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Abstract 

 
 Neurodynamics is poorly understood and has raised interest of 

neuroscientists over the past decade. When a brain pathology cannot be 
described through structural or functional brain analyses, neurodynamics 
based descriptors might be the only option to understand a pathology and 
maybe predict its symptomatic evolution. For example, adolescents or adults 
with autism have shown mixed results when their intrinsic structural and 
functional connectivity parameters in the brain at rest were assessed. To 
visualize neurodynamics parameters we use wavelet coherence maps, which 
show when and at which frequency two large-scale resting-state networks 
(RSNs) co-vary and display phase-locked behavior. Here the wavelet-based 
coherence coefficients are extracted from fMRI of adolescents with and 
without autism. More specifically, we introduce a novel metric: ‘time of in-
phase coherence’ between pairs of resting-state networks. Results show that 
wavelet coherence maps can be used as neurodynamics maps, and that 
features such as ‘time of in-phase coherence’ can be calculated between 
pairs of resting-state networks. This wavelet-based metric shows actually 
weaker coherent patterns between the ventral stream and the executive 
control network in patient with autism. 

 
1 Introduction 
 
Wavelet transform and its cross-spectrum have been introduced in signal processing 
in the early 90’s by Daubechies [1]. Its use is diverse. Usually it is applied as a filter 
tool, for compression, or transient detector in case of seizure pattern recognition in 
epilepsy for example [2]. Several trials have been done to assess brain signals in the 
frequency and time domain simultaneously – for observing transient or dynamic 
properties of a signal. However, as for the example of epileptic seizures, in 
neuroscience, researchers have focus on EEG signals. To our knowledge, only few 
studies were undertaken using fMRI-based wavelet scalograms (wavelet transform 
coefficient, or power, displayed in time-frequency space) [3, 4]. 
It has however been shown using wavelet-based metrics that resting-state fMRI BOLD 
signals undergo transient phases, and that the hypothesis of non-linearity of the 
fluctuation of the brain at rest is supported [5]. 
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It remains unclear, though, whether in time series of larger scale of neuronal 
populations, such as resting-state networks, fluctuations display temporal 
correlations at different scale (periods), and whether these neurodynamics patterns 
differ from one population to another. Here, we study the correlation matrices in 
terms of wavelet coherence maps between pairs of RSN time-series. Wavelet 
coherence is an interesting measure first applied in geophysics by Torrence and 
Compo (1998)[6], extracted from wavelet transform and the cross-spectrum between 
two time series. With such maps, one can look at correlation coefficient matrices (time 
x frequency) showing phase-locked behavior (when adding cross-wavelet phase 
information). Hence, significant ‘areas’ in a wavelet-coherence scalogram based on 
RSN time series can reveal when and at which frequency two RSNs are correlated, and 
whether these correlations are in phase or anti-phase or even in between, i.e, in a 
sense of one RSN signal leading or lagging behind another. This provides us 
neurodynamics descriptors in a sense of causality. 
We extract coherence maps from resting-state networks of adolescents with an autism 
spectrum disorder (ASD). As compared to their age- and IQ-matched typically 
developing peers (or controls), adolescents with autism displayed a less coherent 
covariation between the ventral stream and executive control network. The method 
used for extracting wavelet-based coherence descriptors and the results when applied 
upon the autistic brain are described in the following sections.          
 
2 Methods 
 
2.1 Resting-state ICA time series extraction 
 
In order to conduct the wavelet-coherence-based analysis using resting-state time 
series, we first extract spatial RSN maps, using a group Independent Component 
Analysis (gICA) on resting-state fMRI preprocessed dataset. Then, a dual-regression is 
used to extract subject-specific RSN time series [7]. Finally we selected the most 
relevant RSNs, using an in-house built ‘godness-of-fit’  MatLab (The MathWorks, Inc., 
Natick, Massachusetts, United States) function and the resting-state networks NifTi 
template from Smith et al. (2009) [8].  
 
2.2 Wavelet Coherence and time of in-phase coherence 
 
Using the aforementioned selected RSN time series, one can build wavelet coherence 
maps between pairs of the time series. These maps represent localized correlation 
between two time series in the frequency (scale) and time space, also called 
scalograms. More details of how wavelet-coherence scalogram are constructed can be 
found in Torrence and Compo’s paper (1998) [6]. Briefly, they define 
 
