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22Correlations between spontaneous fluctuations in the blood oxygenation level dependent (BOLD) signal
23measured with functional MRI are finding increasing use as measures of functional connectivity in the
24brain, where differences can potentially predict cognitive performance and diagnose disease. Caffeine,
25which is a widely consumed neural stimulant and vasoactive agent, has been found to decrease the amplitude
26and correlation of resting-state BOLD fluctuations, and hence is an important factor to consider in functional
27connectivity studies. However, because the BOLD signal is sensitive to neural and vascular factors, the phys-
28iological mechanisms by which caffeine alters spontaneous BOLD fluctuations remain unclear. Resting-state
29functional connectivity has traditionally been assessed using stationary measures, such as the correlation co-
30efficient between BOLD signals measured across the length of a scan. However, recent work has shown that
31the correlation of resting-state networks can vary considerably over time, with periods as short as 10 s. In this
32study, we used a sliding window correlation analysis to assess temporal variations in resting-state functional
33connectivity of the motor cortex before and after caffeine ingestion. We found that the temporal variability of
34BOLD correlation was significantly higher following a caffeine dose, with transient periods of strong correla-
35tion alternating with periods of low or negative correlation. This phenomenon was primarily due to increased
36variability in the phase difference between BOLD time courses in the left and right motor cortices. These re-
37sults indicate that caffeine may cause underlying spontaneous neural fluctuations to go in and out of coher-
38ence more frequently, and emphasizes the need to consider non-stationary measures when studying changes
39in functional connectivity.
40© 2011 Elsevier Inc. All rights reserved.

4142

43

44

45 Introduction

46 Resting-state functional MRI (fMRI) can be used to assess func-
47 tional connectivity within the brain through the measurement of cor-
48 relations between spontaneous blood oxygenation level-dependent
49 (BOLD) fluctuations in different regions. Synchronous BOLD fluctua-
50 tions have been consistently found at rest within functional networks
51 such as the motor cortex, visual cortex, and default mode network
52 (DMN) (Biswal et al., 1995; Lowe et al., 1998; Greicius et al., 2003).
53 A growing number of studies have shown that functional connectivity
54 is altered for cognitive disorders such as multiple sclerosis, epilepsy,
55 Parkinson's, and Alzheimer's disease (Lowe et al., 2002; Greicius
56 et al., 2004; Lui et al., 2008; Kwak et al., 2010), suggesting that
57 resting-state studies can aid in disease diagnosis and improved un-
58 derstanding of disease mechanisms. In addition, inter-subject differ-
59 ences in functional connectivity have been shown to correlate with
60 performance on working memory tasks and intelligence (Hampson
61 et al., 2006; Song et al., 2008).

62To date, functional connectivity studies have typically employed
63stationary metrics obtained with seed-based correlations or indepen-
64dent component analysis computed over an entire resting scan. How-
65ever, recent work has shown that the correlation strength between
66different brain regions may vary in time. For example, a study using
67magnetoencephalography (MEG) found transient formations of
68widespread correlations in resting-state power fluctuations within
69the DMN and task positive network (TPN) (de Pasquale et al.,
702010). This nonstationary phenomenon was particularly apparent
71when considering nodes in different hemispheres, which exhibited
72very low stationary correlation. Another study using fMRI found
73that the phase angle between spontaneous BOLD fluctuations in the
74DMN and TPN varied considerably over time, with frequent periods
75of significant anti-correlation (Chang and Glover, 2010). These stud-
76ies indicate that coordination of spontaneous neural activity is a dy-
77namic process, and suggest that time varying approaches can
78provide critical insights into functional connectivity.
79Despite the increasing appearance of resting-state functional con-
80nectivity studies in the literature, it remains difficult to interpret the
81physiological mechanisms behind changes in BOLD signal correla-
82tions. The BOLD signal provides an indirect measure of neural activity,
83and is a complex function of changes in cerebral blood flow (CBF),
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84 cerebral blood volume, and oxygen metabolism (Buxton et al., 2004).
85 Factors that alter any part of the pathway between neural activity and
86 the BOLD response can change functional connectivity measure-
87 ments, making it difficult to decipher the origin of this effect. For ex-
88 ample, caffeine is a widely used stimulant that has a complex effect
89 on the coupling between neural activity and blood flow (Fredholm
90 et al., 1999; Pelligrino et al., 2010). Through adenosine antagonism,
91 caffeine enhances neural activity by blocking the inhibitory affects
92 of adenosine activation (Dunwiddie and Masino, 2001). In addition,
93 by inhibiting adenosine binding to receptors on smooth muscles
94 cells, caffeine reduces the ability of blood vessels to dilate (Meno
95 et al., 2005; Pelligrino et al., 2010) and causes an overall reduction
96 in baseline cerebral blood flow (Cameron et al., 1990). All of these fac-
97 tors can lead to BOLD signal changes.
98 Previous work by our group assessing caffeine's effect on resting-
99 state BOLD fluctuations has shown that it reduces both the stationary
100 correlation and amplitude of the fluctuations in the motor cortex
101 (Rack-Gomer et al., 2009). While it is difficult to determine the un-
102 derlying physiological mechanisms behind this effect, recent studies
103 suggest that it may stem primarily from changes in neural activity co-
104 herence. For example, preliminary work by our group with magneto-
105 encephalography (MEG) found similar reductions in the correlation
106 of MEG power fluctuations in the motor cortex, which do not have
107 the same vascular confounds that are present in the BOLD fMRI signal
108 (Tal et al., 2011). In addition, caffeine has been shown to impair
109 motor learning compared to a placebo (Mednick et al., 2008). Since
110 it has been shown that the strength of resting-state functional con-
111 nectivity is related to memory performance (Hampson et al., 2006),
112 these findings suggest that the caffeine-induced reduction in BOLD
113 correlation may represent underlying neural changes.
114 In this study, we employed a non-stationary analysis approach to
115 gain further insight into themechanisms of caffeine's effect on function-
116 al connectivity. Specifically, we used a sliding window correlation anal-
117 ysis to assess whether caffeine consistently weakens the correlation
118 over time or if transient periods of strong correlation still exist, albeit
119 less frequently. A persistent and stationary decrease in correlation
120 could be caused by an overall change in the vascular system induced
121 by caffeine. However, it is unlikely that a shift in the state of the vascular
122 systemwould give rise to an increase in the non-stationarity of the cor-
123 relations, when viewed on a time scale of tens of seconds. Instead, a
124 caffeine-induced increase in the temporal variability of the correlations
125 would tend to support the existence of greater temporal variability in
126 the coherence of the underlying neural fluctuations.

