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Abstract. An unrelenting human quest regarding the brain science is: what is 
the intrinsic relationship between the brain’s structural and functional architec-
tures, which partly defines what we are and who we are. Recent studies suggest 
that each brain’s cytoarchitectonic region has a unique set of extrinsic inputs 
and outputs, named as “connectional fingerprint”, which largely determines the 
functions that each brain area performs. However, their explicit connections are 
largely unknown. For example, in what extent they are inclined to be coherent 
with each other and otherwise they will intend to show more heterogeneity? In 
this work, based on a widely used brain structural atlas which represents the 
most consistent structural connectome across different populations, we pro-
posed a novel group-wise optimization framework to computationally model 
the functional homogeneity behind them. The optimization procedure is con-
ducted under the joint structural and functional regulations and therefore the 
achieved common brain landmarks reflect the consistency of brain structure and 
function simultaneously. The Human Connectome Project (HCP) Q1 dataset, 
which includes 68 subjects with high quality imaging data, was used as test bed 
and the results imply that there exists extraordinary accordance between brain 
structural and functional architectures. 
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1 Introduction 

An unrelenting human quest regarding the brain science is: what is the intrinsic rela-
tionship between the brain’s structural and functional architectures, which partly de-
fines what we are and who we are. Recent neuroscience studies suggest that each 
brain’s cytoarchitectonic region has a unique set of extrinsic inputs and outputs, 
named as “connectional fingerprint” [1], which largely determines the functions that 
each brain area performs. This close relationship between structural connectivity pat-
terns and brain function has also been confirmed and replicated in recent studies [1, 
2], e.g., structural connectivity is accompanied by relatively strong functional connec-
tivity [2]. Based on this phenomenon, a few methodologies were proposed to jointly 
model the structural and functional information of the human brain. For example, the 
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Fig. 1. Illustration of the framework 

work in [3] redefined the measurement of functional connectivity by introducing the 
structural interference that the new measurement will emphasize the areas which 
show both high functional and structural connectivity. Another interesting example of 
structure/function joint modeling is the landmark distance (LD) model [4], which 
utilized the stable relations (spatial distance) among white matter fiber, anatomical 
atlases and functional activations to describe the fiber tracts. However, it is far from 

full understanding of the intrinsic 
connections behind the structural 
foundation and functional responses 
that we observed, and their explicit 
connections are still largely unknown. 
For instance, in what extent they are 
inclined to be coherent with each other 
and otherwise they will intend to show 

more heterogeneity [5]? We need a comprehensive understanding of the principles 
that regulate the information processing (function) in a particular structural pattern, 
and between the interacting structural units in the brain as a whole. 

Recently, a novel structure-based atlas, named as DICCCOL [6], was proposed and 
it is a successful attempt in the field to construct group-wise Regions of Interest 
(ROIs) by identifying the most consistent white matter connectivity patterns across 
different individuals. Many studies already demonstrated that it is an effective and 
robust ROI modeling framework and has significant improvement compared to the 
previous image registration method [6]. Despite that DICCCOL system is an impor-
tant advancement in human brain mapping, however, it did not consider the functional 
homogeneity and heterogeneity behind those brain structural consistencies. To tackle 
this problem and further reveal the intrinsic relationship between the brain structure 
and function, in this paper, we proposed a novel group-wise optimization framework 
(Fig.1) to computationally model the functional homogeneity under the structural 
consistency regulations. First, through an innovative sparse representation of the 
whole-brain fMRI signals and similar strategies in detecting functional networks in 
[7], the most consistent functional networks are recovered and identified as functional 
templates. At the same time, the structural landmarks on the HCP dataset are initia-
lized by applying the DICCCOL prediction procedure [6]. Then, we use the achieved 
functional templates and trace-map model [6] as functional and structural regulations, 
respectively, to optimize the initial landmarks. Particularly, the optimization proce-
dure is conducted under the join structural and functional regulations. Therefore, the 
achieved common brain landmarks reflect the consistency of brain structure and  
function simultaneously. 

