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Abstract

We calculated voxel-by-voxel pairwise crosscorrelations between prewhitened resting-state
BOLD fMRI time series recorded from 60 cortical areas (30 per hemisphere) in 18 human
subjects (nine women and nine men). Altogether, more than a billion-and-a-quarter pairs

of BOLD time series were analyzed. For each pair, a crosscorrelogram was computed by
calculating 21 crosscorrelations, namely at zero lag & 10 lags of 2 s duration each. For
each crosscorrelogram, in turn, the crosscorrelation with the highest absolute value was
found and its sign, value, and lag were retained for further analysis. In addition, the
crosscorrelations at zero lag (irrespective of the location of the peak) were also analyzed as a
special case. Based on known varying density of anatomical connectivity, we distinguished
four general brain groups for which we derived summary statistics of crosscorrelations
between voxels within an area (group I), between voxels of paired homotopic areas across
the two hemispheres (group II), between voxels of an area and all other voxels in the same
(ipsilateral) hemisphere (group III), and voxels of an area and all voxels in the opposite
(contralateral) hemisphere (except those in the homotopic area) (group IV). We found the
following. (a) Most of the crosscorrelogram peaks occurred at zero lag, followed by +1 lag;
(b) over all groups, positive crosscorrelations were much more frequent than negative ones;
(c) average crosscorrelation was highest for group I, and decreased progressively for groups
II-IV; (d) the ratio of positive over negative crosscorrelations was highest for group I

and progressively smaller for groups II-1V; (e) the highest proportion of positive
crosscorrelations (with respect to all positive ones) was observed at zero lag; and (f) the
highest proportion of negative crosscorrelations (with respect to all negative ones) was
observed at lag = 2. These findings reveal a systematic pattern of crosscorrelations

with respect to their sign, magnitude, lag and brain group, as defined above. Given that
these groups were defined along a qualitative gradient of known overall anatomical
connectivity, our results suggest that functional interactions between two voxels may simply
reflect the density of such anatomical connectivity between the areas to which the voxels
belong.
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1. Introduction

During the past 15 odd years, an increasing number of
studies have been carried out on time series of functional
brain neuroimaging data, especially obtained using functional
magnetic resonance imaging (fMRI). In 1995, Biswal ef al [1]
were the first to report significant correlations between fMRI
time courses (filtered <0.1 Hz) obtained for different voxels
in the motor cortex, in the absence of a task (resting) and
during bilateral finger tapping. Similar studies of correlating
fMRI time courses in the resting state in various brain areas
became more and more frequent during the subsequent years;
these studies are summarized in two recent reviews [2, 3]
and will not be discussed here. The common methodological
feature of those studies is the correlation of raw time courses,
commonly subjected to some pre-processing, including spatial
smoothing, corrections for global fluctuations, etc (see, for
example, [2, 4-6]). Unfortunately, no attention has been paid
to the fundamental problem inherent in correlating any pair of
time series, namely the nonstationarity and autocorrelation
of the individual series being correlated. The problem is
that, unless these issues are taken explicitly into account,
correlations between such time series are most likely to be
spurious, since they will reflect both the internal properties of
the series as well as any ‘true’ relation between the two series.
In addition, it is likely that the regression errors (residuals) will
be typically serially correlated, in violation of a fundamental
assumption in least-squares regression analysis, namely that
regression errors be independent, i.e. not serially correlated
[7, 8]. Sucha violation invalidates least-squares regression and
is guaranteed to yield spurious correlations [7]. These pitfalls
were first noted several decades ago [7, 10-18] in statistics
[7,9, 10, 13, 15, 17, 18]. A famous case in econometrics was
a paper with spurious results [11], refuted shortly thereafter
[12] using prewhitening techniques. The recognition of the
serious errors stemming from autocorrelated regression errors
and the application of proper analyses in econometrics were
pioneered by Box, Newbold, Granger and others [12, 14, 16];
the problem was also recognized, more recently, in
neurophysiology [19]. Remarkably, the serious problem of
spurious correlations derived from correlating nonstationary
time series was specifically cited by the Nobel Prize committee
in awarding the Nobel Prize in Economic Sciences to Clive
W I Granger in 2003 [20] and was discussed by Granger
himself in his Nobel Prize lecture [21]. The remedy, pioneered
by Box, Priestley, Newbold, Granger and others [7, 9, 12—
18, 22-25], is to first render the individual, univariate time
series, e.g. X, and Y,, stationary and nonautocorrelated by
suitably modeling the series and taking the stationary and
nonautocorrelated residuals (also called ‘innovations’), R(X)
and R(Y): the correlation between these residuals is the true
correlation between the two time series (see [15] for a lucid
exposition). This preprocessing is called ‘prewhitening’
of the series and is typically accomplished by fitting an
AutoRegressive Integrative Moving Average (ARIMA) model
[10, 25]. Without prewhitening, the correlations between raw
time series are very likely to be spurious, and, at least, do not
reflect the true association between the two series (see [16],

pp 202-14 and pp 230-7, for a particularly lucid discussion
of this issue). In previous studies, since 1995, we applied
this method to fMRI data to detect task effects [26, 27]
(see also [28]) and perform brain network analyses during
cognitive processing [29-31]. In addition, we used this
method of correlating prewhitened neural time series on
magnetoencephalographic (MEG) data to investigate task
differences [32] and assess the potential for such correlations to
discriminate among, and classify, brain diseases in the resting
state [33-36]. In this study, we applied this method on resting
fMRI (rfMRI) data to assess true associations between voxels
within a specific region of interest (ROI), between voxels
of a given ROI and voxels of the same ROI in the opposite
hemisphere (homotopic ROI), between voxels of a given ROI
and other voxels in the same hemisphere, and between voxels
of a given ROI and other voxels in the opposite hemisphere
(excluding those in the homotopic ROI). We found systematic
effects on the strength and sign of correlations among those
four groups which reveal a basic pattern of associations in a
task-free state.

2. Materials and methods

2.1. Subjects

Eighteen healthy human subjects participated in these
experiments as paid volunteers. They ranged in age from 21
to 44 years; nine were men (32.9 + 2.2 years, mean + SEM,;
range: 25-44 years) and nine were women (25.2 £ 1.1 years;
range 21-32 years). All subjects participated in the study after
providing informed consent, in adherence to the Declaration of
Helsinki. The study protocol was approved by the respective
Institutional Review Boards.

2.2. Task

The experimental task was simple, short, did not require a
practice session and engaged the brain in a stable condition.
Subjects lay supine within the scanner and fixated their eyes
on a spot in front of them in the center of the screen. The
absence of eye movement during this fixation period was
verified by using an eye tracking system (ASL eye tracker,
Applied Science Laboratories, Bedford, MA). Subjects were
asked to remain still. Participants wore earplugs to reduce the
scanner noise.

2.3. Image acquisition

Blood oxygenation level dependent (BOLD) contrast
functional images were acquired with a whole-body 3 T MRI
scanner (Magnetom Trio, Siemens, Erlangen, Germany) at the
Center for Magnetic Resonance Research of the University of
Minnesota using a gradient echo echo-planar imaging (EPI)
(T2*) sequence with the following parameters: echo time
(TE) = 23 ms; repetition time (TR) = 2 s; flip angle =
90°; in-plane resolution, 3 mm x 3 mm; slice thickness, 3 mm
without inter slice gap. Whole-brain functional volumes (N =
203) of 38 axial slices covering the whole brain, cerebellum,
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and brain stem were obtained for each subject. A high-
resolution anatomical T1-weighted 3D flash scan was obtained
with the following parameters: TE = 4.7 ms; TR = 20 ms;
flip angle = 22°; in-plane resolution = 1 mm x 1 mm; slice
thickness = 1 mm; 176 slices in total.

