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Abstract - Default-mode network (DMN) has become a 

prominent network among all large-scale brain networks 

which can be derived from the resting-state fMRI (rs-fMRI) 

data. Statistical template labelling the common location of 

hubs in DMN is favourable in the identification of DMN 

from tens of components resulted from the independent 

component analysis (ICA). This paper proposed a novel 

iterative framework to generate a probabilistic DMN 

template from a coherent group of 40 healthy subjects. An 

initial template was visually selected from the independent 

components derived from group ICA analysis of the 

concatenated rs-fMRI data of all subjects. An effective 

similarity measure was designed to choose the best-fit 

component from all independent components of each 

subject computed given different component numbers. The 

selected DMN components for all subjects were averaged to 

generate an updated DMN template and then used to select 

the DMN for each subject in the next iteration. This process 

iterated until the convergence was reached, i.e., overlapping 

region between the DMN areas of current template and the 

one generated from the previous stage is more than 95%. By 

validating the constructed DMN template on the rs-fMRI 

data from another 40 subjects, the generated probabilistic 

DMN template and the proposed similarity matching 

mechanism were demonstrated to be effective in automatic 

selection of independent components from the ICA analysis 

results. 
Index Terms— Default mode network, resting-state fMRI, 

template, brain network. 
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I. INTRODUCTION 

Over the last few decades, there has been growing interest 

in investigating the large-scale brain networks that exist in 

the human cognition, perception and emotion. The default-

mode network (DMN) is a prominent one among these 

discovered brain networks. The commonly accepted hubs of 

DMN include the posterior cingulate cortex (PCC), the 

medial temporal lobes (MTL), the medial prefrontal cortex 

(mPFC) and the angular gyrus (AG) [1, 2]. These related 

brain regions are considered to be active during resting state 

while deactivated when specific purposeful cognitive tasks 

are performed. Moreover, the DMN has been suggested to 

be related to various cognitive functions and be altered in a 

series of neuropsychological disorders [3, 4]. 
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The identification of DMN has been extensively studied in 

both healthy individuals and subjects of various 

pathological conditions from resting state fMRI (rsfMRI) 

[5]. Plenty of methods have been proposed to derive the 

DMN from the rsfMRI datasets [6-8]. Among these 

approaches, the method using independent component 

analysis (ICA) has been widely utilized to extract networks 

in previous studies [9, 10]. ICA technique enables the blind-

source separation of mixed signals into independent spatial 

and temporal components, which are considered to 

represent different functionally connected networks [6, 11]. 

However, there remains the problem of how to accurately 

select the component that best represents the DMN from the 

numerous components. Manual selection may be time 

consuming as all components should be carefully visualized 

and analysed. One objective approach is to automatically 

select the best-fit component by matching with a given 

DMN template [12, 13]. Therefore, a standardized DMN 

template representing the statistical location of the hubs is 

demanding for objective component selections. 

Plenty of approaches have been so far proposed to construct 

the statistical structural brain template. In the early 1990s, 

Evans, et al. [14] introduced the concept of a statistical MRI 

template for brain mapping. They constructed the MNI305 

template by linearly mapping 305 native MRI volumes to a 

manually-derived average MRI. In 1998, Holmes, et al. [15] 

created a new atlas with much higher signal-to-noise ratio. 

One subject was scanned 27 times, and all the images were 

linearly registered to compute an average which was finally 

mapped to MNI305. However, linear registration can’t 

capture the local deformation between different subjects. In 

2000, Guimond, et al. [16] developed a method of building 

a template atlas by nonlinearly registered each subject to an 

initial template. With all nonlinear transformations, original 

images were resampled to construct a template with an 

average unbiased shape and average intensity. Recently, 

Fonov, et al. [17] proposed an iterative approach to create 

an unbiased non-linear statistical atlas that were not subject 

to the vagaries of any single brain. This procedure consisted 

of 40 iterations, and at each iteration native volumes were 

non-linearly fitted to the template from the previous 

iteration. Being different from constructing statistical brain 

template derived directly from scanned MRI volumes, 

DMN template cannot be directly computed from fMRI 

data. Therefore, the proposed structural brain atlas 

generation algorithms could not be directly extended to the 

construction of DMN template. 

To construct a DMN template, researchers have proposed 

a lot of approaches, which can be classified into two groups. 

One strategy is to manually select some regions from a 

structural brain atlas to generate a template [18, 19]. 

