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Tissue Speciﬁcity of Nonlinear Dynamics in
Baseline fMRI
Gopikrishna Deshpande, Stephen LaConte, Scott Peltier, and Xiaoping Hu*
In this work, recent advances in the ﬁeld of nonlinear dynamics
(NLD) were applied to fMRI data to examine the spatio-temporal
properties of BOLD resting state ﬂuctuations. Five human subjects were imaged during resting state (visual ﬁxation) at 3T
using single-shot gradient echo planar imaging (EPI). Respiration and cardiac signals were concurrently recorded for retrospectively removing ﬂuctuations due to these physiologic activities. Patterns of singularity in the complex plane (PSC) and
Lempel-Ziv complexity (LZ) were used to study the deterministic nonlinearity in resting state fMRI data. The results show that
there is greater nonlinearity (higher PSC) and determinism
(lower LZ) in gray matter compared to white matter and CSF. In
addition, the removal of respiratory and cardiac pulsations decreases the nonlinearity and determinism but does not alter the
relative difference between gray matter and white matter.
Therefore, our results demonstrate that determinism and nonlinearity in the fMRI data are tissue-speciﬁc, suggesting that
they reﬂect native physiologic and metabolic ﬂuctuations and
are not a result of physiologic artifacts due to respiration and
cardiac pulsation. Magn Reson Med 55:626 – 632, 2006. © 2006
Wiley-Liss, Inc.
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Functional magnetic resonance imaging (fMRI) is an important tool for understanding the workings of the brain in
both the normal and diseased states. In BOLD fMRI, the
brain is imaged over time with an MRI sequence sensitive
to blood ﬂow parameters to monitor localized hemodynamic response to neuronal metabolic activity. Since its
inception, fMRI has become a routinely used approach for
mapping brain function. Despite its widespread use, many
mechanistic issues of the fMRI signal and its noise characteristics are not well understood and are still a topic of
active research.
It has been reported (1) that ﬂuctuations in fMRI data
cannot be fully attributed to NMR noise and that the noise
structure of the fMRI data may provide insights into the
brain. In particular, ﬂuctuations at very low frequencies
(0.1 Hz) in fMRI data are spatially correlated within networks corresponding to related brain functions. This low
frequency correlation has been utilized in the study of
functional connectivity (2,3) and has been shown to reﬂect
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pathologic and/or physiologic alterations (4,5). The resting
state (absence of explicit brain activation) is important
because it conveys valuable information on basal neural
activity. In addition, while we do not focus on a speciﬁc
brain network here, these data have received increased
attention with respect to diagnostic utility (4,5) and with
proposed theories of the default mode of brain function
(6).
The neuroscience community has learned a lot about the
spatio-temporal nature of brain function through functional connectivity studies using various statistical approaches, including linear correlations between spatial regions (2,3,7), and data driven techniques such as principal
component analysis (8) and self organizing maps (9). However, there is still great potential for building this knowledge base with alternative approaches. Linear statistical
methods make an underlying assumption that the signals
are produced by a linear stochastic system. Arguments
based on brain physiology, however, suggest that the brain
is likely to act as a nonlinear system that is not completely
stochastic (10 –14) and the processes generating fMRI data
are expected to be nonlinear. Although existing linear
methods work to a certain extent because a linear system
can always approximate the behavior of a nonlinear system, nonlinear approaches may be more pertinent and
sensitive, revealing additional insights into the fMRI data.
Therefore, nonlinear methods for the analysis of fMRI data
have been investigated in this work. Even though there has
been an effort to study the nonlinearity of the BOLD response to explicit tasks (15–17), very little work has been
done in applying methods of nonlinear dynamics to fMRI,
particularly during the resting state. Building upon our
preliminary study (18,19), we focus here on a systematic
study of the tissue speciﬁc properties of nonlinear dynamics in fMRI resting state data.
In addition to possibly revealing interesting patterns in
the resting state brain dynamics, nonlinear analysis may
allow us to better characterize biologic sources of noise in
the MRI signal. Kruger et al. reported higher random ﬂuctuations in the gray matter (1); this may be due to deterministic nonlinearity of the signal produced by an underlying ﬁnite dimensional system. If the driving sources of
these ﬂuctuations are of nonlinear origin, they should also
be revealed with nonlinear analysis techniques. Further,
an enhanced ability to characterize the biologic noise may
allow us to reduce its effect on activation detection.
As described in the following sections, the present work
examines several aspects of nonlinear dynamics. We start
by reconstructing the state space of the system and ﬁnding
a ﬁnite minimum embedding dimension (MED) of the
underlying system. The nonlinearity arising from the ﬁnite
dimensional dynamics are then characterized using patterns of singularities in the complex plane (PSC). How-
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ever, the nonlinearity may arise either due to stochastic or
deterministic dynamics. We thus evaluate the determinism in the dynamics to make this distinction. A ﬁnite
embedding dimension is a measure of the determinism of
the system, which can be quantiﬁed using information
theoretic measures like Lempel-Ziv complexity. It is
widely recognized by many that physiologic noise due to
