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Why Functional Connectivity?

 Our Brain is a network consisting of spatially distributed,
but functionally linked regions that continuously share  
information with each other. 



What do we have for a Functional Connectivity?

 Resting-state fMRI time-series of each ROI

 Probability theories on correlation

 Graph theory and complex network analysis



How do we construct the network?

(Adopted from Martijn et al. 2010)



Time series: Preprocessing 

Slice Timing Correction

Head Motion Correction

Distortion Correction

Coregistration & Normalization

Spatial/Temporal Filtering



Preprocessing: Slice Timing 

 24 (or more) slices acquired within a single TR (1.5s-3.0s)……

Need some Shifts!

Slices acquired later reaches peak more quickly. (Sladky et al. 2011, Neuroimage)



Preprocessing: Slice Timing 

 Shift the slices to the same time point: A phase shift in the Fourier Domain.

A Fourier Transform transforms signals in the time domain to the frequency
domain, and is given by

The Reverse Fourier Transform then transform the signal back to the time 
domain after a phase shift. 



Preprocessing: Slice Timing 

Method used in SPM8: Linear interpolation and Sinc interpolation

 A Sinc function is defined as 
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Preprocessing: Slice Timing 

 The linear interpolation can be formally defined as 

Where y(r) is the corrected data and t(r) is the reference slice.

 On the other hand, Sinc interpolation (which is believed to be more efficient), 
is formally defined as 

Which results from a phase shift in the frequency domain. 



Preprocessing: Head Motion & Distortion Correction 

 Subjects move their heads during scanning……

Need a Realignment!

(Adopted from Scott et al.  Functional Magnetic Resonance Imaging)



Preprocessing: Head Motion & Distortion Correction 

 Spatial Interpolation

Similar to the method used in time slicing, while it’s 2-dimensional.

Magnetic Field Mapping

 Bias Field Estimation 



Preprocessing: Coregistration & Normalization 

 A Common Normalization Scheme: A Stereotaxic Space

Talairach Space

MNI Template 
(Developed by the Montreal Neurological Institute)



Correlation: PPMCC

 PPMCC (Pearson’s Product-Moment Correlation Coefficient) is a
measurement of Linear dependence between two variables.  

 It is defined by    ( for population )

Or equivalently    ( for a sample ) 



Correlation: PPMCC

 The absolute value of PPMCC is less than or equal to 1.

Invariant to linear transformations.

 A value of 1/-1 indicates maximum positive/negative correlation. 



Correlation: Partial Correlation

 Partial Correlation measures the degree of association between two  
variables, with the effect of a set of controlling variables removed .

 Formally, given two variables of interest X and Y, together with a  
controlling variable Z, the partial correlation can be defined as the residues  
resulting from the linear regression of X with Y and X with Z. 

That is



Correlation: Partial Correlation

 Solving the proposed linear regression problems amounts to finding the 
n-dimensional vectors  

 The Residues are then  



Correlation: Partial Correlation

 Finally, the sample Partial correlation is defined as  



Graph Theory: Basics

 Brain functional network is an undirected graph consisting of various
nodes (ROIs) and edges (Functional connectivity) 

(Effective connectivity map can be a directed one, though.)



Graph Theory: Clustering-Coefficient

 Clustering-Coefficient of node i characterized the local connectedness
and is defined by  



Graph Theory: Characteristic Path Length 

 Characteristic Path Length provides information about how close node i is
connected to all other nodes. It is defined as d(i,j), the distance between 
node i and node j.   



Graph Theory: Centrality 

 Centralities of a graph are called hubs. A hub has a small value of
characteristic length and a large value of clustering-coefficient.



Graph Theory: Degree 

 Degree of a node characterizes its connectedness and is defined by the
total number of connections around that particular node.



Graph Theory: Modularity 

Modularity, or network communities refer to groups of nodes within which 
the connecting links are dense but between which they are sparse. 



Complex Network: Small-World Networks 

 Our Brain is a small-world network, 

i.e. A network with high level of local connectedness
and  Low level of average characteristic length    



Complex Network: Scale-Free Networks 

 Our Brain is a Scale-Free network, 

i.e. A network with Hubs and Communities

Hub

Communities

Robust against random attacks but vulnerable to specialized attacks on hub nodes 



Sample Work: Construction of a whole brain network 

Sophie et al. 2006, J.Neurosci.

A Resilient, Low-Frequency, Small-World Human Brain Functional Network with Highly 
Connected Association Cortical Hubs

(Brain mapping Unit and Wolfson Brain Imaging Centre, University of Cambridge)



Sample Work: Construction of a whole brain network 

 Preprocessing of time series data 

 Correlation Analysis: MODWT (Maximal Overlap Discrete Wavelet Transform)

The scale-dependent Covariance of two time series is the given by 



Sample Work: Construction of a whole brain network 

 Finally, the cross-correlation between two time series is defined by 

 A filter is then applied to the transformed signals to capture the
very low frequency (< 0.1Hz) signal components, by which resting-
state correlations are predominately subtended by. 



