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Abstract

A primary objective in neuroscience is to determine how neuronal populations process information within net-
works. In humans and animal models, functional magnetic resonance imaging (fMRI) is gaining increasing pop-
ularity for network mapping. Although neuroimaging with fMRI—conducted with or without tasks—is actively
discovering new brain networks, current fMRI data analysis schemes disregard the importance of the total neu-
ronal activity in a region. In task fMRI experiments, the baseline is differenced away to disclose areas of small
evoked changes in the blood oxygenation level-dependent (BOLD) signal. In resting-state fMRI experiments,
the spotlight is on regions revealed by correlations of tiny fluctuations in the baseline (or spontaneous) BOLD sig-
nal. Interpretation of fMRI-based networks is obscured further, because the BOLD signal indirectly reflects neu-
ronal activity, and difference/correlation maps are thresholded. Since the small changes of BOLD signal typically
observed in cognitive fMRI experiments represent a minimal fraction of the total energy/activity in a given area,
the relevance of fMRI-based networks is uncertain, because the majority of neuronal energy/activity is ignored.
Thus, another alternative for quantitative neuroimaging of fMRI-based networks is a perspective in which the ac-
tivity of a neuronal population is accounted for by the demanded oxidative energy (CMRy,). In this article, we
argue that network mapping can be improved by including neuronal energy/activity of both the information
about baseline and small differences/fluctuations of BOLD signal. Thus, total energy/activity information can
be obtained through use of calibrated fMRI to quantify differences of ACMRg; and through resting-state positron
emission tomography/magnetic resonance spectroscopy measurements for average CMRp;.
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Introduction

APRINCIPAL GOAL in neuroscience is to understand how
neuronal populations across different brain regions pro-
cess information from the vibrant world, rich in moment-to-
moment variations of sight, smell, sound, touch, and so on.
A brain network, as discussed here, is defined as a subset of
cortical and/or subcortical regions that functions (or works)
together in an interconnected manner, either with a task (Fris-
ton, 1998) or when the brain is simply at rest (Biswal et al.,
2010).

The mapping of brain networks in the awake, behaving
human brain became possible about three decades ago with
the application of positron emission tomography (PET) to
measure blood flow and metabolic changes during cognitive
and sensory stimuli. However, since that time, PET has
largely been replaced by functional magnetic resonance imag-
ing (fMRI), but the basic experimental paradigms and/or
neuroimaging concepts have remained quite similar (Raichle,
2009). The main difference between neuroimaging with PET
of old and fMRI of now is the fact that dynamic changes in
blood oxygenation (i.e., combination of blood flow and
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oxidative metabolism changes) can be repeatedly mapped in
the same session.

The primary basis for localization of brain regions, whether
isolated areas or network of areas, involved with cognitive or
sensory paradigms is based on differences in regional brain ac-
tivity between states (e.g., performing a task vs. performing a
“different” task). However converging evidence shows that
the neuronal activity represented in these difference maps is
only a small fraction of the total neuronal activity in a region
(Shulman, 1996; Shulman et al., 1999, 2001, 2009), particularly
for cognitive tasks. Further, interpretation of fMRI-based net-
works with tasks becomes even more challenging, because the
blood oxygenation level-dependent (BOLD) signal is an indi-
rect measure of neuronal activity changes (Ogawa et al., 1993).

In this article, we review that the relationship between the
brain’s oxygen consumption and neuronal activity allows the
fractional neuronal activity/energy involved in a difference
map to be quantified relative to the resting-state (or baseline)
activity /energy. In fact, it is shown that for both task-based
fMRI (T-fMRI) and the newer resting-state fMRI (R-fMRI)
paradigms, the changes in activity/energy being used to
map networks represent a small fraction of the total activi-
ty/energy of any region involved. We propose as an alterna-
tive to measure the small differences/fluctuations of BOLD
signal in relation to the total neuronal energy/activity in a
given area. The total neuronal energy/activity can be mea-
sured by combining resting-state measurements of average
energy consumption (e.g., by PET or magnetic resonance
spectroscopy [MRS]) with the changes measured in calibrated
fMRI studies, where the sum of these two measurements
gives the total activity/energy in a region as a function of
time. It is anticipated that future analysis of fMRI-based net-
works will include neuronal energy/activity of both the in-
formation about the baseline and small differences/
fluctuations of BOLD signal for quantitative neuroimaging
studies of brain networks (Hyder and Rothman, 2010, 2011).

