Tracking brain arousal fluctuations with fMRI
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Changes in brain activity accompanying shifts in vigilance and arousal
can interfere with the study of other intrinsic and task-evoked
characteristics of brain function. However, the difficulty of tracking
and modeling the arousal state during functional MRI (fMRI) typically
precludes the assessment of arousal-dependent influences on fMRI
signals. Here we combine fMRI, electrophysiology, and the monitoring of eyelid behavior to demonstrate an approach for tracking
continuous variations in arousal level from fMRI data. We first
characterize the spatial distribution of fMRI signal fluctuations that
track a measure of behavioral arousal; taking this pattern as a
template, and using the local field potential as a simultaneous and
independent measure of cortical activity, we observe that the timevarying expression level of this template in fMRI data provides a
close approximation of electrophysiological arousal. We discuss the
potential benefit of these findings for increasing the sensitivity of
fMRI as a cognitive and clinical biomarker.
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uring both active task engagement and rest, the human
brain exhibits fluctuations in neural activity that can be
readily measured using functional MRI (fMRI). In recent years,
examining the spatiotemporal organization of these fluctuations
has generated novel insight into the functional architecture of
the human brain and its changes with development and disease
(1). A prominent approach for mapping this architecture is to
study interregional correlations in the fMRI signal fluctuations,
which, even during rest, appear to be indicative of networks
supporting specific functions. However, despite the promise and
rapidly increasing application of this technique in the endeavor
of brain connectomics (2–4), its sensitivity and specificity are
compromised by unexplained variability arising from multiple
neural and nonneural sources (e.g., refs. 5–11). As a result, the
interpretation of resting-state fMRI data and the efficacy of
these data as a biomarker rely critically on understanding and
accounting for such sources of variability (11–13).
Changes in arousal, mediated by an interaction between the
ascending arousal system and the neocortex, may strongly modulate neuronal activity in much of the brain (14–18). Indeed,
changes in vigilance and arousal (hereafter described jointly as
“arousal”), which can be especially prevalent during the passive
and uncontrolled resting state, result in fMRI signal variability
that may confound the extraction of functional networks (5, 19).
For example, the amplitude and extent of correlations in restingstate fMRI data vary with EEG- and behaviorally defined indicators of drowsiness and light sleep (20–25) and are altered by
sleep deprivation (26–28) and caffeine-induced changes in arousal
state (29). Distinct patterns of functional connectivity across
multiple networks have been associated with distinct EEG-defined
sleep stages (30, 31) with sufficient reliability to enable the identification of sleep stages from fMRI data alone (30). Using the
technique described in ref. 30, it was discovered that light sleep is
surprisingly prevalent in resting-state scans in which subjects were
intended to stay awake (5). Together, these findings indicate that
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substantial changes in arousal occur in routine, several-minutelong fMRI scans and imply that changes in functional connectivity
caused by arousal may be attributed erroneously to core differences in functional organization.
However, variations in arousal level are not typically measured
or accounted for in fMRI scans. In addition to the practical difficulties of collecting EEGs during fMRI acquisition, the influence
of arousal changes on fMRI measurements of brain activity is not
fully understood. Hence, it would be valuable to track instantaneous
arousal levels (in addition to sleep stages) from the fMRI data itself
and to understand how such changes in state are expressed in fMRI
signals. Converging evidence from the neuroimaging literature indicates that arousal changes are associated with a reproducible pattern
of increases and decreases in the fMRI signal. Specifically, studies
invoking a range of EEG and behavioral measures suggest that
elevated arousal may be associated jointly with (i) increased fMRI
signal in the thalamus and (ii) decreased signal across widespread
areas of neocortex, including the occipital, cingulate, and parietal
cortices, with conditions of reduced arousal showing the converse
(24, 32–38). Thus, if a pattern of brain activity that is robustly linked
with changes in arousal exists, it may be possible to derive an instantaneous measure of arousal level from fMRI data alone. Such a
measure, and the associated pattern of fMRI signal changes, could
be leveraged to delineate cognitive and clinical variables of interest
more sensitively and to infer arousal-driven behavioral variability
in task performance. In this report we explored this possibility by
performing concurrent fMRI, behavioral measurements, and
intracortical electrophysiology in unanesthetized macaques.
