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Quantitative feature extraction
for machine learning analysis
of resting-state fMRI data
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(source: Cereb Cortex. 2013;24(6):1422-1435. doi:10.1093/cercor/bhs410)
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Computational methods for RS-fMRI

* Functional segregation /
univariate measures
(local activity of individual

regions or voxels)

* Functional integration /
multivariate measures
(inter-regional relationship,
network)
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Functional segregation: Regional homogeneity (ReHo)

Regional homogeneity: similarity or synchronization between
brain activity time series of a voxel and its nearest neighbors
(Zang et al., 2004)
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- consider 7, 19 or 27 neighboring voxels
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Regional homogeneity (ReHo) - example

ReHo in epileptic patients
with generalized tonic-
clonic seizures

Increased ReHo in the
thalamus, brain stem

Decreased ReHo in the
Default Mode Network

(Zhong Y, Lu G, Zhang Z, Jiao Q, Li K, Liu Y.
Altered regional synchronization in epileptic
patients with generalized tonic-clonic seizures.
Epilepsy Res. 2011 Nov;97(1-2):83-91.)
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Amplitude of Low Frequency Fluctuations (ALFF)

The relative magnitude of low frequency fluctuations in brain
activity can differ between brain regions and subjects/conditions

ALFF: Total power within the low-frequency range 0.01-0.1 Hz

|

: NSy,
A Ao AN Yo N o\

JI

Calculation:

1) Convert time series for each voxel to frequency domain (FFT)
2) Compute square root of power spectrum

3) Average across predefined frequency interval (0.01-0.08 Hz)
4) Divide by global mean of ALFF within brain mask
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Amplitude of Low Frequency Fluctuations (ALFF) - example

fMRI Study of Mesial Temporal Lobe Epilepsy

(Zhang et al., 2010, Human Brain Mapping)

Increased ALFF in the Decreased ALFF in the
left hippocampus Default Mode Network
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Functional connectivity: Network centrality

Functional connectivity between voxels/brain regions can be
estimated by calculating temporal correlations

Steps:
1) Compute temporal correlation between all voxel/node pairs

2) Apply threshold to correlation matrix
(e.g. based on significance or correlation strength)

3) Characterize local topological network properties (e.g.
centrality measures):

Degree centrality: no. of direct connections to other nodes

Eigenvector centrality: reflects direct connections
+ centrality of neighbors
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Network centrality measures - example

(source: Zuo et al., 2012)

Eigenvector centrality (EC) Degree centrality (DC)

In contrast to DC, EC is more sensitive to paralimbic and subcortical regions.
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