2.4. Data extraction

All analyses were performed on the BOLD time series signal
acquired per individual voxel in the whole brain of each
subject. Coordinates in Talairach space for each voxel, as well
as the BOLD intensity for each voxel, were extracted using
Brain Voyager QX (v.1.10, Brain Innovation BV, Maastricht,
The Netherlands). Slice scan time correction was performed
using sinc interpolation based on the information about TR and
interleaved order of slice scanning. Three-dimensional motion
correction was performed to correct for small head movements,
if present, by spatially aligning all volumes of a subject to the
first volume using rigid body transformations. The estimated
parameters of translation and rotation were inspected and did
notexceed 3 mmor2°. The 3D volumes were then aligned with
the corresponding 3D anatomical volumes and normalized to
standard Talairach space [37]. Matlab (R2008b, Mathworks,
Natick, MA, USA) programs were implemented to enable
BOLD time series extraction from volume time course and
anatomical mask available from Brain Voyager. For each
subject, 203 functional images were acquired continuously,
yielding a sequence of 203 BOLD signal values per voxel;
of these, the first three volumes were discarded, leaving a
time series of 200 BOLD values for analysis. Because the
coefficient of variation is higher in the vicinity of large vessels
and outside the brain [38], we analyzed only voxels with
coefficient of variation of no more than 5%.

A high-speed database server called Talairach Daemon
[39, 40] was used for automatic brain segmentation of
individual brains in Talairach space. Talairach coordinates of
each voxel were used to search the Talairach Daemon database
(www.talairach.org, v.2.4.2) for the Talairach label using the
‘single point’ search option. All voxels of the gray matter
of the following 30 areas of the cerebral cortex in the left
and right hemispheres were analyzed (for a total of 60 areas):
precentral gyrus, superior frontal gyrus, middle frontal gyrus,
inferior frontal gyrus, precentral lobule, medial frontal gyrus,
rectal gyrus, subcallosal gyrus, orbital gyrus, postcentral
gyrus, superior parietal lobule, inferior parietal lobule, angular
gyrus, supramarginal gyrus, precuneus, superior occipital
gyrus, middle occipital gyrus, inferior occipital gyrus, cuneus,
lingual gyrus, superior temporal gyrus, middle temporal gyrus,
inferior temporal gyrus, transverse temporal gyrus, fusiform
gyrus, cingulate gyrus, anterior cingulate, posterior cingulate,
parahippocampal gyrus, uncus.

2.5. Data preprocessing: prewhitening the raw BOLD time
series

Initial inspection of the BOLD time series from many voxels
revealed that they were nonstationary with respect to the mean
and highly autocorrelated. (The variance did not vary much
along the series.) Since we were interested in calculating the

crosscorrelation function (CCF) between these time series, it is
required, from first principles [10, 13—15, 17], that individual
series be rendered stationary and nonautocorrelated for their
crosscorrelation to be valid (i.e. not spurious). ‘Stationarity’
implies that statistical parameters do not vary along the time
series, i.e. they are more or less constant at different time points
t, i.e. for small time intervals centered at #. There are three
parameters of interest: mean, variance and autocovariance.
A simple plot of the data and a plot of the autocorrelation
function would typically go a long way to begin assessment of
the time series and decide on initial steps to render it stationary.
For example, inspection of the raw BOLD time series plots
for the two voxels in the top panel of figure 1 shows that
BOLD values vary with time (indicating the presence of time
trends, i.e. that the series is ‘integrated’ [14, 16]); moreover,
inspection of the corresponding autocorrelation plots of these
series in figure 2 (top panel) shows a strong dependence
of BOLD values on previous values, up to 15 lags being
plotted. On the other hand, the variance of BOLD values
does not seem to vary systematically with the time-varying
mean. This initial qualitative assessment suggests that the
series is nonstationary and autocorrelated. The objective now
is to render the series stationary and nonautocorrelated, i.e.
convert it to white noise, hence the term ‘prewhitening’. The
strategy [7, 10, 15, 17, 22, 25] is to model the series and
then apply the model and take the residuals; the better the
modeling of the series is, the closer the residuals will be
to white noise. This prewhitening is commonly achieved
in two stages. The first stage is called model identification
and consists in identifying the factors that are relevant for the
internal structure of the series. The tools for this step consist
of inspecting the series and plotting autocorrelation functions,
including the raw autocorrelation (ACF, i.e. the correlation
between X; and X;_;) and the partial autocorrelation (PACF,
i.e. the correlation between X; and X;_; when all intervening
relations between X; and X;_;, namely between X; and {X,_,
..., X;—r—1y have been accounted for, that is ‘partialed out’).
Based on the data time series plot and the shape of ACF and
PACEF, a tentative model is suggested with respect to three kinds
of basic factors: dependence of a value on previous values
(‘AutoRegressive, AR’ component of the model), presence
of time trends (‘Integrative, I’ component of the model),
and dependence of a value on the variation of previous
values (‘Moving Average, MA’ component). Following the
pioneering work of Box and Jenkins [10], this is called ARIMA
modeling of a time series (from the capitalized initials of
the three model components above). An ARIMA model is
concisely described as of (p, d, g) orders, where p denotes
the AR orders (i.e. the number of AR lags in the model), d
denotes the I orders (i.e. the number of differencing in the
model), and g denotes the MA orders (i.e. the number of MA
lags in the model). After a tentative choice of (p, d, ¢) orders,
we proceed in the second stage, namely model parameter
estimation.  This stage involves computations which are
commonly implemented in several statistical packages and
which yield coefficients for the AR and MA lags specified.
Typical diagnostic checking of the model involves plotting the
residuals, their ACF and PACEF, ensuring that the AR and MA
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Figure 1. Resting fMRI time series recorded from 2 voxels in the left superior parietal lobule of a single subject after various stages of

processing, as indicated.

coefficients are within bounds of stationarity and invertibility,
respectively, and calculating some global measures, including
the sums of the squares of residuals, Akaike’s information
criterion, Schwartz’s Bayesian criterion, etc. The essential
point for our application is not really to model the series
perfectly (this could be an ad hoc objective of another study
aimed to elucidate the various dependences in a BOLD time
series) but to model it adequately enough so that the residuals
obtained are stationary and nonautocorrelated. If indeed so,
we retain them for the subsequent crosscorrelation analysis;

otherwise, the model is further refined iteratively by varying
the (p, d, q) orders until this goal is attained.

