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Abstract
Entropy is a fundamental trait of human brain. Using fMRI-based brain entropy (BEN) mapping, interesting findings
have been increasingly revealed in normal brain and neuropsychiatric disorders. As BEN is still relatively new, an
often-raised question is how much new information can this measure tell about the brain compared to other more
established brain activity measures. The study aimed to address that question by examining the relationship between
BEN and cerebral blood flow (CBF) and the fractional amplitude of low-frequency fluctuations (fALFF), two widely
used resting state brain state measures. fMRI data acquired from a large cohort of normal subjects were used to
calculate the three metrics; inter-modality associations were assessed at each voxel through the Pearson correlation
analysis. A moderate to high positive BEN-CBF and BEN-fALFF correlations were found in orbito-frontal cortex
(OFC) and posterior inferior temporal cortex (ITC); Strong negative BEN-fALFF correlations were found in visual
cortex (VC), anterior ITC, striatum, motor network, precuneus, and lateral parietal cortex. Positive CBF-fALFF
correlations were found in medial OFC (MOFC), medial prefrontal cortex (MPFC), left angular gyrus, and left
precuneus. Significant gender effects were observed for all three metrics and their correlations. Our data clearly
demonstrated that BEN provides unique information that cannot be revealed by CBF and fALFF.
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Introduction

Entropy is a physical measure for system irregularity or un-
certainty with high entropy meaning high irregularity or dis-
order (Clausius 1862; Singer 2009). Human brain is a com-
plex dynamic system, which acts through its time-varying
temporal activity. Entropy of brain activity, which is equiva-
lent to information according to Shannon’s information theory
(Shannon 1948), indicates the capability of the brain for pro-
cessing either incoming or outgoing information. High tem-
poral brain Entropy (BEN) often represents a beneficial trait of
human brain, which might have played a fundamental

evolutional role for the human beings to better recognize
threats and opportunities to survive in the constantly changing
environment (Macphail and Bolhuis 2001; Roth and Dicke
2012; Hofman 2014; Rilling 2014). Entropy is also related
to complexity though they diverge after complexity reaches
the peak (Tononi et al. 1998; Goldberger et al. 2002; Lipsitz
2004; Singer 2009). Because of the difficulty of defining a
complexity measure, many studies are still using entropy to
approximately indicate complexity (Richman and Moorman
2000; Lake et al. 2002). In the human brain, most studies
concluded a high complexity during its normal state but a loss
of complexity during diseased condition (Friston et al. 1992;
Tononi et al. 1998; Goldberger et al. 2002; Lipsitz 2004;
Singer 2009; Friston et al. 2010; Bassett and Gazzaniga
2011). Nevertheless, we would stick to the nomenclature of
entropy to keep the descriptions less confusion.

BEN has long been assessed using electrophysiological
data (Mölle et al. 1996; Bhattacharya 2000; Richman and
Moorman 2000; Sabeti et al. 2009; Bosl et al. 2011),
which often only provides one global value and lacks
spatial resolution. A recent increasing research interest is
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to map BEN using functional MRI (fMRI) (Yao et al.
2013; Smith et al. 2014; Lebedev et al. 2016; Li et al.
2016; Zhou et al. 2016; Jia et al. 2017; Nelson et al.
2017; Wang et al. 2017). In (Wang et al. 2014), we im-
plemented an fMRI-based whole-brain entropy mapping
algorithm and tool and applied it to a large size resting-
state fMRI data (n = 1049) to examine BEN distribution
patterns in normal healthy brain. Subsequently, we applied
the BEN mapping tool to a few brain diseases and iden-
tified disease-related alterations in multiple sclerosis (Zhou
et al. 2016), chronic cigarette smoking (Li et al. 2016),
and cocaine addiction (Ze Wang et al. 2017). More recent-
ly, we demonstrated that temporal BEN in the resting
brain can be modulated by caffeine ingestion (Da et al.
2018) and local repetitive transcranial magnetic stimulation
(Song et al. 2018). Along with BEN alterations identified
by other groups in normal aging (Yang et al. 2013),
schizophrenia (Sokunbi et al. 2014b), and attention deficit
hyperactivity disorder (ADHD) (Sokunbi et al. 2014a),
these findings clearly demonstrated the potential of BEN
mapping in brain functionality studies in normal brain as
well as in diseased conditions.

