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Abstract

The term “functional connectivity” is used to denote correlations in activation among spatially-distinct
brain regions, either in a resting state or when processing external stimuli. Functional connectivity has been
extensively evaluated with several functional neuroimaging methods, particularly PET and fMRI. Yet these
relationships have been quantified using very different measures and the extent to which they index the
same constructs is unclear. We have implemented a variety of these functional connectivity measures in a
new freely-available MATLAB toolbox. These measures are categorized into two groups: whole time-series
and trial-based approaches. We evaluate these measures via simulations with different patterns of functional
connectivity and provide recommendations for their use. We also apply these measures to a previously
published fMRI data set (Siegle et al. 2003; 2007) in which activity in dorsal anterior cingulate cortex
(dACC) and dorsolateral prefrontal cortex (DLPFC) was evaluated in 32 control subjects during a digit
sorting task. Though all implemented measures demonstrate functional connectivity between dACC and
DLPFC activity during event-related tasks, different participants appeared to display qualitatively different

relationships.



Introduction

The brain forms a distributed network, whereby specialized regions communicate with each other to
process information [Cohen and Tong, 2001, Toga and Mazziotta, 2002]. The attempt to identify and
quantify such inter-regional relationships has been termed “connectivity” analysis [Friston, 1994]. Functional
connectivity (FC), in particular, is defined as the statistical association or dependency among two or more
anatomically distinct time-series [Friston et al., 1996, Horwitz, 2003, Salvador et al., 2005]. Measures of FC
are agnostic regarding causality or direction of connections.

FC analyses were first performed on human brain functional data using positron emission tomography
(PET) [Clark et al., 1984, Horwitz et al., 1984, Friston et al., 1993], and have since expanded into functional
Magnetic Resonance Imaging (fMRI), Magnetoencephalography (MEG), Electroencephalography (EEG),
and peripheral physiological measures [Friston, 1994, Sun et al., 2004, Salvador et al., 2005, David et al.,
2004, Chen et al., 2008, Jeong et al., 2001, Na et al., 2002, Gianaros et al., 2005]. FC has also been assessed
with a variety of different experimental designs, including block designs [Hampson et al., 2002, Koshino et al.,
2005, Anand et al., 2005a] and event-related designs [Rissman et al., 2004, Fox et al., 2006, Siegle et al.,
2007, Aizenstein et al., 2009]. Block designs alternate periods of stimulus types, with each period presenting
a given stimulus type multiple times, whereas event-related designs present stimuli individually separated by
an interstimulus interval (ISI), termed a “trial”. More recently, resting state studies, particularly involving
the “default mode” network [Biswal et al., 1995, Lowe et al., 1998, Greicius et al., 2008, Fransson, 2005],
have also become popular for determining connectivity. Methods for computing FC from resting state data
usually assume that the time-series are stationary (i.e., probabilistically unchanging across time), and utilize
information from the entire time-series of fMRI scans (“whole time-series” approaches). Conversely, methods
for event-related designs do not require stationarity, and FC is often computed based on associations obtained
by examining data divided into individual trials (“trial-based” approaches). Block designs may be considered
locally stationary and hence are intermediate between resting state and event-related designs.

The MATLAB toolbox described in this paper includes measures of FC from both whole time-series and



trial-based approaches, including zero-order and cross-correlation [Biswal et al., 1995, Anand et al., 2005b,
Siegle et al., 2007], cross-coherence [Sun et al., 2004, Salvador et al., 2005, Murias et al., 2007], mutual
information [Jeong et al., 2001, Na et al., 2002, Salvador et al., 2005], peak correlation [Rissman et al., 2004],
and functional canonical correlation [Worsley et al., 2005, Siegle et al., 2007]. We also implement optional
temporal smoothing steps in the toolbox. Many of these measures have not been previously available in a
user-friendly package aimed at neuroscientists and this toolbox provides quick and easy means to compute
and compare results from different FC measures. A classication analysis via a tree-building algorithm
[Breiman, 1993] is conducted using the values of multiple FC measures to predict the pattern of connectivity
relationships between regions.

The implemented techniques specifically attempt to characterize the relationships between time-series
extracted from two or more regions above and beyond zero-order correlational relationships, potentially
controlling for one or more other time-series. The toolbox does not include other types of measures of
FC. Following Cattel (1952), data can be clustered along dimensions of occasions (time), variables (for
fMRI, space or region), and person. We have concentrated on characterizing relationships between occasions
across regions; e.g., lagged cross-correlation analysis characterizes relationships of a time-series at one lag to
another time-series at other lags. FC has been alternately defined in the literature based on other ways of
clustering fMRI data. For example, techniques such as principal components analysis (PCA) or independent
components analysis (ICA) generally attempt to cluster voxels or regions (i.e., variables). ICA, in particular,
extracts latent time-series which characterize the behavior of sets of voxels (e.g., Formisano et al. 2004).
The degenerate case of spatial PCA with just two regions is the zero-order correlation between the regions.
Thus, these techniques are more appropriate when large numbers of voxels or regions are examined. Other
techniques such as the examination of psychophysiological interactions (Friston et al. [1997]) do not control for
third-variable time-series, but rather, examine interactions with them. Such alternate techniques generally
focus on zero-order relationships between time-series, but could be generalized to account for the types of

relationships examined in this paper.



Materials and Methods
I. Overview of How to Use the Toolbox

The Functional Connectivity Toolbox is developed in MATLAB (Mathworks, Inc.) as an open source
package. It is designed to use existing routines in the MATLAB distribution with an additional freely-
available toolbox for functional data analysis (Ramsay 2005; http://www.psych.mcgill.ca/misc/fda/index.html).
Each FC measure listed above is coded into a function in MATLAB. The inputs of the functions are equal
length time-series data from brain regions’ responses within a single subject. For slow event-related designs,
the user must also indicate the number of scans per trial. For example, if Y7 (¢) and Ya2(t) are one subject’s
fMRI responses from two brain regions for an slow event-related design with T scans per trial, then the
peak correlation between Y; and Y2 can be obtained by entering corrpeak(Yi,Ys,T), where corrpeak is
the function’s name, as defined in MATLAB. For fast event-related designs, stimulus time-series should be
indicated instead of scans per trial. Calling features for each of the functions in the toolbox, along with its
arguments are described in the Appendix.