Sample Work: Construction of a whole brain network 

 Correlation matrices of 90 X 90 brain regions at 6 different MODWT scales.   



Sample Work: Construction of a whole brain network 

 If a correlation value between two ROIs surpasses a certain threshold, then a
functional connection is considered to be existent. 



Sample Work: Construction of a whole brain network 

 Anatomically near connections: Red
Anatomically remote connections: Blue



Functional Connectivity and Brain Disorders

Molecular Psychiatry (2011)

 Altered resting-state functional connectivity occur in various disorders.

Neurological/ Psychiatric



Functional Connectivity and Brain Disorders

 Construction of canonical template of healthy individuals.
Six discrete interconnected communities (Mined through the LM algorithm)

 Altered “Hate Circuit” in FEMDD (First-Episode Major Depressive Disorder)
and RMDD (Resistant Major Depressive Disorder)

 Calculate scores of particular links, and observe changes in the connectivity

 Comparison, comparison, comparison……



Preprocessing (Software-aided)

 Data preprocessing with SPM8 and DPARSF.

What is expected:  *.mat   A 3D time series matrix

[Time * Region * Subject]

Where the Time dimension size corresponds to Length of the mean time series
Region Number of ROIs
Subject                                                   Number of subjects



Correlation Calculation

 Calculation of Pearson correlation (standard)

 Correlations that are not strong enough to be identified as a functional
connection can be eliminated using pv.

Every time instant is an 
observation and different 
regions are the random 

variables.



Correlation Calculation

 Calculation of Partial correlation



Establish the Functional Connectivity

 A 90 X 90 connection matrix was obtained for each subject
with a P-value < 0.01

 The population level network is obtained by summarizing individual networks
in FEMDD, RMDD and Healthy subject groups, respectively.  

 The population matrices are then thresholded into binary values (1/0).
According to a reasonable sparsity value 

 The final matrices:  1 stands for a connection
0 stands for no connection



Establish the Functional Connectivity

Binary operation based on user-specified 
sparsity value



Score Calculation

 Significance of change in a particular link is characterized by

Where L(h) denotes number of the link presented in healthy individuals
L(p) denotes number of the link presented in Depressed individuals
N(h) denotes the total number of healthy subjects
N(p) denotes the total number of depressed subjects
(FEMDD and RMDD, respectively)



Score Calculation





Score Calculation



Change in the Network Communities

Patient (red) vs. Normal (blue)

a. FEMDD              b. RMDD a. common              b. different



Brief Conclusions

 No significant gray/white matter changes: Disorders are not caused by
reduced tissue volumes

 Changes in the “hate circuit” (superior frontal gyrus, insula and putamen)
emotion and risk/action circuits

 Significant difference between FEMDD and RMDD
Depression should not be studied based on a single patient type



Canonical Template

 RSN 1: Default Mode Network
 RSN 2: Attention Network
 RSN 3: Visual Recognition Network
 RSN 4: Auditory Network
 RSN 5: Sensory-Motor Network
 RSN 6: Subcortical Network



The Community Mining Algorithm

How are the six communities mined?

 Consider a Stochastic Process defined on the network, in which one agent
walks freely from one node to one of its neighbours. 

We define the probability of the agent’s hitting node i after t steps to be

 This process is actually a Markov Chain, in which the agent’s current
position depends solely on its previous position  



The Community Mining Algorithm

 The transition probability from node i to node j satisfies

Where a(ij) is an element of the adjacent matrix of the network.

 The transition probability for the whole matrix can then be defined as

Where 



The Community Mining Algorithm

 Now let’s assume that there are six clear-cut communities hidden in our
network, but we do not know who’s who. 

 If we regard the agent’s walking paths as connections, then the following 
statement is true: 

The connections will first be establish within each community (Local mixing 
states). After all communities have been internally connected, the agent then 
starts connecting the six communities to a whole (Global mixing state)

(The Proof is skipped here )



The Community Mining Algorithm

We then define the time of each local mixing state as 

According to the Large-Deviation Theory, it can be estimated from the spectrum 
of  the Markov Generator 

Where the lambdas are the eigenvalues of the generator Q. 

We further define the hitting time of the next stage to be   



The Community Mining Algorithm

 By intuition, we can argue that if the agent spends little time walking internally
within each communities, then the cohesion of the communities are good. 

Thus, a small value of                                     indicates a good cohesion. 

 Also, the Separability of the total network will be good, if the agent spends a
long time connecting all the communities.  

Hence, a large value of                                                               indicates a good 
separability



The Community Mining Algorithm

 Finally, we define the spectral signature of a network as 

Clearly, a small value of it indicates a well-formed community network
(with both good within-community cohesion and inter-community separation ) 



The Community Mining Algorithm

The Traditional Algorithm



The Community Mining Algorithm

The LM Algorithm



Thanks!