Significance
Changes in vigilance and arousal levels can interfere with the
study of brain function with functional MRI (fMRI). However, the
difficulty of tracking and modeling arousal state during fMRI
typically precludes the assessment of arousal-dependent influences on fMRI measurements. Here, we present evidence that
continuous variations in arousal level may be monitored from
fMRI data alone and validate this approach with a combination
of fMRI, intracortical electrophysiology, and a behavioral measure of arousal. We describe a spatial pattern whose timevarying expression in the fMRI data is found to track both
electrophysiological and behavioral arousal fluctuations. These
findings have implications for increasing the sensitivity of fMRI
as a cognitive and clinical biomarker.
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Spatial Pattern of fMRI Signals Correlated with Behavioral Arousal.

Because eye monitoring was readily available in all monkeys, we
first considered a behavioral measure of arousal derived from
the natural opening and closing of the eyes as a reference signal
for characterizing the spatial distribution of arousal-related
changes in fMRI signal. Specifically, behavioral arousal was
quantified during each fMRI measurement (every 2.6 s for
monkeys A and S and every 2.5 s for monkeys F and Z), wherein
the fraction of eyelid opening was taken directly as a “behavioral
arousal index” (SI Methods). Although eye behavior is often indicative of altered responsiveness and changes in neurophysiological arousal (39, 40), it provides only an indirect measure of
electrophysiological arousal and is not always informative: For
instance, fluctuations in arousal can persist while the eyes remain
completely closed. Nevertheless, as a first step, we examined the
potential for this behavioral measure to yield a reproducible map
of arousal-correlated fMRI signals in each subject.
We mapped the correlation between the behavioral arousal index
and the fMRI time course of each voxel (SI Methods). As shown in
Fig. 1, correlation patterns were largely consistent across monkeys;
regions of negative correlation were widespread across cortex, including extrastriate visual cortex, insula, and limbic cortex. At the
same time, other brain areas, notably the thalamus and cerebellum,
showed an opposite, positive correlation with natural eye opening.
Inferring Electrophysiological Arousal. The intersubject consistency
of the maps in Fig. 1, together with their resemblance to arousal
response maps previously characterized with concurrent EEGfMRI in humans (e.g., refs. 24, 34, 35), suggests that, despite its
aforementioned shortcomings, the time course of spontaneous eye
opening and closing in darkness may provide a viable means of
computing fMRI maps related to electrophysiological arousal. We
next explored the use of such a map as an “arousal template,”
whereby its time-varying expression in the fMRI data could be used
to approximate changes in instantaneous arousal. We reasoned that
periods of elevated arousal would be marked by a stronger contribution of this arousal template to the fMRI data, whereas periods
of diminished arousal would be marked by weaker, or perhaps
negative, contributions. The identification and tracking of this fMRI
arousal template thus might provide an approximation for the
brain’s electrophysiological state, even under conditions in which
behavior cannot be used as a measure of arousal.
Chang et al.
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Fig. 1. Fluctuations in behavioral arousal correlate with resting-state fMRI.
Spatial pattern of correlation between the time course of behavioral arousal
and the resting-state fMRI signal fluctuations of each voxel. Behavioral
arousal was assessed from natural eyelid opening and closing throughout
the scan. C, cerebellum; F, frontal cortex; P, intraparietal sulcus; R, side of
right hemisphere; T, thalamus; V, visual cortex.