1I. Smoothing

We also include an optimized smoothing step as a noise-reduction procedure because not all noise can
be removed or cleaned [Lazar, 2008]. Temporal smoothing is particularly important in connectivity analyses
because reliable detection of FC between brain responses can require high signal-to-noise ratio (SNR) [As-
tolfi et al., 2005]. FC estimates are therefore strongly dependent on the level of temporal smoothing; too
much smoothing yields over-estimates of relationships between time-series whereas too little smoothing un-
derestimates these relationships. We have implemented an optional Bayesian temporal smoothing technique
using a Markov Chain Monte Carlo (MCMC) Gibbs sampling algorithm with roughness penalty parameters
treated as components of variance and estimated from the data. This technique utilizes a cubic B-spline
basis expansion with equally spaced knots, and includes the ability to handle white or autoregressive lag-1
structured (AR(1)) noise. An optional pre-whitening step is also available with AR(1) noise. The level of

autocorrelation has to be predetermined; the default value is set to 0.7. We chose a cubic B-spline basis



because it produces smooth yet flexible fits and for efficient computation of the roughness penalty parameter.
A simple default choice of the number of knots for the basis is min(% x length of data, 35) [Ruppert et al.,
2003].

III. Whole Time-Series Approaches

Whole time-series approaches aim to examine the relationships contained within the entire time-series
of fMRI scans, based on the assumption that the time-series is stationary. Stationarity of the time-series
guarantees that the relationships among them are probabilistically consistent over time [Shumway and Stoffer,
2006].

Cross-Correlation

Zero-order correlation measures the simultaneous linear coupling relationship between two time-series.
When the time courses are highly positively correlated, this implies that the two regions are on average
more or less active at the same times. Conversely, a high negative correlation implies that when one region
is more active the other is less active. Zero-order correlation has been used often to measure inter-regional
relationships in fIMRI, e.g., in Biswal et al. (1995).

Lagged cross-correlation can also be used to evaluate inter-regional relationships [Siegle et al., 2007].
Lagged cross-correlations capture the lagged or delayed linear relationships between regions. Cross-correlation
between brain regions A and B at positive lags indicate a relationship between activity of region A and sub-
sequent activity of region B, or vice versa. One study that used lagged cross-correlations [Siegle et al.,
2007] found that depressed people had attenuated correlation of dorsolateral prefrontal cortex activity with
amygdala activity 3 to 6 sec later.

Cross-correlation of any two individual time-series (4, j), at lag h, p;;(h), is given by

B cov;;(t,t+ h)
B Vwvar;(tyvar; (t + h)’

pij(h) (1)

where p;;(h) = p;ji(—h), and is restricted to the [—1, 1] interval. h = 0 corresponds to zero-order correlation.
Correlations are often subtended by low-frequency (less than 0.1 Hz) components of the data, as has been

shown in several studies [Biswal et al., 1995, Lowe et al., 1998, Cordes et al., 2001]. Biswal et al. (1995),



for example, reported that low-frequency (below 0.08 Hz) correlations existed between the bilateral primary
motor cortices (M1) and the supplementary motor area (SMA) during resting state scans. We include the
ability to apply a low-frequency filter as an option parameter to the cross-correlation routine. By default
this filter is set to 0.1 Hz.
Cross-Coherence

While correlation is defined in the time domain, coherence measures are in the frequency domain. Co-
herence has been repeatedly shown to be a useful statistic for investigating FC across brain regions [Leopold
et al., 2003, Sun et al., 2004, Salvador et al., 2005]. Coherence measures implicitly account for lags in the
effects of one region on another. If a time-series in one region is broadly similar to that in another, but
with a time delay, then the ordinary zero-order correlation between the two will be moderate or low; the
coherence, by contrast, will be high within the bandwidth of the curve. The squared coefficient of coherence
can be interpreted as the proportion of the power in one of the two time series (at a selected frequency),
which can be explained by its linear regression to the other time course.

The concept of coherence of time-series was introduced by Wiener (1949) and extensively developed and
described by Rosenberg et al. (1989) for its applicability to functional imaging data. Spectral coherence for
determination of FC was applied to motor experiments by Sun et al. (2004).

Coherence Coh;;(A\) between any two individual time-series (i, j) at frequency A is defined as

Cohyy () = [Ry (W2 = 2)

a fii()‘)fjj ()\)7
where R;;(A) is the complex valued coherency of Y; and Yj; fi;(\) is the cross-spectral density between Y;
and Yj; and f;;(A\) and f;;()) are the spectral densities of ¥; and Y;. Coherence is a positive function, it is
symmetric in ¢ and j(e.g., Coh;;(A) = Cohj;(—A)), and bounded by 0 and 1.
Mutual Information

Theoretically, correlation and coherence measure the linear dependence between two time-series, whereas

mutual information is a statistical measure of both linear and nonlinear dependence [Shannon and Weaver,



1948]. Mutual information quantifies the shared information between two time-series. For example, if the
two time-series are independent, there is no shared information and hence the mutual information is zero.
At the other extreme, if one time-series is a deterministic one-to-one function of the other, then they share
the same information: in this case their mutual information is infinite.

Jeong et al. (2001) used an entropy-based measure of mutual information to investigate FC among time-
series from different cortical areas in both Alzheimer’s disease patients and healthy controls. Salvador et al.
(2005) employed mutual information based on coherence and showed that FC lay mainly in low frequencies.
Chen et al. (2008) developed a conjoined time-frequency analytical-based method of mutual information
to explore brain neural connectivity by MEG during a self-paced finger lifting task. In this toolbox, we
implement mutual information based on coherence in the frequency domain [Salvador et al., 2005], which is
defined as

A2

5y = _% log(1 — Cohiy(\)) dA, (3)
Al

where [A1, A2] specify the frequency band within which to integrate the infomation and —7 < A1 < A2 < 7.
This formula assumes time-series are Gaussian.

