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The intrinsic composition and functional relevance of resting-state blood oxygen leveledependent signals are fundamental in research using functional magnetic resonance imaging (fMRI). Using the Hilbert
eHuang Transform to estimate high-resolution time-frequency spectra, we investigated the instantaneous frequency and amplitude modulation of resting-state fMRI signals, as well as their functional
relevance in a large normal-aging cohort (n ¼ 420, age ¼ 21e89 years). We evaluated the cognitive
function of each participant and recorded respiratory signals during fMRI scans. The results showed that
the HilberteHuang Transform effectively categorized resting-state fMRI power spectra into high (0.087
e0.2 Hz), low (0.045e0.087 Hz), and very-low (0.045 Hz) frequency bands. The high-frequency power
was associated with respiratory activity, and the low-frequency power was associated with cognitive
function. Furthermore, within the cognition-related low-frequency band (0.045e0.087 Hz), we discovered that aging was associated with the increased frequency modulation and reduced amplitude modulation of the resting-state fMRI signal. These aging-related changes in frequency and amplitude
modulation of resting-state fMRI signals were unaccounted for by the loss of gray matter volume and
were consistently identiﬁed in the default mode and salience network. These ﬁndings indicate that
resting-state fMRI signal modulations are dynamic during the normal aging process. In summary, our
results reﬁned the functionally related blood oxygen leveledependent frequency band in a considerably
narrow band at a low-frequency range (0.045e0.087 Hz) and challenged the current method of restingfMRI preprocessing by using low-frequency ﬁlters with a relatively wide range below 0.1 Hz.
Ó 2018 Elsevier Inc. All rights reserved.

Keywords:
Functional magnetic resonance imaging
Blood oxygen leveledependent signal
Frequency and amplitude
HilberteHuang transform
Aging

1. Introduction
A trend in recent studies has indicated growing interest in using
blood oxygen leveledependent (BOLD) signals obtained through
functional magnetic resonance imaging (fMRI) to measure spontaneous brain activity (Fox and Raichle, 2007). Approximating a
BOLD signal as a measure of neural activity depends largely on
neurovascular coupling (Logothetis et al., 2001), that is, the correlation between activated neuronal activity and increased cerebral
blood ﬂow in the nearby vasculature (Malonek and Grinvald, 1996;
Ogawa et al., 1990). Therefore, a BOLD signal is a hemodynamic
* Corresponding author at: Division of Interdisciplinary Medicine and Biotechnology, Beth Israel Deaconess Medical Center/Harvard Medical School, 330 Brookline Avenue, KS-B26, Boston, MA, USA. Tel.: þ1 617 667 4553; fax: þ1 617 667 4894.
E-mail address: cyang1@bidmc.harvard.edu (A.C. Yang).
0197-4580/$ e see front matter Ó 2018 Elsevier Inc. All rights reserved.
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response per se that is potentially inﬂuenced by cerebrovascular
dynamics.
Cerebrovascular dynamics are not homeostatic processes
(Girouard and Iadecola, 2006). Spatially, the density of brain capillaries is regionally heterogeneous, varying by regional blood ﬂow
and regional metabolic demand (Ward and Lamanna, 2004).
Temporally, cerebrovascular dynamics are interconnected with
cardiovascular and respiratory activities (Katura et al., 2006).
Furthermore, aging is known to affect cerebrovascular dynamics
through increased atherosclerosis (Romero et al., 2009), increased
tortuosity of cerebral vessels (Brown and Thore, 2011), altered
collateral circulation (Duvernoy et al., 1981), lowered resting-state
cerebral blood ﬂow (Martin et al., 1991), and reduced cerebral
metabolic rate of oxygen consumption (Marchal et al., 1992) (see
D’Esposito et al., 2003 for a review of relevant the literature).
Collectively, these factors may affect the neurovascular coupling
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dynamics, a possibility that inherently implies the alteration of
intrinsic oscillations of BOLD signals during the aging (D’Esposito
et al., 1999). Such alteration could be detected in the frequency
and amplitude modulation observed in BOLD signals (Logothetis
and Wandell, 2004; Wan et al., 2006).
However, the exact composition of BOLD oscillations and their
functional relevance remain controversial. Previous studies have
revealed that BOLD frequencies above 0.1 Hz are inﬂuenced by
cardiac and respiratory activity, whereas those below 0.01 Hz may
be prone to nonstationarity or low-frequency drift (Smith et al.,
1999). Few studies have investigated the divisions of spectral
properties of resting-state BOLD signals (Cordes et al., 2001;
Salvador et al., 2008; Zuo et al., 2010). In general, these studies
show that functional component of a resting-state BOLD signal is
detected typically in the low-frequency range of <0.08 or <0.1 Hz
(Biswal et al., 1995; Buckner et al., 2009; Leopold and Maier, 2012;
Zou et al., 2008), and the exact frequency component related to
neuronal function remains underexplored.
On the other hand, a number of temporal analyses of the BOLD
signal have been proposed, such as standard deviation (SD) (Garrett
et al., 2011, 2013), amplitude of low-frequency ﬂuctuations (ALFF)
(Zang et al., 2007), or fraction ALFF (Zou et al., 2008). These
methods have been applied to investigate the resting-state BOLD
signal in aging (Balsters et al., 2013; Burzynska et al., 2015; Garrett
et al., 2013; Niazy et al., 2011; Yan et al., 2011). However, neither SD
nor ALFF/fraction ALFF methods consider the intrinsic components
of the BOLD signal and warrant further investigations.
We hypothesized that cognition-related BOLD signal frequencies occurred within a narrow band, and that the frequency
and amplitude modulation of these signals are altered by the
aging process. To test this hypothesis, we adopted an adaptive
data analysis method, the HilberteHuang Transform (HHT)
(Huang et al., 1998), to decompose the BOLD signal into a set of
intrinsic components and obtain high-resolution images of the
instantaneous time-frequency spectrum. Subsequently, we
assessed the frequency and amplitude modulation characteristics
to determine their functional relevance and association with
normal aging based on a large normal-aging cohort including
adults of all ages.
2. Material and methods
2.1. Participants
The cohort in this study comprised 420 healthy Han Chinese
participants representative of the adult lifespan (age ¼
21e89 years; men ¼ 215; women ¼ 205). The participants were
recruited from communities in Northern Taiwan. This study is an
ongoing healthy aging project (Yang et al., 2013, 2014) conducted in
accordance with the Declaration of Helsinki. Approval for this study
was received from the Institutional Review Board at Taipei Veterans
General Hospital. Each participant was evaluated by a trained
research assistant who used the Mini-International Neuropsychiatric Interview to exclude the presence of Axis-I psychiatric disorders (Sheehan et al., 1998). The cognitive function of all participants
was assessed using the Mini-Mental State Examination (MMSE)
(Folstein et al., 1975) and Wechsler Digit Span Task (DST) (Wechsler,
1997). Participants who were older than 59 years were further
assessed using the Clinical Dementia Rating scale (Hughes et al.,
1982) to exclude dementia (Clinical Dementia Rating >0). Overall,
the exclusion criteria for participants comprised the following: (1)
presence of dementia, (2) presence of an Axis-I psychiatric disorder
(e.g., schizophrenia, bipolar disorders, or unipolar depression), and
(3) a history of neurological conditions (e.g., head injury, stroke, or
Parkinson disease).