To examine this possibility, we projected the arousal template
onto the instantaneous map of fMRI signal intensity (relative to
an average baseline) (SI Methods) at each time point via spatial
correlation, creating a time course of coefficients reflecting the
putative arousal level, the fMRI arousal index (Fig. 2). To avoid
circularity, the fMRI arousal index was estimated for segments of
the fMRI time series (the validation set) distinct from those used
to compute the arousal template (the training set). The fMRI
arousal index derived in the validation set then was compared
with concurrent eye behavior and LFP measurements, described
below. For the results shown throughout this section, the template map was derived on a subject-specific basis; subsequently,
we examined the feasibility of a common template by estimating
arousal fluctuations in one monkey based on a spatial template
derived from the others (see Generalizability of Template Estimation Across Subjects).
The time course of estimated arousal in the fMRI data corresponded closely with behavioral arousal (Fig. 3). In the examples
shown in Fig. 3A, each subject’s template had been derived from a
30-min training set within the same subject that was distinct from
the time periods of arousal estimation shown in these panels. The
correspondence between the fMRI arousal index and behavioral
arousal was quantified with temporal cross-correlation (Methods
and Fig. 3B). To consider a more comprehensive collection of
different training and validation intervals, multiple training sets
were formed by sliding a window of 30-min length, with 50%
overlap, across the data (concatenated over sessions) of each
monkey. For each training set, all remaining time points were used
as the validation set on which temporal cross-correlation between
the fMRI arousal index and the measured (behavioral) arousal
was calculated. The mean and SD across these iterations are
shown in Fig. 3B, and null distributions were obtained with permutation testing (SI Methods). Results for training intervals of
shorter duration are shown in Fig. S1.
The results of Fig. 3 and Fig. S2 essentially demonstrate the
consistency with which behavioral arousal is associated with
prototypical patterns in the fMRI data; i.e., they show that
templates constructed from subsets of eyelid behavior and fMRI
data can be applied to estimate the time course of eyelid
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Results
fMRI data and arousal measures were obtained from four unanesthetized macaque monkeys (monkeys A, S, F, and Z) seated in
a vertical-bore 4.7-T MRI scanner in nearly complete darkness. In
two of the four monkeys (A and S), electrophysiological measures
from intracortical electrodes were recorded simultaneously with
fMRI; in all four monkeys the behavior of one eye was monitored
and recorded throughout the scans with an infrared camera. For all
scans, monocrystalline iron oxide nanoparticles (MION) administered before fMRI acquisition provided regional cerebral blood
volume (rCBV) contrast. Because increases in rCBV produce
decreases in signal intensity, we inverted the sign of the rCBV time
series of each voxel before analysis so that it was consistent with
that of the blood oxygenation level dependent (BOLD) response
typically measured in human fMRI, yielding what we refer to
throughout as the “fMRI signal.” Further experimental details
are provided in SI Methods.
In the following sections, we first describe the spatial pattern
of fMRI signal changes linked with a behavioral measure of
arousal based on natural eye opening and closing. Next, we describe an approach for estimating the time course of the brain’s
electrophysiological state of arousal from the fMRI data. We
then evaluate the proposed metric by comparing it with concurrent measurements of EEG-related changes in local field
potential (LFP) signals in monkeys A and S.
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Fig. 2. Method for estimating arousal fluctuation in resting-state fMRI. A
spatial template, derived a priori and representing the degree to which
voxels across the brain display increased or decreased signal change with
behavioral arousal, is projected onto each fMRI volume via spatial correlation. This correlation, quantifying the similarity between the template and
the spatial distribution of signal intensity at each preprocessed fMRI volume,
traces out a time course of estimated arousal fluctuation, the fMRI arousal
index, across the measurement period. Two examples of time frames from
monkey S are shown, illustrating the instantaneous patterns (single volumes
of the normalized fMRI signal) at frames having high positive and negative
spatial correlation with the template. These frames correspond to estimates
of increased and decreased levels of arousal, respectively.