127 Methods

128 Experimental protocol

129 The data used in this studywere collected for a previous experiment
130 examining the effects of caffeine on resting-state BOLD connectivity as
131 assessed with stationary correlation measures (Rack-Gomer et al.,
132 2009). Nine healthy volunteers (5 males and 4 females, ages 23 to
133 41 years) participated in this study after providing informed consent.
134 Participants were instructed to refrain from ingesting caffeine for at
135 least 12 hours prior to being scanned. The estimated daily caffeine
136 usage for each subject based on self-reports of coffee, tea, and soda con-
137 sumption is presented in Table 1. The assumed caffeine contents for an
138 8-oz cup of coffee, an 8-oz cup of tea, and a 12-oz soda were 100 mg,
139 40 mg, and 20 mg respectively (Fredholm et al., 1999).
140 Each subject participated in two imaging sessions: a caffeine ses-
141 sion and a control session, in that order. The two imaging sessions
142 were separated by at least 6 weeks. The caffeine session consisted of
143 a pre-dose and a post-dose imaging section, each lasting around
144 45 minutes. Upon completion of the pre-dose section, participants
145 ingested a 200 mg caffeine pill and then rested for approximately
146 30 minutes outside of the magnet before starting the post-dose

147section. The first resting-state scan of the post-dose section began ap-
148proximately 45 minutes after the caffeine pill was ingested to achieve
149approximately 99% absorption of caffeine from the gastrointestinal
150tract (Fredholm et al., 1999). Control sessions used the same protocol,
151but without the administration of caffeine between sections, similar to
152the protocol used in Perthen et al. (2008). Subjects were not given a
153placebo during the control session. However, for convenience, we will
154still refer to the two scan sections as the “pre-dose” and “post-dose”
155sections.
156Each scan section included a high-resolution anatomical scan, a bi-
157lateral finger tapping block design, and two 5-minute resting-state
158BOLD scans. Bilateral finger tapping was self-paced and the block de-
159sign run consisted of 20-s rest followed by 5 cycles of 30-s tapping
160and 30-s resting. Subjects were instructed to tap while a flashing
161checkerboard was displayed and then to rest during the display of a
162control image, consisting of a white square situated in the middle of
163a gray background. During resting-state scans, the control image
164was displayed for the entirety of the scan and subjects were asked
165to maintain attention on the white square.

166Image acquisition

167Imaging data were collected on a GE Excite HDX 3 Tesla whole
168body system with an eight channel receive coil. Laser alignment was
169used to landmark subjects and minimize differences in head position
170between pre-dose and post-dose sections.
171The high-resolution anatomical scan was acquired with a magne-
172tization prepared 3D fast spoiled gradient (FSPGR) sequence
173(TI=450 ms, TR=7.9 ms, TE=3.1 ms, 12° flip angle, FOV 25 cm,
174256×256 matrix, slice thickness=1 mm). Functional data were col-
175lected over six oblique 6-mm thick slices prescribed through the pri-
176mary motor cortex. The finger tapping scan was acquired with a
177PICORE QUIPSS II (Wong et al., 1998) arterial spin labeling (ASL) se-
178quence (TR=2 s, TI1/TI2=600/1500 ms, 10 cm tag thickness, 1 cm
179tag-slice gap) with dual echo spiral readout (TE1/TE2=9.2/30 ms,
180FOV=24 cm, 64×64 matrix, and flip angle=90°). The two resting-
181state BOLD scans were acquired using BOLD-weighted imaging with
182spiral readout (TE=30 ms, TR=500 ms, FOV=24 cm, 64×64 ma-
183trix, and flip angle=45°).
184Cardiac pulse and respiratory effort data were monitored using a
185pulse oximeter (InVivo) and a respiratory effort transducer (BIOPAC),
186respectively. The pulse oximeter was placed on the subject's index fin-
187ger, and the respiratory effort beltwas placed around the subject's abdo-
188men. The pulse oximeter was not worn during the bilateral finger-
189tapping scan. Physiological data were sampled at 40 samples per second
190using a multi-channel data acquisition board (National Instruments).