2.2. Image acquisition and processing
The fMRI scanning was performed at National Yang-Ming University by using a 3T Siemens MRI scanner (Siemens Magnetom Tim
Trio, Erlangen, Germany) equipped with a 12-channel head coil. The
scanning protocol was consistent with that in our previous studies
(Yang et al., 2013, 2014). For the resting-state imaging, T2*-weighted
images with BOLD contrast were measured using a gradient echoplanar imaging (EPI) sequence (repetition time (TR) ¼ 2500 ms;
echo time ¼ 27 ms; ﬁeld of view ¼ 200 mm; ﬂip angle ¼ 77; matrix
size ¼ 64  64; voxel size ¼ 3.44  3.44  3.40 mm). For each
sequence, 200 EPI volumes were acquired along the anterior
commissure e posterior commissure plane. Structural T1 images
were acquired using a 3D magnetization-prepared rapid gradient
echo sequence (TR ¼ 2530 ms, echo time ¼ 3.5 ms, TI ¼ 1100 ms,
ﬁeld of view ¼ 256 mm, ﬂip angle ¼ 7). T1 images were segmented
to estimate the total gray matter volume of each participant.
Resting-state fMRI data were preprocessed and analyzed using
SPM8 (Wellcome Department of Imaging Neuroscience, London,
UK), which was implemented in MATLAB (MathWorks Inc, Sherborn, MA). The fMRI images were slice-timing corrected, realigned,
and normalized into the standard stereotaxic space of a Montreal
Neurological Institute EPI template and resampled to a 3-mm
isotropic voxel. Covariates of the BOLD time-series data were
regressed out, including the time courses of 6 head motions, white
matter, and cerebrospinal ﬂuid. No global signal regression was
performed to avoid introducing distortions into the time-series
data (Anderson et al., 2011; Murphy et al., 2009). The participants
included in this study exhibited a maximal displacement of less
than 1.5 mm at each axis, and an angular motion of less than 1.5 for
each axis. The ﬁrst 5 data points (12.5 seconds) in the BOLD timeseries data were discarded because the initial fMRI scanning was
unstable, and 195 data points remained in the ﬁnal data. Because
the HHT method was used to estimate the time-frequency spectrum of the BOLD signal, we did not perform temporal low-pass
ﬁltering, which is typically used when investigating the restingstate BOLD signal.
2.3. Respiratory signal analysis
Respiratory activity was recorded simultaneously with the
resting-state fMRI scans by using a pneumatic belt tension transducer for 393 of the participants. The signal of respiratory effort was
sampled at 50 Hz. The respiratory rate and power were estimated
through a power spectrum analysis of signal between 0.1 and 0.4 Hz
(Malik, 1996).
2.4. Empirical mode decomposition and the HHT
Empirical mode decomposition (EMD), which is the core of the
HHT (Huang et al., 1998), was developed to decompose and
identify intrinsic oscillations, called intrinsic mode function
(IMF), which are embedded in time-series data, and has been
applied widely to multiple disciplines. Unlike Fourier-based timeseries data analysis, EMD involves no a priori assumption
regarding the underlying structure of the time-series data, and it
is therefore an adaptive method for analyzing nonlinear and
nonstationary signal comprising multiple periodic components
(Wu et al., 2007).
Decomposition was conducted using a sifting process to
decompose the original time-series data into a ﬁnite set of IMFs. In
summary, the sifting process comprised the following steps: (1)
connecting the local maxima or minima of a targeted signal to form
the upper and lower envelopes by natural cubic spline lines, (2)
extracting the ﬁrst prototype IMF by estimating the difference
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between the targeted signal and the mean of the upper and lower
envelopes, and (3) repeating these procedures to produce a set of
IMFs that were represented by a certain frequency-amplitude
modulation at a characteristic time scale. The decomposition process was completed when no more IMFs could be extracted, and the
residual component was treated as the overall trend of the raw
data. Although IMFs are empirically determined, they remain
orthogonal to one another and may therefore contain independent
physical meanings (Lo et al., 2009; Wu et al., 2007).
To mitigate mode mixing during the decomposition (i.e., the
existence of drastically disparate wave periods), a noise-assisted
method (i.e., the ensemble EMD) was used to improve the EMD
(Wu and Huang, 2004; Wu et al., 2009). This method deﬁnes the
true IMF components as the average of an ensemble of trials (N ¼
1000 in the present study), each consisting of the signal plus the
white noise of ﬁnite amplitude. The added noise in each trial is
canceled out in the ensemble mean of large trials. In this study, the
added white noise was 0.1 of the SD of the original BOLD timeseries data (Wu et al., 2007). The uniformly added white noise
facilitated projecting the decomposition of the IMFs onto comparable scales, independent of the nature of original signal, thereby
mitigating the problem of mode-mixing and enabling the time scale
of each IMF decomposed from multiple time-series observations to
be mutually comparable. The MATLAB-based ensemble EMD algorithm was available publicly at http://rcada.ncu.edu.tw/FEEMD.zip
(Wang et al., 2014). Fig. 1A shows the ensemble EMD decomposition of a BOLD signal.
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2.5. Frequency and amplitude analysis of IMFs of BOLD signal
The IMFs were decomposed using the EMD method to enable
calculating the instantaneous frequency by using the Hilbert
transform (Fig. 1B). The IMF decomposed from EMD overcomes the
limitation as imposed by Hilbert transform to derive physically
meaningful instantaneous frequency (Huang et al., 1998, 2009). For
each IMF, they represent narrow-band amplitude and frequencymodulated signal S(t) and can be expressed as