However, there exist some inconsistencies in determining 

the neuronal regions to compose a DMN template. The 

other approach is to perform a group-level ICA analysis to 

produce a “distributed” template [20, 21]. In this way, the 

fMRI data from all the subjects is first concatenated to form 

one 4D dataset. The DMN template is then visually 

recognized from the independent components that are 

produced by the ICA analysis on the concatenated 4D 

dataset. However, the difference among the fMRI data of 

each subject may not capture the intrinsic functional 

connectivity [22]. The concatenated data can’t well reflect 

the temporal relationship in the fMRI data of each subject, 

and thus the resulting template may not fully preserve the 

information in the original data. Moreover, only a few 

subjects were utilized to generate the template [23]. 

Therefore, it is of great importance to construct a 

statistically representative template for DMN. 

This paper presents a novel framework to generate a 

probabilistic DMN template from resting-state fMRI. 

Inspired by the structural brain atlas generation, an iterative 

approach was developed to create an unbiased DMN 

template. Resting-state fMRI data from 50 healthy subjects 

were utilized to generate the template. An initial template 

was visually selected from the independent components, 

which were obtained by performing ICA analysis on the 

concatenated fMRI data from all the 50 subjects using FSL 

melodic software. For each subject, as the selection of 

component number could affect the ability to capture the 

resting-state functional connectivity, independent 

components were obtained on different component 

numbers. To find the DMN from the components in each 

subject, we developed a specific similarity measure. The 

component with the highest similarity was selected as the 

DMN component for each subject. All the selected DMN 

components were then averaged to generate a refined DMN 

template. The iteration process would stop once overlapping 

region between the DMN areas of current template and the 

one generated from the previous stage was more than 95%. 

All selected components were finally masked with a given z 

score. By averaging all the masks, a statistical DMN 

template was achieved. Resting-state data from another 

forty subjects were utilized to validate the automatic 

component selection method using the constructed 

statistical template. 

II. MATERIALS AND METHOD 

Subjects and Image Acquisition 

Ninety healthy subjects (age range, 60 – 89; mean age, 73; 

48 females; all right-handed) were scanned at the resting-

state. The resting state fMRI series were acquire on a 3T 

Philips Medical Systems (Achieva, Philips, Germany), 

using the 8-channel head coil. Subjects were instructed to 

relax and keep their eyes open. In each scanning sequence, 

we obtained a series of 40 axial T2-weighted gradient echo-

planar images (repetition time (TR) = 3000ms, echo time 

(TE) = 25ms, flip angle = 90
o
, field of view (FOV) = 

220×220mm
2
, matrix = 64×64, in-plane 

resolution=2.4×2.4mm
2
, slice thickness=3mm). Eighty 

volumes were acquired in the resting-state functional scan 

for each subject. Three-dimensional T1-weighted images 

(TR = 18 ms, TE= 2ms, flip angle= 30
o
, voxel size = 

1.04×1.04×0.6 mm
3
) were acquired in the same session in 

order to have high-resolution spatial references for 

registration and normalization of the functional images. 

Pre-processing of rs-fMRI data 
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Among the 90 subjects, 50 subjects were used to generate 

the template and the other 40 subjects were used for 

evaluation. Functional MRI data of all the 90 subjects was 

preprocessed using SPM8 (www.fol.ion.ucl.ac.uk/spm). 

Time series images were first spatially registered to the 

MNI space using spatial normalisation. This could minimize 

the misalignment due to patient motion and correct for slice-

time acquisition differences. Images were then resampled 

into 2×2×2 mm
3
 and spatially blurred using an 8-mm 

Gaussian full-width half-maximum filter.  

Generation of Anatomical Brain Template  

The anatomical T1W images of the 50 healthy subjects 

were nonlinearly registered and transformed to the T1W 

template using spatial normalization tool provided by 

SPM8. All the transformed images were finally averaged 

and spatially blurred using a 6-mm Gaussian full-width half-

maximum filter to generate an anatomical brain template. 

Generation of the Initial Template 

Resting-state fMRI data from fifty healthy subjects was 

utilized to construct the template. To construct a template, 

an initial template should be first given to guide the 

template generation process. In structural MRI, the initial 

template was always a single volume of one subject or an 

average of native MRI volumes. However, the initial 

template couldn’t be directly obtained from the fMRI data. 

An appropriate way to obtain an initial template was to 

perform a group-level ICA analysis.  

For each subject, the smoothed normalized fMRI images 

were concatenated across time to form a single 4D 

volumetric dataset. All the preprocessed images from each 

subject were then concatenated into one set of 4D image. 