This integral is unbounded, ranging from 0 to infinity. A simple transformation can be applied, however,
to obtain a normalized mutual information [Joe, 1989, Granger and Lin, 1994, Salvador et al., 2005], with

scores in the interval [0,1]. This is implemented in the toolbox as

dij = [1 — exp(~28;;)] = (4)

Partial Cross-Correlation/Coherence/Mutual Information
With analyses including more than two brain regions, one question is whether an observed dependence
between any two regional time-series is attributable to a direct connection between the two brain regions
or to an indirect relationship involving other regions. This question may be addressed by measuring the
association between the two regions (i, ) after accounting for the relationship of each to other reference

time-series 1,..., P\i,j (time-series from region 1 to P except time-series from region ¢ and j). This is



called conditional dependence. A discussion of how to apply bivariate cross-correlation/coherence/mutual
information analysis to multivariate time-series was provided by Salvador et-al. (2005). Our toolbox includes
similar routines for computing partial cross-correlation/coherence/mutual information. These measures yield
the partial relationship of each pair of time-series accounting for the remaining time-series in a matrix.

IV. Trial-Based Approaches

Trial-based approaches evaluate trial-to-trial relationships and are usually applied to event-related exper-
imental designs. Time-series of brain regions in trial-based approaches does not have to meet the assumption
of stationarity.

Peak Correlation

Peak correlation captures the coupling relationship of peaks in activitation in pairs of brain regions
associated with discrete events (trials).  We implement this by first creating functional versions of trial-
related time-series by temporally smoothing the trial time courses: each trial yields one curve per region.
Separate peak estimates are computed from the functional responses for each individual trial and for each
region and consequently used as the data in a correlation analysis. A high positive value of peak correlation
between two regions indicates that two regions are more or less active than average during the same trials.
Similarly, a high negative value implies that when one region has a higher-than-average peak, the other
region has a lower-than-average peak.

Functional Canonical Correlation

Functional canonical correlation seeks to investigate which modes of variation between pairs of observed
random curves are most associated with one another. Functional versions of trial-related time-series are
created by smoothing the trials and the canonical correlation between these functional responses is computed.
The functional canonical correlation [Ramsay and Silverman, 1997] between any pair of individual time-series

(4,7) is given by

cov( [ §(t)Yim (t)dt , [ n(t)Yim (t)dt )
(var [ £()Yim(t)dt + A|D*(€)[)(var [ n(t)Yjm (t)dt + X[D?(n)]?)

(5)

ceorsgij(€,m) =



Here, £(t) is the weight function for Y; and Y, refers to the mth trial of region ¢; similarly, n(¢) is the
weight function for Y; and Yj,, refers to mth trial of region j. A is a smoothing parameter, chosen via
cross-validation, that describes the smoothness constraint on the weight functions. || D?(¢)||? and || D?(n)|?
represent the roughness of the weight functions, where D?(-) is the second derivative operator.

Qualitative relationships between the two regions can be explored by examining the weight functions.
For example, weight functions may indicate that sustained activity on one region is related to peak activity
in another region. Siegle et al. (2007) used functional canonical correlation analysis to measure FC between
amygdala and DLPFC responses to negative words.

Use of Whole Time-Series Approaches with Nonstationary Designs

The extent to which whole time-series approaches are applicable to nonstationary (e.g., trial-based)
designs is unclear. The whole time-series approaches generally assume stationarity, and thus in the case of
a recurring effect of a stimulus on two regions, may overestimate true connectivity. This over-estimation
might be attenuated by examining connectivity at frequency bands outside the trial range (e.g., using a
low-pass filter). Alternately, if effects of the stimulus are assumed to be constant across trials, residual
relationships between regions might be inferred to reflect connectivity. In this case, stimulus effects can be
explicitly accounted for before computing connectivity, e.g., via residual regressions or partial correlation
analysis, entering a stimulus-related response as a covariate. With a fast event-related or jittered design with
catch trials, the covariate waveform could be constructed by deriving an impulse response function (e.g., via
deconvolution) which could be convolved with the design. In the case of a fast event-related design in
which catch trials are not presented, it would be possible to covary a series of canonical responses convolved
with the design from the waveforms in both regions. With slow event-related designs, if responses within a
region are assumed to have a canonical shape, the covariate waveform could be constructed by convolving
a canonical response with a delta function at the stimulus frequency. But systematic deviations from the
canonical waveform in either structure might then create a spurious pattern of connectivity. Rather, using

the mean responses in each candidate waveform as covariates minimizes these effects by assuming only that
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trial-to-trial deviations from the mean response in both regions reflect the effects of connectivity. We have

adopted this last approach in the simulations described below.

Results
Simulation 1

In Simulation 1, we performed two Monte Carlo studies to illustrate how the implemented FC measures
detect different patterns of association between two regions. The first study simulated stationary (resting
state) fMRI time-series data for use with whole time-series FC measures. Since any stationary time-series can
be represented as the random superposition of sines and cosines oscillating at various frequencies [Shumway
and Stoffer, 2006], each regional time-series was generated by a linear combination of sine waveforms of
different frequencies and phases; the weights for each component were generated from a normal distribution.
The regional time-series were then convolved with an hemodynamic response function (double gamma) to
produce a temporally smoothed BOLD time-series. Connectivity between regional time-series was achieved
by linking the weights of sine waveforms at certain frequencies and phases. Simulated data was generated
as single run for each of fifty subjects, consisting of 140 scans (TR=2s). Gaussian white noise was added
to each run. Functional SNR (the ratio between the intensity of a signal associated with changes in brain
function and the variability in the data due to all sources of noise [Huettel et al., 2004, Shumway and Stoffer,
2006]) was set to approximately 3 here and in the second study. Simulation and FC results for the first study
are given in Figure 1.

The second study simulated nonstationary (event-related) fMRI brain responses. The BOLD activation
curve for each trial was generated by a linear combination of B-spline basis functions. Weights for the
B-splines were generated from multivariate normal distributions with predefined mean and variance. An as-
sociation between two regions was created by correlating the weights of B-spline basis functions. Simulations
were generated with 20 trials and 7 scans per trial (TR=2s) for each of fifty subjects with additive white
Gaussian noise. Simulation and FC results for the second study are given in Figure 2.

In the second study, we also counsidered partial correlation/coherence/mutual information by including
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reference waveforms to control for co-activation of regions from application of the stimulus. Correlation and
coherence measures can be dominated by the stimulus-locked response in event-related designs. When a
stimulus is presented, the stimulus-locked neural response may cause an increase in the BOLD signal in both
regions simultaneously (co-activation). This is not necessarily due to an intrinsic task-induced functional
coupling, but may be due to the response in both regions to the externally-applied stimuli. For example,
in the simulations of event-related design data shown in Figure 2, coherence is particularly high at the
trial frequency even when there is no inherent connectivity. By including stimulus reference waveforms,
partialling methods estimate any remaining relationship between two time-series after taking co-activation
into account. For these simululations we chose two stimulus reference waveforms generated by repeating
the mean trial-averaged responses across all trials for each region. Partial results are shown in Figure 2 as
dashed red lines.