Total Neuronal Activity Is Relevant for Studying
Brain Networks

Traditionally, neural networks have been identified and
distinguished according to their responses to sensory or cog-
nitive stimuli. However, the brain detects stimuli reliably
even when ambient (or background) conditions shift, due to
external (e.g., light vs. dark) and/or internal (e.g., alert vs.
sleepy) factors. Thus, recent investigations have incorporated
independent measures of spontaneous activity as a means to
evaluate the effect of the baseline on evoked responses.
Experimental evidence strongly suggests that the total activ-
ity level reached on stimulation is quite independent of the
baseline activity level (Hyder and Rothman, 2011).

Experiments using a variety of neuroimaging techniques
(e.g., IMRI, optical imaging, electrophysiology), studying dif-
ferent sensory systems (e.g., somatosensory cortex, visual cor-
tex, and olfactory bulb), across a range of species (e.g., rat, cat,
monkey, human), and under diverse experimental conditions
(e.g., awake, sleep, and anesthetized) show that the total neu-
ronal activity reached on stimulation is, to a first order, inde-
pendent of the spontaneous (i.e., nonevoked) baseline state
neuronal activity (Chen et al., 2005; Issa and Wang, 2008,
2009; Li et al., 2011; Maandag et al., 2007; Masamoto et al.,
2007; Pasley et al.,, 2007; Portas et al.,, 2000; Smith et al.,
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2002; Uludag et al., 2004; Zhu et al., 2009b). These results,
in general, imply that there may be inherent neuronal mech-
anisms to ensure a similar level of information transfer from
sensory input, regardless of external or internal situations
that may impact the brain’s baseline state. Most importantly,
these findings emphasize the need to understand the role of
baseline activity of neuronal populations within the context
of networks (Hyder and Rothman, 2010).

Total Brain Activity Is Much Higher than Differences or
Fluctuations Measured in fMRI studies

In T-fMRI experiments, traditionally subtracting the base-
line signal was justified by an assumption that there was
very little baseline neuronal activity (and by inference,
demanded energy) in the awake state (Posner and Raichle,
1998). However, resting-state measurements—including
MRS (13C, sip, 17O) and PET—have shown this hypothesis
to be incorrect (Alkire, 2008; Boumezbeur et al., 2010; Du
et al., 2008; Zhu et al., 2009b). In the awake human brain, in
fact, the total neuronal activity (or energy) in the resting
state is much higher than the activity (or energy) evoked by
cognitive stimuli (Shulman et al., 2009). As described next,
the subtraction-based method may lead to very different in-
terpretation when resting-state neuronal activity is subtracted
from the activity during stimulation.

Several methods now exist to measure total brain neuronal
activity (or energy). Tissue oxygen tension (pO,) can be used
to infer local dynamics of uncoupling between oxygen deliv-
ery (i.e., combining blood flow [CBF]) and its subsequent uti-
lization (i.e., oxidative energy demand [CMRey]) (Ances
et al., 2001), but its invasiveness limits translation to humans.
On the other hand, PET measures CMR, noninvasively, but
requires use of multiple radioactive tracers (Ito et al., 2005).
MRS utilizing detection of nonradioactive 7O isotope can
also measure CMRp, noninvasively (Zhu et al., 2005),
whereas '?C MRS used in conjunction with different
13C-labeled substrates (e.g., glucose or acetate) can distin-
guish between energetic demands of neurons and astrocytes
(Hyder et al., 2006). Both these MRS techniques, however,
have lower spatial resolution compared with MRI and PET.
Although the PET and MRS methods (for resting-state
CMR(y,) suffer from lower temporal and spatial resolution
than fMRI, as described next in conjunction with quantitative
calibrated fMRI measurements (for ACMR, with task), to-
gether they can provide a map of total brain activity in the
paradigms presently used to map networks by fMRI. Since re-
cent advances in /O MRS allow whole brain mapping of
CMR(y; in awake, behaving humans (Atkinson and Thulborn,
2010), it may be possible to combine future network studies
with calibrated fMRI for ACMRg, with task in conjunction
with 7O MRS for resting-state CMR; (Zhu et al., 2009b).