s ðtÞ ¼ AðtÞcos fðtÞ

(1)

where instantaneous amplitude A and phase f can be calculated by
R
applying the Hilbert transform, deﬁned as SH ¼ p1 Sðt’Þ=t  t’dt’,
qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
AðtÞ ¼
S2 ðtÞ þ S2H ðtÞ, and fðtÞ ¼ arctanðSH ðtÞ=SðtÞÞ. The instantaneous frequency is then calculated as the derivative of the phase
function uðtÞ ¼ dfðtÞ=dt.
Thus, the original BOLD signal X can be expressed as the summation of all IMFs and residual, r

XðtÞ ¼

k
X

 Z

Aj ðtÞexp i uj ðtÞdt þ r

(2)

j¼1

Where k is the total number of IMFs, Aj(t) is the instantaneous
amplitude of each IMF; and uj(t) is the instantaneous frequency of
each IMF.

Fig. 1. Illustration of the HHT of BOLD signal obtained from a single participant. (A) EMD of a BOLD signal. The decomposition yielded 6 IMFs and a residual trend. (B) Using IMF 2 as
an example, the Hilbert transform was applied to the IMF to determine the instantaneous frequency and amplitude. (C) Combining the results of the Hilbert transform from all IMFs
yielded, a HilberteHuang spectrum that showed a higher resolution in time-frequency-power characteristics compared with the conventional power spectrum density derived
from FFT. Four quantitative frequency and amplitude statistics were derived from the HHT. For instantaneous frequencies and amplitudes derived from each IMF, we calculated the
mean weighted frequency, mean amplitude, variability of the frequency modulation (i.e., the SD of the instantaneous frequency), and variability of the amplitude modulation (i.e.,
the SD of the instantaneous amplitude). Abbreviations: BOLD, blood oxygen level dependent; EMD, empirical mode decomposition; FFT, fast Fourier transform; HHT, HilberteHuang
transform; IMF, intrinsic mode function; SD, standard deviation.
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The instantaneous frequency and amplitude derived from Hilbert transform (Equation 2) of each IMF decomposed from the
BOLD signal enable to present the amplitude and the instantaneous
frequency as functions of time in a three-dimensional plot, in which
the power density (squared amplitude) can be color-coded on the
frequency-time plane. Thus, combining the results of Hilbert
transform of all IMFs, the frequency-time distribution of the power
of the BOLD signal is designated as the HilberteHuang spectrum
(Fig. 1C).
Furthermore, with the HilberteHuang spectrum deﬁned, we can
also deﬁne the marginal spectrum by estimating the cumulated
power over the entire time span in a frequency domain (see HHT
marginal spectrum in Fig. 1C). The marginal spectrum is a measure
of total power contribution from each frequency and can be
compared with conventional power spectrum derived using Fourier
transform (FT) (see FT spectrum in Fig. 1C).
The instantaneous modulation of the BOLD signal creates the
possibility for measuring the static or dynamic coupling between
two comparable IMFs in BOLD time-series data, warranting a
separate study of the functional connectivity obtained by using the
HHT. In this study, we focused on modulating the frequency and
amplitude of BOLD data and the following HHT-based measures.
First, for given IMF Si, we calculated the weighted mean of the
instantaneous frequency and normalized power as follows:

uSl ¼

N
X
j¼1

~ ¼
P

N
X
j¼1

 

,
N
X
 

uSi tj A2Si tj

A2Si

j¼1

 
A2Si tj

(3)