behavior across independent segments of data. Next, we proceeded to ask whether the fMRI arousal index tracks electrophysiological arousal by comparing it with the concurrently
acquired LFP data in monkeys A and S (Fig. 4). An LFP index of
arousal was generated by taking the ratio of power in beta- and
theta-range frequency bands (15–25 Hz and 3–7 Hz, respectively) at each fMRI time point, as motivated by earlier
studies (e.g., as reviewed in ref. 41; see SI Methods).
A significant cross-correlation was obtained between the fMRIand LFP-derived measures of arousal (Fig. 4A and Fig. S3).
Further, from the example in Fig. 4B, it is evident that fluctuations
in the fMRI arousal index persist even when eye closure is maintained and that they indeed may follow fluctuations in the LFP
arousal index. For monkey A, which exhibited lengthy periods of
eye closure, we were able to quantify the correlation between the
fMRI arousal index and the LFP arousal index throughout periods
of complete eye closure as compared with periods of eyelid motion
(Fig. 4C and Fig. S4; segmentation of these two conditions is described in SI Methods). Correlations were marginally reduced
during eye closure, further supporting the fidelity of this fMRI
arousal index to fluctuations in electrophysiological arousal.
Generalizability of Template Estimation Across Subjects. Thus far we
have described a method of arousal estimation in fMRI that relies
on constructing template maps for each individual monkey. This
procedure therefore would require at least one calibration scan
during which an external measure of arousal (e.g., eyelid behavior
or EEG) is recorded to derive a template pattern associated with
arousal fluctuation. However, the agreement among the maps in
Fig. 1, together with the consistency of a subject-specific arousal
estimate demonstrated in Figs. 3 and 4, points to the feasibility of
4520 | www.pnas.org/cgi/doi/10.1073/pnas.1520613113

using one canonical template map across subjects. Doing so would
allow arousal fluctuation to be estimated in any subject, and in
existing datasets, with fMRI alone.
To investigate this possibility, we derived the average template
from three monkeys and applied it to estimate arousal fluctuations
in a fourth. This process was repeated, in turn, for each monkey.
Fig. 5A shows an example of the fMRI arousal index generated for
monkey F based on the averaged template maps of monkeys A, S,
and Z and for the arousal index generated for monkey S based on
the averaged template maps of monkeys A, Z, and F (Figs. S5 and
S6). Although the spatial correlation coefficients were smaller
than those of subject-specific templates, the correlation with behavioral and LFP measures of arousal remained of comparable
magnitude (Fig. 5B). Observed differences in the optimal time lag
of cross-correlation may result from a mismatch between the individual template and common template, likely stemming from
intersubject variability in the timing at which the eye behavior
changes in response to arousal fluctuation.
Discussion
We describe an approach for tracking brain arousal fluctuations
based on spatial pattern analysis of fMRI data. Here, the similarity
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Fig. 3. Comparison of estimated arousal with behavioral measurements.
(A) Time courses of estimated arousal in fMRI data (fMRI arousal index, red)
compared with measurements of natural eye open/closing (behavioral
arousal index, black). In each monkey, the template used to generate the
fMRI arousal index was derived from a 30-min segment of data (training set)
that did not overlap with the time intervals shown here. The unit of estimated arousal is the spatial correlation between each fMRI volume and the
template. A comparison with the LFP arousal index in these time intervals
(light gray; here, temporally normalized to arbitrary units for display) is
provided for the two monkeys with implanted electrodes. Below each panel
are Pearson’s correlation coefficients between the fMRI and behavioral
arousal indices for the displayed intervals (for monkeys A and S, correlations
between fMRI and LFP arousal indices are r = 0.6 and 0.5, respectively). (B)
Temporal cross-correlation between the fMRI arousal and behavioral arousal
signals. Results corresponding to separate 30-min training periods are shown
(mean ± SD) (red) together with a null distribution (cyan) constructed for
statistical comparison (SI Methods). Because the total recording duration
differed across monkeys, two length-dependent parameters are indicated
for reference, indicated in parenthesis in each panel: (i) the number of crosscorrelation functions included in the average, and (ii) the number of time
points entering into each cross-correlation function, equal to the total
length of the data record minus the length of the training period. The small
amount of variation seen for monkey F results from the high consistency of
its template maps across training intervals (Fig. S2).