Typically, we start with (p = 0, d = 1, ¢ = 0) which
involves first-order differencing: X; — X;_; (see below). This
aims to remove nonperiodic time trends which are ubiquitous,
even in random walks [14, 16]. (For a particularly instructive
explication of this problem, see [14] and [16], pp 202-14
and pp 230-7.) (Periodic trends, if present, say at lag k are
removed by differencing at that lag: X, — X;_,.) It can be seen
in figure 1 (middle panel) that this process indeed removed
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Figure 2. Autocorrelation functions of the time series in figure 1 after various stages of processing. Notice that the innovations series (i.e.
residuals) after ARIMA (15, 1, 1) are nonautocorrelated. Lines on either side of the abscissa indicate 5% statistical significance levels.

the trends and that now the mean of the series is centered
near zero. However, differencing was not adequate: the ACF
plots of the differenced series (figure 2, middle panel) show
a big improvement in reducing autocorrelations as compared
to the raw data (figure 2, top panel) but the ACF of the (p =
0, d = 1, g = 0) residuals contain a number of statistically
significant autocorrelations, especially at the first few lags
which are the most important for our application. (That
simple differencing was in general insufficient is indicated

by the plots in figure 3.) This outcome indicates that further
modeling is required. Indeed, extensive iterative investigation
yielded an ARIMA model of (p = 15, d = 1, ¢ = 1),
or (15, 1, 1) for short, which yielded stationary (figure 1,
bottom panel) and nonautocorrelated (figure 2, bottom panel)
residuals. Following Priestley [18], we call these residual
series ‘innovations’, to denote the ‘essentially “new” part of
X, +1, in the sense that it represents that part of X;,; which is not
linearly dependent on past observations’ ([18], p 740, italics
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Figure 3. Percentages of autocorrelations in raw and differenced resting fMRI time series exceeding a ~95% confidence interval as
threshold are plotted against the absolute lag (see the text). Notice (a) the very high percentage of autocorrelations exceeding threshold, and
(b) that differencing is not sufficient to yield nonautocorrelated residuals, hence the need for additional (ARMA) components in the time

series model.

in the original). (Priestley also provides a nice geometrical
interpretation of the innovations process in [18], figure 10.3,
p 740.) We used the SPSS statistical package for Windows
(version 15, SPSS Inc., Chicago, IL, 2006) to carry out the
ARIMA modeling. Our choice of 15 AR lags was dictated
by the fact that our crosscorrelation analysis extended up to
10 lags, so we wanted to ensure lack of autocorrelation for a
few lags beyond 10.

2.6. ARIMA equations

The formal ARIMA equations are given in practically every
textbook on time series (see [25] for the most recent textbook
by Box et al). However, we give them here too for the purpose
of clarity. We present below the standard equations. (In time
series analysis, use is made frequently of the backshift and del
notation which can be found in time series textbooks.)

2.6.1. Integrative (I) model. Time series are often
nonstationary, i.e. typically show an average increase or a
decrease in their value over time (see, e.g., the raw BOLD time
series in figure 1, top panels). As mentioned in the preceding
paragraph, the first step is to make the series stationary in its
mean. This is achieved by differencing. Consider a BOLD
series X(f) with TR = 2 s, where there is an upward linear
trend (e.g., top-right plot in figure 1). This means that every
2 s the series increases on average (in expectation) by some
constant amount C. Since

X, =C+X,_1+N, 6]
where NV, is arandom ‘noise’ component with expectation zero,
X, —X,.1=C+N,. 2)

Thus N, + C, or just N,, is a stationary process with the linear
trend removed. Let z, be the stationary series obtained by
differencing series X;:

=X — Xi1. 3)

2.6.2. AutoRegressive (AR) model. The AR model refers to
dependence on past values of the series. Obviously, it can
only be applied to a stationary series, i.e. to a series without
trend (otherwise, the estimated dependence on previous values
would include the trend, and hence would be spurious and
invalid). Given the stationary series z,, the AR model implies
a linear dependence of z, on previous values {z,—1, z/—2, . - .,
Zi—k }» and is similar to a linear regression model. The highest
lag k specifies the order p of the AR model. At any time

4 =C+P1zi 1 +Pozp 0+ -+ Pz +ay, 4

where C is the constant level, {z;,—1, z/—2, ..., Zr—x} are
past series values (lags), the ®s are coefficients (similar to
regression coefficients) to be estimated, and a, is a random
variable with mean zero and constant variance. The a;s are
assumed to be independent and represent random errors or
random shocks.

2.6.3. Moving Average (MA)model. The MA model refers to
the dependence on the past values of the random shocks above.
(Again, this can only be applied to a suitably differenced,
stationary series.) Given the stationary series z;, the MA
model implies a linear dependence of z; on previous values
{a;—1, a;—2, ..., a;_m }. The highest lag m specifies the order
q of the MA model. At any time,

=0 — 0101 — ;3 — -+ — Ort;_p. (5)

This model is called moving average because z; is assumed to
be a weighted average of the uncorrelated a;s.

2.6.4. Combined ARMA model. The AR and MA models can
be combined to an ARMA model of the stationary series z; to
account for both past values and past random shocks. Note
that, similar to the AR and MA cases, the ARMA model can
only be applied to a suitably differenced stationary process; it
is incorrect and invalid to apply such a model to series with
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trends. Consider an ARMA model with (p = 3, g = 2) of the
stationary series z,. The combined model is then

4 =C+D1zi1 +Dozs 2+ P3zs3+a; — O, — 0.
(6)

Given that z; is a stationary, once-differenced series, the
complete model for the original series X; is an ARIMA model
with (p =3,d =1, g =2).

2.7. Crosscorrelations

Crosscorrelations r between the innovations series of each pair
of voxels were calculated for 10 lags, corresponding to 20 s,
given TR = 2 s. (It should be noted that these crosscorrelation
lags are unrelated to the autocorrelation lags used for ARIMA
modeling and diagnostics.) In addition to the lag-based
analysis, we also analyzed the zero-lag crosscorrelations as
a special case.

2.8. Data transformations

For statistical analyses, standard transformations were applied
to specific data as follows to stabilize their variance and
normalize their distributions [41].

(a) Correlations were z-transformed [42]: z = 0.5[log.(1+
r) — log.(1 — r)].

(b) Ratios were log-transformed: ratio’ = log, (ratio).

(c) Proportions were arcsin-transformed: proportion’ =
arcsin(proportion); for plotting purposes, proportions
were converted to percentages.

The double-precision functions of the IMSL statistical
library in FORTRAN were used for all computations using
personal computers (Compaq Visual Fortran Professional
Edition, version 6.6B) and a 512-core Linux cluster (Rocks 5.1,
CentOS 5.2, Intel Fortran Compiler 10.0, IMSL 6.0).

2.9. Statistical analyses

Standard statistical analyses were performed [41], including
analysis of covariance (ANCOVA), linear regression, #-test,
etc. The SPSS statistical package for Windows (version 15)
was used for this purpose. The Durbin—Watson test (and its
statistical significance for testing the null hypothesis that serial
correlation of regression residuals is zero) was computed using
Matlab R2010b, version 7.11.0.584 (64 bit).

2.10. Brain groups

Crosscorrelations were calculated for each pair of voxels.
These voxel pairs were assigned as follows to one of four
groups. In the intra-area group (group I), both voxels in
a pair were located within the same area; in the homotopic
group (group II), one voxel was located in a given area and the
other in the same area of the opposite hemisphere; in the ipsi-
hemispheric group (group III), one voxel was located in a given
area and the other in any other area of the same hemisphere;
finally, in the contra-hemispheric group (group IV), one voxel
was located in a given area of one hemisphere and the other in

any nonhomotopic area of the opposite hemisphere. Various
statistics (e.g. means) were calculated for each group across
subjects.