,
k X
N
X
 
 
A2Si tj
tj

(4)

i¼1 j¼1

where u and A, respectively, denote frequency and amplitude
derived from the Hilbert spectrum of the ith IMF Si, k is the total
number of IMFs, and N is the number of time points. Second, we
used the SD of the instantaneous frequency and amplitude over
time (Fig. 1B) to determine the variability (or spread) of the
instantaneous frequency and amplitude modulations. Although the
mean and variance were used, these metrics represented the global
properties of the instantaneous BOLD signal modulation unaccounted for by the conventional FT, which generates coarse frequency and amplitude estimations in the short and noisy BOLD
signal (Fig. 1C).
2.6. Statistical analysis
The HHT was applied to the BOLD signal of every gray matter
voxel (3  3  3 mm) by using a group-speciﬁc gray matter mask
thresholding for partial volume estimates at 0.25. The decomposition of the BOLD signal yielded a set of IMFs that were used subsequently to estimate the power spectrum density at the voxelwise
level. The statistics of the instantaneous frequency and amplitude of

each IMF were used to generate parametric images. To preserve the
original frequency and amplitude characteristics of the BOLD data,
no spatial image smoothing was applied. The statistical analyses
comprised the following steps.
First, we assessed the spectrum characteristics of the BOLD
signal and compared the spectrum derived from the HHT with that
obtained using the conventional FT. Subsequently, we assessed the
functional relevance of the BOLD frequency band by calculating the
partial correlation of the cognitive scores and respiratory metrics
with the power spectrum density at each frequency bin, thereby
controlling the effect of age. This procedure facilitated identifying
which BOLD frequency band was related to cognitive function or
respiration while excluding the effect of age on these functional or
physiologic metrics.
Second, having determined the cognition-related BOLD frequency band, we investigated the association of age with BOLD
frequency and amplitude statistics in major functional networks
(Shirer et al., 2012), which provided a decoding of 14 cognitiverelated brain networks (see nomenclature of these networks at
http://ﬁndlab.stanford.edu/functional_ROIs.html). Among these
networks, we choose 10 representative networks to be tested in our
study, including anterior and posterior salience networks, dorsal
and ventral default mode network (DMN), precuneus, basal ganglia,
sensorimotor, auditory, visual-spatial, and language networks. The
frequency and amplitude measures were averaged across all voxels
within the functional network masks (Shirer et al., 2012), and the
partial correlation was controlled according to sex and total gray
matter volume. The partial correlation was considered statistically
signiﬁcant if the p value was less than 0.0013 using Bonferroni
correction for multiple comparisons (i.e., signiﬁcance cutoff was
calculated by 0.05 divided by all 40 partial correlation testsd10
functional networks multiplied by 4 BOLD frequency or amplitude
measures).
Finally, the regional effect of age on the frequency-amplitude of
the BOLD signal was assessed using a general linear model at the
voxelwise level while controlling for the effect of sex and total gray
matter volume. Signiﬁcant peak coordinates in the Montreal
Neurological Institute space were reported if the p value corrected
for the false discovery rate was less than 0.05 at the peak level.

3. Results
3.1. Participants
Table 1 shows the demographic characteristics of the normal
aging cohort. As expected, age was negatively correlated with
MMSE (Pearson’s r ¼ 0.46, p < 0.001), DST forward (r ¼ 0.48,
p < 0.001), DST backward (r ¼ 0.64, p < 0.001), and the total gray
matter volume (r ¼ 0.77, p < 0.001). Age was not correlated with
the respiratory rate or power. A one-way analysis of variance
revealed no between-group difference in the respiratory rate
(F ¼ 1.99, p ¼ 0.07) or power (F ¼ 0.72, p ¼ 0.64).

Table 1
Normal aging cohort characteristics
Age group
(year)

Number of
participants

Females (%)

MMSE

20e29
30e39
40e49
50e59
60e69
70e79
80e89

80
60
52
71
73
36
48

41
32
29
43
43
14
3

29.3
29.2
28.6
28.6
27.8
27.1
26.2

(51.2)
(53.3)
(55.8)
(60.6)
(58.9)
(38.9)
(6.3)









DST-F
1.1
1.1
1.3
1.3
2.2
3.1
2.6

15.3
15.3
13.6
13.7
13.6
12.4
11.7









DST-B
1.0
1.9
2.0
2.4
2.0
2.6
2.6

11.0
10.5
9.0
8.0
7.9
5.0
3.5









Respiratory
rate (/min)
3.0
2.8
2.6
3.1
3.1
2.6
2.3

15.9
14.7
15.0
15.0
15.3
15.4
15.9

Key: DST-F, digit span forward test; DST-B, digit span backward test; MMSE, mini-mental state examination.









2.5
3.4
2.4
2.5
2.3
2.5
2.7

Respiratory power
381
365
347
355
357
375
366









84
95
83
109
85
130
114

Total gray matter
volume, cm3
645
618
575
571
525
474
450









58
59
47
60
48
51
48
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3.2. Power spectrum characteristics of BOLD signal
Fig. 2A shows a comparison of the power spectrum density
derived from the HHT and FT. The power spectrum density was
averaged from all gray matter voxels among the entire study cohort.
The HHT spectrum yielded a more favorable signal-to-noise ratio
than did the FT spectrum, exhibiting an identiﬁable pattern of BOLD
frequency bands at the boundary of 0.045 and 0.087 Hz, which were
determined by the local minima of the spectral density curve of HHT
marginal spectrum. The BOLD oscillations at frequencies higher than
0.087 Hz (as high as 0.2 Hz) were derived from IMF 1, those between
0.045 and 0.087 Hz were derived from IMF 2, and those lower than
0.045 Hz were derived from the remaining IMFs (Fig. 1A and C).
Supplementary Fig. S1 and Table S1 show the normalized histogram of the central frequency of each IMF of BOLD signals and
frequency range of each IMF across the entire study participants,
respectively. The data suggest that the central frequency of each
IMF is narrow banded and is consistent across different individuals,
thus supporting the validity of spectral boundary seen in the
averaged HHT marginal spectrum of the BOLD signals (Fig. 2A).
Using frequency boundaries derived from HHT, we categorized
the BOLD spectrum into bands of high (0.087e0.2 Hz), low
(0.045e0.087 Hz), and very-low (<0.045 Hz) frequencies. The
fractional power of these frequency bands relative to the total power was 54.8%e71.1% (95% conﬁdence interval) in high-frequency
power, 9.2%e14.0% in low-frequency power, and 19.0%e32.0% in
very-lowefrequency power.
3.3. Functional relevance of BOLD frequency band
Figures 2BeF show the partial correlations of the cognitive or
respiratory metrics with the BOLD power spectrum density at each