-Figure 1 and Figure 2 insert here-

Tables 1 and 2 summarize the computed FC measures for different patterns of association between
two regions, based on the simulation results. Statements within brackets are partial results accounting
for stimulus waveforms. For simulations of non-design related connectivity, including the mean stimulus
waveforms as covariates does not change the value of correlation and coherence (e.g., zero-order (lag 1)
relationship unrelated to the design; relationships only among low frequencies (0.05 Hz) unrelated to design).
For all types of relationships related to the design, coherence at the trial frequency is attenuated after
including stimulus waveforms. In contrast, cross-correlation is still high at lag 0 (or 1) for relationships
of design-induced peak amplitude between two regions (e.g., zero-order (lag 1) relationship related to the
design; related peak amplitudes but unrelated latencies; and A-1-mode and B-2-modes) because the two
regions become more or less active than the average response during the same trials, a relationship remains
after accounting for stimulus waveforms reflecting true connectivity. Cross-correlation attenuates a bit for
data with related peak amplitudes and latencies but variability in higher moments, because for some trials

region 1 may activate before region 2 and for other trials the reverse may happen. The relationship of
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A-peak amplitude to B-sustained activity is phase-lagged after accounting for the stimulus waveform, since
when region 1 has a higher than average peak, region 2 has higher than average sustained later activity.
Partial cross-correlation and partial cross-coherence are very low for data generated with unrelated peak
amplitudes but related peak latencies and essentially zero for data generated with stimulus co-activation but
no FC relationship. Note, however, that canonical correlation weighting functions for data generated with
unrelated peak amplitudes but related peak latencies do indicate the nature of the FC relationship. The
two weight functions for this relationship (displayed in Figure 2) are identical and put most weight in the
beginning and end of the trials, indicating that the primary mode of covariation lies in shifting the timing
of the peaks.

-Table 1 and Table 2 insert here-
Tree- Building

Tables 1 and 2 show that the combination of all FC measures did not exhibit the same pattern for
any two simulated connectivity relationships between the two regional time-series. Thus, it appears that
quantifying more than one FC measure may be useful in understanding the precise nature of connectivity
between two fMRI time-series. To explore this idea further, we determined a set of if-then logical (split)
conditions permitted accurate predictions of association type between regions (from the 11 patterns listed
in Table 2) from a set of FC measure predictors (partial correlation/coherence/mutual information are
implemented instead of correlation/coherence/mutual information). We conducted a classification analysis
via a tree-building algorithm [Breiman, 1993] using the values of the FC measures to move through the tree
(until reaching a terminal node) to predict the category (1-11) shown for that node. This classification tree
is shown in Figure 3. The tree was built based on 80% of the simulation data and the pruning parameter
was chosen by 10-fold cross-validation [Venables and Ripley, 2003]. The proportion of correctly classified
simulations for the other 20% was 92.7%. The inclusion of multiple measures in the tree suggested that
multiple FC measures are useful in determining the true nature of a functional relationship between two

regions.
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-Figure 3 insert here-
Simulation 2

In Simulation 2, we performed two Monte Carlo studies to illustrate the effect on computed FC rela-
tionships when different types of noise are added to related BOLD signals. BOLD signals were generated
as in Simulation 1. In study 1, BOLD signals from two regions were stationary with a zero-order relation-
ship. In study 2, BOLD signals were event-related with zero-order relationship. AR(1) noise with low SNR
(functional SNR around 1.5) and AR(1) noise with high SNR (functional SNR around 2.5) were added to
the coupled BOLD responses. In each of the studies, FC measures were computed after smoothing with
and without explicitly modeling autocorrelated noise. FC results from the two studies are shown in Figure
4 and 5 respectively. These results show that as SNR decreases, FC measures tend to become attenuated.
However, even under a high level of noise inter-regional relationsips were detectable for some FC methods;
e.g., functional canonical correlation is still high (around 0.8) when applied to smoothed fMRI responses
with low SNR (see second row of Figure 5).

In addition, the results illustrate that smoothing fMRI responses with a method that explicitly models
autocorrelated noise can be important for detecting FC when noise is in fact autocorrelated, especially when
the SNR is low. For example, in Figure 5, partial cross-coherence between the two regions is quite small
(around 0.2) at low frequencies when the SNR is low and smoothed without modeling autocorrelated noise,
but increases to around 0.7 when the data are smoothed with a method that models autocorrelated noise.
Smoothing data after pre-whitening (not shown here) resulted in similar improved estimates of FC in the
presence of autocorrelated noise. In contrast, we found little difference in the FC measures for the stationary
design (Figure 4).

-Figure 4 and 5 insert here-

Application to an Empirical Neuroimaging Dataset
This analysis involves data from 32 healthy adult subjects, acquired as part of a larger study. The

goal was to determine functional relationships between the dorsal anterior cingulate cortex (dACC) and
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dorsolateral prefrontal cortex (DLPFC) during executive control. Theoretical models [Cohen and Tong, 2001]
and initial neuroimaging analyses [MacDonald et al., 2000, Aizenstein et al.; 2009] suggest that bidirectional
relationships should be apparent - that is, the DLPFC is involved in executive control necessary to prime
the dACC, and dACC activity should spur future DLPFC activity. But these relationships have not been
tested using multiple measures of connectivity, so the true nature of relationships has not been determined.
In addition, no study of relationships between these regions has considered the idea that different healthy
subjects may be characterized by qualitatively different functional relationships among these regions. In 36
slow-event-related trials (one subject with 33), participants viewed a fixation mask (1 sec), followed by a set
of three, four or five digits (2 sec), followed by another fixation mask (5 sec). Then, a ‘target’ digit from
the previously presented set appeared (10 sec). Participants were told to push a button indicating whether
the target was the middle digit of the previously presented set or not. The fMRI data were gathered every
1.5 sec. The full experimental design as well as preprocessing of these data are described by Siegle et al.
(2007). Briefly, data were subjected to motion correction, detrending within blocks, and temporal smoothing,
cross registered to an image within the dataset, and subjected to spatial smoothing, 6mm FWHM Gaussian
kernel. The reference brain was then transformed into Talairach space using AFNI (Cox, 1996) to extract
anatomical masks. Regions involved in this analysis were dACC restricted in BA32 and DLPFC restricted
in BA9 (Figure 6), with significant scan x condition interactions (p < 0.0001) using a repeated measures
Analysis of Variance (ANOVA) in which subject was a random factor and scan and condition (number of
presented digits) were fixed factors, subject to an empirically derived contiguity threshold of 105 voxels.
Significant regions were restricted to those in BA32 and BA9 using Talairach masks and are shown in Figure
6. The averaged fMRI signal from each ROI(region of interest) were acquired and normalized by subtracting
and then divided by the median regional activation across the whole time-series within stimulus types and
subjects. Figure 7 shows one subject’s BOLD responses of the ROIs.
-Figure 6 and 7 insert here-