191Data analysis

192Images from each scan section were co-registered using AFNI soft-
193ware (Cox 1996). In addition, the anatomical volume from each post-

Table 1 t1:1

Estimated daily caffeine usage and the number of voxels in each ROI for each subject.
The volume of each voxel is 84.4 mm3.

t1:2
t1:3Subject Estimated daily caffeine

usage (mg)
Volume of right ROI
(voxels)

Volume of left ROI
(voxels)

t1:41 b30 31 9
t1:52 b30 10 10
t1:62 340 12 25
t1:74 b30 12 7
t1:85 50 30 35
t1:96 b30 36 27
t1:107 50 28 23
t1:118 b30 11 25
t1:129 225 25 21
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194 dose section was aligned to the anatomical volume of its respective
195 pre-dose section, and the rotation and shift matrix used for this align-
196 ment was then applied to the post-dose functional images. The outer
197 two slices of the functional data were discarded to minimize partial
198 volume effects associated with the rotation of the post-dose data,
199 and the first 10 s of each functional run were not included. In addi-
200 tion, voxels from the edge of the brain were not included in the anal-
201 ysis in order to minimize the effects of motion.
202 The second echo data from the finger tapping scans were used to
203 generate BOLD activation maps of the motor cortex. This was accom-
204 plished using a general linear model (GLM) approach for the analysis
205 of ASL data (Mumford et al., 2006; Restom et al., 2006). The stimulus-
206 related regressor was produced by the convolution of the square
207 wave stimulus pattern with a gamma density function (Boynton
208 et al., 1996). Constant and linear trends were included in the GLM
209 as nuisance regressors. In addition, the data were pre-whitened
210 using an autoregressive model of order 1 (Burock and Dale, 2000;
211 Woolrich et al., 2001). The statistical maps were based on the square
212 root of the F-statistic, which is equal to the t-statistic in the case of
213 one nuisance term (Liu et al., 2001). For consistency with our prior
214 study (Rack-Gomer et al., 2009), active voxels were defined using a
215 method based on activation mapping as a percentage of local excita-
216 tion (AMPLE) (Voyvodic, 2006). In summary, the

ffiffiffi
F

p
maps were sep-

217 arated into left and right hemispheric regions. The highest value in
218 each region was identified and then every voxel was converted to a
219 percentage of the peak statistical value for the region (AMPLE
220 value=(

ffiffiffi
F

p
value / peak

ffiffiffi
F

p
value)×100). Active voxels were re-

221 quired to exceed an AMPLE value of 45% and a
ffiffiffi
F

p
value of 2

222 (pb0.05). The final activation maps were defined from the intersec-
223 tion of voxels active in both pre-dose and post-dose scan sections. Re-
224 gions of interest (ROIs) were then defined for the left and right motor
225 cortices from these activation maps. Thus, the same ROIs were used in
226 the comparison of pre-dose and post-dose functional connectivity
227 within an imaging session. The numbers of voxels in each subject's
228 left and right ROIs are listed in Table 1.
229 Nuisance terms were removed from the BOLD resting-state data
230 through linear regression. Nuisance regressors included constant
231 and linear trends, 6 motion parameters obtained during image co-
232 registration, physiological noise contributions (Glover et al., 2000),
233 low frequency variations in cardiac and respiratory rate (Birn et al.,
234 2008; Chang et al., 2009), and a version of the global signal that we
235 will call the “regional” signal term. The regional signal term was cal-
236 culated as the mean signal from the anterior portion of the brain in
237 order to minimize bias that can occur when all the voxels in the
238 brain are used to define a global mean signal as a nuisance regressor
239 (Murphy et al., 2009). Data were then temporally low-pass filtered
240 using a finite impulse response function (Diniz et al., 2002) with a
241 cutoff frequency of 0.08 Hz. This cutoff frequency was chosen for con-
242 sistency with previous functional connectivity studies (Biswal et al.,
243 1997; Cordes et al., 2001; Fox et al., 2005).
244 To quantify functional connectivity strength, we extracted average
245 BOLD signals from the left and right motor cortices. A stationary mea-
246 sure of inter-hemispheric functional connectivity was calculated as
247 the correlation coefficient between the right and left motor BOLD sig-
248 nals computed over the entire length of each resting run. To assess
249 temporal variations in inter-hemispheric motor cortex connectivity,
250 we applied a sliding window over the length of each resting run
251 and calculated the correlation between the left and right motor
252 BOLD signals within each window. Correlation variability was quanti-
253 fied as the standard deviation of the sliding window correlation time
254 series. To assess the affect of window length on correlation variability,
255 we varied the window length from 10 s to 100 s in 1-s increments.
256 For all subjects, metrics were averaged across the two resting runs
257 in each scan section. Two-tailed paired t-tests were performed be-
258 tween the pre-dose and post-dose results to assess caffeine-induced
259 changes. In addition, a repeated measures two-way analysis of

260variance (ANOVA) was performed for each metric to assess the inter-
261action between caffeine and scan session.