As BEN is still relatively new to the literature, an often-
raised question is howmuch new information it can provide as
compared to other more widely used brain activity measures.
The purpose of this study is to address this open question with
a large sample data. More specifically, we will consider the
possible correlations of BEN to two others widely used brain
measures: cerebral blood flow (CBF) and the fractional am-
plitude of low-frequency fluctuations (fALFF), two widely
used resting state brain state measures (Fransson 2005; Zou
et al. 2009; Lee et al. 2013). CBF is a physiological measure
fundamental because of its tight to regional brain function due
to the coupling to brain metabolism (Baron et al. 1982; Furlow
Jr et al. 1983; DeWitt et al. 1988; Raichle 1998; Liu et al.
2004; Vestergaard et al. 2016). fALFF reflects the regional
slow-wave brain activity strength and is empirically defined
as the ration of the power within the low-frequency range
(0.01–0.08 Hz) to the total power of the entire detectable fre-
quency range (Zou et al. 2008). Because BEN is derived
from the dynamic brain activity, which is not necessarily
related to the baseline brain metabolism as indicated by
CBF, we hypothesized that BEN is correlated to CBF only
in a small portion of the brain cortices. While there is no
definitive correlation between BEN and fALFF because
BEN is a statistical measure but fALFF is a relative power
spectrum measure of the low frequency signal component,
low frequency signal often contributes less irregularity
and therefore less entropy than high-frequency signal.
Accordingly, we expected to see negative BEN-fALFF
correlations in the resting brain in region exhibiting strong
low-wave resting brain activity but no BEN-fALFF corre-
lation in the rest of brain.

Methods

Participants

107 healthy participants (age: 31.49 ± 13.97 years, 49
males,58 females) were recruited. All participants were
right-handed and reported no history of neurological or
psychiatric disorders. They were asked not drink any
caffeinated beverages 12 h before the scan time. All
study procedures adhered to the Declaration of
Helsinki were approved by local IRB and all partici-
pants signed written consent forms before participating
in any experiment in the study.

MRI data acquisition

All MR images were acquired with a 3 T Discovery
MR 750 scanner (General Electric, Waukesha, WI,
USA) at the Center for Cognition and Brain Disorders
at Hangzhou Normal University, China. During the
scan, a comfortable and tight cushion was placed to
immobilize the head and reduce motion. The partici-
pants were instructed to relax and remain still with their
eyes open, not to fall asleep, and not to think about
anything in particular. Monitored through the video
camera in the scanner room and no subjects were found
to fall asleep during the scan, which was further con-
firmed by interview after the scan.

High-resolution T1-weighted structural MRI was ac-
quired with a 3D spoiled gradient echo sequence (3D
SPGR) with repetition time/echo time (TR/TE) = 8.1/
3.39 ms, f l ip angle = 7°, f ield of view = 256 ×
256 mm2, matrix = 256 × 256, slice thickness = 1 mm,
number of slices = 176, no gap between adjacent slices.
Resting state blood-oxygen-level-dependent (BOLD)
fMRI was measured with a T2*-weighted gradient-
echo-planar imaging (EPI) pulse sequence with the fol-
lowing parameters: TR/TE = 2000/30 ms, flip angle =
90°, field of view = 220 × 220 mm2, matrix = 64 × 64,
slice thickness = 3.4 mm, and 37 interleaved slices with
no gap in between. 240 images were acquired in 8
mins.