We applied all of the FC measures (including partial correlation methods, controlling for the mean effect
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from the external stimulus in each region) to dACC(BA32) and DLPFC(BA9) within subjects. Cross-
correlation and partial cross-correlation both reached their maximum at lag 0 and the associations were
not attenuated when controlling the effects from the external stimulus. Taking out the external stimulus
waveform reduced cross-coherence between these two regions at the trial frequency. A strong relationship
was observed for both peak correlation and canonical correlation.

Based on the results of different FC measures on this real dataset, we classified the 32 subjects according
to the classification tree shown in Figure 3. There were 6 detected relationships: 3. Zero-order relationship
unrelated to design; 6. Related peak amplitudes and latencies but variability in higher moments; 8. A-1-mode
B-2-modes; 9. Relationship of A-peak-amplitude to B-sustained activity; 10. Unrelated peak amplitudes
but related peak latencies; and 11. No relationship. Most subjects (27 of 32) were classified to relationship
6, 8 and 10 (Figure 8). Average results of the computed FC within three main groups are shown in Figure
9 (partial results are shown in dashed red lines). Subjects classified to relationships 6 and 8 showed higher
cross-correlation and peak correlation than subjects classified to relationship 10 because they had related
peak amplitude activity between the two regions. Subjects classified to relationship 8 showed higher cross-
coherence over low frequency band than the other groups.

-Figure 8 and 9 insert here-

Discussion

We have developed a MATLAB toolbox for performing FC analyses which includes many of the most
commonly-used approaches researchers have utilized to date for the identification of condition-dependent
functional interactions between fMRI time-series obtained from two or more brain regions [Biswal et al.,
1995, Rissman et al., 2004, Salvador et al., 2005, Siegle et al., 2007]. The approaches are either bivariate or
multivariate methods defined in time or frequency domains that emphasize distinct features of relationships
among the time-series. An optional pre-smoothing step is also implemented which allows empirically-derived
temporal smoothing of the data before performing FC analyses. The FC toolbox enables ease of comparison

and greater flexibility for choosing among FC measures, and may potentially lead to a greater understanding
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of the precise nature of FC relationships manifested in a given dataset. The simulation results illustrated
that using multiple FC measures could effectively detect and classify regional associations and provide more
information about the type of FC than any single measure. We have developed an initial classification tree
based on the simulation results; to the extent that the included relationships are of interest, other researchers
can utilize this tree to discover which pattern of connectivity may exist in their data. If other relationships
are of interest, it is easy to expand this tree using additional simulated data - the simulated data we used
are freely available on the web along with the code used to simulate the data, in concert with the toolbox
(http://groups.google.com/group/fc-toolbox).

Other simulation results illustrated that the temporal smoothing procedure we have implemented is
robust to high levels of noise in fMRI responses. Addtionally, it was found that using a smoothing procedure
which explicitly models autocorrelated noise or pre-whitening fMRI responses before smoothing is crucial
for detecting inter-regional relationships if the noise is in fact autocorrelated, especially when data exhibit
low SNR.

We applied these methods to an fMRI study to determine FC between dACC(BA32) and DLPFC(BA9)
during a digit sorting task. We found strong relationships between these two ROIs. Relationships between
the regions were 1) heterogeneous across subjects, 2) related to task, and 3) more complex than would
have been detected using simple zero-order statistics such as correlation. Following the classification tree
(Figure 3) 27 of 32 subjects were classified to relationship 6, 8 and 10 (Figure 8). This indicated that the
most common FC relationship in the sample involved a higher peak response in dAACC(BA32) in response
to a higher peak response in DLPFC(BA9). But some subjects displayed a prolongation of response in
dACC(BA32) in response to a higher peak response in DLPFC(BA9). These relationships were not trivial,
and certainly were more complex than would be revealed by zero-order correlation alone. At the most
basic level, we can conclude that in this study, the dACC(BA32) and DLPFC(BA9) were strongly related
among nearly all subjects - this point would not have been possible without using multiple connectivity

measures. Future research is necessary to suggest whether the different observed patterns of relationships
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have psychological and biological importance, e.g., whether subjects with different patterns of connectivity
differed in other important ways such as their performance.

The toolbox is flexible, taking brain activity data as inputs but also able to accept peripheral physiological
measures (i.e., blood pressure, heart rate, etc.) into the FC function, with the requirement that all time-
series inputs should be on the same resolution . An interpolation function is available in this toolbox that
would allow time courses with different resolutions to be applied that are thereafter altered to be on the
same resolution as the fMRI time courses. Furthermore, this toolbox could be implemented for determining
whole brain network structure in which, instead of doing FC analysis between ROIs, researchers could do
FC analysis between each pair of voxels over the whole brain.

We plan future work in several areas. First, an important question not addressed in the smoothing
step is the estimation of the autocorrelation in the noise. We intend to implement an improved smoothing
step which estimates the autocorrelation as well as smoothing in a future version of the toolbox. Second,
the simulation studies implemented in this paper only considered direct relationships between two regions;
multivariate relationships involving three or more regions are, of course, important. We intend to perform
further simulations involving more than two regions to examine the behavior of these algorithms under
indirect regional associations. Finally, our simulation studies only included 11 distinct patterns of inter-
regional connectivity; since there may be many more types of connectivity relationships in actual data, results
obtained from our classification tree may be misleading. However, we have used this limited set of patterns
to demonstrate some possible associations, and to show that for understanding plausible relationships it may
be useful to compute multiple FC measures. Moreover, the website for this toolbox is open to the public so
that users can provide information on this issue. Specifically, we have created an area in which new empirical
or simulated datasets can be uploaded with known relationships. We plan to update the classification tree
regularly based on these data.