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Fig. 4. Comparison of the fMRI arousal index with LFP arousal measurements. (A) Cross-validation of fMRI arousal index with the LFP arousal index.
Results corresponding to separate 30-min training periods are shown
(mean ± SD, red) in which the template for each was derived using the behavioral arousal index. The number of cross-correlation runs and time points
are identical to those shown in Fig. 3B. The null distribution (cyan) was constructed for statistical comparison (SI Methods). (B) Example of time series
from monkey A showing that fluctuations in the fMRI arousal index (red)
and LFP arousal index (gray) persist during complete eye closure. Here, the
LFP arousal index is temporally normalized for visualization (arbitrary units).
(C) Relationship between LFP and fMRI arousal indices during complete eye
closure (692 points) compared with during periods of eyelid motion (2,092
points). Comparisons with matched numbers of time points are provided in
Fig. S4. The data shown are from the parietal electrode of monkey A and the
V4 electrode of monkey S; results for the other electrodes are shown in Fig.
S3. In C the template was generated with respect to the behavioral arousal
index using all time points.

of an fMRI pattern at each time frame to a template of arousalmodulated responses formed a significant estimator of both behavioral and electrophysiological measures of arousal, even when
the template was derived from the data of other monkeys. This
work extends previous correlational studies of arousal with fMRI
data to introduce a framework for continuously monitoring relative
arousal levels from fMRI alone. Findings indicate the reliability of
an fMRI signal pattern linked with arousal, with implications for
improving the mapping of functional connectivity and task-evoked
responses with fMRI.
Changes in cortical arousal are mediated by ascending pathways projecting from the brainstem by way of the cingulate fiber
bundle and the thalamus (15, 17). Modulation of arousal gives
rise to changes in behavior and responsiveness to sensory stimuli
(42). The neurophysiological correlates of changes in the arousal
state can be observed noninvasively by EEG and more recently
have been shown to have correlates in human fMRI (43) resembling the pattern linked with spontaneous eye behavior observed here (Fig. 1). At the threshold between wakefulness and
light sleep, widespread fMRI signal changes have been observed
wherein much of the cortex appears to be modulated as a unit,
whereas subcortical structures (including the thalamus) display
opposing fluctuations (e.g., refs. 24, 32–36, 44). Also consistent
are observations that negative correlations between the thalamus
and cortex in resting-state fMRI are stronger in proportion to
daytime sleepiness (45) and under conditions of eye closure than
with fixation (46). Additionally, a pattern strikingly similar to the
inverse of our template (Fig. 1) has been observed in association
with hippocampal ripples (47), which occur preferentially during
low arousal. It appears likely that such widespread changes in the
fMRI signal result from changes in one or more neurotransmitter systems, a chief candidate being the cholinergic system
because of its established involvement in the ascending arousal
system and in the modulation of hippocampal ripples (48–50).
Chang et al.

The opposing fMRI signals between thalamus and cortex may, in
part, reflect inhibition of the cortex by the thalamus as part of the
latter’s putative role as a relay for incoming sensory signals (51).
The extensive modulation of resting-state fMRI signals by arousal
introduces variability into interregional correlations and other metrics that are applied toward describing functional brain architecture.
In addition to the necessity of minimizing nonneural fluctuations
(11), disambiguating common modulatory neural activity from more
localized network activity (52) and specific cognitive processes remains a primary challenge in the study of functional organization
and for the clinical viability of resting-state fMRI. Toward this aim,
we sought to determine the momentary influence of arousal modulation on whole-brain, resting-state fMRI signal fluctuations. Importantly, it may not be possible, even with perfect knowledge of the
arousal state, to separate arousal-related signal fluctuations fully
from other signals of interest; indeed, these components of neural
activity are unlikely to be linearly additive, and other ongoing neural
processes may be modulated by arousal changes even if arousal
fluctuations per se can be regressed out. Nonetheless, gauging the
degree to which arousal fluctuations are influencing momentary
brain activity is a critical step toward reducing state-dependent variability (and thus increasing the reproducibility) of measures of
resting-state functional connectivity and accounting for variability in
task-evoked activity and performance (53, 54).