2 Methods 

2.1 Data Acquisition 

Our data source is the HCP Q1 release [8]. The HCP Q1 dataset has seven task-fMRI 
datasets of 68 participants including working memory, gambling, motor, language, 
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social cognition, relational processing and emotion processing. For task-fMRI, the 
acquisition parameters are as follows:  72 slices, TR=0.72s, TE=33.1ms and 2.0 mm 
isotropic voxels. For the rsfMRI data, the L-R phase encoding rs-fMRI data of run 1 
in HCP Q1 data was used in this paper. The acquisition parameters were as follows: 
2×2×2 mm spatial resolution, 0.72 s temporal resolution and 1200 time points. For 
dMRI, spatial resolution=1.25mm×1.25mm×1.25mm. More detailed data acquisition 
and preprocessing are referred to literature report [7, 9]. 

2.2 Sparse Representations of fMRI Signals and Identification of Functional 
Templates 

Recently, we have developed a novel computational framework for sparsely 
representing whole brain’s fMRI signals [7] and successfully applied it on the Human 
Connectome Project (HCP) [8] high-quality imaging data. Similar to [13], the basic 
idea of this framework is to assemble all the fMRI signals (either task or resting) into 
one matrix, which is further decomposed into an over-complete dictionary basis ma-
trix and a reference weight matrix via the efficient online dictionary learning method 
[10]. The cost function is defined as: 

 ℓ =  min ||s Dα || λ||α ||  (1) 

where S= s , s , … s  denotes the whole brain signals which have n voxels with 
t time length. D∈   represents the dictionary (k>t and k<<n). According to Eq.1, a 
specific signal, s , can be represented as the product of basis dictionary D and α , 
where α  is the corresponding coefficient vector in the coefficient weight matrix. λ is 
a regularization parameter which is used as a trade-off item between the sparsity level 
of coefficient (α ) and the regression residual. A particularly important characteristic 

of this framework is that the reference weight matrix (⍺) naturally reveals the spatial 

overlap patterns among those reconstructed brain networks, which are represented by 
the time series of the over-complete basis dictionaries. 

The rational of using sparse coding instead of traditional fMRI analysis has two 
aspects: 1) It has been widely reported that a variety of brain regions and networks 
exhibit strong functional diversity and heterogeneity [11]. That is, the same brain 
region could participate in multiple functional processes/domains simultaneously and 
a single functional network might recruit various neuroanatomic areas at different 
stages as well. Our novel sparse coding strategy naturally accounts for the above men-
tioned neuroscience fact that one single brain region intend to be involved in multiple 
functional processes and thus its fMRI signal is composed of various components 
(functional networks). 2) Our sparse coding method can recognize multiple functional 
networks simultaneously, including task-evoked networks, resting state networks and 
those latent networks which are not necessarily following the task paradigm [7].  
This advancement is critical for constructing a comprehensive functional regulation 
profiles in section 2.4.  
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Fig. 2. Illustration of functional 
regulated optimization process using 
two functional network templates 

2.3 Initialization of Structural Landmarks 

We adopted a widely used data-driven strategy, named DICCCOL [6], to initialize the 
landmarks which are needed to be optimized. Each of the 358 DICCCOL landmarks 
was optimized to possess maximal group-wise consistency of DTI-derived fiber shape 
patterns [6]. In this work, we applied DICCCOL prediction procedure which is simi-
lar to its optimizations process [6]: we only need to optimize the new individual to 
ensure the maximal consistency of structural connectivity patterns is satisfied between 
the subject that is needed to be predicted and the provided models. Briefly, the initia-
lization process can be summarized as:  

 E ( , ) = ∑ | | (2) 

where  represents the DICCCOL models,  is the new brain that needs to be pre-
dicted,  is defined as the trace-map distance [6]. In general, the DICCCOL 
landmarks provide a reliable and neuroscience grounded foundation for further joint 
optimization with both structural and functional regulations. 

2.4 Group-wise Optimization under Joint Structural and Functional Regulations 

After we have all 358 DICCCOL landmarks in the new brain, we can functionally 
label them using the functional network templates derived in section 2.2. We con-
struct a functional regulation profile for each predicted DICCCOL landmark. This 
functional regulation profile is a binary vector with L-dimension and L is the number 
of network templates. For example, if one DICCCOL landmark is located in the re-
gion of a specific template, the corresponding 
item in the regulation vector will be 1, otherwise 
will be 0. Through this way, the functional regu-
lation profile can effectively encode the func-
tional expression of every DICCCOL landmark 
in individual space. 