respiration and cardiac pulsation can be a signiﬁcant contribution to the signal ﬂuctuation in fMRI (1,20). Therefore, it is also of interest to study their contribution to the
nonlinear dynamics in the fMRI signal. A minor aspect of
the present work looks at this effect by applying the nonlinear analysis to data before and after physiologic noise
correction. Our approach, then, is to obtain a comprehensive understanding of resting state fMRI by estimating the
appropriate embedding dimension and subsequently characterizing the system dynamics using nonlinearity and
determinism.
THEORY
Linear methods can capture structures in a signal like
dominant frequency and linear correlations. This relies on
the assumption that the intrinsic dynamics are governed
by the linear paradigm that small causes lead to small
effects. Since the possible solutions of linear equations are
either exponential or periodic oscillation, the irregular
structure in the signal has to be attributed to some random
external input to the system producing the signal. However, recent advances in chaos theory have brought to light
the fact that a random input is not the only possible source
of irregularity in a system’s output. Nonlinear chaotic systems can produce very irregular data with purely deterministic governing equations. One way to evaluate
whether a system is deterministic or random is to estimate
the minimum embedding dimension (MED) (21–27),
which is the number of independent state variables contributing to the irregular dynamics of a signal (e.g., an fMRI
time series). (Please refer to the Appendix for details about
calculation of MED.) Once the ﬁnite dimensionality of a
system has been established through MED, it is possible to
characterize the nonlinearity and determinism using
methods described below.
Pattern of Singularities in the Complex Plane (PSC)
Algorithm
It has been found that the distribution of singularities in
the complex plane is critical for determining the behavior
of a dynamical system at any arbitrary time. From numerical investigations of the Lorenz equations (28), it was
demonstrated that when the system is in a periodic regime
(limit cycle) the arrangement of singularities (poles) reﬂects the corresponding periodicity of the real-time solution. As the dynamical regime transitions toward the chaotic one, the corresponding arrangement of singularities
becomes very irregular. From these results, Di Garbo (29)
suggested an algorithm (the PSC algorithm) to evaluate the
nonlinear structure in a time series. The method determines a measure of signiﬁcance, using a null hypothesis
that the time series under investigation arises from a linear
process. The null hypothesis is rejected if the value of this
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signiﬁcance is greater than a threshold (say, 95% conﬁdence level). The signiﬁcance value can be further used as
a quantiﬁer to assess deviation from linearity. The larger
its value, the more nonlinear is the time series. (Please
refer to the Appendix for details of the PSC algorithm.)
Since the PSC algorithm looks for only the nonlinear
signal structure, it cannot be concluded from this measure
alone whether the nonlinearity is due to deterministic
dynamics or stochastic dynamics. To answer this question,
the Lempel-Ziv complexity measure is considered.
Lempel-Ziv Complexity Measure Algorithm
The Lempel-Ziv complexity measure (LZ) is a unique way
of looking at the structure of the signal (30). The signal
must ﬁrst be transformed into a ﬁnite symbol sequence S.
If we have a string s1,s2,. . . ,sn, then c(n), which is the
number of different sub-strings of s1,s2,. . . ,sn, is the measure of complexity. It reﬂects the rate of new patterns
arising with increasing sequence length, n. Thus, by simple operations of comparison and accumulation, the computation of c(n) is achieved. In this article, we have used
the normalized complexity measure C(n), which is the
ratio of c(n) to b(n), where b(n) gives the asymptotic behavior of c(n) for a random string. LZ is zero for a fully
deterministic signal and one for a totally random signal.
Hence, LZ indicates the degree of determinism in the
signal. (Please refer to the Appendix for details of the LZ
algorithm.)
METHODS
MRI Data Acquisition and Analysis
Data acquisition consisted of imaging 3 normal, healthy
human subjects in resting state using a single-shot BOLDcontrast gradient EPI sequence at 3T Siemens Trio (TR ⫽
750 ms, TE ⫽ 34 ms, Flip Angle ⫽ 50 deg, and FOV ⫽
22 cm, with 5 contiguous axial slices covering the region
from the top of the head to the top of the corpus collosum,
5 mm slice thickness, 1120 volumes (time points) per slice,
and 64 phase and frequency encoding steps). Two additional volunteers were scanned using the same parameters
as above, but with 10 saggital (rather than axial) slices
containing the ventricles. High resolution (512 ⫻ 512)
T1-weighted axial anatomic images were acquired in the
ﬁrst scanning session. In the second session, anatomic
images with 1 mm isotropic resolution were acquired using a magnetization prepared rapid gradient echo
(MPRAGE) sequence (31) (TR/TE/FA of 2600 ms/
3.93 ms/8 deg).
For the anatomic data from the ﬁrst session, the images
were segmented using a procedure involving manual removal of the extra-cranial signal and segmentation of gray
and white matter based on their intensity. The resulting
segmented images were down-sampled by a factor of 8 to
obtain a 64 ⫻ 64 mask of gray matter and white matter. The
MPRAGE images in the second experiment were segmented into gray matter, white matter, and CSF using
SPM2 (Wellcome Department of Cognitive Neurology,
London, UK; http://www.ﬁl.ion.ucl.ac.uk). Since SPM2
segments the images in the normalized space, the resulting
masks were transformed back into the original image
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Table 1
Typical Values of the PSC Nonlinearity Index for Simulated and
Commonly Occurring Physiological Signals
Typical PSC nonlinearity
score