𝑅2(𝑠, 𝑡) = |⟨𝑠−1𝑊𝑋𝑌(𝑠,𝑡)⟩|2

⟨𝑠−1|𝑊𝑋(𝑠,𝑡)|2⟩ ⟨𝑠−1|𝑊𝑌(𝑠,𝑡)|2⟩
  (1) 

 
as a measure of coherence between two signals X and Y in the wavelet domain, i.e., 
after a wavelet transform 𝑊𝑋(𝑠, 𝑡) and 𝑊𝑌(𝑠, 𝑡) was applied on the signals. As a cross-
correlation, or a cross-spectrum in the Fourier space, we can extract the wavelet 
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cross-spectrum between the two signals, resulting in  𝑊𝑋𝑌(𝑠, 𝑡) = 𝑊𝑋(𝑠, 𝑡). 𝑊𝑌∗(𝑠, 𝑡) 
(* denotes the conjugate). The operator 〈.〉 denotes the smoothing factor (in frequency 
and time) applied to reduce the edge effects. 
Also, as we use the complex Morlet wavelet, the phase difference between X and Y is 
calculated with arg(𝑅2(𝑠, 𝑡)) = tan1(𝐼𝑚(W𝑋𝑌)/(𝑅𝑒(WXY). When applied on pairs of 
RSN time series, subject-specific wavelet-coherence scalograms are extracted (Figure 
1). 
By combining the wavelet-coherence definition (1) and the phase information given 
by arg(𝑅2(𝑠, 𝑡))  we measure the average of time of in-phase coherence per scale (or 
periods) 𝑐(𝑠) as below. 
  
𝑐(𝑠) = 100

𝑁 ∑ 𝐼{𝑅2(𝑠, 𝑡) > 𝑎95}𝑁
𝑡=1 . 𝐼 {− 𝜋

4 < arg(𝑅2(𝑠, 𝑡)) > 𝜋
4}  (2) 

 
Here, I{.} is 1 if the condition between brackets is true, and 0 otherwise. The level of 
statistical significance is estimated using Monte Carlo methods with 1000 surrogate 
data set pairs (red noise background; more details in [9]).  This metric in % (of total 
scan time N) is then used to assess brain dynamics between RSNs among 
frontotemporal networks and the default mode network of adolescents with autism. 
 
3 Experimental results 
 
3.1 Participants and Data acquisition 
  
15 adolescents with ASD and 18 age- and IQ-matched controls participated in this 
study. Due to signal distortions caused by their braces, 2 participants with ASD and 5 
control individuals were excluded from data analysis. Further in the study, an 
adolescent with ASD is also excluded because of a bad registration during the 
preprocessing of the resting-state fMRI data. In both groups participants’ age ranged 
between 12 and 18 years old with an average of 15.3 and 14.5 years of age for ASD 
and controls respectively. Written informed consent was also obtained from the next 
of kin, caretakers, or guardians on behalf of the adolescents enrolled in this study. The 
study protocol was approved by the Medical Ethical Commission of the Maastricht 
University Medical Center (MUMC).    
 
MRI was performed on a 3.0-Tesla unit (Philips Achieva) equipped with an 8-channel 
receiver-only head coil. For anatomical reference, a T1-weighted 3D fast (spoiled) 
gradient echo sequence was acquired with the following parameters: repetition time 
(TR) 8.2 ms, echo time (TE) 3.7 ms, inversion time (TI) 1022 ms, flip angle 8°, voxel 
size 1x1x1 mm3, field of view (FOV) 240x240 mm2, 150 transverse slices. Then, 
resting-state fMRI data was acquired using the whole brain single-shot multi-slice 
BOLD echo-planar imaging (EPI) sequence, with TR 2 s, TE 35 ms, flip angle 90°, voxel 
size 2x2x4 mm3, matrix 128x128, 32 contiguous transverse slices per volume, and 
210 volumes per acquisition; resulting in total a resting-state acquisition of 7 minutes. 
For the resting-state scan, participants were instructed to lie with their eyes closed, to 
think of nothing but not to fall asleep. Two resting-state scans were acquired with a 
memory task-based fMRI in between.  
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3.2 Preprocessing and RSN time-series extraction 
 
In order to extract subject-specific RSN maps, and their associated time-series, a gICA 
is conducted. First the following preprocessing steps are applied, using FEAT a 
software from FMRIB Software Library (FSL; www.fmrib.ox.ac.uk/fsl): discard of the 
first 3 volumes (= 6 s) allowing the magnetization to reach equilibrium; rigid-body 
motion correction; non-brain tissue removal; slice-timing correction; registration to 
the Montreal Neurological Institute (MNI) standard space (2 mm isotropic); spatial 
smoothing using a Gaussian kernel of 4.0 mm full-width at half-maximum (FWHM); 
grand-mean intensity normalization; and high-pass temporal filtering at 100 s (0.01 
Hz). Then, using the FSL MELODIC tool, a temporally concatenated probabilistic ICA 
was applied upon all participant’s fMRI scans, resulting in 34 independent component 
maps (our RSNs). Finally, we extracted 11 subject-specific relevant RSN maps, and 
their associated time-series using the method described in section 2.1. Spatial maps of 
these 11 relevant RSNs are available in the technical report [10].  Furthermore, based 
on prior results of the spatial and dynamic RSN connectivity [10,11], we only included 
network encompassing mostly frontal and temporal cortices, namely, the ventral 
stream (VENT) network, the control-executive network (EXE), the default-mode 
network (DMN), and the auditory system (AUDI). Figure 1 shows these three RSN 
activation maps. 
 

 
 
 
Figure 1.  Four fronto-temporal relevant components. The ventral stream (VENT), 
executive (EXE), and default mode network (DMN) were extracted from group-IC maps 
overlaid in color on the MNI standard brain (2x2x2mm). Colorbar is thresholded between 3 
and 15 (z-score). MNI coordinates are in mm. The left hemisphere corresponds to the right 
side in the images (radiological convention). 