The Matlab Functional Connectivity toolbox is freely-availabe at http://groups.google.com

/group/fc-toolbox.
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Appendix

A list of functions defined in the Matlab Functional Connectivity Toolbox:

Cross-correlation: [xcorr,xcorr_lag]=lagged(y1,y2,lag)

Inputs:
y1 and y2 (required): Time-series of brain region’s response. They should be column-wise.

lag (optional): A positive integer indicates the maximum lag of the cross-correlation. The default

value is 10.
Outputs:
xcorr : A vector of estimated cross-correlations at different lags.

xcorr_lag : A vector of integers indicates the lags corresponding to the estimated cross-correlations.
Partial cross-correlation: [Pxcorr,Pxcorr_lag]=Plagged(y,lag)

Inputs:
y (required): A matrix of brain regions’ response. Each region’s time-series is column-wise.

lag (optional): A positive integer indicates the maximum lag of the partial cross-correlation. The

default value is 10.
Outputs:

Pxcorr : A matrix of estimated partial cross-correlations at different lags. Pxcorr(i,j,:) corresponds

to the partial cross-correlations between region ¢ and j.

xcorr_lag : A vector of integers indicates the lags corresponding to the estimated partial cross-

correlations.

Cross-coherence: [Coh,lambda_Coh]=coh(y1,y2,],sr)
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Inputs:
y1 and y2 (required): Time-series of brain region’s response. They should be column-wise.

1 (optional): A positive integer specifies the length of the cross-coherence. The default value equals

the length of the input time-series.
sr (optional): A positive number specifies the sampling rate (in Hz). The default value is 1.
Outputs:
Coh : A vector of estimated cross-coherence at different frequencies.

lambda_Coh : A vector of positive values indicates the frequencies corresponding to the estimated

cross-coherence.
Partial cross-coherence: [PCoh,lambda PCoh|=Pcoh(y,l,sr)

Inputs:
y (required): A matrix of brain regions’ response. Each region’s time-series is column-wise.

1 (optional): A positive integer specifies the length of the partial cross-coherence. The default value

equals the length of the input time-series.
sr (optional): A positive number specifies the sampling rate (in Hz). The default value is 1.
Outputs:

PCoh : A matrix of estimated partial cross-coherence at different frequencies. PCoh(i,j,:) corresponds

to the partial cross-coherence between region ¢ and j.

lambda_PCoh : A vector of positive values indicates the frequencies corresponding to the estimated

partial cross-coherence.
Mutual information: phi=mutualinf(y;,y2,sr,Jambdamin,lambdamax)

Inputs:
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y1 and y2 (required): Time-series of brain region’s response. They should be column-wise.
sr (optional): A positive number specifies the sampling rate (in Hz). The default value is 1.

lambdamin,lambdamax : [lambdamin, lambdamax] specifies the frequency boundaries (in Hz)

within which to integrate the information. The default values are 0 and % respectively.
Outputs:

phi : Estimated mutual information which is between 0 and 1.
Partial mutual information: Pphi=Pmutualinf(y,sr,lambdamin,lambdamax)

Inputs:
y (required): A matrix of brain regions’ response. Each region’s time-series is column-wise.
sr (optional): A positive number specifies the sampling rate (in Hz). The default value is 1.

lambdamin,lambdamax : [lambdamin, lambdamax] specifies the frequency boundaries (in Hz)

within which to integrate the information. The default values are 0 and % respectively.
Outputs:

Pphi : A matrix of estimated partial mutual information. Pphi(é,j) corresponds to the partial mutual

information between region ¢ and j.
Peak correlation: pcorr=corrpeak(y;,y2,scan,k,norder)

Inputs:
y1 and y2 (required): Time-series of brain region’s response. They should be column-wise.
scan (required): A positive integer specifies the number of scans per trial.

k (optional): An integer variable specifies the number of B-spline basis functions when smoothing the

trial-based curve. The default value is calculated by min(1/4 x scan, 35) + norder.
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norder (optional): An integer specifies the order of B-spline functions when smoothing the trial-based

curve. The default order is 4, and this defines splines that are piecewise cubic.
Outputs:

pcorr : Estimated peak correlation which is between -1 and 1.
Peak correlation (fast event-related design): pcorr=corrpeak_fast(yi,y2,st,k,norder)

Inputs:
y1 and y2 (required): Time-series of brain region’s response. They should be column-wise.
st (required): Column-wise vector of stimulus time-series.

k (optional): An integer variable specifies the number of B-spline basis functions when smoothing the

trial-based curve. The default value is calculated by min(1/4 x scan, 35) + norder.

norder (optional): An integer specifies the order of B-spline functions when smoothing the trial-based

curve. The default order is 4, and this defines splines that are piecewise cubic.
Outputs:

pcorr : Estimated peak correlation which is between -1 and 1.
Scan of interest correlation: scancorr=corrscan(yi,yz,scan,scanofinterest,k,norder)

Inputs:
y1 and y2 (required): Time-series of brain region’s response. They should be column-wise.
scan (required): A positive integer specifies the number of scans per trial.

scanofinterest (require): A positive integer within [0, scan] specifies the scan number at which some-

thing interesting is hypothesized to occur.

k (optional): An integer variable specifies the number of B-spline basis functions when smoothing the

trial-based curve. The default value is calculated by min(1/4 x scan, 35) 4+ norder.
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norder (optional): An integer specifies the order of B-spline functions when smoothing the trial-based

curve. The default order is 4, and this defines splines that are piecewise cubic.