Type of signal

Without noise
Linear stochastic process
Deterministic function
Respiration
EKG
EEG
Background
Alpha activity
Baseline fMRI

With noise

2
6
26–60
10–30

5
8
30–70
17–35

175
1500
400–2000

182
1549
420–2017

space, resliced to match the location of the EPI data, and
thresholded to obtain binary masks of the 3 tissue types.
The resulting masks were similarly down-sampled to the
resolution of the EPI images.
A physiologic monitoring unit consisting of a pulseoximeter and nasal respiratory canula was used during
data acquisition to record cardiac and respiratory pulsations, respectively. These physiologic ﬂuctuations were
corrected for in the functional data retrospectively (20).
Both physiologically corrected and uncorrected data were
analyzed and compared.
Nonlinear Dynamical Analysis
The strategy employed for the application of the NLD
methods is outlined below. A MATLAB program was developed and utilized for all the analysis described below.
The MED of baseline fMRI was ﬁrst calculated using the
modiﬁed false nearest neighbor approach (27). A low ﬁnite
value of MED was obtained, which provided a justiﬁcation
for the characterization of nonlinearity using PSC. A high
value of nonlinearity in resting-state fMRI prompted us to
investigate the source of this nonlinearity (deterministic or
stochastic) by employing the information-theoretic measure, LZ. The PSC and LZ values were calculated for each
voxel in all the axial slices for subjects 1, 2, and 3 and all
saggital slices for subjects 4 and 5. The mean values of the
nonlinear measures for each tissue type were obtained and
tabulated. Since the resultant parameters for each tissue
type were not normally distributed, the statistical signiﬁcance of the tissue difference of each measure was assessed using the nonparametric Wilcoxon rank sum test
(32). Also, PSC and LZ values were used to generate summary images for visualization. These strategies enabled us
to characterize baseline fMRI dynamics using deterministic nonlinearity.