Because the DICCCOL landmarks already 
possess the most consistent structural connectivi-
ty across different populations, our primary ob-
jective is to maximize the functional homogenei-
ty and minimize the potential affection to the 
established structural consistency simultaneous-
ly. This process includes two steps: 1) Construction of the functional regulation mod-
el. Since for each subject and each DICCCOL landmark, we already achieved its 
functional regulation profile through functional labeling. For each DICCCOL, we 
assemble all the functional profiles within the group (68 subjects) and do a simple but 
efficient voting for each template. Thus we arrive with a 358*L matrix. Here L is the 
number of functional network templates. Each element represents the subject number 
that in those subjects the current DICCCOL is consistently located in a specific func-
tional template. The larger number means more individuals have agreement that the 
current DICCCOL should belong to this functional network. In this work, we adopt a 
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relatively strict criterion that if more than half of the group individuals commit this 
template, the corresponding matrix element will be considered as value 1 in the func-
tional regulation model. 2) Optimization. In brief, using the predicted location as the 
initial searching point, we move the DICCCOL landmark within a small neighbor-
hood and examine if there exist an appropriate location at which the functional pro-
files become more consistent to the functional regulation model, and at the same time 
the structural connectivity has not significant change. The neighborhood is defined as 
a circle with radius with 3mm because the average registration error is considered as 
6mm [6]. The basic idea is illustrated in Fig.2. The green bubble represents the initial 
location. According to its current functional regulation profile, the green one will 
move to the neighboring locations that makes it more consistent to the functional 
regulation model. For example, if its current functional profile is <0, 0> and the regu-
lation model is <1, 0>, it will intend to move along the red arrow. Otherwise, it will 
move to the other two directions or stay at the initial location given the regulation 
mode as <0, 0>. It should be noted that this optimization process is performed with 
the structural constraints, which can effectively preserve the already established struc-
tural consistency through DICCCOL prediction. 

The overall optimize function is summarized as: 

 E = ɸ ( , ) · |  | (3) 

Here  and  represent the initial location and the candidate location need to be ex-
amined, respectively. FR is the functional regulation vector. ,  is the trace-map 
distance between the candidate location and the initial location. ɸ ( , ) is defined 
as: 

 ɸ ( , ) =
1, if |   |   ơ|   | 
ơ

, if |   |   ơ (4) 

Here ơ is the standard deviation of the group-wise trace-map distance of the predicted 
DICCCOL landmarks. 

Intuitively, if the structural connectivity does not change much, the functional reg-
ulation item will be the driving force for the optimization process. If not, the func-
tional regulation item will be penalized that the DICCCOL landmark will be inclined 
to stay at the initial location to maintain its already established structural consistency. 
This process will be applied to each DICCCOL landmark separately and eventually 
we can achieve the optimized landmarks, which reflect both the structural and func-
tional consistency across different individuals. 

3 Results 

3.1 Identification of Common Structural and Functional Landmarks 

The above mentioned optimization process has been applied to the HCP Q1 dataset. 
Totally 84 DICCCOL landmarks were successfully optimized under the functional 
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Fig. 3. Optimization results. (a) One subject is ran-
domly selected as an example. Green and red bubbles 
represent original and optimized landmarks, respec-
tively. (b-d) show three enlarged examples and the 
fiber bundles before and after the optimization. Yel-
low arrows indicate the direction of the movement 
during the optimization. (e) and (f) show the average 
changes of functional regulation profiles and trace-
map distance before and after the optimization. (g) 
displays the percentage regarding the changes of the 
trace-map distance and the improvement of functional 
consistency. 

regulation model which consists of 86 consistent functional templates. It is noted that 
this common functional regulation model, which is represented as an 84*86 binary 
matrix, is derived from the group-wise voting. Hence it is possible that only a part of 
the model contributes to the individual optimization process. For example, for a spe-
cific subject, if some of these 84 DICCCOL landmarks are already consistent with the 
regulation model, then these 
DICCCOLs will be ignored for 
efficiency consideration.  

The optimization result is 
shown in Fig.3. One subject is 
randomly selected as an example 
and the optimized landmarks are 
displayed on an inflated cortical 
surface with colored bubbles. The 
green and red ones represent the 
landmarks before and after the 
optimization (Fig.3 (a)). Figs.3 
(b-d) are three enlarged examples 
and the yellow arrows illustrated 
the direction of the landmarks’ 
movements during the optimiza-
tion. In addition, the white matter 
bundles connecting to the original 
and optimized landmarks are also 
displayed. Fig.3 (e) shows the 
average changes of functional 
regulation profiles before (left) 
and after (right) the optimization. 
The rows and columns represent 
optimized landmarks and differ-
ent functional templates. The 
larger value indicates more consistency. We can clearly see that the overall structural 
connectivity patterns do not change much (Fig.3b-d), however, the corresponding 
functional consistency is significantly improved (Fig.3e). The quantitatively analysis 
of structural changes and functional consistency improvement are shown in Fig.3 (f-
g). Obviously, our optimization goal is successfully achieved that the overall func-
tional consistency is significantly improved (30% on average of improvement) while 
the consistent structural connectivity is effectively preserved (2% on average of 
changes).  