3. Results

3.1. General

Data (i.e. BOLD time series) were available from 212227
voxels in the 60 brain areas above (30 areas for each
hemisphere) corresponding to 1255517 520 pairs. Given that
we computed a crosscorrelogram with 21 values (0 = 10 lags)
for each pair, the total number of crosscorrelations calculated
was 26 365 867 920.

3.2. ARIMA

The raw BOLD times series were typically nonstationary
and highly autocorrelated (figures 1 and 2, top panel).
Following differencing, the series became centered on zero
(figure 1, middle panel) but significant autocorrelations
remained (figure 2, middle panel). These were removed after
applying the full ARIMA (15, 1, 1) model (see section 2) which
yielded innovations series (i.e. residuals) centered on zero with
lower variance (figure 1, bottom panel) and nonautocorrelated
values (figure 2, bottom panel).

These changes in autocorrelations were quantified by
calculating the percentage of autocorrelations that exceeded
an arbitrary threshold, namely that the absolute value of an
autocorrelation at a specific lag was higher than twice its
standard error. (This threshold corresponds approximately to
a 5% probability level for a single autocorrelogram.) Figure 3
shows these percentages for different lags for the raw and
differenced (i.e. detrended) data. It can be seen that very
high percentages of autocorrelations exceeded threshold for
the raw data, and that high percentages remained for the first
two lags in the detrended (differenced) data. This latter finding
indicates that autocorrelations exceeding threshold are not just
due to time trends but are inherent to the BOLD time series. In
contrast, the percentages for the ARIMA (15, 1, 1) innovations
process exceeding threshold were extremely small and are not
shown (for that reason). Specifically, the mean percentage
(£SEM, N = 15 lags) of autocorrelations exceeding threshold
in the ARIMA innovations series was 0.0159% =+ 0.008 24, as
compared to 74.3% = 2.72 for the raw series and 20.34% =+
5.57 for the differenced (detrended) series.

3.3. Crosscorrelations

As expected from the presence of trends and high
autocorrelations above, crosscorrelations between raw BOLD
time series were very inflated (figure 4, upper panel),
as compared to the crosscorrelations between the ARIMA
innovations series (figure 4, lower panel). In fact, differences
need not be restricted to the magnitude of the correlation but
they affect its sign and lag, as illustrated in additional examples
in figure 5 (see also [16] pp 230-7). The correlations between
raw time series are spurious, and those between the ARIMA
innovations series are correct.
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Figure 4. CCFs between the series illustrated in figure 1 for the raw
and ARIMA innovations. Notice the spurious, widespread high
crosscorrelations in the raw data, as contrasted with the true, single
high zero-lag crosscorrelation of the innovation series.

3.3.1.  Serial correlations in regression residuals. The
spuriousness of the correlations between raw time series (top
panel of figure 4 and left panel of figure 5) stems not only
from first principles [10, 12—18], recognized in Granger’s
Nobel Prize Citation [21] and his Nobel Prize Lecture [20],
but also from the fact that correlating nonstationary time series
typically violates a fundamental assumption of least-squares
regression, namely that regression errors (i.e. residuals) be
independent [7, 8, 41]; if regression errors are serially
correlated, the correlation coefficient calculated is spurious.
The estimates of any least-squares regression analysis with
serially correlated errors are invalid, with typically low
estimates of standard errors and hence inflated statistical
significance of the slope and inflated correlation coefficient.
These detrimental effects of serially correlated errors are
being explicated in practically every standard textbook of
elementary (or sophisticated) statistics, for the problem is
specific to regression/correlation of any data, not just time
series. For example, a standard textbook on regression [8]
devoted 16 pages (pp 153-69) to just this issue. Fortunately,

there is a special test by which to detect serial correlation
in regression residuals, namely the Durbin—Watson test
[43, 44], developed 60 years ago. The Durbin—Watson test
can tell us whether a violation of error independence exists,
and whether it is significant. Therefore, this is an objective
measure by which to test the validity of any analysis, including
any such analysis of neural associations reported in this paper
as well as in the literature. Since we do not have access to data
published in the literature from other groups, we carried out an
extensive analysis of the residuals in a sample of 300 voxels
(yielding 44 850 pairwise correlations) from our data, under
three conditions: (a) raw time series, (b) time series filtered
as described by Fox et al [4] (0.009 < f < 0.08 Hz), and
(c) prewhitened time series, as described above. For each pair,
we calculated the autocorrelation function of the residuals and
the corresponding Durbin—Watson test statistic d. We illustrate
the results in figures 6 and 7. In figure 6 (left panel), we plot
three CCFs for a pair of voxels. It can be seen that they are
drastically different, and that the crosscorrelations of the raw
and filtered time series are very inflated. In fact, both the
high values of the correlations and the smooth shape of the
crosscorrelograms of nonstationary series make them suspect,
as succinctly discussed by Granger and Newbold: ‘Thus, not
only does one have to contend with the spurious regression
phenomenon of the size of the cross correlations, but also
the shape of the cross correlogram is impossible to interpret
sensibly’ ([16], p 232). In the right panel of figure 6, we plot
the autocorrelation functions of the residuals for the zero-lag
crosscorrelation: it can be seen that the residuals are highly
autocorrelated for both the raw and filtered data, with lag 1
serial correlation close to 0.8. The Durbin—Watson statistic d
was 1.237 for the raw data regression, 0.281 for the filtered
data and 2.095 for the prewhitened data (the smaller the value
of d, the higher the serial correlation of the residual, the more
suspect the correlation coefficient [16]). The critical value
(p < 0.05) of d in our sample is 1.753: any value below it
rejects the null hypothesis that the serial correlation of the
residuals is zero, so only the prewhitened data yield correct
estimates. The spuriousness of high correlations associated
with low d is beautifully discussed and illustrated in [14, 16]
(see also [21, 20]). Finally, in figure 7, we plot histograms of
all Durbin—Watson d values obtained in this analysis of 44 850
correlations: it can be seen that both raw and filtered data had
d values below critical significance threshold (vertical line),
hence are providing wrong correlation estimates (99.6% for
the raw and 100% for the filtered data). By contrast, 100%
of the prewhitened data had d values above the threshold, thus
providing correct estimates.

3.3.2. Neural connectivity maps. Both fundamental
statistical considerations (discussed in the introduction and
section 4 below) as well as the results obtained above show
that correlations between nonstationary and/or autocorrelated
time series are spurious. In this analysis we assessed the
extent of this error and the effect it may have on inferences
about neural connectivity by plotting the neural connectivity
pattern obtained by correlating filtered and prewhitened series.
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Figure 5. Three additional examples of spurious CCF (A, B, C) between raw time series and corresponding true CCF (A’, B/, C’) between
the corresponding ARIMA innovations. Notice that the presence of a true significant CCF between innovations (C’) is missed in the raw

series (C).