262Cross power analysis

263To gain more insight into the cause of temporal variations in BOLD
264signal correlation, we performed a cross power analysis on each pair
265of left and right motor cortex BOLD signals. Let x[n] and y[n] represent
266the average BOLD time courses from the left and right motor cortices,
267respectively. The power spectral estimate of x[n], which is of length N
268and sampled at a rate of fs, is given by

PX k½ � ¼ 1
Nf s

X k½ ��X k½ �; ð1Þ

269270where horizontal bars indicate complex conjugation and X[k] is the
271discrete Fourier Transform of x[n], which is defined as

X k½ � ¼
XN−1

n¼0

x n½ �e−j2πknN ð2Þ

272273
274(Oppenheim and Schafer, 1989). The units of the estimated power
275spectrum are given in power/Hz. The cross power spectrum between
276x[n] and y[n], both of length N and sampled at a rate of fs, is

PXY k½ � ¼ 1
Nf s

X k½ ��Y k½ � ð3Þ
277278
279(Roth, 1971). The cross power spectrum is a complex function, so
280we can define a cross magnitude component MXY[k]=|PXY[k]| and a
281cross phase component ΦXY[k], which is the complex argument arg
282(PXY[k]).
283The correlation between x[n] and y[n] can be computed in terms of
284their cross power spectrum using the following expression

R ¼

PN−1

k¼1
PXY k½ �ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPN¼1

k¼1
PX k½ �

s ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPN¼1

k¼1
PY k½ �

s ð4Þ

285286where we assume that x[n] and y[n] have their means removed.
287Eq. (4) is derived in the Appendix, and can be further decomposed
288into the product of an “average” cross magnitude component and
289cross phase component, which we will callMXY′ andΦXY′ , respectively;

R ¼ MXY′ cos ΦXY′ð Þ ð5Þ

290291where

MXY′ ¼
2 1

2 PXY N=2½ � þ PN=2−1

n¼1
PXY k½ �

�����
�����ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPN−1

k¼1
PX k½ �

s ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPN−1

k¼1
PY k½ �

s ; ð6Þ

292293and

ΦXY′ ¼ arg
1
2
PXY N=2½ � þ

XN=2−1

k¼1

PXY k½ �
 !

: ð7Þ

294295
296To estimate the relative contributions of cross magnitude and
297phase to temporal variability of the correlation coefficient, we com-
298puted an estimate of the average magnitude and phase for each win-
299dow position. The average cross magnitude computed in Eq.(6) takes
300on values between 0 and 1, and can be thought of normalized joint
301power of the two signals. The cosine of the average phase computed
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302 in Eq.(7) will produce values from−1 to 1. Signals that have an aver-
303 age phase of zero will be highly correlated (i.e. cos(0°)=1), whereas
304 signals that have an average phase of 90° will be uncorrelated (i.e. cos
305 (90°)=0). Signals with an average phase of 180° will be anti-
306 correlated with a correlation of −1.
307 Sliding window time series of average cross magnitude and cosine
308 of average cross phase were calculated for each resting run. R2 values
309 between these time courses and the sliding window correlation time
310 series were computed to show the amount of variance in the correla-
311 tion time course that can be explained by each component. In addi-
312 tion, we estimated the variability in MXY′ and cos(ΦXY′ ) as the
313 standard deviation of each of the respective time courses. For all sub-
314 jects, cross power metrics were averaged across the two resting runs
315 in each scan section. Two-tailed paired t-tests were performed be-
316 tween the pre-dose and post-dose results to assess caffeine-induced
317 changes.

318 Temporal variability of nuisance signals

319 To look at the temporal variability of the nuisance signals, we
320 computed the projection of the resting-state BOLD signals for each
321 voxel onto the subspace spanned by the motion regressors, the phys-
322 iological noise regressors, and the regional signal regressor. These
323 projections were then low-pass filtered (0.08 Hz cutoff frequency)
324 and averaged across the left and right motor regions of interest to
325 generate an average nuisance time course for each run. We used a
326 sliding window (lengths of 20 s and 30 s) analysis to compute the
327 running mean and standard deviation as a function of time, where
328 both measures were normalized by the standard deviation measured
329 across the entire time. We then defined the mean variability and the
330 standard deviation variability as the standard deviation of the run-
331 ning mean and standard deviation time courses, respectively. These
332 metrics were averaged across runs and two-tailed paired t-tests
333 were used to compare the results across conditions.

334 Results

335 Stationary measures of functional connectivity (i.e. the correlation
336 computed across all time points) are shown for each subject before
337 and after caffeine ingestion in Fig. 1a, where the solid line represents
338 equality between the two states. Consistent with our previous study
339 (Rack-Gomer et al., 2009), we find that caffeine significantly reduces
340 inter-hemispheric BOLD connectivity in the motor cortex (t(8)=3.2,
341 p=0.012). Fig. 2b shows the pre-dose and post-dose functional con-
342 nectivity measures obtained in the control session for each subject.
343 There were no significant changes in these metrics (t(8)=−1.2,
344 p=0.25). These results are consistent with a repeated measures
345 two-way ANOVA, which showed that the interaction between scan
346 section (pre-dose vs. post-dose) and session (caffeine vs. control) is
347 significant (F(1,8)=21, p=0.002).
348 Windowed BOLD signal correlations between the left and right
349 motor cortices are shown as a function of time for three representa-
350 tive subjects in Fig. 2, using a representative window length of 30 s.
351 While correlation varies with time in both the pre-dose and post-
352 dose scan sections, temporal variability generally appears larger in
353 the caffeinated state. However, extended time periods of strong cor-
354 relation still exist in the post-dose measures. The scatter plots in
355 Figs. 1c and 1d show correlation variability using two representative
356 sliding window lengths of 20 s (blue) and 30 s (black) for each sub-
357 ject during the caffeine and control sessions, respectively. Caffeine in-
358 gestion significantly increased variability for both window lengths
359 (−t(8)|>2.5, pb0.04), while the control session data do not display
360 significant changes in variability between scan sections for either
361 window length (−t(8)|b0.55, p>0.55). The interaction between im-
362 aging section and session measured with a repeated measures two-
363 way ANOVA approaches significance for caffeine-induced variability,