63

frequency bin after adjustment to control for the effects of age. The
MMSE and DST forward scores indicated an increased positive
correlation with HHT power spectrum in the low-frequency band
(0.045e0.087 Hz); the correlation between the HHT power and DST
backward scores exhibited a similar pattern but did not achieve
statistical signiﬁcance. The respiratory rate was not correlated with
HHT power in any frequency band, although the respiratory power
was correlated with the HHT spectrum in the high-frequency power
range (0.087e0.2 Hz). The FT-based power spectrum was not
associated with any cognitive score, respiratory rate, or respiratory
power.
3.4. Correlation between age and BOLD frequency-amplitude
statistics in major functional networks
Because low-frequency power exhibited functional relevance to
cognitive function, and the low-frequency range was contributed
mainly from the IMF 2, we opted to use IMF 2 to investigate the
correlation between age and BOLD instantaneous frequencyamplitude modulations in the major functional networks (Table 2
and Fig. 3).
The mean frequency of BOLD IMF 2 was positively correlated
with age in all of the major functional networks. After controlling
for the effects of sex and total gray matter volume, the strongest
correlation between age and mean BOLD frequency was observed in
the dorsal DMN, r ¼ 0.33, followed by the precuneus (r ¼ 0.30) and
posterior salience networks (r ¼ 0.30). By contrast, the normalized
power of BOLD IMF 2 was negatively correlated with age in the
ventral and dorsal DMNs and in the posterior salience network after
controlling for the effects of sex and total gray matter volume (all
r ¼ 0.24). The variability of instantaneous frequency modulation
was positively correlated with age in all of the major functional

Fig. 2. (A) Comparison of the mean power spectrum density derived from (left) the HHT and (right) FT among all 420 patients. Gray line indicates the SD of spectral density in each
frequency. The vertical dashed lines indicate the boundary of the frequency bands according to the HHT spectrum (0.045 and 0.087 Hz). (BeF) Partial correlations between the HHT
(left) and FT (right) power spectrum at each frequency bin with (B) scores of the MMSE, (C) scores of the digit span forward test (DST-F), (D) scores of the digit span backward test
(DST-B), (E) respiratory rate, and (F) respiratory signal power. All partial correlations were controlled to account for the effects of age (the horizontal dashed lines indicate the level
of correlation when p < 0.001). Respiratory signal was recorded simultaneously with the fMRI scans by using a chest-belt tension transducer. Abbreviations: fMRI, functional
magnetic resonance imaging; FT, Fourier transform; HHT, HilberteHuang transform; MMSE, Mini-Mental State Examination; SD, standard deviation.

64

A.C. Yang et al. / Neurobiology of Aging 70 (2018) 59e69

Table 2
Correlations between age and frequency/amplitude modulation at low frequency of BOLD signal in major functional networks
Network

Anterior salience

Mean frequency
Pearson’s r
0.34
Partial r
0.28
Normalized power (%)
Pearson’s r
0.17
Partial r
0.18
Variability of frequency modulation
Pearson’s r
0.18
Partial r
0.22
Variability of amplitude modulation
Pearson’s r
0.13
Partial r
0.16

Posterior
salience

Dorsal DMN

Ventral DMN

Precuneus

Basal
ganglia

Sensori
motor

Auditory

Visualspatial

Language

0.41
0.30

0.39
0.33

0.38
0.25

0.37
0.30

0.36
0.26

0.41
0.32

0.29
0.28

0.39
0.29

0.32
0.26

0.31
0.24

0.25
0.24

0.31
0.24

0.24
0.22

0.30
0.23

0.26
0.23

0.24
0.22

0.28
0.21

0.28
0.22

0.36
0.29

0.33
0.31

0.29
0.27

0.33
0.28

0.37
0.30

0.34
0.29

0.38
0.38

0.38
0.32

0.34
0.29

0.16
0.17

0.15
0.17

0.23
0.16

0.09
0.14

0.14
0.13

0.14
0.17

0.04
0.09

0.18
0.13

0.10
0.11

Low-frequency range: 0.045e0.087 Hz. Correlation r values with boldface indicate a uncorrected p value of less than 0.001.
Partial correlation following adjustment to control for the effects of sex and total gray matter volume.
Key: BOLD, blood oxygen level dependent; DMN, default mode network.

networks; the strongest correlation was observed in the auditory
network (r ¼ 0.38), followed by the dorsal DMN (r ¼ 0.31), and then
the basal ganglia (r ¼ 0.30). All of the reported partial correlations
had an uncorrected p value of less than 0.001. No signiﬁcant correlation was observed between age and the amplitude modulation
variability. In addition, we observed that the correlations between
age and HHT spectral characteristics of the BOLD signal were linear
(Fig. 3) and were not explained better by the exponential or second
degree of polynomial models (data not shown).
To compare with results derived from HHT, we derived powerweighted mean frequency between the 0.045 and 0.087 Hz that
we identiﬁed in HHT marginal spectrum. No signiﬁcant correlation
was found between age and FT mean frequency.

