

For the second validation experiment, we applied the proposed

BN model on other 5 groups of 10 subjects and did the statistical

nalysis based on the 6 groups together (including the original

roup). In this experiment, we firstly adopted a new group of 10

ubjects to be the test-bed and show their performance. In details,

arameters are exactly the same as the previous experiments, e.g.,

http://hafni.cs.uga.edu/multimodality_DBN/hierarchical.html
http://hafni.cs.uga.edu/multimodality_DBN/hierarchical2.html
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Fig. 7. Two examples of hierarchical representation for specific common brain networks in the top layer (layer 3). Functional and structural profiles are corresponding from 

the left to the right. A-U are networks from the corresponding layers. 
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 layers are also employed, and the number of nodes from layer

 to layer 3 are still 100, 50, 25. After we employed the proposed

ethod on the new data, common networks are successfully

btained for each layer. The same statistical analysis is done to ex-

mine the functional and structural consistency. Similar results are

btained, and their correspondence of networks is automatically

onstructed from the DBN model. In details, in the layer 1, 48 out

f 100 networks are consistent across the experiments and they

ave 0.25–0.5 Jaccard overlap rate. In the layer 2, 37 out of 50

etworks have about 0.25–0.66 Jaccard overlap rate; in the layer

, 25 out of 25 networks have about 0.25–0.81 Jaccard overlap

ate. Thus, we confirmed that those consistent common networks

an be well reproduced from the reproducibility experiment. It is

orth noting that in order to measure the correspondence among

ifferent experiments, one subject will be used as the bridge, so

his subject was retained in the validation dataset. In this way,

ommon networks from different experiments can be compared

irectly on this common subject (sbj1 in this work). To best keep

he differences between two groups, only one common subject
s accepted. For visualization, 8 example common networks are

rovided in the Fig. 8 . In Fig. 8 , original experiment results and

he validation experiment results are presented from the left to

he right. 

Then we did similar experiment for another 4 groups of 10

ubjects. Now, we have 6 sets of common networks. We tested

hether common networks obtained from the original groups still

xist in the 5 validation groups, and the results are summarized

nto Table 1 . 

In this table, the level of consistency is used to represent

hether the networks from the original group still exist and are

onsistent in the testing groups. If it exists in one test group (we

efined “exist” as one similar network can be identified from test-

ng group with a minimum Jaccard overlap rate “0.2”), the level of

onsistency will be added for 0.2. Thus, if the level of consistency

s “1”, it means this network is consistent across all the testing

roups. About 44 common networks have the value equal or larger

han 0.6. In addition, we showed the mean and standard deviation

f the Jaccard overlap rate for each common network across the
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Fig. 8. Validation of the proposed algorithm by comparing the corresponding common brain networks obtained in layer 1 from two experiments. The Jaccard overlap rates 

of those 8 networks are 0.57, 0.53, 0.50, 0.49, 0.45, 0.41, 0.37 and 0.36, respectively. 

Table 1 

Common networks and their level of consis- 

tency. 

Level of consistency Number of networks 

0 37 

0.2 10 

0.4 9 

0.6 13 

0.8 13 

1 18 
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different testing groups. The results are shown in the supplemen-

tal material Part D. 

For the third validation experiment, we use a group of 20 sub-

jects as the inputs to learn the common networks. We compared

the network we learned from 20 subjects and 10 subjects (original

group), we found that 38 common networks from 20 subjects are

consistent with the common networks from 10 subjects. Examples

of common networks obtained from the group of 20 subjects are

shown in Fig. 9 . 

3.5. Explore the hierarchical model via HAFNI maps 

HAFNI maps include a large number of reproducible and robust

functional networks, and they are simultaneously distributed in

distant neuroanatomic areas while substantially spatially overlap-
ing with each other, thus forming an initial collection of holistic

tlases of functional networks and interactions. It is interesting

hat common networks obtained from our proposed algorithms

re also reproducible and robust across the subjects. The difference

s that HAFNI maps are obtained from fMRI data only, however,

ommon networks obtained from this work are correlated with

oth function and structure. Thus, we are interested in exploring

he relationship between HAFNI and the DBN-derived common

etworks to guide us better understand the hierarchical model

btained from the proposed DBN model. 