Figure 8 plots the spatial pattern of significant (p < 0.05) zero-
lag correlations obtained for the right superior parietal lobule
of one subject. As expected from first principles, the number
of significant correlations was much higher (3.5 times) in the
filtered than the prewhitened case. Even more importantly,
it can be seen in figure 8 that the prewhitened analysis
yielded an interesting pattern of functional connectivity

within the superior parietal lobule, consisting of two separate
subgroups linked by negative correlations; no such pattern
was discernible in the filtered case. These results underscore
the power and prospect of the correct correlation analysis for
discovering true neural connectivity patterns. Very similar
results were obtained for other areas and are currently under
investigation.
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p < 0.05 threshold for rejecting the null hypothesis that the serial
correlation of the regression residuals is zero. Values below that
level (i.e. to the left of the line) reject the null hypothesis (indicating
that there exists a significant serial correlation).
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3.4. Peak crosscorrelations

3.4.1. General. As mentioned above, a crosscorrelogram
was computed for each pair of voxels (0 lag £ 10 lags =
21 crosscorrelations).  For this analysis, we wanted to
identify the sign, magnitude and lag of the strongest
crosscorrelation in each crosscorrelogram, and how these
measures differed among the four brain groups defined above.
For that purpose, the maximum absolute crosscorrelation
was found and its sign and lag noted and assigned to one
of the four brain groups, depending on the location of
the crosscorrelated voxels. For each group, the following
summary statistics were computed for each lag: (1) the
number of positive crosscorrelations (N,), (2) the number
of negative crosscorrelations (N,), (3) the positive/negative
ratio: %, (4) the percentage of positive crosscorrelations
(with re"spect to all positive crosscorrelations), (5) the
percentage of negative crosscorrelations (with respect to
all negative crosscorrelations), (6) the mean positive z-
transformed crosscorrelation, (7) the mean negative z-
transformed crosscorrelation, and (8) the overall z-transformed
mean. We found the following.

3.4.2. Sign and counts of peak crosscorrelations. With
respect to the counts of the strongest crosscorrelations, there
were many more positive than negative crosscorrelations.
Figure 9 shows the % ratio as a function of lag for each
group. (The positive and negative lags have been collapsed to
their absolute value, since the sign of the lag has no meaning
when averaging.) It can be seen that this ratio was very high
at zero lag, decreased at |lag| = 1, and practically became
unity for subsequent lags. In addition, there were systematic
differences among the four brain groups, in that the % ratio
was highest for the intra-area group, and progressively’l lower
for the homotopic, ipsi-hemispheric and contra-hemispheric
groups. These group differences were most prominent at zero
lag and at [lag| = 1. An ANOVA on log, (%—:) (see section 2)
showed highly significant effects of group (F3 1468 = 9.72,
P < 0.001), |lag| (F10,1468 = 537.39, P < 0.001) and group
x |lag| interaction (F39, 1468 = 2.18, P = 0.002).

3.4.3. Lag distributions of peak crosscorrelations. Positive
and negative crosscorrelations were distributed unevenly
across different lags. The percentage of positive (peak)
crosscorrelations was highest at zero lag and decreased
smoothly at longer lags, becoming practically flat at |lag| >
3 (figure 10, upper panel). In addition, there were systematic
group differences; an ANOVA on the arcsin-transformed
proportions (see section 2) showed highly significant effects
of group (F3!146g = 895, P < 0001), |1ag| (F10’1463 =
1962.5, P < 0.001) and group x|lag| interaction (F3g 1468 =
19.73, P < 0.001). In contrast, the percentages of negative
crosscorrelations varied more widely across lags (figure 10,
lower panel), with a peak at |lag| = 2. An ANOVA showed
a highly significant effect only of |lag| (Fio 1468 = 212.59,
P < 0.001); neither group nor the group X [lag| interaction
were statistically significant (P = 0.982 and P = 0.999,
respectively). It can be seen in figure 10 (lower panel) that
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Figure 8. Network connectivity patterns of the right superior parietal lobule of a single subject derived using filtered (see the text) or
prewhitened BOLD time series. Green and red lines indicate positive or negative zero-lag cross correlations, respectively. A nominal
threshold of p < 0.05 on the correlation coefficient was applied. There were 3.5 times more significant correlations in the filtered than the

prewhitened series (N = 830 and 241, respectively).
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Figure 9. Positive /negative ratio of the counts of peak
crosscorrelations for the four brain groups is plotted against the
absolute lag.

the percentage for the ipsi- and contra-hemispheric groups
(blue and magenta color, respectively, almost superimposed)
are lower than the other values. To test whether this was
significant, we performed an additional ANOVA specifically
for |lag| = 0. The group effect was not statistically significant
(P = 0.873); in addition, none of the pairwise comparisons
between groups showed any statistically significant difference
(P > 0.5 for all comparisons).

3.4.4. Strength of peak crosscorrelations. Figure 11 plots
the mean (z-transformed, across subjects) crosscorrelations
for different lags and groups. It can be seen that (a) positive
crosscorrelations were consistently stronger (i.e. in absolute
value) than negative ones, (b) both positive and negative
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crosscorrelations were strongest at zero lag and decreased
progressively at longer lags, and (c) both positive and negative
crosscorrelations were strongest for the intra-area group and
progressively weaker for the homotopic, ipsi-hemispheric,
and contra-hemispheric groups. Interestingly, the intra-area
group seems to cluster with the homotopic group, whereas
the ipsi-hemispheric group seems to cluster with the contra-
hemispheric group. An ANOVA on positive crosscorrelations
showed highly significant effects of group (F3 1463 = 26.63,
P < 0001), |lag| (F10’1463 = 44]48, P < 000]) and group
X |lag| interaction (F3¢, 1468 = 22.0, P < 0.001). An ANOVA on
negative crosscorrelations showed highly significant effects of
group (F3,1468 = 10778, P < 0001), |lag| (F10,1468 = 1175.4,
P < 0.001) and a weaker group x |lag| interaction (F3p, 468 =
1.59, P = 0.023).

3.5. Zero-lag crosscorrelations

3.5.1. General. In the previous section we focused on
the analysis of peak crosscorrelations with respect to their
values, sign, lag distribution and brain group differences. In
this section we focused specifically on the crosscorrelations
observed at zero lag, irrespective of the location of the peak
crosscorrelation. These two analyses provide different and
complementary information.

3.5.2. Sign and counts of zero-lag crosscorrelations.
Overall, there were approximately three times more positive
than negative correlations (figure 12); these proportions
were highly statistically significant (paired #-test on arcsin-
transformed proportions, t;; = 33.29, P < 0.001, N = 18
subjects x 4 groups = 72). In addition, there were systematic
differences among the four brain groups, which are as follows
(figure 13). With respect to the frequency of occurrence
of positive and negative correlations, (a) the percentage of
positive correlations was highest for the intra-area group,
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Figure 10. Relative distributions of positive (upper panel) and
negative (lower panel) crosscorrelations are plotted against absolute
lag for the four brain groups. Since the negative and positive were
collapsed (see the text), 100% = percentage at zero lag + (2 x
percentage at the other lags).

and progressively lower for the homotopic, ipsi-hemispheric
and contra-hemispheric groups (ANOVA, group main effect,
F3.63 =6.14, P =0.001) (figure 13, top panel); (b) conversely,
the percentage of negative correlations was lowest in the intra-
area group, and progressively higher for the homotopic, ipsi-
hemispheric and contra-hemispheric groups (ANOVA, group
main effect, F3¢3 = 6.34, P = 0.001) (figure 13, middle
panel); (c) the positive/negative ratio was highest for the intra-
area group, and progressively lower for the homotopic, ipsi-
hemispheric and contra-hemispheric groups (ANOVA, group
main effect, F3 63 = 6.00, P =0.001) (figure 13, bottom panel).