364with (F(1,8)=3.9, p=0.08) for a 20 s window and (F(1,8)=2.88,
365p=0.13) for a 30 s window. One subject (subject 1) exhibited a
366greater increase in post-dose correlation variability during the control
367session as compared to the caffeine session. When this subject is not
368included, then the ANOVA interaction is significant for both window
369lengths (F(1,8)>6, pb0.04).

Fig. 1. Static measures of inter-hemispheric BOLD correlation are shown for the post-
dose versus pre-dose scan sections from a) the caffeine session and b) the control ses-
sion. Inter-hemispheric BOLD correlation variability measures (standard deviation of
sliding window correlation time series) are shown for the post-dose versus pre-dose
scan sections during c) the caffeine session and d) the control session. Blue data points
were generated using a 20-s sliding window and black data points were generated
using a 30-s window. Solid lines represent equality between the two sections and
paired t-test p-values are shown. (For interpretation of the references to color in this
figure legend, the reader is referred to the web version of this article.)

Fig. 2. Sliding window correlation time series are shown for 3 representative subjects
during the pre-dose (blue line) and post-dose (red line) scan sections, using a repre-
sentative window length of 30 s. (For interpretation of the references to color in this
figure legend, the reader is referred to the web version of this article.)
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370 To show that the caffeine-induced increase in correlation variabil-
371 ity is not specific to a certain window length, caffeine-induced
372 changes in correlation variability are shown as a function of window
373 length in Fig. 3, which plots paired t-statistics between the post- and
374 pre-dose scan sections versus window length. T-statistics are shown
375 for both the caffeine session (red circles) and control session (blue
376 circles). In this case a positive t-statistic indicates that variability is
377 larger in the post-dose state, and data points above the top dashed
378 line represent significant (pb0.05) post-dose increases. Significant
379 caffeine-induced increases in correlation variability are present in
380 the caffeine session for window lengths of 31 s and shorter, with a
381 maximum difference occurring for a window length of 18 s. Longer
382 windows tend to smooth out correlation variations, making it more
383 difficult to detect the effects of caffeine on correlation variability. In
384 contrast, the control data do not show significant changes in correla-
385 tion variability between the pre- and post-dose scan sections for any
386 window length. If the regional signal term is not included as a nui-
387 sance regressor, we find that correlation variability for the caffeine
388 session data is significantly greater in the caffeinated state for win-
389 dow lengths of 27 s and shorter.
390 BOLD time courses from the left and right motor cortices are
391 shown before and after caffeine ingestion for a representative subject
392 (Subject 9) in the top panel of Fig. 4. To visualize temporal variability
393 in cross magnitude and phase, we created time–frequency plots of the
394 windowed cross power spectra, which are shown below the BOLD
395 time courses in Fig. 4. These were created by computing the cross
396 power spectrum between the left and right motor cortex BOLD sig-
397 nals for each sliding window period (a representative 30 s window
398 was used) and displaying the resulting spectrum as a column in the
399 time–frequency plot. For visualization purposes, we “increased” fre-
400 quency resolution by zero-padding to 4 times the window length. In
401 the plot, the color scale represents magnitude in units of normalized
402 log-spectrum log2(MXY[k]/σxσy), where σx and σy are the standard
403 deviations computed over the entire length of the two BOLD time
404 courses. Arrows are used to represent phase, with each arrow point-
405 ing to a position along the unit circle given by its phase angle. A 90°
406 phase would have an arrow pointing up, a 180° phase would have
407 an arrow pointing to the left, and so on. The frequency axis (y-axis)