Challenges in Utilizing Activation and Correlation Maps
for Brain Connectivities

The BOLD signal is sensitive to concentrations of oxyhe-
moglobin (diamagnetic) versus deoxyhemoglobin (paramag-
netic), and the contrast is positive (i.e., AS/S>0 in Eq. 1; see
below) when deoxyhemoglobin is reduced in the microvascu-
lature (Ogawa et al., 1990) to deliver more oxygen from the
blood in support of increased functional energy demand
(Hyder et al., 1998). As demonstrated from the earliest days



IMPACT OF SPONTANEOUS ACTIVITY IN FMRI BRAIN CONNECTIVITY

of fMRI in 1992, change in the BOLD signal is usually quite
small (Bandettini et al., 1992; Blamire et al., 1992; Frahm
etal, 1992; Kwong et al., 1992; Ogawa et al., 1992). However,
the BOLD contrast is usually interpreted from an unspecified
baseline state, and moreover, there is no true baseline, be-
cause the brain is never actually at rest (Shulman and Roth-
man, 1998; Shulman et al., 2007)—measured either in terms
of neuronal activity (Arieli et al., 1996) or the energy that
these activities demand (Smith et al., 2002).

Neuroscientists originally used fMRI with task-based par-
adigms (or T-fMRI), in which the mean of the baseline state is
subtracted from the mean of the stimulated state, to unveil
activated (or deactivated) regions associated with the task
(Huettel et al.,, 2004). T-fMRI experiments in the human
brain generally report small evoked changes in the BOLD sig-
nal that peaks within ~ 6sec after task onset. The magnitude
of the evoked BOLD response varies with the task type (e.g.,
sensory and cognitive) and with the cortical area (i.e., >1%
and <1%, respectively, in primary sensory and high-order
areas). Many brain networks have been reported for a wide
range of cognitive modules with T-fMRI data (Frackowiak
et al., 2004; Huettel et al., 2004).

However, fMRI is also used to study the brain at rest in the
absence of any explicit tasks. Biswal and associates (1995) ob-
served that resting human brain fMRI data contain small-
amplitude (~1%), low-frequency (<0.1Hz) fluctuations in
the spontaneous BOLD signal that are temporally correlated
across vast spans of cerebral cortex. Although in the R-fMRI
paradigm, the baseline signal is not exactly differenced
away, it is exclusively the deviations of the BOLD signal
that are used to create spatiotemporal coherence maps to rep-
resent correlated networks (Fox et al., 2005). Today, R-fMRI is
the primary method by which brain networks are generated
for cognitive modules (Tomasi and Volkow, 2011; van den
Heuvel and Hulshoff Pol, 2010)

Data analysis in cognitive fMRI studies, however, are
based on very small evoked (i.e., T-fMRI) and spontaneous
(i.e., R-fMRI) changes in the BOLD signal. For T-fMRI exper-
iments, results from sensory paradigms show slightly better
reproducibility than results from cognitive paradigms pri-
marily because of marginally higher magnitude BOLD re-
sponse observed with sensory versus cognitive stimuli
(Lund et al., 2005; McGonigle et al., 2000). For R-fMRI exper-
iments, however, reproducibility is rarely assessed, because
long duration scans are used to create the correlation maps
where repeated runs are quite uncommon, and/or the status
quo is the group-averaged data of networks (Habeck and
Moeller, 2011). Since these activation and correlation
maps—generated, respectively, from T-fMRI and R-fMRI
data—Ilikely possess large inter-session and/or inter-subject
variability (Biswal et al., 2010; Wei et al., 2004), cognitive
fMRI studies use conjunction analysis (Friston et al., 1999;
Shulman et al., 1997).

The conjunction analysis scheme uses all subjects” maps in
order to co-localize where each subject activated (or deacti-
vated) and show correlations (positive or negative). The end
result is the appearance of “large” brain networks that span
across the cerebral cortex (Fox et al., 2005; Shulman et al.,
1997). However, it is also quite possible that this procedure
masks experimental variability which arises due to baseline
variations across studies, either in different sessions and/or
across subjects. Since the baseline signal is relevant for
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fMRI-based networks, future studies with superior BOLD
contrast at higher magnetic fields should seek to resolve the
sensitivity /reproducibility issue for both T-fMRI and R-
fMRI so that conjunction analysis is not a necessity for data
processing (Feinberg et al., 2010; Poser et al., 2010).