The commercial 3D pseudo-continuous arterial spin
labeling (ASL) perfusion MRI sequence from GE was
used to acquire whole-brain CBF images. The sequence
utilized a pseudo-continuous labeling technique and fast
spin echo acquisition with interleaved stack of spiral
readout and centric ordering in the slice-encoding direc-
t ion . Background suppress ion cons i s t ed of a
presaturation, four optimally timed inversion pulses for
background tissue intensity suppression, and one inferior
saturation pulse for suppressing signal form late incom-
ing blood after spin labeling. Labeling time was
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1450 ms. Post-label delay time was 1520 ms.TR/TE =
4690 ms/10.86 ms. Other sequence parameters were:
slice thickness = 4 mm, in-plane resolution = 3.7 ×
3.7 mm2, eight spiral interleaves, number of repeti-
tions = 4 mm. In addition, a reference proton density
weighted image was acquired for CBF quantification
based on ASL signal. The entire ASL acquisition took
approximately 8 min 34 s.

MRI image preprocessing

MR image preprocessing was performed using Statistical
Parametric Mapping (SPM12, WELLCOME TRUST
CENTRE FOR NEUROIMAGING, London, UK,
http://www.fil.ion.ucl.ac.uk/spm/software/spm12/).
Structural MRI was registered into the Montreal
Neurological Institute (MNI) standard brain space using
SPM12. Gray matter (GM), white matter (WM), and
cerebrospinal fluid (CSF) segmentation maps were gen-
erated during the same normalization process. The fol-
lowing steps were used for processing resting-state
fMRI (rsfMRI) images. 1) The first 6 rsfMRI volumes
of each subject were discarded from each subject’s
resting-state fMRI data to allow image intensity to reach
stead state; 2) The remaining images were corrected for
slice timing acquisition difference using the middle slice
as the reference and then corrected for head motions
using the first image volume as the reference. All sub-
jects included in the following analyses had no more
than 2 mm translational motions and no more than 2
degrees of angular motions; 3) rsfMRI images were
spatially co-registered with the high definition structural
MRI. WM and CSF segmentation maps were back-
registered into the rsfMRI image space and resampled
to have the same image resolution to be used as masks
for extracting the mean WM and CSF signals; 4) tem-
poral nuisance correction was performed via simple re-
gression by including head motion timecourses, WM
signal, and CSF signal as nuisance; Global signal re-
gression was not used (Saad et al. 2012); 5) rsfMRI
images were warped into the MNI space using the spe-
cial transform estimated from the structural MRI as
mentioned above, and resampled with a resolution of
3 × 3 × 3 mm3; 6) special smoothing was done with an
isotropic Gaussian kernel with a full-width- at -half-
maximum (FWHM) of 6 mm.

BEN mapping calculation

BEN was calculated using BENtbx (Wang et al. 2014)
(https://cfn.upenn.edu/~zewang/software.html) after
image pre-processing. BEN was calculated at each
voxel Sample Entropy (SampEn) (Lake et al. 2002).

SampEn is an approximate entropy measure, which
measures the temporal coherence of a time series
through calculating the Blogarithmic likelihood^ that a
small section (within a window of a length ‘m’) of
the data Bmatches^ with other sections will still Bmatch^
the others if the section window length increases by 1.
Bmatch^ is defined by a threshold < r times standard
deviation of the entire time series. The window length
was set to 3 and the cut off threshold was set to 0.6
(Wang et al. 2014). More details of BEN calculation
can be found in the original BENtbx paper (Wang
et al. 2014). The collection of all voxels’ entropy values
formed the BEN map, which was smoothed with an
isotropic Gaussian kernel (FWHM = 6 mm) to suppress
the structural brain difference between individuals which
may not be accurately aligned during spatial normaliza-
tion of each brain into the MNI space.

CBF calculation

The CBF maps were calculated with the commercial
software on the GE AW workstation. To correct the
partial volume effects (PVEs) introduced by the large
voxel size used in ASL MRI, each individual subject’s
structural image was segmented into GM, VM, and CSF
using SPM12. The corresponding GM, WM, and CSF
probability maps were registered into the native ASL
MRI space and subsampled to have the same spatial
resolution as that of the raw ASL MRI. The PET-
based method was then used to correct PVEs
(Hu et al. 2010). PVEs-corrected CBF maps were final-
ly warped into the MNI space using the spatial trans-
form determined from the structural MRI.

fALFF calculation

fALFF was calculated at each voxel of the preprocessed
rsfMRI. The time series of each voxel was transformed
into the frequency domain through Fourier transform.
The sum of the magnitude of the spectrum between
0.01–0.08 Hz was divided by the sum of the entire
acquired frequency band, i.e., 0–0.25 Hz to get the so-
called fALFF.