408is restricted to frequencies less than the 0.08 Hz cut-off frequency
409that was used in the processing of the data. The plots in the bottom
410row of Fig. 4 show sliding window time courses for correlation
411(black), cosine of the average phase cos(ΦXY′ ) (pink), and average
412cross power magnitude MXY′ (light blue).
413The power spectra in Fig. 4 show that periods of low joint BOLD
414signal power (blue and green colors) correspond in time with reduc-
415tions in correlation, shown in the plots below. This relationship is also
416captured by the MXY′ time courses (light blue), which appear to track
417the correlation time courses fairly well, particularly in the pre-dose
418state. In addition, non-zero phase differences between the two signals
419(indicated with arrows on the power spectra) also correspond with
420decreases in the correlation time series shown in the plots below, es-
421pecially in the post-dose state. The relationship between phase
422and correlation is shown more clearly in the bottom plots, where
423cos(ΦXY′ ) is in pink and correlation is in black. From viewing these
424sliding window time courses, it can be seen that phase offsets be-
425tween the BOLD time courses approach 180° during the post-dose
426section, and appear to be responsible for the large drop in correlation.
427This suggests that larger phase differences, rather than variations in
428joint signal power, during the post-dose state may be responsible
429for the caffeine-induced increase in correlation variability.
430The scatter plots in the top row of Fig. 5 show the R2 values
431between the sliding window correlation and a) the cosine of the aver-
432age cross phase cos(ΦXY′ ), and b) the average cross power magnitude
433MXY′ . The plots on the bottom row chart the post-dose versus pre-
434dose variability (standard deviation of the time series) of cos(ΦXY′ )
435and MXY′ in panels c and d, respectively. In these figures, blue
436data points were generated using a 20-s window and black data
437points were from a 30-s window. It can be seen that temporal
438variations in phase explain significantly (−t(8)|>3, pb0.02) more
439of the variance in correlation after caffeine ingestion (Fig. 5a).
440Furthermore, similar to the increase in correlation variability, there
441is a significant (−t(8)|>3.2, pb0.02) caffeine-induced increase in
442phase variability (Fig. 5c). On the other hand, MXY′ explains signifi-
443cantly (−t(8)|>2.8, pb0.03) more of the sliding window correlation
444in the pre-dose section (Fig. 5b). However, variability in MXY′ is great-
445er in the post-dose section (−t(8)|>2.5, pb0.04) (Fig. 5d). It seems
446likely that fluctuations in joint signal power produce variations in
447BOLD correlation during both the pre-dose and post-dose states.
448However, because phase variations (mean variability of 0.49 and
4490.41 for 20-s and 30-s windows, respectively) are substantially
450larger in the post-dose state than joint power fluctuations (mean var-
451iability of 0.19 and 0.18 for 20-s and 30-s windows, respectively), the
452relationship between BOLD correlation and MXY′ may be partially
453masked in the post-dose data. Note that the control session data did
454not show significant differences between scan sections for any of
455the metrics shown in Fig. 5 (−t(8)|b1.1, p>0.3).
456Metrics for the temporal variability of the nuisance signals were
457also examined. There were no significant caffeine-related differences
458in either the mean variability (p>0.28 for 20 s time window; p>0.26
459for 30 s time window) or the standard deviation variability (p>0.49
460for 20 s time window; p>0.26 for 30 s time window). These results
461suggest that the observed caffeine-induced changes in the temporal
462variability of the correlation are not likely to be due to differences
463in the stationarity of the nuisance signals. Even if a significant differ-
464ence had been observed, a straightforward interpretation would have
465been difficult. This is because the removal of non-stationary regres-
466sors can either increase or decrease the stationarity of the resulting
467correlations. For example, a large sudden movement would cause
468the motion regressors to be non-stationary, but regressing out its ef-
469fects could produce a cleaner set of BOLD signals with inter-regional
470correlations that are more stationary. On the other hand, the removal
471of a regressor with a large spike that is not reflected in the original
472data could impose a large transition in the corrected data, leading to
473greater non-stationarity in the correlations.

Fig. 3. Differences in correlation variability between the post-dose and pre-dose scan
sections are plotted versus window length, where red circles are paired t-test statistics
for the caffeine session and blue circles are paired t-test statistics for the control ses-
sion. Values above the top dashed line represent significant (pb0.05) post-dose in-
creases in variability, and values below the bottom dashed line would represent
significantly larger variability in the pre-dose session. Window lengths between 10 s
and 31 s produce significant caffeine-induced changes, with a maximum difference
for a window length of 18 s. No significant differences in correlation variability were
present in the control session data. (For interpretation of the references to color in
this figure legend, the reader is referred to the web version of this article.)
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474Discussion

475Caffeine has been previously shown to reduce stationary measures
476of the correlation between spontaneous BOLD signal fluctuations in
477the motor cortex (Rack-Gomer et al., 2009). However, because of the
478complexity of caffeine's interaction with both the neural and vascular
479systems, it remains unclear how BOLD signal correlation is disrupted.
480In this study, we examined temporal variations in correlation before
481and after a 200 mg dose of caffeine to gain more insight into the physi-
482ological mechanisms of caffeine's effect on functional connectivity. We
483found that correlations between left and right motor cortex BOLD sig-
484nals showed significantlymore temporal variability following a caffeine
485dose. Furthermore, these variations appear to be driven by phase differ-
486ences between the signals.
487Fluctuations in BOLD correlation, particularly those dependent on
488phase differences, may reflect the underlying dynamic nature of neural
489activity coherence. Transient episodes of inter-regional phase-locking
490of neural activity have been theoretically simulated in models based
491on the known anatomical connectivity of the primate brain (Honey et
492al., 2007) and demonstrated in vivo (Varela et al., 2001). In addition,
493transient periods of strong correlations were found between magneto-
494encephalography (MEG) power fluctuations within distributed resting-
495state networks, revealing the presence of nonstationary neuronal
496dynamics in the human brain (de Pasquale et al., 2010). This temporal
497variability in neural activity correlation was predominantly seen be-
498tween hemispheres. While a relationship between BOLD fluctuations
499and electrical power fluctuations has been shown using simultaneous
500electroencephalography (EEG) and fMRI (Goldman et al., 2002; Laufs
501et al., 2003; Moosmann et al., 2003; de Munck et al., 2007; Ritter et al.,
5022008), BOLD fluctuations have generally produced stronger and more
503stationary correlations within functional networks than those found
504with EEG or MEG. It has been hypothesized that the hemodynamic re-
505sponse function (HRF) smoothes out this temporal variability. However,