Although T-fMRI was the primary way in which brain net-
works were created up until the early part of this decade
(Friston, 1998), R-fMRI is now the status quo approach to gen-
erate networks for a wide range of cognitive modules
(Raichle, 2010). R-fMRI data are analyzed for spatiotemporal
coherence to reveal correlated networks. A pre-processing
step is to regress out contributions from the global BOLD sig-
nal fluctuations (Macey et al., 2004; Fox et al., 2005). This pro-
cess presumably eliminates “physiological noise” from
nonneuronal sources (Birn et al., 2006; Chang and Glover,
2009) and/or uncorrelated neuronal activities. The remaining
smaller (or filtered) fluctuations in the spontaneous BOLD
signal facilitate detection of network-level correlations (Fox
et al., 2005; Greicius et al., 2003). These tiny fluctuations in
the spontaneous BOLD signal are often assigned to neuronal
activity that supports networks (e.g., the default mode) and
are believed to be representative of some aspect of resting
brain function rather than the total neuronal activity charac-
terizing the baseline state (Shulman et al., 2007). If, however,
there is a significant correlated neuronal component associ-
ated with the global BOLD signal, then important informa-
tion about resting-state brain connectivity could be
discarded by this process (Scholvinck et al., 2010).

Recently, Schélvinck and associates (2010) demonstrated
that the global component of BOLD signal fluctuations mea-
sured at rest is indeed tightly coupled with a slow modula-
tion of neuronal events which appear to be ubiquitous in
the cerebral cortex. They thereby recommend caution when
arbitrarily removing the global BOLD signal, because in
doing so, a global correlate of the brain’s baseline neuronal
activity is thrown away and, which, in turn, may also affect
regions that are defined as either correlated or anti-correlated.
Thus, the Schélvinck and associates study has strong ramifi-
cations for interpretation of default mode or other networks
using R-fMRI data that are assigned based on removal of
the global average fluctuations of the BOLD signal.

Although correlations between slow (<0.1 Hz) modula-
tions of ongoing neuronal activity, as measured by local
field potential (LFP) and/or multi-unit activity (MUA),
and fluctuations of the resting BOLD signal have been previ-
ously reported both locally near the microelectrode and
extending over regions of the visual cortex (Shmuel and Leo-
pold, 2008), the study by Schélvinck and associates show
that these correlations extend over nearly the entire cortical
surface with a correlation strength that is not obviously re-
lated to the position of the electrode. They simultaneously
recorded LFP and BOLD signal from the resting, awake pri-
mate brain and compared a regional fMRI signal with the
slow temporal variations in the power of the LFP in low, in-
termediate, and high-frequency bands (see (Buzsaki and
Draguhn, 2004) for frequency distributions of neuronal
activities). Slow fluctuations of the spontaneous neuronal
activity—in either high or low, but not intermediate, fre-
quency LFP bands—measured from a single cortical site
in one hemisphere exhibited widespread correlations with
spontaneous fluctuations in BOLD signals. Global patterns
of these (positive) spatial correlations were quite similar



188

whether the LFP was measured from the frontal, parietal, or
occipital cortices.

The disadvantage of cross-correlation-based connectivity
analysis of R-fMRI data is that it requires a priori knowledge
or a hypothesis about inherent spatial connectivity. Since the
cross-correlation method assumes a seed region and assesses
the functional connectivity of that region with other areas, fu-
ture R-fMRI data analysis should consider nonseeded ap-
proaches such as independent component analysis and
fractal analysis (Herman et al., 2011; Hutchison et al., 2010).
Independent component analysis was developed for linear
representation of mixed data (Bell and Sejnowski, 1995),
with the aim of identifying non-gaussian independent com-
ponents that underlie unique neural networks. Since the
number of independent components are usually larger than
the number of expected neural networks (Calhoun et al.,
2001), the signals giving rise to the independent compo-
nents are transformed to a z-score, thresholded, and associ-
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FIG. 1. (A) Total activity
represented by neuronal population
histograms. Neuronal activity for
baseline and stimulated states, X and
Y, represented in terms of neuronal
population histograms (i.e., number
of neurons firing at given spike rate).
The stimulated states X and Y show
very similar distributions, whereas
the baseline states X and Y show
very different distributions. The
baseline state X is lower than
baseline state Y when Eq. Al (see
Appendix) is applied to estimate o 5 10
(relative) baseline CMRg, values for
each state. (B) Dynamic
representation of total activity. In
vivo time courses of the spiking rate
of a neuronal ensemble in vivo for
baseline states X and Y (from the
same rat) during sensory
stimulation. The total activity
reached on stimulation for both
states is quite similar as suggested
from the neuronal histograms. The
evoked change in neuronal activity