The 4D images with all the subjects were then processed 

with FSL melodic ICA software 

(http://www.fmrib.ox.ac.uk/fsl/index.html). The Melodic 

software utilized probabilistic ICA to estimate the number 

of relevant noise and signal sources in the 4D data. The 

number of components was automatically estimated. 

Afterwards, the fMRI data was decomposed into a set of 

spatially independent maps. These maps provided intensity 

values (z scores) and thus a measure of the contribution of 

the time course of a component to the signal for a given 

voxel. The initial DMN template was finally selected 

visually based on their correspondence to the DMN 

identified by Damoiseaux, et al. [24]. Fig.1 shows the 

selected initial DMN template from the estimated maps. 

Similarity Measure between DMN Components 

For each subject, ICA analysis was also carried out using 

FSL Melodic software. For each subject, there were a large 

number of spatial maps. It was time consuming to select the 

best-fit component by visually comparing among all the 

components. To automatically select the most similar 

component, we developed an effective similarity 

measurement algorithm. Z scores reflect the degree to which 

a given voxel’s time series was correlated with the time 

series corresponding to the specific ICA component. 

Similarity between the independent components and the 

template was defined as the absolute value between their z 

maps derived from the melodic as equation (1), 

  (1) 

where  and  are the z-value of M voxels in the common 

mask of the z-value maps of the i-th component and the 

initial template,  and  are the mean values of the  and 

,  and   are the corresponding standard deviations. 

 

 Fig. 1. Initial DMN template 

 

Iterative Procedure for Template Refinement 

The selection of the number of components (N) could 

influence the ability of spatial component to capture the 

resting state functional connectivity [25]. Setting N too 

small could squeeze independent networks to the same 

component. On the other hand, hubs belonging to the same 

network might be separated into different components if N 

was set too big. Although some researchers estimated the 

appropriate number of ICA components for fMRI data, it 

could vary across different individuals [26]. Therefore, in 

order to obtain real independent components, multiple types 

of component numbers were utilized in our approach, i.e., 

10, 15, 20, 25, 30, 35, 40, 50, 60 and 70. Best-fit 

components were selected by matching with the initial 

DMN template using the proposed similarity measure. 

The main procedure of the template generation algorithm is 

illustrated as Fig. 2. Starting with the initial template, we 

iteratively selected the best-fit component from the 

independent components of each subject and reconstructed 

a refined DMN template. For each subject, similarity 

between each component with the current DMN template 

was computed. Only the component with the highest 

similarity was selected as the DMN component for that 

subject. All the selected components were then averaged to 

generate a refined DMN template. The DMN template was 

then thresholded with a given z score to extract the DMN 

area. The termination criterion was that the similarity 

measurement between the DMN areas of current template 

and the one generated from the previous stage was more 

than 95%. Fig. 5 illustrates the similarities between 

templates generated from adjacent stages during the 

iterations. The procedure stopped after six iterations in our 

experiment. All selected components were finally 

thresholded with a given z score. By averaging all the 

masks, a statistical DMN template was achieved. The 

http://www.fol.ion.ucl.ac.uk/spm
http://www.sciencedirect.com/science?_ob=RedirectURL&_method=externObjLink&_locator=url&_issn=10538119&_origin=article&_zone=art_page&_plusSign=%2B&_targetURL=http%253A%252F%252Fwww.fmrib.ox.ac.uk%252Ffsl%252F
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template was further smoothed using a 6-mm Gaussian full-

width half-maximum filter.  

 

 
Fig. 2. Flowchart of the DMN generation process 

 

 Fig. 5. Similarities between templates of adjacent stage 

during the iterations 

III. RESULTS 

Templates  

The sagittal, coronal, and axial views of the anatomical 

template are shown in Fig. 3. Fig. 4 shows the statistical 

DMN template derived from the 50 healthy subjects. The 

DMN template, a sample dataset, the DMN selected using 

the proposed method, and the Matlab code of DMN 

selection and similarity measurement are downloadable at 

http://www.droid.cuhk.edu.hk/staff/staff_list/dfwang/dmn.ht

m. The identified areas were consistent with binary DMN 

templates generated in previous works [1, 3, 25]. 