Statistical analysis

The voxel-wise BEN-CBF, BEN-fALFF, and CBF-
fALFF associations were assessed with Pearson correla-
tion analyses including all subjects. Additional analyses
were performed for females and males separately to ex-
amine any potential sex effects. The association maps
were thresholded based on the correlation coefficient r
rather than the probability because a statistically
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significant correlation may not necessarily be a strong
correlation. Since a |r| < 0.3 is generally considered a
weak correlation, the threshold of |r| > = 0.3 was used,
which actually corresponded to a p value <0.05 for all
correlation analyses performed in this study (p < =
0.0017, 0.0221, 0.0362 for the entire group, the female
group, and males, respectively). A cluster size >100 was
used to remove small suprathreshold clusters. The tradi-
tional multiple comparison correction was not performed
here because the dependent and independent variables
of the association analyses at one voxel are different
from those of another voxel, resulting in a different
scenario of multiple comparison than that in the tradi-
tional massive voxel-wise imaging behavior correlation
analysis where each voxel is referred to the same re-
gressor. While it is not clear for how to adapt the con-
ventional multiple comparison correction for these
voxel-wise between-modality analyses, we used a cluster
s i ze of >100 voxe l s to remove the sporad i c
suprathreshold voxels.

To statistically assess the sex difference of the BEN-
CBF, BEN-fALFF, CBF-fALFF correlations, the correla-
tion maps obtained in each gender were converted into
Z-maps based on Fisher’s Z-transform according to Eq.
(1) and Eq. (2) (Fisher 1921). A z-statistic variable was
computed based on the difference of the transformed
maps as Z maps (Potthoff 1966).

r
0 ¼ 1

2
loge

1þ r
1−r

� �
ð1Þ

Z ¼ r
0
1−r

0
2ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

1

n1−3
þ 1

n2−3

r ð2Þ

The significance level was defined by Z > 1.96 (cor-
responding to p < 0.05), a cluster size >100 was used to
remove small suprathreshold clusters.

BEN, CBF, fALFF difference between females and
males were examined by two-sample t-test, and the

Fig. 1 Association maps (the Pearson correlation coefficient maps) of a)
BEN-CBF, b) BEN-fALFF, c) CBF-fALFF. Hot color means positive
correlation; cool color means negative correlation. Colorbars indicate
the display window for the thresholded correlation coefficient maps.

The number above each slice indicates the slice location along the z-
axis in the MNI space as also marked by the blue lines overlaid on the
sagittal slice on the right
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significance level was defined by a voxel-wise p < 0.001
and cluster size >56 (corrected with AlphaSim, a Monte
Carlo permutation based multiple-comparison correction
tool provided by AFNI (https://afni.nimh.nih.gov/).

Results

Positive BEN-CBF correlations were found in the medi-
al orbitofrontal cortex (MOFC), left inferior temporal
cortex (LITC) (Fig. 1a). Negative BEN-fALFF correla-
tions were identified in temporal pole, insula, thalamus,
superior temporal gyrus (STG), precentral gyrus,
postcentral gyrus, supplementary motor area (SMA),
precuneus, visual cortex (VC), fusiform, and lingual gy-
rus (Fig. 1b). Figure 1c shows the results of CBF-
fALFF association analysis. Only positive CBF-fALFF
correlations were found in several regions including left
angular gyrus, and left precuneus.

Figure 2 shows the sex effects revealed by two-
sample t-test. Both BEN (Fig. 2a) and fALFF (Fig.
2c) showed no significant sex difference (p < 0.001,
cluster size >56). CBF was significantly higher in fe-
males than males (Fig. 2b).