Although EEG is currently the gold standard for monitoring
arousal during fMRI, inference from fMRI data alone has been
proposed recently (5, 30). This approach is based on classifying the
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Fig. 5. Generalization of templates across subjects. For each of the four
monkeys, the fMRI arousal index was estimated based on a template derived
either from an average of the remaining three monkeys’ templates (red) or
from the same monkey’s data (pink). For the results shown in this figure, the
template calculated from a monkey’s own data was based on all available data
points and therefore provides an upper bound of the performance obtained
from the subject-specific template. (A) Examples of time courses of the fMRI
arousal index for two monkeys. (B) Temporal correlation between the fMRI
arousal index and the measured behavioral and LFP arousal signals.
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arousal level within 2-min sliding windows of fMRI data into discrete EEG-defined sleep stages based on the pairwise functional
connectivity across multiple regions of interest (ROIs). The fMRI
arousal index described here provides distinct and complementary
information, estimating a continuous time course of relative
arousal level at the temporal resolution of the fMRI signal and
predominantly capturing arousal variations on the boundary between wakefulness and light sleep. In principle, it may be used in
conjunction with EEG data (and with the aforementioned fMRI
sleep-stage classification) to provide a more reliable assessment
than that obtained with either modality alone and to encompass a
broader spectrum of arousal changes.
Spontaneous eyelid behavior was used here as a starting point
for forming a template of arousal-modulated activity because it was
readily available in all our subjects. This measure yielded consistent
fMRI activation maps across subjects (Fig. 1), which in turn could
track electrophysiological arousal even during constant eye closure
(Fig. 4). A surprising observation was the amount of variability in
the amplitude of the resting-state fMRI signal that could be attributed to spontaneous eye opening and closing; in some monkeys
and ROIs, this fraction reached nearly 30% (Fig. S7 and SI
Methods). Given the stability of template patterns observed here in
macaques, generalizable templates also might be obtained for human subjects, such as from a dedicated fMRI subject cohort, with
EEG and/or eye-monitoring. Such a template then could be used
to reexamine large fMRI datasets (e.g., refs. 2, 4).
In comparing the fMRI arousal index with behavioral or LFP
arousal indices, the maximum temporal correlation values with either signal were around 0.5–0.6 (Figs. 3–5). Beyond the factors
described above, reductions from unity may originate from nonneural fluctuations such as artifacts from respiration and cardiac
processes. Here, only motion effects were regressed out during
preprocessing, because physiological measurements were not
available for all monkeys (only monkeys F and Z had end-tidal CO2
recordings). Moreover, because the LFP signals were acquired only
from single sites in the cortex, we might speculate that electrophysiological measurements integrated over more widely sampled
electrodes may bear even stronger correlations with our estimate of
fMRI arousal. However, the maximal correlation values observed
here are comparable to, or exceed, correlations between electrophysiological and fMRI signals in the human and macaque literature (e.g., refs. 55, 56). The degree to which the fMRI arousal index
can be influenced by task responses or by neural activity related to
other mental processes is a consideration that warrants further
investigation. Our approach, which compares the joint (multivariate) pattern of fMRI signal levels across the brain to a spatial
template—akin to the dual regression method for independent
component analysis (57) and analysis of coactivation patterns (58)—
may be less susceptible to the influence of other ongoing fluctuations.