As mentioned in the method part 2.10, common networks from

 layers are compared with the individual HAFNI components and

roup-wise HAFNI components by comparing the overlap of the

ctivation area on the cortical surface. By checking the relationship

etween each layer from the DBN model and HAFNI components,

e have the conclusion that in the DBN model, networks from

ayer 1 are more correlated with the HAFNI individual components,

nd networks from layer 2 are more correlated with the HAFNI

roup-wise components. One example is shown in the Fig. 10 . In

ore details, DBN-derived networks from layer 1 are still quite

ocalized and related to specific cortical regions. When the layer

omes to the second, the activation area is enlarged by present-

ng more abstract information from the first layer’s DBN maps,

nd then those second layer DBN maps are much like the HAFNI

roup-wise average maps, which are the higher-level representa-

ions based on HAFNI individual maps. Therefore, the concept that
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Fig. 9. Examples of common networks learned from 20 subjects. 

Fig. 10. Comparison of DBN maps and HAFNI maps in visual areas. 
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igher layer brings more global information is also suitable for the

odular brain organization. Similar to the third DBN layer for the

isual function in Fig. 10 , much more abstract representation is ob-

erved based on the second level, which almost cover the occipital

obe and parts of the parietal lobe. 

.6. Explore the function meaning of common brain networks via 

eta-analysis 

To further explore the functional roles of the identified com-

on brain networks, we performed meta-analysis that is widely
dopted in the brain mapping field. In this work, correspond-

ng common brain networks are examined via meta-analysis, and

hree examples with their functional behaviors and anatomical

ocations are reported in Fig. 11 . Using the first network in

ig. 11 as an example, it is located on the parietal lobe and

recuneus and the related functional roles are: cognition, lan-

uage, perception and emotion. In addition, these functional roles

re very consistent across the subjects. Results for other com-

on networks are also obtained and they have consistent func-

ional roles. This is one important evidence that the common brain

etworks obtained from DBN model not only possess functional
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Fig. 11. Meta-analysis results of three typical functional networks. 
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and structural consistency but also have consistent neuroscience

meanings. 

4. Discussion and conclusions 

In this paper, we proposed a novel DBN model by combining

structural and functional connectivity profiles together to jointly

represent the hierarchical common brain networks across different

individuals. Three hierarchical layers are designed and represented

across the 10 subjects with 100, 50 and 25 networks, respectively.

Those common brain networks are further confirmed through our

analysis including DBN analysis, hierarchical analysis and valida-

tion experiments. Then, by comparing the results between HAFNI

components and DBN results, we found a potential interpretation

of the identified hierarchical organization. That is, lower level

networks are more related to individual functional characteris-

tics and higher-level networks tend to reflect global functional

organization at population level. To better understand the func-

tional meaning and anatomical information of those networks,

we performed the meta-analysis using Sleuth software based on

BrainMap to explore the functional and anatomical explanations of

all common brain networks we derived. The results suggest that

corresponding common networks across different subjects tend

to have consistent functional meanings and similar anatomical

locations. 

In summary, the major contributions and advantages of our

proposed methods are two-fold. First, our DBN model can effec-

tively and successfully identify the hierarchical brain networks.

Second, our proposed method considered both functional and

structural profiles to build a fusion model for single vertex on

the cortex. For the hierarchical representation, there are already

numerous evidences that brain networks have a hierarchical

organization. However, there is a lack of effective methods and

computational models to discover this at the voxel level. In this

work, we showed that DBN model is a powerful method for

discovering hierarchical organization of brain architecture. For the

fusion model, multimodal information has been shown to be com-
lementary to each other, thus, features we generated will have

oth functional and structural characteristics. Then the networks

e obtained are shown to possess both functional and structural

onsistency. 

Despite its advantages in latent feature learning, our framework

an still be improved in the future. First, currently, the proposed

BN model is still simple and straightforward. For the architec-

ure, we fixed the number of the layers to 3 based on the prior

nowledge. And we set the hidden nodes by consulting from the

ow-rank of the inputs data. In the future, optimization approaches

ill be used to decide the best parameters in the DBN model.

econd, in this work, the connectivity features for each vertex is

used by both functional and structural connectivity and then we

se them to train DBN model. Notably, another possibility is that

e can train functional and structural connectivity separately using

BN model, and then at a later stage, we can combine those fea-

ures together and connect them with another DBN model to train

he joint representation profiles. This could be another possible im-

rovement for the DBN model in the future. The third is about the

ize of learning samples. Due to the limitation of GPU memory, we

annot study too many subjects in one run. To overcome this draw-

ack, we have two possible solutions. The first one is to split large

ataset into many small ones, and we have demonstrated that two

ndividual studies can obtain consistent common networks. Thus,

eparating the big dataset into different small groups and running

he model separately is acceptable. Another way is that we can do

he down-sampling for the inputs of each subject. Our prior stud-

es have demonstrated that down-sampling may not affect the key

nformation much, and this concept is also working on the brain

MRI signals ( Ge et al., 2016 ). 
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