3.5.3.  Strength of zero-lag crosscorrelations (figure 15).
Overall, the strength of the mean positive z-transformed zero-
lag crosscorrelation (z° = 0.13) was approximately two times
that of the mean negative one (Iz°| = 0.07) (figure 14). In
addition, there were systematic differences among the four
brain groups, which are as follows (figure 15). Specifically,

13
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Figure 11. Mean z-transformed positive and negative
crosscorrelations for each brain group are plotted against absolute
lag.

the z-transformed mean positive crosscorrelation was highest
for the intra-area group, and progressively lower for the
homotopic, ipsi-hemispheric and contra-hemispheric groups
(ANOVA, group main effect, F3¢g 13.83, P = 0.001)
(figure 15, top panel). In contrast, the z-transformed mean
negative crosscorrelation did not differ significantly among
groups (ANOVA, group main effect, Fz¢3 = 0974, P =
0.41) although it was lowest in the intra-area group, and
progressively higher for the homotopic, ipsi-hemispheric and
contra-hemispheric groups (figure 15, middle panel). Finally,
statistically significant differences with respect to brain groups
were observed for the overall mean (ANOVA, group main
effect, Fs 68 =11.10, P < 0.001).

3.5.4. Relative brain groups contributions. A different issue
concerns the relative contributions of the various sources
(i.e. the four brain groups) to the whole variance accounted
for by them. We derived approximate estimates of these
contributions as follows. First, we calculated the mean of the
absolute values of the zero-lag z-transformed crosscorrelations
for each group. This step ensured that all correlations are taken
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Figure 12. Percentages of positive and negative zero-lag Percent Negative
crosscorrelations (total N = 1255517 520). Lines on top of the bars
indicate one SEM calculated from across subjects and brain groups 28-
(N = 18 subjects x 4 groups = 72).
into account, irrespective of their sign. Next, we converted 264
these z-transformed values to crosscorrelations. Then, we
squared these crosscorrelations to derive the proportion of
variance accounted for by the crosscorrelation in each group. 241
Finally, we added these proportions and re-expressed them
as percentages of their sum. These percentages were 35%
for the intra-area group, 27% for the homotopic group, 20% 227
for the ipsi-hemispheric group, and 18% for the contra-
hemispheric group (figure 16). These values can be considered
as approximate estimates of the overall relative strength of 201
association between zero-lag, BOLD voxel signals in the
different brain groups. 5.04 Pos/Neg Ratio
4. Discussion
4.5
4.1. Methodological considerations
4.1.1. Spuriousness  of  correlating  nonstationary 4 0
autocorrelated time series. As mentioned in the introduction,
previous studies of functional connectivity have typically
relied on correlating time series, variously preprocessed (e.g. 35
filtered, adjusted, smoothed, averaged, etc) but without taking
into consideration the single most important aspect in a time
series, namely their internal structure (i.e. nonstationarity and 3.0~
autocorrelation). The point is that the true value of such results
with respect to the true association between the two time series
is undetermined, since the computed correlations variously 2.5

reflect a combination of factors, including the internal structure .
of the series, external influences and the true relation between Intra Homo |pS| Contra
the two series [15]. Unless the time series being correlated are Figure 13. Mean percentages of positive, negative and
stationary and nonautocorrelated, their computed correlations  positive /negative ratio of zero-lag crosscorrelations for each brain
will be spurious, due, among other reasons, to autocorrelated  group, as indicated. Lines on top of the bars indicate one SEM
errors. It is this aspect which spoils any correlation between ~ calculated from across subjects (N = 18).

nonstationary and/or nonautocorrelated time series and which

renders any conclusions drawn from such analysis invalid. To
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Figure 14. Mean positive, negative and overall z-transformed
zero-lag crosscorrelations for each brain group, as indicated.
Conventions as in figure 13

quote directly from a famous paper by Granger and Newbold
[14] on work that was cited in the 2003 Clive Granger Nobel
Prize press release [21] and discussed by Granger in his Nobel
Prize lecture [20]:

‘There are, in fact, as is well known, three major
consequences of autocorrelated errors in regression analysis:

(i) Estimates of the regression coefficients are inefficient.
(i1) Forecasts based on the regression equations are sub-
optimal.
(iii) The usual significance tests on the coefficients are invalid’
([14],p 111).

In fact, the detrimental effects of correlated errors has
been stressed repeatedly over the past several decades with
respect to regression in general [7, 8], correlation of raw
time series [10, 12—18], and forecasting in single time series
[16]. And yet, all studies we know of on resting or task-
related fMRI during the past 16 odd years have relied on
correlations between raw (or filtered) nonstationary and/or
autocorrelated time series. (Those studies are too many
to cite here; for typical examples, see [4] and [45] for
resting and task fMRI studies, respectively.) The current
situation in our field resembles very much the situation in
econometrics in the early 1970s. It is worth quoting again
from the paper of Granger and Newbold [14], published
37 years ago: ‘We find it very curious that whereas
virtually every textbook on econometric methodology contains
explicit warnings of the dangers of autocorrelated errors,
this phenomenon crops up so frequently in applied work’
([14], p 111).

The same considerations apply to time series analyses
in the frequency (spectral) domain, since the two methods
(time and frequency domains) are intimately related [9]. For
example, the autospectrum is the Fourier transform of the
autocovariance function, and, similarly, the cross spectrum
is the Fourier transform of the crosscovariance function.
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Figure 15. Mean positive and negative zero-lag z-transformed
crosscorrelations across all brain groups. Conventions as in
figure 13.

Spectral analyses of times series have a long history (see, e.g.,
[9, 18, 46—49]. All of this early work, as well as subsequent
work, has drawn attention to the detrimental effects of
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Figure 16. Relative contributions of the four brain groups to the
zero-lag crosscorrelations (see the text for details).

nonstationarities and autocorrelations on estimating the true
spectral coherency between two time series. We quote directly
from Jenkins and Watts [9]: for the time domain: ‘... unless
a filtering operation is applied to both series to convert them
to white noise, spurious cross correlations may arise’ ([9],
p 321); and for the frequency domain: ‘... the sample phase
and cross amplitude spectral estimators are derived, under
the assumption that the two processes are uncorrelated white
noise processes’ ([9], p 363). The choice of the specific
method to use depends on the problem; for example, frequency
domain analyses (i.e. cross spectral analyses) yield valuable
information on relations between the two series across a range
of frequencies, whereas time domain analyses (i.e. CCF)
provide valuable information on the sign (positive or negative)
of the relation. In fact, time-domain and frequency-domain
analyses can be used profitably on the same problem ([9],
p 367). However, the important point is that for valid
inferences to be obtained regarding the relations between
two time series, both methods require that the time series
be stationary and nonautocorrelated.