A further question is the degree to which sleep and transient
sleep events such as k-complexes and vertex sharp waves (59, 60)
drive the reported fMRI arousal patterns. To examine this question, we performed sleep scoring of the LFP data (SI Methods)
and excluded time points corresponding to potential sleep and
sleep events in monkey A. Excluding these time points had a
minor impact on the spatial correlation between behavioral
arousal and fMRI data and on the correspondence between the
fMRI and LFP arousal indices (SI Results and Fig. S8). However,
because of the limitations of our LFP dataset for sleep scoring (SI
Methods), further validation will be necessary to study the impact
of transient events and sleep stages more comprehensively.
Our fMRI arousal index was derived using a spatial template
encompassing all brain regions in the field of view, but it is
possible that a smaller number of informative voxels may suffice.
To investigate this question, we successively reduced the volume
of the spatial template so as to retain smaller fractions of the
voxels having the strongest correlations with the behavioral arousal
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index (SI Methods). We also assessed the impact of including
only positive- or only negative-valued voxels in the template.
Jointly including positive and negative voxels outperformed the
use of voxels from either set alone and the whole-brain average
fMRI signal (Fig. S9), suggesting that the pattern of opposing
fluctuations across regions such as thalamus and cortex provides
critical information about arousal state. Correlations with the
global signal were still relatively high, and indeed one may expect
that, in scans in which arousal influences predominate over other
common neural or artifactual fluctuations, the global signal may
resemble the arousal-related fMRI signal that is shared among
the spatially extensive negative voxels in the template (Fig. 1).
An interesting feature of the template pattern is its overlap
with areas of the well-described default-mode network (61), including cingulate cortex, prefrontal cortex, and lateral parietal
areas. A hallmark of the default-mode network is its tendency to
exhibit elevated activity during passive, resting conditions and
internally oriented mentation (62). Given the likelihood of reduced arousal during passive conditions, some degree of overlap
with (negative) arousal-driven responses may not be surprising.
The extent to which default-mode functional connectivity arises
from common modulation by the arousal system or from a separate mechanism warrants further investigation. Also of note is
that both the thalamus and cerebellum have been included
within a network implicated in tonic alertness (63), and the
function and activation of this network could overlap considerably with the dynamics of arousal shifts. The tonic alertness
network also was reported to have a negative interaction with the
externally oriented dorsal attention network (63, 64) anchored
by the inferior parietal sulcus and frontal eye fields, which in fact
demonstrates opposing behavior in our arousal template. In
distinction, other key nodes of the tonic alertness network
(insula, anterior cingulate cortex) did not coactivate with thalamus and cerebellum to behavioral arousal in the present study
and could signify a divergence between the processes of tonic
alertness and arousal.
In summary, the consistency of the pattern by which restingstate fluctuations across much of cortex are modulated with
arousal may enable arousal fluctuations to be inferred with fMRI
alone. The correlation of estimated arousal fluctuations with
measurements of behavioral and electrophysiological signals indicates the utility of this approach for detecting and modeling
arousal effects in fMRI studies and for increasing the sensitivity
of fMRI as a cognitive and clinical biomarker.
Methods
All procedures followed National Institutes of Health guidelines and were
approved by the Animal Care and Use Committee of the National Institute of
Mental Health. Functional MRI and eye-behavior data were obtained from
four unanesthetized macaque monkeys seated in nearly complete darkness;
for two of the monkeys, LFPs were recorded concurrently. Behavioral and LFPbased measures of arousal were calculated at each fMRI time point (details
are given in SI Methods), and each was convolved with the gamma-variate
hemodynamic response function (HRF) provided in SPM (www.fil.ion.ucl.ac.
uk/spm). Unless stated otherwise, these convolved signals were used throughout
for comparisons with fMRI data and the fMRI arousal index. In all figures
depicting lagged cross-correlations, peaks to the right of zero indicate that
the fMRI arousal index is delayed with respect to the convolved LFP or behavioral arousal signals. A detailed explanation of experimental procedures
and data analysis is provided in SI Methods. A summary of major parameters
of the data analyzed for each monkey is provided in Table S1.
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