3.5. Regional correlation between age and BOLD frequencyamplitude statistics
Figs. 4 and 5 show the regional patterns of correlations between
age and the BOLD frequency-amplitude measures of each IMF.
Increased age was associated with increased mean frequency in
IMFs 1e5 (Fig. 4, left panel). In addition, it was associated with
increased normalized power in IMF 1 but with reduced normalized
power in the other IMFs (Fig. 4, right panel). For the variability of
instantaneous frequency-amplitude modulation of the BOLD signal,
increased age was associated with reduced variability of frequency
modulation in IMF 1 and with increased variability of frequency
modulation in IMFs 2 and 3 (Fig. 5, left panel). By contrast, increased

Fig. 3. Scatter plots of the correlations between age and amplitude-frequency modulation of the IMF 2 of the BOLD signal in the major functional networks. The use of IMF 2 was
because low-frequency power exhibited functional relevance to cognitive function, and the low-frequency range was contributed mainly from the IMF 2. Abbreviations: BOLD, blood
oxygen level dependent; IMF, intrinsic mode function. *Indicates partial correlations with uncorrected p value of less than 0.001.
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Fig. 4. Voxelwise correlations among age, mean frequency, and normalized power for each IMF. Abbreviation: IMF, intrinsic mode function

age was associated with the increased variability of amplitude
modulation in IMF 1 but with reduced variability of amplitude
modulation in IMFs 2e5 (Fig. 5, right panel).
Table 3 shows a summary of the regional regression statistics
between age and the frequency-amplitude statistics after
adjustment to control for the effects of sex and total gray matter
volume. We focused on and reported exclusively the results of
IMF 2 because of its functional relevance. Generally, increased
age was associated with increased mean frequency and its
modulation, as well as reduced normalized power and the variability of amplitude modulation. Speciﬁcally, positive correlations
between age and the mean BOLD frequency modulation were
signiﬁcant in the left-middle temporal (peak t ¼ 7.12), rightmiddle cingulum (t ¼ 6.86), left-inferior parietal (t ¼ 6.86),
right-superior temporal pole (t ¼ 6.77), and right-posterior

cingulum (t ¼ 6.75). Negative correlations between age and
normalized power were observed in the right-middle temporal
(t ¼ 5.95), right cuneus (t ¼ 5.92), right postcentral
(t ¼ 5.89), right-middle frontal (t ¼ 5.75), and left-middle
temporal cortices (t ¼ 5.74).
Positive correlations between age and the variability of
frequency modulation occurred in the right caudate (t ¼ 6.80), leftsuperior occipital (t ¼ 6.46), left-middle frontal (t ¼ 6.38),
right-middle temporal (t ¼ 6.25), and right-anterior cingulum
(t ¼ 6.02). Negative correlations between age and the variability of
amplitude modulation were observed in the left and right postcentral (t ¼ 5.78 and 5.34, respectively), left-middle temporal
(t ¼ 4.66), left lingual (t ¼ 4.65), and right-superior occipital
cortices (t ¼ 4.61). All of the reported brain regions had false
discovery rateecorrected p value of less than 0.05.

Fig. 5. Voxelwise correlations among age, variability of frequency, and amplitude modulation for each IMF. Abbreviation: IMF, intrinsic mode function
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Table 3
Top 5 brain regions with signiﬁcant correlations between age and frequency/
amplitude modulation in low frequency of BOLD signal
Brain region

Mean frequency
Mid. Temporal L
Mid. Cingulum R
Inf. Parietal L
Sup. Temporal Pole R
Post. Cingulum R
Normalized power (%)
Mid. Temporal R
Cuneus R
Postcentral R
Mid. Frontal R
Mid. Temporal L
Variability of frequency
modulation
Caudate R
Sup. Occipital L
Mid. Frontal L
Mid. Temporal R
Ant. Cingulum R
Variability of amplitude
modulation
Postcentral L
Postcentral R
Mid. Temporal L
L. Lingual L
Sup. Occipital R

BA

MNI coordinates

Peak t

x

y

z

22
32
40
38
23

57
3
45
48
6

48
27
48
18
36

12
36
51
18
27

7.12
6.86
6.86
6.77
6.75

37
19
3
10
37

51
12
48
24
54

66
90
18
57
69

6
36
57
27
0

5.95
5.92
5.89
5.75
5.74

7
10
37
32

12
9
30
51
3

3
81
60
69
36

12
42
18
6
24

6.80
6.46
6.38
6.25
6.02

40
3
37
18
19

45
48
54
12
15

39
21
69
81
93

60
57
0
6
30

5.78
5.34
4.66
4.65
4.61

Low-frequency range: 0.045e0.087 Hz.
Correlation was conducted using general linear model covarying with sex and total
gray matter volume.
Key: BOLD, blood oxygen level dependent; BA, Brodmann Area; L, left; MNI, Montreal Neurological Institute; R, right.