3.2 Estimation of Reliability of Functional Regulation Model  

As mentioned in the previous sections, the functional regulation relied on the func-
tional regulation model derived from the group-wise voting. The reliability of this 
regulation model will directly affect the effectiveness and robustness of the proposed 



722 D. Zhu et al. 

Fig. 5. (a) Spatial distributions of 
the 84 optimized landmarks. (b) 
The effective regulation number of 
all DICCCOL landmarks. (c) Op-
timization results of #145 landmark 
in one subject. Red and blue areas 
denote two functional networks. 

 

Fig. 4. Reproducibility of func-
tional regulation model. (a) The 
distribution of the agreement level 
for all the involved regulation 
matrix elements. (b) The consis-
tency between the regulation mod-
el using 68 subjects and all the 
other generated models. 

optimization framework. To estimate the potential 
variations when generating regulation model using 
different subjects, we repeatedly produced mul-
tiple regulation models using different numbers of 
subjects, e.g. 30, 40 and 50 subjects. Moreover, 
for each subject number we randomly selected 
subjects for multiple times to make sure no subject 
will be missed (possibility less than 0.1%). The 
result is shown in Fig.4. Fig.4 (a) shows the distri-
bution of the agreement level for all the regulation 
matrix elements. Most regulation elements (175 
out of 287) are consistently reproducible across 
different combination of different subjects (more 
than 90% of trials). In addition, we calculated the 
difference between the regulation model using 68 subjects and all the other generated 
models, the average consistency is more than 80% (Fig. 4 (b)).  

3.3 Landmarks Possessing Both Structural and Functional Consistencies 

In this section, we focus on the latent information delivered by the identified func-
tional regulation model. As mentioned before, the functional regulation model in-
volves 84 DICCCOL landmarks and 86 consistent functional templates. Fig. 5 (a) 
demonstrates the spatial locations of these 86 landmarks. Colored bubbles represent 
all the 358 landmarks and the green ones are those landmarks can be optimized 
through our functional regulations. It is obvious that most of them are assembled in 
the occipital, parietal and temporal lobes and fewer of them are located in the frontal 
lobe. One explanation is that, in frontal lobe the overlapping pattern of different func-
tional templates is much more complicated than 
other brain regions, which makes it difficult to 
satisfy the voting procedure, since frontal lobe is 
considered to contribute more towards the high-
level brain functions. Another possibility is be-
cause of the functional templates which are used to 
generate the regulation model. Though the HCP 
Q1 data has seven sets of task data, it is possible 
that some brain regions were not covered by any 
task networks or resting state networks. This situa-
tion led to the result of insufficient functional 
regulations for some brain regions. Fig.5 (b) shows 
the effective regulation number of every 
DICCCOL landmarks. For each optimized land-
mark there are 4 regulation profiles on average. 
For example, the #145 landmark (highlighted with red arrow) has two regulation pro-
files, which come from language network and motor component of resting state net-
work [12]. One subject is selected to demonstrate the optimization process of this 
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landmark. Red and blue areas denote two functional networks and eventually the #145 
landmark in this subject was moved from the region which was covered by one func-
tional network to the nearby overlap region according to functional regulation model. 

4 Conclusion and Discussion  

Different from the DICCCOL system, which optimizes and predicts each DICCCOL 
landmark only based on the group-wise structural connectivity consistency, the pro-
posed framework optimizes the landmark’s structure and function simultaneously: the 
functional constraint comes from the group-wise agreement of those consistent func-
tional networks identified by an effective sparse representation of whole-brain fMRI 
signals. During the optimization, the landmarks will move towards the locations which 
possess more group-wise functional homogeneity. At the same time, the structural con-
straint ensures that the established structural similarity will not be destroyed. To the best 
of our knowledge, this framework is among the earliest to formally consider the group-
wise structural consistency and functional homogeneity at the same time.  
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