Outputs:

scancorr : Estimated correlation of activity at the scan of interest which is between -1 and 1.
Scan of interest correlation (fast event-related design): scancorr=corrscan_fast(y1,yz,st,

scanofinterest,k,norder)

Inputs:

y1 and y2 (required): Time-series of brain region’s response. They should be column-wise.

st (required): Column-wise vector of stimulus time-series.

scanofinterest (require): A positive integer within [0, scan] specifies the scan number at which some-

thing interesting is hypothesized to occur.

k (optional): An integer variable specifies the number of B-spline basis functions when smoothing the

trial-based curve. The default value is calculated by min(1/4 x scan, 35) 4+ norder.

norder (optional): An integer specifies the order of B-spline functions when smoothing the trial-based

curve. The default order is 4, and this defines splines that are piecewise cubic.
Outputs:

scancorr : Estimated correlation of activity at the scan of interest which is between -1 and 1.
Functional canonical correlation: [cr,u,v,lJambda]=ccorr_cv(y1,yz2,scan,k,norder,Jambda_max)

Inputs:

y1 and y2 (required): Time-series of brain region’s response. They should be column-wise.

scan (required): A positive integer specifies the number of scans per trial.

k (optional): An integer variable specifies the number of B-spline basis functions when smoothing the

trial-based curve. The default value is calculated by min(1/4 x scan, 35) + norder.
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norder (optional): An integer specifies the order of B-spline functions when smoothing the trial-based

curve. The default order is 4, and this defines splines that are piecewise cubic.

lambda max : [0, lambda_max] specifies the boundaries within which to choose the smoothing pa-

rameter of the weight functions.
Outputs:
cr : Estimated functional canonical correlation which is between -1 and 1.
u and v : Estimated weight functions for the two regions respectively.
lambda : The smoothing parameter which is chosen via cross-validation.
Functional canonical correlation (fast event-related design): [cr,u,v,Jambda]=ccorr_cv_fast
(y1,y2,st,k,norder,Jambda_max)
Inputs:
y1 and y2 (required): Time-series of brain region’s response. They should be column-wise.
st (required): Column-wise vector of stimulus time-series.

k (optional): An integer variable specifies the number of B-spline basis functions when smoothing the

trial-based curve. The default value is calculated by min(1/4 x scan, 35) + norder.

norder (optional): An integer specifies the order of B-spline functions when smoothing the trial-based

curve. The default order is 4, and this defines splines that are piecewise cubic.

lambda max : [0, lambda_max] specifies the boundaries within which to choose the smoothing pa-

rameter of the weight functions.
Outputs:
cr : Estimated functional canonical correlation which is between -1 and 1.
u and v : Estimated weight functions for the two regions respectively.

lambda : The smoothing parameter which is chosen via cross-validation.
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Get all Measures: s=getallconnectivityinds(y,yz,scan,tr,justeventmeas,scanofinterest)

Low

Inputs:
y1 and y2 (required): Time-series of brain region’s response. They should be column-wise.
scan (required): A positive integer specifies the number of scans per trial.

tr (optional): A positive number specifies the number of seconds between samples (scans). The default

value is 1.5.

justeventmeas (optional): If 1, only trial-based measures should be computed. It 0, only whole

time-series measures should be computed. The default value is 0.

scanofinterest (optional): A specific scan number within trials at which something interesting is

hypothesized to occur.
Outputs:

s : A cell array with all the estimated FC measures assigned to it.
pass filter: y_lp=lowpass(y,sr,f,order)

Inputs:
y (required): Time-series of brain region’s response.
sr (required): A positive number specifies the sampling frequency (in Hz).

f (required): A positive number specifies the cut-off frequency (in Hz) which should be between 0 and

half of the sampling frequency.
order (optional): An integer specifies the order of the filter. The default value is 10.
Outputs:

y_lp : The new time-series after being low pass filtered.

Smoothing (resting state design): Y_sm=smoothing whole(Y,P,N,scan,auto,nloop,k,norder)
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Inputs:

Y (required): A three-dimensional matrix storing brain regions’ response.
Its dimensions are:
1. time ... size = no. of scans per trial
2. variables ... size = no. of regions

3. replications ... size = no. of subjects X no. of trials per subject
P (required): A positive integer indicates the number of regions.
N (required): A positive integer indicates the number of subjects.
scan (required): A positive integer specifies the number of scans per trial.

auto (optional): A number within [-1 1] specifies the autocorrelation of the noise. The default value

is 0.7.

k (optional): An integer variable specifies the number of B-spline basis functions when smoothing the
data. The default value is calculated by min(1/4 x scan, 35) + norder, where n equals the length

of the input time-series.

norder (optional): An integer specifies the order of B-spline functions when smoothing the data. The

default order is 4, and this defines splines that are piecewise cubic.
Outputs:

Y_sm : A three-dimensional matrix storing smoothed brain regions’ response.
Smoothing (event-related design): Y_sm=smoothing(Y,P,N,M,scan,auto,nloop,k,norder)

Inputs:

Y (required): A three-dimensional matrix storing brain regions’ response.
Its dimensions are:

1. time ... size = no. of scans per trial
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2. variables ... size = no. of regions

3. replications ... size = no. of subjects x no. of trials per subject
P (required): A positive integer indicates the number of regions.
N (required): A positive integer indicates the number of subjects.

M (required): A vector of positive integers with size Nx1 where the ith position of M indicates the

number of trials of subject .
scan (required): A positive integer specifies the number of scans per trial.

auto (optional): A number within [-1 1] specifies the autocorrelation of the noise. The default value

is 0.7.

k (optional): An integer variable specifies the number of B-spline basis functions when smoothing the
data. The default value is calculated by min(1/4 x scan, 35) + norder, where n equals the length

of the input time-series.

norder (optional): An integer specifies the order of B-spline functions when smoothing the data. The

default order is 4, and this defines splines that are piecewise cubic.
Outputs:

Y _sm : A three-dimensional matrix storing smoothed brain regions’ response.
Pre-whitening: y_prewhiten=prewhiten(y,auto)

Inputs:
y (required): Input time-series data.

auto (optional): A number within [-1 1] specifies the autocorrelation of the noise. The default value

is 0.7.
Outputs:

y-prewhiten : The new time-series after being pre-whitened.
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Interpolation: y_scale=gsresample(y,origHz,newHz)

Inputs:

y (required): Input time-series data.
origHz (required): Original sampling rate.
newHz (required): New sampling rate.
Outputs:

y_scale : The new time-series after being rescaled.
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Captions to figures:

Figure 1. The plots from top to bottom on the far left show one subject’s whole-waveform-based simu-
lated time-series (140 scans) of two regions (blue lines and red lines) for 4 different patterns of association.
Results of cross-correlation and cross-coherence shown here are the overall mean across 50 subjects. mu_l,

mu_h represent mean mutual information over low frequency band and high frequency band respectively.