speciﬁc. Since MED is an integer number, we rounded off
the value to 10. The MED results suggest that a ﬁnite
number of state variables describe the baseline fMRI dynamics and thus provide a justiﬁcation for the quantiﬁcation of nonlinearity using the PSC measure. We have calculated the PSC measure from simulated signals and various biologic time series— cardiac and respiratory data
obtained from the physiologic monitoring unit during our
fMRI data acquisition, EEG signal obtained from MIT-BIH
data base (http://circ.ahajournals.org/cgi/content/full/
101/23/e215), and the fMRI data from the present study.
Normally distributed random numbers were generated to
emulate signals of a linear stochastic process, and a sinusoidal signal was used as an example of a deterministic
signal. Both types of signal had the same number of time
points as the experimental time series (1120 points). Table
1 lists the PSC for the various types of signals described
above with and without the addition of 10 dB Gaussian
noise. The high value of PSC for fMRI data conﬁrms the
nonlinear structure in the signal. The results also indicate
that PSC is fairly robust to random noise.
Figure 1 shows the PSC map of an axial slice of the
human cortex for subject 3. It may be observed from the
ﬁgure that there is more nonlinearity in gray matter than
white matter. This conclusion is quantitatively validated
by the mean PSC values given for white matter, gray matter, and CSF in Table 2. Statistically, there is a highly
signiﬁcant difference in the PSC values between the 3
tissue types, with gray matter showing signiﬁcantly higher
nonlinearity than white matter and CSF. As previously
mentioned, the study by Kruger et al. (1) has shown that
gray matter exhibits more random ﬂuctuations compared
to white matter. Our PSC results indicate nonlinear signal
structure, but do not reveal whether the nonlinearity arises
from deterministic dynamics or stochastic dynamics. The
LZ results can be used to answer this question. Figure 2
shows the LZ map for an axial slice from subject 3. Table
3 shows the mean values of LZ for all 3 tissues types. Since
the values of LZ are less than one, there is evidence of
determinism. Lower values for gray matter indicate higher
determinism compared to white matter and CSF. Even
though there is heterogeneity of PSC and LZ within a

RESULTS AND DISCUSSION
The MED values were calculated by reconstructing the
attractor for each voxel time series in all the slices as
outlined in the previous section. The mean MED for gray
matter, white matter, and CSF was found to be 10.55 ⫾
0.97, 10.89 ⫾ 0.96, and 9.6 ⫾ 1.12, respectively, which
indicated that the difference in means was not signiﬁcant
and, hence, the embedding dimension was not tissue-

FIG. 1. PSC map for an axial slice from subject 3.
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Table 2
PSC Values for Gray Matter, White Matter, and CSF
PSC
Subject
Subject
Subject
Subject
Subject

1
2
3
4
5

Wilcoxon sum rank test: P-value

Gray
matter

White
matter

CSF

765
1065
1080
962
940

457
634
645
716
771

841
618

tissue type, the P-values from the Wilcoxon sum rank test
showed that their distributions are signiﬁcantly different
for the 3 tissues.
The inter-subject variability in the values can be attributed to the fact that the “resting state” or “baseline” is not
a well-deﬁned state and can be highly variable from subject to subject. Also, we can see from Tables 2 and 3 that
gray matter exhibits higher nonlinear determinism than
white matter at a statistically signiﬁcant level. This tissue
speciﬁcity can be attributed both to the differences in fMRI
physiology and neural processing. The BOLD contrast in
fMRI is a result of interactions between cerebral blood ﬂow
(CBF) and cerebral blood oxygenation (CBO). It has been
shown that CBF ﬂuctuations result in CBO ﬂuctuations
(33). There are several arguments for and against blood
pressure (34) and vasomotion (35) as being the source of
ﬂuctuations in CBF. Native ﬂuctuations in CBF arising
from ﬂuctuations in NADH and HBO2 can be attributed to
such ﬂuctuations in cortical metabolism and neuronal activity (36). These give rise to a complex interplay of various factors that result in baseline fMRI signal ﬂuctuations.
The regional differences in the interplay between these
factors likely give rise to the differences in fMRI signal
ﬂuctuations from different tissues structures. These signal
differences have been characterized numerically in this
article using nonlinear analysis. This complements previous studies that have indicated that there is non-uniform
determinism across activities (37) in the brain. Interestingly, our results seem to indicate that there is non-uniform determinism across different regions of the brain as
well.

FIG. 2. 1-LZ map for an axial slice from subject 3.