Fig. 4. BOLD time courses from the left and right motor cortices are shown for a representative subject in the pre-dose (left plot) and post-dose (right plot) scan sections in the top
row. Cross power spectra versus time are shown in the middle row, where the color represents the logarithm to the base 2 of the normalized magnitude and the arrows represent
phase differences between the 2 time courses. The bottom row shows correlation (black), cosine of the average cross phase cos(ΦXY′ ) (pink), and the average cross magnitude MXY

'

(light blue) versus time. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

Fig. 5. R2 values between sliding window BOLD correlation and a) cos(ΦXY′ ) and b)MXY′

for the post-dose versus pre-dose scan sections. Variability values (standard deviation
of the sliding window time courses) are plotted for c) cos(ΦXY′ ) and d) MXY′ before and
after caffeine ingestion. Blue data points were generated using a 20-s sliding window
and black data points were generated using a 30-s window. The solid line represents
equality between the sections, and paired t-test p-values are shown. (For interpreta-
tion of the references to color in this figure legend, the reader is referred to the web
version of this article.)
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506 very slow (0.15–0.5 Hz) modulations in local field potential (LFP)
507 power have been shown to exhibit large and variable phase differences
508 between the cat homologues of the DMN and task positive network
509 (TPN) (Popa et al., 2009), which would not be masked by HRF smooth-
510 ing. Furthermore, previous work has shown variable phase differences
511 between BOLD time courses in the DMN and TPN (Chang and Glover,
512 2010). These variations are also found in the data presented in this
513 study.
514 Caffeine caused greater variability in the correlation between rest-
515 ing BOLD time courses in the left and right motor cortices. The mode
516 of interhemispheric coordination of spontaneous oscillations in neu-
517 ral activity is not known for certain. One possibility is that homolo-
518 gous activity in the left and right sensorimotor cortex is primarily
519 mediated by the corpus callosum (Johnston et al., 2008). However,
520 it is also possible that the thalamus, which serves as a relay center
521 for both sensory and motor mechanisms (Herrero et al., 2002), coor-
522 dinates spontaneous activity between the motor cortex hemispheres
523 (MacDonald et al., 1996; Uddin et al., 2008). Previous studies have
524 shown that caffeine stimulates motor activity by counteracting the in-
525 hibitory control exerted by adenosine receptors on striatal dopamine
526 transmission, which will ultimately disinhibit thalamo-cortical pro-
527 jection neurons (Fisone et al., 2004; Fontanez and Porter, 2006). Caf-
528 feine's direct impact on the pathway between the thalamus and the
529 cortex may increase variability in the coordination of neural activity
530 between these two sites, which could lead to the correlation variabil-
531 ity between hemispheres observed in this study.
532 As caffeine antagonism of adenosine receptors produces both neu-
533 ral and vascular effects, which in turn both influence the BOLD signal,
534 the increased temporal variability in BOLD correlation might also re-
535 flect changes in the vasculature that reduce the BOLD signal's sensi-
536 tivity to underlying neural activity. This could be accomplished
537 either through caffeine's inhibition of adenosine-induced dilation of
538 blood vessels (Meno et al., 2005; Pelligrino et al., 2010) or its reduc-
539 tion of the ratio between blood flow changes and oxygen metabolism
540 changes in response to neural activity (Chen and Parrish, 2009). If the
541 BOLD signal is less sensitive to underlying neuronal fluctuations, then
542 a larger proportion of noise of non-neural origins could be present in
543 the resting-state BOLD time courses. This decrease in signal to noise
544 ratio could lead to the observed reductions in stationary correlation
545 and increased temporal variability in correlation without an accom-
546 panying change in the coherence of spontaneous neural activity.
547 However, it is unlikely that increased physiological noise in the
548 BOLD signal is primarily responsible for the findings presented here.
549 This is because we find extended periods of strong correlation in
550 the post-dose condition that are unlikely to be present if there was
551 an overall decrease in signal-to-noise ratio. Furthermore, preliminary
552 work by our group with MEG measures, which are insensitive to
553 caffeine's vascular effects, has shown that caffeine also reduces station-
554 ary measures of correlation in themotor cortex (Tal et al., 2011). Future
555 workwith simultaneous electroencephalographic (EEG) and fMRImea-
556 sures will be useful in elucidating whether caffeine directly increases
557 phase variability between neural activity in the left and right motor
558 cortices.
559 In conclusion, we find that correlation between the BOLD signals
560 in the left and right motor cortices varies over time, and that this var-
561 iability is significantly increased by caffeine. The predominant source
562 of these variations appears to be the non-stationarity of the phase dif-
563 ferences between the two signals. These results suggest that caffeine
564 causes greater variability in the underlying coherence of neural activ-
565 ity. As caffeine is a widely consumed stimulant, its effects on function-
566 al connectivity should be considered as a potential confound for other
567 resting-state disease and drug studies. Furthermore, future studies
568 assessing changes in functional connectivity caused by other pharma-
569 ceutical agents or diseases will benefit from considering not just sta-
570 tionary measures of functional connectivity, but dynamic properties
571 as well.
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579Appendix
580