4. Discussion
Using the HHT, we explored the frequency and amplitude
characteristics of the BOLD signal and their functional relevance in
normal aging. Compared with the BOLD signal estimated using the
FT, the HHT was more effective at differentiating among the BOLD
signal with a clear separation of frequency bands. According to the
HHT spectrum, BOLD frequencies can be categorized into high
(0.087e0.2 Hz), low (0.045e0.087 Hz), and very-low (<0.045 Hz)
frequency bands. The low-frequency power of the BOLD signal was
associated with cognitive function, whereas the high-frequency
power was related to respiratory activity. The low-frequency
range was consistent with that reported in previous studies on
resting-state fMRI, indicating the functional relevance of the BOLD
signal at frequencies below 0.1 Hz (Biswal et al., 1995; Buckner et al.,
2009; Zou et al., 2008). In this study, we advanced the frequency
resolution of the resting-state fMRI signal into more precise and
narrower frequency bands and subsequently applied this feature to
study the effect of age on the cognition-related BOLD oscillations.
The cognition-related BOLD low-frequency band indicated that
age was associated with increased mean frequency and the variability of its modulation, as well as with reduced normalized power
and amplitude modulation, implying that the modulation of the
BOLD oscillations was inconstant throughout the aging process.
This ﬁnding is particularly pertinent because previous studies on
resting-state fMRI have assumed a relatively ﬁxed spectral distribution in BOLD oscillations among all participants, and the linear
Pearson’s correlation has been used to investigate the dependence
of the BOLD signal among the various regions of the brain. However,
using the Pearson’s correlation cannot account for the frequency
and amplitude modulation of the BOLD signal, a modulation
that could contribute to inaccurate estimations of functional