 

Fig. 3. Anatomical template 

 

Fig. 4. DMN statistical template mapped onto the 

anatomical template 

 

Validation of the Statistical Template  

To validate the automatic component selection method 

using the statistical template, we employed here the resting-

state fMRI data from the rest 40 subjects. ICA analysis was 

performed on the resting-state data for each subject using 

Melodic software. Independent components were also 

generated in a range of components numbers: 10, 15, 20, 

25, 30, 35, 40, 50, 60 and 70. We first applied the proposed 

automatic selection approach to choose the best-fit DMN 

components among numerous components. On the other 

hand, we visually selected DMN components from the 

acquired components. The DMN components from 

automatic and manual selections were all thresholded to 

achieve the DMN. To evaluate the automatic selection 

result, the Dice coefficient was used to measure the spatial 

overlap between the two DMN maps for each subject. With 

the binary DMN  and  from the automatic and visual 

selection, the dice coefficient was defined as  

  (2) 

Dice coefficients have a restricted range of [0,1], where 0 

represents that there is no overlap and 1 denotes that they 

are perfectly overlapped. Fig. 6 gives the Dice coefficients 

for all the 40 subjects. Most of the values were equal to 1 

and all the other ones were very close to 1. This indicated 

that the DMN selected with the automatic method was quite 

similar to the visually selected results.  

We further evaluate the superiority of our statistical 

template by comparing with the traditional binary template. 

The binary template was obtained by thresholding the 

recognized DMN component from group-ICA analysis. This 

http://www.droid.cuhk.edu.hk/staff/staff_list/dfwang/dmn.htm
http://www.droid.cuhk.edu.hk/staff/staff_list/dfwang/dmn.htm
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was widely used in previous studies [20, 21]. We computed 

the dice coefficients of the manually selected DMN of each 

subject with the two templates. Fig. 7 gives the dice 

coefficients of the DMN of each subject on the two 

templates. The statistical template obtained higher dice 

coefficient than initial binary template. This demonstrated 

that the statistical template was more consistent with the 

DMN distribution. 

 

 Fig. 6. Dice coefficients between automatic and manual 

DMN selection 

 

 
Fig. 7. Comparison of dice coefficients of the manually 

selected DMN with the statistical template and the initial 

binary template 

IV. DISCUSSION 

We presented a novel iterative method for creating a 

statistical DMN template through resting-state fMRI data 

from a large number of subjects. Our method used iterative 

refinement with an effective similarity measurement 

algorithm to select the DMN component from the numerous 

independent components for each subject. The iteration 

process terminated until the difference between the 

templates of the current and previous stage was less than 

5%. With all the masks of the DMN areas from each subject 

being averaged, the statistical DMN template was achieved. 

For validation, unseen data from another forty healthy 

subjects were employed. The results demonstrated that the 

DMN can be accurately selected with the currently 

constructed statistical template.  

Our template-building algorithm is different from the 

iterative methods for brain structural template in the 

following ways. In the construction of traditional structural 

MRI template, data was directly used to generate the 

template. Here, the template was constructed from the 

independent components which were derived from ICA 

analysis on resting-state fMRI data. The initial template was 

visually selected from the independent components that 

derived from group ICA analysis on the concatenated data 

of all subjects. This is quite different from traditional 

structural MRI that takes a single subject data or the 

averaged data as an initial template. Previous methods 

performed ICA analyses on a specific or an automatically 

estimated component number. This differs from our method 

that utilized multiple types of component numbers to better 

capture the resting-state functional connectivity.  

Previous DMN templates were often derived from group-

level ICA analysis with binary masks. All fMRI data from 

all the subjects was concatenated to form one 4D dataset. 

DMN templates were visually recognized among the 

components from ICA analysis on the 4D dataset. The 

templates are binary masks from a few subjects [20, 21, 23].  

In our approach, a large number of healthy subjects were 

employed to generate the probabilistic template. Compared 

with the binary templates, probabilistic template could 

better represent the statistical DMN distribution within a 

population. Limited by the data at hand, present template 

was constructed from the older subjects only. The 

connectivity in DMN has been demonstrated to be changed 

with normal aging [27]. The DMN template may have 

differences for different age stages. In future, more subjects 

with a wider age range will be employed to refine the 

statistical template and construct new age-specific 

templates. The algorithm can also be extended to create 

template for other types of brain networks, such as the 

executive control network, the salience network, and the 

sensorimotor network, etc. 

The probabilistic DMN template and the implementation of 

the similarity measurement will be available online for free 

download. The proposed DMN template can serve as an 

unbiased reference for the identification of DMN from 

resting-state fMRI, and hopefully can be adopted as a useful 

tool for further research into the brain network.  
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