4.1.2. Prewhitening. To find the true relation between two
time series, a two-stage approach is followed, explicated
lucidly in [15]. First, univariate models are fitted to each
series and the residuals (innovations) taken, to strip the series
of nonstationarities and autocorrelations before a correlation
(or coherence) is computed. Thus the series are converted
to white noise [14—16], and hence the term ‘prewhitening’
[46] (see also [49]). Prewhitening can be achieved either
in the frequency domain [46, 47] or in the time domain
[10, 25]. The latter procedure is called ARIMA [10], a term
derived from the initials of three essential components that
define a time series, namely an AutoRegressive component
(i.e. the dependence of a given value in the series on previous
values), an Integrative component (e.g. a linear trend), and a
Moving Average component (i.e. the dependence of a given
value on random shocks of previous values). This procedure is
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standard in time series analysis, is straightforward, is described
in many time series analysis textbooks [10, 18, 22-25], and is
readily implemented in various statistical packages (e.g. SPSS,
Matlab, SAS, R, etc). The main tool for model identification
is the autocorrelation and partial autocorrelation functions,
assuming that the series is suitably differenced to be stationary.
In the frequency domain, the tool is the spectrum which is
the Fourier transform of the autocorrelation function of the
differenced (stationary) series. Prewhitening is a standard
procedure in many fields, especially in industrial engineering
and econometrics, where forecasting and control carry major
weight and where wrong statements and predictions carry
substantial penalties.

4.1.3. Other approaches. Crosscorrelation analyses in fMRI
research address directly the issue of dynamic connectivity;
in contrast, the grouping of fMRI time courses into similar
patterns addresses the issue of similarity of spontaneous or
evoked temporal fluctuations in the BOLD signal. It should be
noted that these are two very different issues: (a) no inferences
on connectivity can be drawn from similarities in time courses,
whereas, conversely, (b) no inferences on similarity of time
courses can be drawn from information on connectivity. The
former case is undetermined, since many different quantities
can have very similar time courses without been connected
(e.g. trains moving north with the same speed time course in
Paris and Athens); and in the latter case, the relation between
the time courses in a pair of connected quantities is determined
by their transfer function (including feedback and delays), and
may or may not be similar.

Grouping of fMRI time courses according to their shape
has been carried out using principal component analysis
(PCA) and independent component analysis (ICA) (see
recent reviews [2, 3]). These methods have provided
useful information concerning neural systems participating in
potentially common functions. However, as mentioned above,
no inference on connectivity can be drawn from the degree of
similarity of time courses, and, hence, no such inferences on
neural connectivity can be drawn from PCA or ICA analysis
of BOLD time courses. Problems arise when correlations are
computed between BOLD time series grouped together by
prior PCA or ICA analyses (see [50] for an example): such
correlations are spurious if the raw (or filtered) data are used,
as discussed above. The point is that the selection process
of which time series are being correlated is irrelevant to the
correlation itself: it makes no difference whether the two series
are from the same or different ICA-based groups. The only
aspect that matters is whether the series are stationary and
nonautocorrelated in order for the correlations obtained to be
correct (i.e. not to be spurious). In fact, any grouping method,
including PCA, ICA or other, could be very useful if coupled
with proper crosscorrelation analysis of prewhitened series.

4.2. Peak crosscorrelations across lags

In this study we carried out an extensive analysis of
voxel-by-voxel pairwise crosscorrelations after each series
was prewhitened to yield stationary, nonautocorrelated
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innovations. Therefore, the estimates of the interactions
(i.e. crosscorrelations) obtained reflect the true associations
between voxel BOLD time series and are not spurious. As a
first step for this analysis, we focused on crosscorrelations
of voxels within the same area, between homotopic areas,
between an area and all other voxels in the same hemisphere,
and between an area and all voxels in the contralateral
hemisphere (excluding the homotopic area). As shown
in figure 5, individual crosscorrelograms varied widely
in shape. In order to evaluate their basic aggregate
characteristics, we focused on the peak (i.e. highest absolute
value) of the crosscorrelogram: analyzing the peaks enabled
us to derive summary statistics on the highest possible
interactions between single voxel BOLD time series. We
performed analyses extending up to 10 lags (i.e. 20 s, given
TR = 2 s), as an upper limit of expected interactions,
and collapsed the positive and negative sides of the
crosscorrelogram, since the sign of the lag has no meaning in
pooled data. We then analyzed the prevalence of positive and
negative crosscorrelations, and their strength, as a function of
the lag (figures 9—11). There were five major findings. First,
positive interactions were much more frequent and stronger
than negative ones; second, the strongest interactions (mean
absolute values of crosscorrelations, figure 11) occurred at
zero lag and decreased gradually at longer lags; third, the
strength of interactions varied systematically with the brain
group, such that intra-area > homotopic > ipsi-hemispheric >
contra-hemispheric; fourth, the relative distribution of positive
interactions had a peak at zero lag, declined progressively at
longer lags, and differed among brain groups in the same order
as above; and fifth, and in contrast to the positive interactions,
the relative distribution of negative interactions had a peak
(tuned) at |lag] = 2 and did not differ significantly among
brain groups. We discussed these findings in that sequence
below.

These findings validate the resting, task-free BOLD signal
as reflecting neural activity, since it is difficult to see how else
this BOLD signal could be correlated between voxels of areas
far away, such as homotopic areas in opposite hemispheres.
The finding that positive interactions occurred more frequently
and were stronger than negative ones is not surprising, as
it most probably reflects the more widespread excitatory
effects in the cerebral cortex. For example, all long-range
corticocortical projections are excitatory, whereas inhibitory
mechanisms are local and, even there, more limited than the
excitatory ones. Also, the high percentages and values at zero
lag are in accord with other findings [33] and are discussed in
more detail below. Perhaps the most remarkable findings of
this analysis are (a) the discovery of the tuning of the negative
interactions at |lag| = 2, i.e. at a relative shift of the time
series by 4-6 s (given TR = 2 s), and (b) the fact that this
tuning was invariant across all four brain groups. We interpret
this finding as reflecting the localized and uniform nature of
cortical inhibitory mechanisms, namely that such mechanisms
are local and of the same nature and similar circuitry in various
cortical areas, hence the invariance across groups.
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4.3. Zero-lag crosscorrelations

Interactions at zero lag (i.e. within an interval of TR =
2 s) are a special case for two reasons. First, because
they were most prevalent (as compared to other lags, see
above) and second because synchronicity is a principle
of brain function in its own merit. In this analysis, we
focused on zero-lag crosscorrelations as a time-snapshot, so
to speak, irrespective of the location of the crosscorrelogram
peak. We found an orderly variation of zero-lag
crosscorrelations with respect to their sign, strength and
dependence on brain groups. This indicates a robust
underlying organization of synchronous variation in resting
neural activity. As pointed out in the discussion of the results
from recent studies using magnetoencephalography (MEG)
[32-36], the four most likely sources of synchronization
include recurrent axon collaterals of pyramidal cells [51],
specific (parvalbumin) thalamocortical afferents [52, 53],
divergent, multifocal (calbindin) thalamocortical afferents
[52], and broadly distributed noradrenergic fibers [54]. In
addition, since BOLD measurements were taken every 2 s
in this study, it is likely that corticocortical interactions with
some lag (in the order of milliseconds) also contribute. It
is interesting that the sign of correlation also varied in a
systematic fashion across the four brain groups, with the
proportion of negative correlations increasing from group I
to group IV. This could reflect the similarity in the kind of
information being processed. For example, within an area
(group I), negative interactions are low because local cell
ensembles perform similar operations; hence, they positively
cooperate. This would also hold, but to a lesser extent, for
interactions between a given area and its homotopic area in
the opposite hemisphere (group II). In contrast, other areas
in the same hemisphere (group III), and certainly other areas
in the opposite hemisphere (group IV) would be involved in
their own information processing; hence, they may be not
expected to cooperate (i.e. positively correlated) with that
given area. Such considerations would explain as follows the
orderly trends observed for the variation of the percentage of
positive and negative crosscorrelations across brain groups.
The fact that the positive/negative ratio is always greater
than 1 (i.e. the number of positive crosscorrelations is greater
than the negative ones) underscores the greater preponderance
of excitatory (versus inhibitory) mechanisms in the cerebral
cortex, as discussed above. However, the orderly decrease of
that ratio across intra-area, homotopic, ipsi-hemispheric and
contra-hemispheric groups, in that order, suggests a different
operating principle which, we propose, reflects the similarity
of information being processed. In that sense, the categorical
brain group horizontal axis in figure 13 would correspond to a
qualitative axis of similarity in information processing. This
idea can be further tested by analyzing data from specific areas,
a work in progress in our laboratory.