GM-WM

GM-CSF

WM-CSF

8.68 ⫻ 10⫺12
2.39 ⫻ 10⫺12
0
6.9 ⫻ 10⫺5
3.1 ⫻ 10⫺5

1.5 ⫻ 10⫺5
3.2 ⫻ 10⫺4

4.8 ⫻ 10⫺4
3.1 ⫻ 10⫺5

An important fact to consider is the effect of removal of
physiologic noise on the results. To investigate the spatial
extent of the effect of correction, we plotted the difference
images (original - corrected) of the PSC and LZ parameters.
Figures 3a and 3b show the PSC and LZ difference images,
respectively, for an axial slice. For comparison, Fig. 3c
illustrates the percentage reduction in signal variance after
correction in the same axial slice. It can be seen that a
greater amount of noise is removed in gray matter and CSF
than in white matter, indicating higher physiologic noise
in them. This observation is consistent with higher noise
in gray matter compared to white matter, reported by
Kruger et al. (1), attributed to possible differences in blood
volume and perfusion in those tissues. By carrying out the
analysis on physiologic noise-corrected data, we have accounted for the differences in fMRI noise characteristics
arising from cardiac and respiratory pulsations. The similarity between Figs. 3a, 3b, and 3c indicates that the nonlinearity and determinism contributed by the physiologic
rhythms is mostly removed by retrospective correction.
To test if the difference in noise level between gray
matter and white matter as reported by Kruger (1) is a
major cause of the observed gray-white difference in nonlinear determinism, Gaussian random noise was added to
white matter time courses to match their SD to that of gray
matter time series, and PSC and LZ were calculated on
these synthetic white matter time courses. From the results
shown in Table 4, the PSC for the synthetic white matter
time courses, although slightly increased, is still much less
than that of gray matter shown in Table 2. This is consistent with the notion that Gaussian noise is a linear process
and is not expected to increase the nonlinearity signiﬁcantly. In Table 4, the noise addition slightly increases the
LZ, as expected since the addition of random noise decreases determinism (and, hence, increases LZ), moving
the LZ of synthetic white matter time courses further away
from that of gray matter. Given these observations, it is
unlikely that the increased noise level in gray matter is a
major cause for the tissue speciﬁcity of deterministic nonlinearity.
To ascertain the nonlinear determinism of the CSF, we
carried out a similar analysis on saggital slices, including
an ROI on ventricles. Figures 4a, 4b, and 4c illustrate the
PSC and LZ difference images and percentage reduction in
fMRI signal variance due to correction, respectively, for a
representative saggital slice containing the ventricles. It is
well known that CSF has higher physiologic noise compared to gray matter and white matter. This notion is
conﬁrmed in Fig. 4c, which shows greater noise reduction
in the ventricles compared to the cortical gray/white mat-
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Table 3
LZ Values for Gray Matter, White Matter, and CSF
LZ
Subject
Subject
Subject
Subject
Subject

1
2
3
4
5

Wilcoxon sum rank test: P-value

Gray
matter

White
matter

CSF

0.82
0.60
0.64
0.56
0.65

0.91
0.72
0.82
0.69
0.70

0.75
0.73

ter, leading to greater differences in PSC and LZ values of
CSF before and after correction. In particular, we found
that the raw CSF pulsation, which contains the B-waves
(38), is highly nonlinear. Retrospective correction substantially decreased the variance in CSF time courses as well
its nonlinearity and determinism. In contrast, the decrease
in nonlinearity and determinism in gray and white matter
after correction was insigniﬁcant compared to that of CSF.
It is worth noting that physiologic correction only scaled
down the nonlinearity and determinism, preserving its
tissue speciﬁcity. Therefore, the tissue speciﬁcity of deterministic nonlinearity we report is unlikely to arise solely
from cardiac and respiration effects. Rather, fMRI physiology and the nature of neural processing (reﬂected by the
native ﬂuctuations) vary across tissues, giving rise to the
tissue-speciﬁc nature of the baseline signal.
CONCLUSIONS
This study approaches the processing of fMRI data from a
nonlinear dynamical perspective. We have shown that
fMRI time courses are not produced by a purely stochastic
system and, hence, have used various nonlinear techniques to obtain a new perspective into the underlying
system dynamics. The results from the above techniques
show that brain dynamics can be characterized neither by
a purely stochastic nor a fully deterministic system. On the
contrary, the underlying dynamics seems to be deterministic, produced by a system having roughly 10 state variables, exhibiting non-uniform determinism among the different regions of the brain, with gray matter showing more
determinism than white matter and CSF. What was previously perceived as higher random ﬂuctuation in the gray
matter is actually due to the deterministic nonlinearity of
the signal produced by an underlying nonlinear dynamical