With the dual-regression method implemented in FSL [7], we extracted from the RSNs 
(Figure 1) a subject specific RSN time series. By using this time series one can conduct 
a wavelet analysis as explained in the next section. 
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3.3 Wavelet transforms, cross-spectrum, and coherence 
 
Wavelet coherence maps, or scalograms, are calculated using the method and toolbox 
from Grindsted et al., (2004) [9] (http://www.glaciology.net/wavelet-coherence). We 
use the complex Morlet wavelet as it has best Fourier period-wavelet scale ration of 
1.03 (wavelet scale ≈ Fourier period), which helps interpreting results in frequency 
domain. Also, it is a complex wavelet and therefore gives us phase information, and it 
allows us to have directionality in the dynamic between signals (in-phase, leading, 
lagging, or anti-phase).     
 
 

Figure 2.  Example of wavelet scalograms. continuous wavelet transform on two resting-
state signals: default mode network (top-left scalogram) and auditory system (top-right  
scalogram), and their cross wavelet transform (middle scalogram), and wavelet coherence 
(bottom scalogram) for the 1st scan of the 6th ASD subject. Arrows in the middle scalogram 
represent phase lags between the two signals. An arrow pointing to the right means that the 
signals are in-phase; pointing to the left: anti-phased; 90° downward: DMN leads AUDI; and 
90° upward: AUDI leads DMN. This is also marked with colors in the coherent areas of the 
WTC, when taking the four phase difference ranges (in rad.): [0 ± π/4]; [π ± π/4] ; [-π/2 ± 
π/4]; [π/2 ± π/4]. For each scalogram, x-axis is time space, y-axis is scale space (in Fourier 
periods). 

We obtained scalograms of in-phase wavelet-coherence (Figure 1, bottom scalogram, 
red area), for each subject and for each pair of relevant RSN time series. The ration of 
the red area over the full time length (7 min) of a row (a specific period) of these 
wavelet-coherence scalograms represents our time of in-phase coherence (in % of 
scan length). 
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Figure 3 represents for each group the group-averaged time of in-phase coherence per 
period, or (1 𝑁𝑎𝑠𝑑/𝑐𝑜𝑛⁄ ) ∑ 𝑐(𝑠)𝑖_𝑎𝑠𝑑/𝑐𝑜𝑛

𝑁𝑎𝑠𝑑/𝑐𝑜𝑛
𝑖=1 , where 𝑐(𝑠)𝑖_𝑎𝑠𝑑/𝑐𝑜𝑛  is the time of in-

phase coherence (2), at the scale s,  for the ith subject with ASD (i_asd) or control 
(i_con); and 𝑁𝑎𝑠𝑑/𝑐𝑜𝑛 is the sample size for ASD or controls (here, 𝑁𝑎𝑠𝑑 = 12; 𝑁𝑐𝑜𝑛 =  
12). These group-based measures of coherence are also repeated upon the second 
resting-state scan. 

 

Figure 3.  Average for ASD and controls, of their time of in-phase coherence (in % of scan 
time, Y-axis) per period (X-axis) for the pairs of networks: A) EXE-VENT, B) EXE-AUDI, C) EXE-
DMN, D) VENT-AUDI, E) VENT-DMN, and F) DMN-AUDI. Blue lines are for controls and red 
lines for ASD participants. Crossmarks are for the 1st scan whereas circle represent the 2nd 
scan. 
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The main result in Figure 3 is that ASD adolescents show less correlation between two 
network time series EXE and VENT for a wide range of periods (from 8 s to 32 s, 
Figure 3.A). This reflects our previous findings in the report [10], where it is described 
that, using multivariate conditional Granger causality (measure of  directed causality 
between multiple signals), these two networks presented a weaker effective 
connectivity in the direction VENT -> EXE. These two networks encompass brain 
areas coding for emotional processess, social interaction and executive function 
(cognition or behavioral outcome) – brain functions known to be a weak point in ASD. 
 
4 Conclusion 
 
Using the well-described wavelet coherence upon fMRI brain signals, we can visualize 
localized correlations in time and frequency space, between two functional networks.  
We present a metric of average time of in-phase coherences and show that this could 
have future application in assessing neurodynamics, and gain knowledge in the 
transient properties of large-scale network oscillations.  
Also, our features of average time of coherence can potentially describe and possibly 
even diagnose a chronic or a developmental brain disorder where structural and 
functional connectivity maps are incapable of distinguishing patients from healthy 
controls. .  
Here we apply wavelet coherence upon functional networks extracted from an ICA 
decomposition using resting-state fMRI of adolescents with and without ASD.  Results 
show that two networks coding for executive function and emotional processes 
display discrepancies between ASD and control adolescents. Finally other measures 
such as time of anti-phase coherences, or occurrences of continuous coherences per 
frequency can be worth investigating, especially concerning their role as brain 
dynamics descriptors for classifying/diagnosing a pathology.  
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