Overall, these results indicate an orderly variation in
synchronicity that seems to closely reflect the presence
and density of direct anatomical connections, an idea also
suggested by other investigators (see, e.g., [55-59]). These
are most dense within an area, substantial across homotopic
areas and sparse across heterotopic areas (see, e.g., [60]).
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The covariation in activity comes from the fact that these
connections are typically reciprocal, leading to a practically
synchronous (within the 2 s of fMRI TR time) activation
between interconnected areas. Thus, there may be nothing
special about ‘default’ networks [see 2, 3] beyond their
reflection of existing anatomical connectivity.

Finally, our analysis provided an approximate quantitative
assessment of the relative contributions of the different kinds of
brain groups (figure 16), as defined based on known anatomical
connectivity. These relative contributions are broad estimates
derived from averaging large numbers of crosscorrelations.
It is reasonable to suppose that interactions are actually
spatially specific, in which case our measurements are likely
to underestimate such spatially restricted interactions. We
are currently investigating this issue by analyzing the fine-
grain spatial distribution of the crosscorrelations obtained (see
figure 8 for an example).

4.4. State of the field: spurious correlations in functional
neuroimaging and what needs to be done

Talk about spurious or nonsense correlations between time
series dates at least 85 years back, when G Udny Yule delivered
the Presidential Address at the 1925-26 session of the Royal
Statistical Society in a lecture titled “Why do we sometimes get
nonsense-correlations between time-series?’ [61]. His famous
example was the high positive correlation of 0.9512 between
the proportion of Church of England marriages to all marriages
for the years 1866—1911 and the standardized mortality per
1000 persons for the same years. Yule had the following
comment on this finding: ‘Now I suppose it is possible,
given a little ingenuity and goodwill, to rationalize very nearly
anything. And I can imagine some enthusiast arguing that
the fall in the proportion of Church of England marriages is
simply due to the Spread of Scientific Thinking since 1866,
and the fall in mortality is also clearly to be ascribed to the
Progress of Science; hence both variables are largely or mainly
influenced by a common factor and consequently ought to be
highly correlated. But most people would, I think, agree with
me that the correlation is simply sheer nonsense; that it has
no meaning whatever; that it is absurd to suppose that the
two variables in question are in any sort of way, however
indirect, causally related to one another’ ([61], p 2). Yule
astutely located the problem to the autocorrelations of the time
series, and explored ways for correct analyses using techniques
similar to modern prewhitening. Since Yule’s lecture, the
topic of spurious regressions resurfaced with force in applied
economics, leading to a false (spurious) prediction [11], its
refutation using prewhitening [12], a simulation study [14],
and a textbook [16]. By the end of the 1970s, the matter of
how to analyze correctly relations between time series had
been settled in statistics and econometrics.

Now, this issue became prominent in functional
neuroimaging in the 1990s [62] and has continued to be
in the foreground up to now unabated. As discussed
above, a large number of studies have been carried out in
which correlations between raw (or filtered, averaged, etc)
BOLD (and MEG [63]) time series have been performed as
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the main tool to investigate dynamic, neural connectivity.
Now, it is common practice in these studies to correlate
BOLD time series in the resting or task-driven state without
paying attention to the serious errors in the correlations
obtained due to autocorrelated residuals. This can be
tested rigorously by (a) plotting the autocorrelogram of these
residuals, and (b) calculating the Watson—Durbin test statistic
[43]. Unfortunately, to our knowledge, no such information
has been provided in the literature.  Given the known
nonstationarity and autocorrelation of BOLD time series, it
is obvious that correlations between such series are spurious
[12, 14, 16]. The reason why ‘default’ brain networks
inferred from such correlations may be found to be in accord
with known anatomical connectivity stems from the fact that
an existing, true relationship is part of the equation but its
relative contribution is undetermined due to the influence of
nonstationarity and autocorrelation present in the individual
series. It is remarkable that history repeats itself and that
essentially we are facing the same problem that the field of
econometrics faced 40 years earlier [12, 14, 16]. Indeed,
we may paraphrase without loss of generality Granger and
Newbold’s comment in 1974 [14]: We find it very curious that
whereas virtually every textbook on time series methodology
contains explicit warnings of the dangers of autocorrelated
errors, this phenomenon crops up so frequently in functional
neuroimaging work.

Be that as it may, it is instructive to note how that problem
was dealt with in the field of econometrics when the flaws of
regression analysis with autocorrelated errors were exposed.
The best and most succinct exposition was given by Granger
in his 2003 Nobel Prize Lecture. He said:

An example is a problem known as ‘spurious
regressions.” It had been observed, by Paul Newbold
and myself in a small simulation published in
1974, that if two independent integrated series were
used in a regression, one chosen as the ‘dependent
variable’ and the other the ‘explanatory variable,” the
standard regression computer package would very
often appear to ‘find’ a relationship whereas in fact
there was none. That is, standard statistical methods
would find a ‘spurious regression.” This observation
lead to a great deal of reevaluation of empirical work,
particularly in macroeconomics, to see if apparent
relationships were correct or not. Many editors had
to look again at their list of accepted papers. Putting
the analysis in the form of an error-correction model
resolves many of the difficulties found with spurious
regression. ([20], italics ours)

It seems appropriate and timely that such a reevaluation be
carried out in the field of neuroscience. Reporting the Durbin—
Watson statistic and providing the autocorrelogram of the
regression residuals will clear the issue for a particular study,
and prewhitening the time series will lead to the construction
of brain network models, including ‘default’ networks, based
on true, not spurious, correlations.
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Note added in proof. 1t is frequently thought that the problems stemming
from autocorrelated BOLD time series can be dealt with by adjusting
degrees of freedom (see, for example, [4] p 9674). This is incorrect.
Specifically, the reference by Fox et al [4] to Bartlett’s theory is misapplied.
Bartlett’s general asymptotic expression for the variance of the sample
crosscorrelation coefficient assumes explicitly two jointly stationary time
series with independent, identically distributed normal errors ([64]). As
discussed above, the basic problem stems from serially correlated regression
residuals, i.e. from the violation of the assumption of error independence in
least squares regression, and not from the number of degrees of freedom;
no adjustment of degrees of freedom can correct for serially correlated
residuals. In addition, most problems in the literature stem from correlating
integrated BOLD time series (i.e. time series with trends), in addition to their
autocorrelation. Again, it is not a matter of p-value but the fact that in such
cases the magnitude of the correlation itself and even the shape of the whole
crosscorrelogram are suspect [16].
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