connectivity (Bullmore and Bassett, 2011; Kayser et al., 2009; Siegel
et al., 2012). The ﬁndings presented in this article can be used to
account for these frequency and amplitude modulations of the
BOLD signal in future functional connectivity studies.
In addition, we observed the largest power in the very-low frequency band. BOLD signals have been known to have 1/f frequency
distribution that its power spectral density is inversely proportional
to the frequency of the BOLD signal (Fox et al., 2007; Zarahn et al.,
1997). 1/f frequency distribution is an ubiquitous feature of the
complex system (Goldberger et al., 2002; Schlesinger, 1987) and has
been observed in other neurophysiologic signal (Linkenkaer-Hansen
et al., 2001; Stam and de Bruin, 2004). In a complex system, this 1/f
distribution is likely to arise from the underlying oscillatory components operating at multiple time scale and frequencies
(Goldberger et al., 2002; Hausdorff and Peng, 1996), thus delineating
these diverse frequency components are crucial for understanding
the physiologic nature of the BOLD signal (Buzsaki and Draguhn,
2004; Cordes et al., 2001; Niazy et al., 2011; Salvador et al., 2008;
Zuo et al., 2010). Furthermore, the present article used SD to assess
the distribution of frequency and amplitude modulation and warrants future study of the complexity of IMFs of the resting-state fMRI
signal, which may extend our previous ﬁndings of assessing the
complexity of the resting-state fMRI signal at multiple time scales
(Hager et al., 2017; Yang et al., 2013, 2014, 2015).
4.1. The association of normal aging with frequency and amplitude
of resting-state BOLD signal
Aging is invariably associated with declined cerebrovascular
function, leading to changes in neurovascular coupling and subsequent measures of BOLD activity (D’Esposito et al., 2003). Previous
task-based studies have shown that compared with younger people, older people were associated with a decreased signal-to-noise
ratio in the BOLD signal (D’Esposito et al., 1999) and with a reduced
BOLD signal intensity (Hesselmann et al., 2001), indicating a change
in the coupling between neuronal activity and BOLD responses
throughout the aging process.
A number of studies have investigated the association of normal
aging with the variability (Garrett et al., 2011, 2013) or spectral
properties of the resting-state fMRI signal, such as ALFF (Biswal
et al., 2010; Hu et al., 2014; Yan et al., 2011). Generally, these
studies have reported that increased age was associated with
decreased amplitude and variability of the BOLD signal. For
example, Garrett et al., 2011 showed that older adults had
decreased SD in the BOLD signal than younger participants, and
Burzynska et al., 2015 showed that greater BOLD SD was associated
with better ﬂuid abilities and memory in older adults. Yan et al.,
2011, however, did not ﬁnd difference in ALFF between a
relatively small sample of older and younger participants. Hu et al.,
2014 found that reduced fractional ALFF was associated with aging
in the supplementary motor area, anterior cingulate cortex, bilateral dorsal lateral prefrontal cortex, right inferior parietal cortex,
and posterior cingulate cortex. Our results correspond with the
aforementioned observations that normalized power was reduced
with increased age in the low-frequency band, particularly in the
DMN and posterior salience network (Table 3). Moreover, we
postulated that such changes were associated with the shift in
power and amplitude modulation toward the high-frequency band,
as characterized in IMF 1 (Figs. 4 and 5).
Of note, SD measures the variability of the BOLD signal (Garrett
et al., 2010, 2011) but does not consider any intrinsic components
that are mixed up from different sources. On the other hand, ALFF is
deﬁned as the total power within the frequency range between 0.01
and 0.1 Hz, thus capturing the variability in low-frequency ﬂuctuations not revealed by SD of the BOLD signal. We expect that ALFF is
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comparable with the total power of combined IMFs within 0.01 and
0.1 Hz, but because we found a functional association with a more
narrow-band signal in IMF 2, our results may capture more precisely
the amplitude of narrow-band low-frequency signal than ALFF.
Our ﬁndings on the aging-related shift in the mean and variability of frequency modulation are novel because such highresolution spectrum and the estimation of instantaneous frequency are poorly quantiﬁed in the short BOLD signal according to
the FT method. In our study, 3 functional networks received
particular attention: the dorsal DMN (i.e., the posterior cingulate
and medial prefrontal cortices), ventral DMN (i.e., the retrosplenial
and medial temporal cortices), and posterior salience network (i.e.,
the posterior insula). These networks consistently exhibited an
increased mean and variability in frequency modulation and
decreased power associated with older age.
4.2. Functional relevance of BOLD frequency band
Since the inception of resting-state fMRI (Biswal et al., 1995),
determining the frequency and functional relevance of the seemingly noisy spontaneous BOLD oscillations has been critical (Buzsaki
and Draguhn, 2004; Cordes et al., 2001; Niazy et al., 2011; Salvador
et al., 2008; Zuo et al., 2010). Previous studies have determined that
the resting-state BOLD signal at a frequency below 0.1 Hz (or
0.08 Hz) were related to functional brain activity (Biswal et al.,
1995; Buckner et al., 2009; Zou et al., 2008), whereas BOLD frequencies above 0.1 Hz were vulnerable to cardiac (Shmueli et al.,
2007) and respiratory activities (Birn et al., 2008; Cordes et al.,
2001). However, the lower region of this functionally related frequency band has remained largely underexplored. Zuo et al. (2010)
investigated the ALFF in the resting-state BOLD signal by using the
FT method (Zang et al., 2007), revealing that the slow-3
(0.073e0.198 Hz) and slow-2 (0.198e0.25 Hz) bands were associated with the white matter regions, whereas the slow-4
(0.027e0.073 Hz) and slow-5 (0.01e0.027 Hz) bands were primarily associated with gray matter; prominent and reliable patterns were observed in the slow-4 band.
Our study, which included a large aging cohort, complemented
the aforementioned studies because we determined that highfrequency BOLD power was associated with respiratory activity,
and only a narrow low-frequency band at 0.045e0.087 Hz was
related to cognitive function, indicating a tight neurovascular
coupling at this frequency band. Although we did not observe any
cognitive or respiratory correlates at very-low frequencies
(<0.045 Hz), a previous study indicated that BOLD frequencies at
0.05 Hz and below were inﬂuenced by the spontaneous ﬂuctuations
in the arterial carbon dioxide level at rest, which was not accounted
for by the respiratory activity (Wise et al., 2004). A recent review on
the frequency characteristics of the BOLD signal determined that
BOLD frequencies between 0.04 and 0.07 Hz may be used to avoid
artifactual results in phase-synchronization calculations (Glerean
et al., 2012). In summary, our ﬁndings combined with evidence
from the literature may challenge the current understanding of
resting-state fMRI preprocessing that involves using a band-pass
ﬁlter at frequencies below 0.1 Hz (or 0.01e0.08 Hz). According to
the HHT power spectrum, we assert that BOLD oscillations at frequencies between 0.045 and 0.087 Hz are the primary components
associated with functional brain activity, a topic that warrants
further studies of functional connectivity that focus on this speciﬁc
mode of BOLD oscillations.
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networks of the brain. Accordingly, independent component analysis (ICA) has dominated the ﬁeld of neuroscience (Fox and Raichle,
2007; Salimi-Khorshidi et al., 2014). In particular, ICA decomposition is based on maximizing the statistical independence of estimated components, whereas EMD is based on separating distinct
modes of frequency and amplitude modulations in the time
domain. Without resorting to frequency-domain decomposition,
EMD bypasses the limitation imposed on data characteristics (as is
the case in Fourier analyses), thereby yielding a more precise
deﬁnition of frequencies (Huang et al., 2009). Therefore, EMD is
potentially more suitable than ICA for delineating complex timevarying structures embedded in neurophysiologic signal, particularly at low signal-to-noise ratios.
Recent evidence indicated that EMD could be used in denoising
electroencephalogram data (Saﬁeddine et al., 2012) and improved
source localization when combing EMD with ICA (Mijovic et al.,
2010). Currently, only a few studies have explored using EMD in
the BOLD signal analysis. For example, Zheng et al., 2010 showed
that EMD can be used to detect BOLD activation and investigate
regional homogeneity in various IMFs of the BOLD signal (Song
et al., 2014). Because EMD is an adaptive method for nonlinear
and nonstationary signal, we propose that the EMD may be used in
fMRI studies to delineate the complex brain function according to
both temporal and spatial dimensions.
4.4. Limitations
This study was subject to certain limitations. First, we omitted
examining the effect of sex and the interactive effect of sex and age
on the HHT spectral measures because the sex effect was not the
primary focus of this study. Second, neuronal activity is not
necessarily associated with changes in cerebral blood ﬂow (Huo
et al., 2014); thus, the BOLD fMRI data may omit certain brain regions unaccounted for by neurovascular coupling. Third, the TR was
2.5 seconds (sampling rate ¼ 0.4 Hz) in this study; consequently, we
could not examine the effect of cardiac activity on the BOLD signal.
Forth, the dip at 0.087 Hz is possibly associated with respirationrelated artifacts, which needs to be further veriﬁed in future
studies. Fifth, the applicability of the new approach to singlesubject analysis remains to be evaluated. Finally, it is possible that
information reported in this article requires resting-state fMRI of a
longer scan session (e.g., 8 minutes), and it remains unknown if
shorter fMRI scan duration (e.g., 5 minutes; potentially with fewer
dynamic signal changes) may provide the same information.
5. Conclusion
Using the HHT, we narrowed the functionally related BOLD
frequency band to the range of 0.045e0.087 Hz. In addition, we
revealed that normal aging was associated with the shift toward a
high frequency in the BOLD signal and the reduced power and
amplitude modulation in the DMN and salience network. The HHT
approach may be applied to other fMRI studies on neuropsychiatric
illness to identify speciﬁc brain regions exhibiting pathologic
changes in frequency and amplitude modulation in the BOLD signal.
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