Figure 2. The plots from top to bottom on the far left show one subject’s trial-based simulated time-
series (20x7 scans) of two regions (blue line and red line) for 11 different patterns of association. Results of
FC measures shown here are overall mean across 50 subjects. Red dashed lines shown are partial correlation
or coherence. pmul, pmuh, p_c and ca_c represents partial mutual information over low frequency band,
partial mutual information over high frequency band, peak correlation, and functional canonical correlation
respectively. The shown canonical correlation weight functions of each region (blue line and red line) are the
overall mean of weight functions across subjects. Cross-correlation, coherence and mutual information are

taken after centering the time-series data from the overall median of each run (20 trials).

Figure 3. Classification tree of 11 pattern of associations. Here, 1-11 represent: 1.Zero-order relationship
unrelated to design; 2.Lagged (lag 4) relationship unrelated to design; 3.Zero-order relationship related to
design; 4.Lagged (lag 1) relationship related to design; 5.Relationships among low frequencies unrelated to de-
sign; 6.Related peak amplitudes and latencies but variability in higher moments; 7.Related peak amplitudes
but unrelated peak latencies; 8.A-1-mode B-2-modes; 9.Relationship of A-peak-amplitude to B-sustained
activity; 10.Unrelated peak amplitudes but related peak latencies; and 11.No connectivity. Covariates put
in this classification tree were partial zero-order correlation(‘p_zero-order’), partial lag-1 correlation(‘p_lag
1’), partial lag-4 correlation(‘p_lag 4’), partial mutual information over low frequency band(‘pmu_l’), partial

mutual information over high frequency band(‘pmu_h’), peak correlation(‘peak’), and functional canonical
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correlation(‘canonical’).

Figure 4. Mean results of different FC measures applied to simulations with zero-order relationship
(stationary design) between regions. FC measures were computed after smoothing with and without explic-
itly modeling autocorrelated noise. Results of data with high SNR are shown in red and results of data with
low SNR are shown in blue. 1st row: smoothing without modeling autocorrelated noise; 2nd row: smoothing

with modeling autocorrelated noise.

Figure 5. Mean results of different FC measures applied to simulations with zero-order relationship
(event-related design) between regions. FC measures were computed after smoothing with and without
explicitly modeling autocorrelated noise. Results of data with high SNR are shown in red and results of
data with low SNR are shown in blue. 1st row: smoothing without modeling autocorrelated noise; 2nd row:

smoothing with modeling autocorrelated noise.

Figure 6. Identified regions of interest used in the analysis: dACC restricted in BA32 (left) and DLPFC

restricted in BA9 (right).

Figure 7. Thirty-six experimental trials for one subject. Blue lines are trials in dACC(BA32) (left

panel) and DLPFC(BA9) (right panel). Bold red lines are subject’s mean responses for each ROL.

Figure 8. Classification results for 32 subjects. X axis represents the 11 types of association correspond-

ing to Figure 3. Y axis represents the number of subjects classified to each relationship.

Figure 9. Mean results of different FC measures between dACC(BA32) and DLPFC(BA9) for three

main classified groups. Red dashed lines shown are partial correlation or coherence. ‘pmul’; ‘pmuh’, ‘p_c’,
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‘ca_c’ represent partial mutual information over low frequency band, partial mutual information over high

frequency band, peak correlation, and functional canonical correlation respectively.
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Captions to tables:

Table 1 Interpreting data based on simulation results (whole waveform).

Table 2 Interpreting data based on simulation results (trial-based waveform).
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Table 1: Interpreting data based on simulation results (whole wave-

form)
Zero-order | Lagged Cross Mutual | Mutual Interpretation
COIT. COIT. coh. info.(L) | info.(H)
High Medium | High at Medium | Low Zero order relationship
or low low freq.
Medium High High at Medium | Low Lagged (lag 4) relationship
or low low freq.
Could be Could be | High at Medium | Low Multiple frequency components with
high high low freq. relationships only among low
frequencies
Low Low High at Low Medium | Multiple frequency components with
high high freq. relationships only among high

frequencies




Table 2: Interpreting data based on simulation results (trial-based

waveform)
Zero- Lagged Cross Mutual Mutual Peak Canonical Interpretation
order corT. coh. info. info. corT. corr.
COIT. (L) (H)
High Medium | High at Medium Low Medium | High Zero-order
(High) or low low freq. (Medium) | (Low) relationship
(Medium | (High at unrelated to
or low) low freq. ) design
Medium High High at Medium Low Low High Lagged
or low (High) low freq. (Medium) | (Low) relationship
(Medium (High at unrelated to
or low) low freq.) design
High Medium | High at Medium Low High High Zero-order
(High) or low trial freq. | (Medium) | (Low) relationship
(Medium | (High at related to
or low) low freq.) design
Medium High High at Medium Low High High Lagged
or low (High) trial freq. | (Medium) | (Low) relationship
(Medium (High at related to
or low) low freq.) design
Could Could High Medium Low Medium | High Multiple frequency
be be at (Medium) | (Low) or components with
high high 0.05 Hz low relationships only
(Could (Could High among low
be be at frequencies(0.05Hz)
high) high) 0.05 Hz) unrelated to design
High or Medium | High Medium Medium | High Medium Related peak
or or at trial (Low) or low amplitudes and
medium low freq. (Low) latencies but
(Medium) | (Low) (Low) variability in
higher moments
(e.g.,skew,kurtosis)
Medium Low Medium Medium Medium | High High Related peak
(Medium) | (Low) at trial (Medium) | or low amplitudes but
freq. (Low) unrelated peak
(Low) latencies
Medium Medium | High at Medium Low High High A-1-mode
(High or low trial (Medium) | (Low) corresponds to
or (High at | freq. B-2-mode and
medium) | certain (High at related mode
lag) low amplitudes and
freq.) latencies
Medium Low High at Medium Low Low High Relationship of
(Medium | (High at | trial (Medium) | (Low) A-peak

Continued on next page




Table 2 — continued from previous page

Zero- Lagged Cross Mutual Mutual Peak Canonical Interpretation
order COTT. coh. info. info. corr. corT.
COIT. (L) (H)
or low) certain freq. -amplitude to
lag) (High at B-sustained
low freq.) activity
Medium Low High at Medium Low Low High Unrelated peak
(Low) (Low) trial freq. | (Low) (Low) amplitudes but
(Low) related peak
latencies
Low Low High at Low Low Low Low No connectivity
(Low) (Low) trial freq. | (Low) (Low)
(Low)
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