Figure 3 shows the BEN-CBF association analysis
results for each gender. Females had BEN-CBF correla-
tions in fewer brain regions including thalamus, middle
temporal gyrus (MTG), (Fig. 3a). By contrast, males
showed BEN-CBF correlations in more distributed areas
including MPFC, bilateral OFC, superior temporal cor-
tex, insula, and right VC (Fig. 3b). Females showed
more positive BEN-CBF correlation in thalamus, while
males had more positive BEN-CBF correlation in insula,
postcentral cortex.

Figure 4 is the results of BEN-fALFF association
analysis for each gender. Female showed negative
BEN-fALFF correlations in more extended brain regions
covering the DMN, VC, motor cortex, and anterior tem-
poral lobe than males.

Fig. 2 Sex difference (T-value of the two-sample t-test) of a) BEN, b)
CBF and c) fALFF. Hot color means greater in female; cool color means
greater in male. Colorbars indicate the displaywindow for the thresholded

T-value maps. The number above each slice indicates the slice location
along the z-axis in the MNI space as also marked by the blue lines
overlaid on the sagittal slice on the right
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Figure 5 shows the sex effects of CBF-fALFF asso-
ciations. Males presented positive CBF-fALFF associa-
tion in more cortical and subcortical areas than females.

Discussions

As a relatively new brain activity measure, BEN has
gained more and more research attentions. But its neu-
ronal basis still remains unclear though neurobiological
studies had shown the association of entropy to neuro-
nal adaptation at the cellular level (Adibi et al. 2013).
Without neuronal level data, one alternative approach is
to examine the correlations of BEN to other brain ac-
tivity measures that are more established regarding their
neuronal underpinnings. Such association analyses can
also reveal how much different information can BEN
provide to assess brain activity as compared to the more
established measures. In this paper, a comprehensive
study was performed to identify the potential associa-
tions between BEN and CBF, as well as fALFF. Our

data showed that BEN is correlated to baseline CBF
only in a small portion of brain cortex including
MOFC, LOFC, and left ITC. BEN was mainly inversely
related to fALFF in a large portion of the brain, includ-
ing cerebellum, VC, temporal cortex, motor cortex, and
precuneus. Between fALFF and CBF, positive correla-
tions were found in MOFC, LOFC, DLPFC, and parie-
tal cortex, which are part of the default mode network
(DMN) (Raichle et al. 2001). These between modality
correlations were found to differ across sexes.

As BEN measures the phasic (dynamic) property of
brain activity, while baseline CBF indicates the average
brain activity, the spatially restricted BEN-CBF correla-
tions suggest a disassociation between the phasic
(dynamic) and tonic (baseline or on average) brain ac-
tivity in most part of the brain, where BEN and CBF
provide independent information about brain activity in
most of the brain. The decoupling of BEN to baseline
energy spend (as reflected by CBF) may reflect the
capability our brain to achieve maximum information
processing functionality under the constraint of total

Fig. 3 BEN-CBF associations identified in a) the females, b) males, c)
difference of females and males. For the first two rows, hot color means
positive correlation; cool color means negative correlation. For the
bottom row, hot and cool color mean that female had higher and lower

BEN-CBF correlations, respectively. Colorbars indicate the display win-
dow for the thresholded correlation coefficient maps. The number above
each slice indicates the slice location along the z-axis in the MNI space as
also marked by the blue lines overlaid on the sagittal slice on the right
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available energy supply. Limited BEN-CBF associations
were observed in anterior PFC, OFC, and ITC. OFC
and anterior PFC receives intense projections from thal-
amus and midbrain areas (Fuster 2015), indicating a
high volume of information processing. OFC and ante-
rior PFC are part of the DMN with high resting brain
activity and CBF. The positive BEN-CBF correlations
found therein suggest that part of that energy spend is
to facilitate the high information processing and so BEN
in those regions.