GM-WM

GM-CSF

WM-CSF

2.28 ⫻ 10⫺12
3.05 ⫻ 10⫺7
3.89 ⫻ 10⫺25
2.5 ⫻ 10⫺6
3.7 ⫻ 10⫺4

8.9 ⫻ 10⫺4
2.2 ⫻ 10⫺3

8.5 ⫻ 10⫺7
5.3 ⫻ 10⫺5

system. We found that the nonlinearity exhibits tissue
speciﬁcity even after the removal of physiologic ﬂuctuations. The possibility of higher noise level in gray matter as
a main reason for tissue-speciﬁcity of deterministic nonlinearity was examined and ruled out. Therefore, higher
nonlinear determinism in gray matter is not due to cardiac/respiratory effects or noise intensity differences, but
can potentially be attributed to local differences in fMRI
physiology and neural processing.
APPENDIX
Estimation of MED
The technique we have employed is a variant of the False
Nearest Neighbor (FNN) method and follows the description by Cao et al. (27). The ﬁrst step in nonlinear dynamical analysis is the reconstruction of the attractor in phasespace using Taken’s embedding theorem (39), which ensures that the reconstructed attractor preserves all
topological properties of the original attractor.
Given a voxel fMRI time series, x(i),i ⫽ 1,2, . . ., L, its
time-delay vectors in phase-space are formed as:
X ⫽ 关X 1,X 2, . . ., X N兴 T

[1]

where the number of time-delay vectors is given by N ⫽ L
–(m –1), with  being the time delay and m being the
embedding dimension. Each time-delay vector is given by
X i ⫽ 关x共i ⫹ 兲, x共i ⫹ 2兲, . . . , x共i ⫹ 共m ⫺ 1兲兴;
i ⫽ 1,2, . . . , L ⫺ 共m ⫺ 1兲

[2]

 is selected using the autocorrelation function based technique (26).

FIG. 3. (a) PSC difference map (original value- corrected value) for an axial slice. (b) LZ
difference map for the same slice. (c) Percentage reduction in fMRI time course variance after physiologic correction for the
same slice.
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Table 4
White Matter PSC and LZ Obtained Before and After the Addition
of White Gaussian Noise to Match the Noise Variance of Gray
Matter Time Courses

2. Deﬁne Lo as a global distance measure in the st-t
space:

冑冘

m⫺1

Sub
1
2
3
4
5

Before noise
addition

After noise
addition

PSC

LZ

PSC

LZ

457
634
645
716
771

0.91
0.72
0.82
0.69
0.70

481
684
676
737
789

0.98
0.90
0.98
0.82
0.84

For each phase-space vector, Xi, its distance to its nearest neighbor at different values of m, d(i, m), is computed.
The ratio, d(i, m ⫹ 1)/d(i, m), is calculated and averaged
over i to derive E(m). E(m) is dependent only on m and .
In order to see its variation from m to m ⫹ 1, we examine
E1 (m), deﬁned as the ratio of E(m ⫹ 1) to E(m). It is found
that E1 (m) approaches a saturation value of 1 when m is
greater than some value m0 if the time series comes from
an attractor.
To determine the mo at which E1 attains saturation, a
nonlinear least-squares ﬁt to E1 is obtained (40). The ﬁt is
assumed to be of an exponential form given by the equation b –e–m–c, where the initial values of b and c are 1 and
0, respectively. The values of b and c corresponding to the
closest ﬁt are obtained using the Gauss-Newton method
(40). The residual, which is the error between the ﬁt and
the original curve, is the highest at the knee of the curve.
Since the saturation point is represented by the knee of the
curve, the dimension corresponding to the maximum residual is taken as the MED.
Pattern of Singularities in the Complex Plane (PSC)
Algorithm
The steps for deriving PSC of a given fMRI time series are:
1. Determine the local maximum stj and the time at
which it occurred, tj, in the fMRI time series, where j
is the index for each maximum and assumed to have
values 1,2,. . . . . . .. m.