581Derivation of Cross Power Spectral Representation of the Correlation
582Coefficient

583Let x[n] and y[n] represent average resting-state BOLD time
584courses from the left and right motor cortex ROIs, respectively, and
585assume that the means of these time courses have been subtracted.
586The correlation coefficient between x[n] and y[n], which are both of
587length N, is defined as

R ¼

PN−1

n¼0
x n½ �y n½ �ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPN−1

n¼0
x2 n½ �

s ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPN−1

n¼0
y2 n½ �

s : ðA:1Þ

588589
590By applying Parseval's Theorem, the above expression can be writ-
591ten in terms of the discrete Fourier Transforms of x[n] and y[n], which
592are denoted as X[k] and Y[k], respectively. Parseval's Theorem states
593that

XN−1

n¼0

x n½ ��y n½ � ¼ 1
N

XN−1

n¼0

X k½ ��Y k½ �; ðA:2Þ

594595where horizontal bars represent complex conjugation (Oppenheim
596and Schafer, 1989). Since x[n] and y[n] are real-valued signals,
597x n½ �y n½ � ¼ x n½ ��y n½ � and Eq. (A.1) can be written as

R ¼
1
N

PN−1

k¼1
X k½ ��Y k½ �ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

1
N

PN−1

k¼1
X k½ ��Y k½ �

s ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
N

PN−1

k¼1
Y k½ ��Y k½ �

s : ðA:3Þ

598599
600The frequency indexing in Eq. (A.3) starts at 1 instead of zero be-
601cause the means have been removed from x[n] and y[n], and hence X
602[0]=Y[0]=0. Using the definitions for power spectra and cross
603power spectra provided in Methods, Eq. (A.3) can be written as

R ¼

PN−1

k¼1
PXY k½ �ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPN−1

k¼1
Px k½ �

s ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPN−1

k¼1
Py k½ �

s ; ðA:4Þ

604605which is the cross power spectral representation of the correlation
606coefficient. Note that a 1/fs term, where fs is the sampling rate, is
607also present in the definitions for power spectra, but this term will di-
608vide out in the above expression.
609The cross power spectral representation of the correlation coeffi-
610cient can be decomposed into the product of average cross magnitude
611and phase components. To show this, we first note that because
612the signals are real, the cross power spectrum exhibits conjugate

7A.L. Rack-Gomer, T.T. Liu / NeuroImage xxx (2011) xxx–xxx

Please cite this article as: Rack-Gomer, A.L., Liu, T.T., Caffeine increases the temporal variability of resting-state BOLD connectivity in the mo-
tor cortex, NeuroImage (2011), doi:10.1016/j.neuroimage.2011.10.001



U
N
C
O

R
R
E
C
T
E
D
 P

R
O

O
F

613 symmetry PXY N−k½ � ¼�PXY k½ � (Oppenheim and Schafer, 1989). Then
614 the sum in the numerator of Eq. (A.4) may be written as

XN−1

k¼1

PXY k½ � ¼ 1
2
PXY N=2½ � þ

XN=2−1

k¼1

PXY k½ �
 !

þ 1
2
PXY N=2½ � þ

XN−1

k¼N=2þ1

PXY k½ �
0
@

1
A

¼ 1
2
PXY N=2½ � þ

XN=2−1

k¼1

PXY k½ �
 !

þ 1
2
PXY N=2½ � þ

XN=2−1

k¼1

�
PXY k½ �

 !

¼ 1
2
PXY N=2½ � þ

XN=2−1

k¼1

PXY k½ �
 !

þ
�

1
2
PXY N=2½ � þ

XN=2−1

k¼1

PXY k½ �
 !

¼ 2
1
2
PXY N=2½ � þ

XN=2−1

k¼1

PXY k½ �
�����

����� cos arg
1
2
PXY N=2½ � þ

XN=2−1

k¼1

PXY k½ �
 ! !

ðA:5Þ

615616 where we have assumed that the length N is an even number and
617 made use of the fact that PXY[N/2] is real. For signals with an odd
618 length N, the sum may be written as

XN−1

k¼1

PXY k½ � ¼ 2
XN−1=2ð Þ

k¼1

PXY k½ �
�����

����� cos arg
XN−1=2ð Þ

k¼1

PXY k½ �
 ! !

: ðA:6Þ

619620
621 By substituting Eq. (A.5) into Eq. (A.4) it can be seen that the cross
622 power spectral representation of the correlation coefficient can be
623 decomposed into the product of an “average” cross magnitude compo-
624 nent and cross phase component, which we will call MXY′ and ΦXY′ , re-
625 spectively. Thus, R can be written as

R ¼ MXY′ cos ΦXY′ð Þ; ðA:10Þ

626627 where

MXY′ ¼
2 1

2 PXY N=2½ � þ PN=2−1

n¼1
PXY k½ �

�����
�����ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPN−1

k¼1
PX k½ �

s ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPN−1

k¼1
PY k½ �

s ; ðA:11Þ

628629 and

ΦXY′ ¼ arg
1
2
PXY N=2½ � þ

XN=2−1

k¼1

PXY k½ �
 !

: ðA:12Þ

630631
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