fALFF is a widely adopted metric for resting state
brain activity, which is empirically defined as the pro-
portion of the low-frequency components in relative to
the entire signal spectrum. By contrast, entropy has a
statistical origin and is derived from the distribution of
the underlying signal, which doesn’t depend on a spe-
cific frequency band. Theoretically, BEN and fALFF are
not necessarily related to each other. In this study, we
found that BEN was negatively related to fALFF in VC,
motor cortex, precuneus, and temporal cortex. These

regions have been well known to have elevated low-
frequency brain activity fluctuations during resting state
(Biswal et al. 1995, Lowe et al. 1998, Kiviniemi et al.
2000, Greicius et al. 2003). The increased low-
frequency resting brain activity consequently reduces
the overall irregularity of resting state brain activity as
we observed in previous paper (Wang et al. 2014) and
induces a negative BEN-fALFF correlation. The lack of
BEN-fALFF correlation in most of brain suggests that
BEN and fALFF are mutually independent in a large
portion of the brain. As BEN is independent of a spe-
cific frequency band, assessing BEN may provide more
comprehensive picture of brain activity especially in
those regions without BEN-fALFF associations.

Positive CBF-fALFF correlations were found in a small
portion of the DMN, including MOFC, MPFC, left angular
gyrus, and left precuneus, which was supported by our previ-
ous CBF-ALFF association study (Li et al. 2012). The asso-
ciation pattern extension difference (we found CBF-ALFF
correlation in most of brain cortex) can be explained by the

Fig. 4 BEN-fALFF associations (Pearson correlation coefficient) found
in a) the females, b) males, c) difference of females and males. For the
first two rows, hot color means positive correlation; cool color means
negative correlation. For the bottom row, hot and cool color mean that
female had higher and lower BEN-fALFF correlations, respectively.

Colorbars indicate the display window for the thresholded correlation
coefficient maps. The number above each slice indicates the slice location
along the z-axis in the MNI space as also marked by the blue lines
overlaid on the sagittal slice on the right
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difference between ALFF and fALFF: ALFF is the magnitude
of the low-frequency bold signal which may be more affected
by CBF than fALFF which is a scale-free number if we recall
that BOLD signal is mainly contributed by CBF (Zou et al.
2008), and sample size (Zou et al. 2015).

Significant sex difference was found in CBF, which
is well known in the literature (Rodriguez et al. 1988,
Gur and Gur 1990). No sex difference was found in
BEN and fALFF. Regarding the sex effects on the
between-modality associations, BEN-CBF correlations
were located in the thalamus, putamen, and temporal
cortex in women but were shifted toward anterior part
of the brain in men. As females had higher baseline
CBF, there is much big room for the brain to fuse more
energy without increasing CBF to facilitate an increase
of BEN. By contrast, men’s brain would need an in-
crease of CBF to achieve a better information process-
ing (BEN) in OFC, PFC, insula, and temporal cortex.
Women and men showed similar BEN-fALFF associa-
tion pattern with difference in terms of the association

cluster size. Male had more widespread CBF-fALFF as-
sociation across the cortex. These gender difference can
be similarly explained by the CBF gender difference as
discussed above. Females have higher CBF, providing
bigger room to meet the energy demand of resting state
brain activity without further increasing CBF. Although
more information will be required to fully understand
these sex differences, they certainly raise a need to con-
sider gender as an important fact when study brain
activity.

In summary, we used a large cohort of healthy subjects to
show that BEN, an emerging brain activity measure, only
correlates to two widely used metrics: CBF and fALFF in a
small part of brain. Our data demonstrate that BEN, CBF, and
fALFF are complimentary brain function measures with very
limited overlap; gender plays a role in BEN and CBF and their
correlations to each other.
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first two rows, hot color means positive correlation; cool color means
negative correlation. For the bottom row, hot and cool color mean that
female had higher and lower CBF-fALFF correlations, respectively.

Colorbars indicate the display window for the thresholded correlation
coefficient maps. The number above each slice indicates the slice location
along the z-axis in the MNI space as also marked by the blue lines
overlaid on the sagittal slice on the right
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