L0 ⫽

兵共s tj⫹1 ⫺ s tj兲 2 ⫹ 共t j⫹1 ⫺ t j兲 2其

[4]

j⫽1

3. Generate n number of surrogates and compute Lo for
each surrogate. Gaussian scaled surrogates were generated by rank ordering the fMRI time series in the
rank order of the time series obtained from a phaserandomized Gaussian distribution of the same mean
and SD as that of the fMRI data (29).
4. Determine mean ML and SD L of these quantities.
5. Determine the measure of signiﬁcance.
S psc ⫽

兩L o ⫺ M L兩
L

[5]

The hypothesis (that the given time series is not different
from a linear process) is rejected if this signiﬁcance is
greater than a threshold (for this work, we have chosen the
95% conﬁdence level). Moreover, the signiﬁcance value is
the PSC measure, which can be used as a quantiﬁer to
assess the deviation of the fMRI time series from linearity.
The larger its value, the more nonlinear is the fMRI time
series.
The Lempel-Ziv Complexity Measure Algorithm
The Lempel-Ziv Complexity Measure (LZ) is a complexity
measure for assessing the structure of a signal (30) from an
information theoretic point of view. The algorithm for
calculating this complexity measure c(n) for a given fMRI
time series x(i) of length n can be summarized as follows:
x(i) must be ﬁrst transformed into a ﬁnite symbol sequence
L with two possible binary values: zero and one. We start
by subtracting the mean value of x(i) from every data point.
We need to ﬁnd a threshold T to transform x(i) into a
binary sequence. The threshold is found as follows: The
positive peak value Up and negative peak value Un of x(i)
are calculated. The number of data points of x(i) that
satisfy the condition 0 ⬍xi ⬍10%Up is calculated. Let this
number be A. Similarly, the number of data points of x(i)

FIG. 4. (a) PSC difference map (original value- corrected value) for a saggital slice. (b) LZ difference map for the same slice. (c) Percentage
reduction in fMRI time course variance after physiologic correction for the same slice.
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satisfying the condition 10%Un ⬍xi ⬍0 is calculated. Let
this number be B. If (A ⫹ B) ⬍40% of n, threshold T ⫽ 0.
If (A ⬍B), T ⫽ 20% Up else, T ⫽ 20% Un. The value of each
data point of the fMRI time series x(i) is compared with T
and assigned a value of 0 or 1 depending on whether its
value is below or above T. The ﬁnite binary sequence L is
used for further analysis.
Let us consider the sequence L ⫽ s1,s2,. . . ,sn, where si is
the character 0 or 1. Let M and N be two sub-strings of L
and let MN be their concatenation. We will denote MN⬘ as
the sequence MN without its last character. Initially, c(n) is
set to 1. Therefore, c(n) ⫽ 1, M ⫽ s1, N ⫽ s2, MN ⫽ s1s2, and
MN⬘ ⫽ s1. If M ⫽ s1,s2,. . . ,sr (1 ⬍r ⬍n) and N ⫽ sr ⫹ 1, then
MN⬘ ⫽ s1,s2,. . . ,sr. The value of c(n) is incremented by one
if N ⰻ MN⬘. If N 僆 MN⬘, then N is a sub-sequence of MN⬘
and not a new sequence. Therefore, M remains unchanged
and N is renewed to sr ⫹ 1, sr ⫹ 2. The process of appending
and comparing N to MN⬘ is continued until N ⰻ MN⬘
again. As the whole sequence L is traversed, the value of
c(n) is also updated. The ﬁnal value of c(n) obtained by
traversing the whole length of L is the complexity measure.
Normalization of the ﬁnal c(n) results in the LZ measure.
Let d(n) be the value of c(n) in the asymptotic case of an
inﬁnitely long random string. Then,
d共n兲 ⫽ lim c共n兲 ⫽
n3⬁

n
log2 n

[6]

Finally, the normalized complexity measure, LZ, is given by
c共n兲/d共n兲

[7]
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