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Hurst Exponent (HE) measures long-term temporal dependence.
Exploring the effect of sex on long-term temporal dependence of resting state functional
magnetic resonance imaging (rs-fMRI) data in healthy young adults can provide an understanding
of baseline sex differences in brain activity. At rest, the brain generates an ever-changing
pattern of activity that can be measured using fMRI. This activity is characterized by long-term
temporal dependence such that signal fluctuations at the present time influence signal dynamics
up to several minutes in the future.

The purpose of this study was to identify grey matter regions in which sex differences in resting-
state long-term temporal dependence could be observed. An additional goal was to see whether
a machine learning algorithm could be used to separate subjects into male and female groups
based on region-wise HE data.

Figure 1 (right): The Hurst Exponent (HE) is a 
scalar measure of long-term temporal 
dependence of time series1. The value of HE 
can be used to characterize the BOLD signal 
into three different scenarios2:
• 0.5 < HE < 1: long-range correlations,
• HE = 0.5: uncorrelated activity, and
• 0 < HE < 0.5: long-range anticorrelations.
Each example is shifted along the y-axis to enable visualization.

Materials + Methods
Detrended fluctuation analysis was applied to
calculate the HE1 using resting state fMRI data
from 1003 healthy adults (469 males) with four
scans each (Human Connectome Project S1200).

Reliability of HE across scans was evaluated using
Pearson’s correlation coefficient. Once shown to
be reliable, for each subject and ROI, a mean HE
was generated. For each ROI, the sex difference
in HE was analyzed using a two tailed t-test and
p-values were corrected using the Benjamini-
Hochberg procedure.

In order to classify subjects into male and female
groups using region-wise HE data, a support
vector machine (SVM) with a linear kernel was
used. Data were split into stratified training (90%)
and testing subsets. Grid search using stratified
10-fold cross validation was applied to optimize
kernel type and penalty parameter for the SVM.
Once optimized, the SVM was fitted to the
training subset and evaluated on the testing
subset.
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HE is a reliable measure.

Figure 2 (above): Bland-Altman plot for
comparisons of HE measures obtained with:
• Avg. of Day 1 vs. Day 2 scans (�); r = 0.88
• Day 1 LàR vs. RàL scans (�); r = 0.88
• Day 2 LàR vs. RàL scans (�); r = 0.887
All comparisons yielded significant p-values
(p-corrected < 0.001).

Conclusions
There exist sex differences in resting state
long-term temporal dependence in grey
matter regions of healthy young adults,
with males exhibiting more persistent
temporal dependence compared to
females in most regions (i.e. males have
greater HE value than females).

Regions in which the most significant sex
differences are observed are related to
language and communication functions: LH
& RH pars orbitalis, LH & RH pars
triangularis, and LH & RH superior temporal
gyrus.

Linear SVM can be used to classify subjects
into males and females with an accuracy of
79% and an AUC of 0.87. Several regions
important for classification also exhibited
significant differences between sexes.
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HE exhibits sex differences across many grey matter regions.
Figure 3 (right) : Region-wise sex differences in HE in 
grey matter. T-statistics are shown for all significant 
areas (p-corrected < 0.05) and denoted by the colour 
scale. A positive t-statistic indicates that males have 
a higher mean HE value than females in the region. 

BSTS: Bank of STS, CMF: Caudal middle frontal, 
CUN: Cuneus, ENT: Entorhinal, INFP: Inferior parietal, 
INS: Insula, ISTC: Isthmus cingulate, IT: Inferior temporal, 
LOCC: Lateral occipital, LORB: Lateral orbito-frontal, 
MORB: Medial orbito-frontal, MT: Middle temporal,  
PARC: Paracentral lobule, PCAL: Pericalcarine,  POPE: 
Pars opercularis, PORB: Pars orbitalis,  PREC: Precentral, 
PSTS: Postcentral, PTRI: Pars triangularis, RMF: Rostral 
middle frontal, SF: Superior frontal, SMAR: Supramarginal, 
SP: Superior parietal, ST: Superior temporal, 
TP: Temporal pole, TT: Transverse temporal
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Support vector machine can classify subjects based on sex using HE.
Figure 4 (below): Confusion matrix (left) and receiver operating characteristics curve (right) for linear 
SVM used to classify test subjects into male and female groups. 

Regions found to be the most important for the prediction were: LH & RH isthmus cingulate, LH 
parahippocampal, RH lateral occipital, and LH caudal middle frontal.
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