number of neurons

15

v (Hz)
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ated with known anatomical or functional systems by
visual inspection, whereas the unidentified components are
discarded.

Both cross-correlation analysis and independent compo-
nent analysis, however, simultaneously use all BOLD signal
time series (i.e., from all voxels) to get a single, final parame-
ter to describe the connectivity. In contrast, fractal analysis,
which is a scale-free examination of fluctuating data (Mandel-
brot and van Ness, 1968), calculates a fractal parameter inde-
pendently for each BOLD signal time series (i.e., from each
voxel). Thus, a fractal parameter map itself can be used to de-
fine subtle changes across brain states (Wang et al., 2011)
and/or regional variations (Herman et al., 2011). Since the
fractal parameter captures the unique behavior of the fluctu-
ating signal that is governed by physiological processes (see
Eke et al., 2002 for details on fractal analysis), it could poten-
tially be used for network identification without experimental
bias of visual inspection.

Total activity represented by neuronal population histograms
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with stimulation is much larger from 50
baseline state X. (C) ACMRq, map
from calibrated fMRI. In vivo
averaged ACMRg, maps for
baseline states X and Y (from the
same rat) during sensory
stimulation. The evoked change in
CMR, with stimulation is much
larger from baseline state X. All data
from (Smith et al., 2002). See
Appendix for a detailed explanation.
CMR(y,, oxidative energy demand;
fMRI, functional magnetic resonance
imaging.
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Mapping Neuronal Activity with Calibrated fMRI and
Related Techniques

Since activation maps (from T-fMRI data) and correlation
maps (from R-fMRI data) are actually statistical parametric
maps generated from weak BOLD contrasts (Frackowiak
et al., 2004; Huettel et al., 2004), these threshold-based maps
are not necessarily directly proportional to changes in neuro-
nal activity. Moreover, the few select regions that survive sta-
tistical significance are revealed by using rather arbitrary
thresholds (van Eijsden et al., 2009).

Thus, recently, there has been renewed interest in mapping
oxidative energy (CMR(y) as a close approximation for neu-
ronal activity (Hyder et al., 2002). The interest in CMRcy; is be-
cause studies using MRS and other modalities show that
there is a direct relationship in the brain between neuronal ac-
tivity, as measured by electrical activity or neurotransmitter
release and recycling, and the amount of oxygen the neurons
consume (Hyder et al., 2006).

With calibrated fMR]I, it is feasible to calculate ACMRg,
from changes in the BOLD signal (S) along with CBF and/
or volume (CBV) measurements (Davis et al., 1998) according

to the relationship
(1 A_S N ACBV 14
AS CBV

where A in Eq. 1 is a measurable physiologic constant (Hyder
et al.,, 2001). The basis for ACMR, mapping, either with or
without tasks, using calibrated fMRI is that it reflects the ox-
idative ATP demanded for neuronal work (Hoge and Pike,
2001). Thus, Eq. 1 can be described with both neurovascular
and neurometabolic couplings (Hyder et al., 2010): “neuro-
vascular coupling” relates local changes in neuronal activity
and constriction/dilation of blood vessels to decrease/
increase CBF and/or CBV to a region, whereas “neurometa-

ACMRo, _ ACBF
CMRo,  CBF

ACBF
CBF ) @
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bolic coupling” relates focal alterations in neuronal activity
to CMR, to keep pace with cellular ATP demand.

Recent calibrated fMRI studies in rats report that magni-
tudes of ACMRp, during sensory stimulation—conducted
at magnetic fields of 7T and higher—are commensurate
with changes in neuronal firing under steady-state conditions
(Kida et al., 2006; Maandag et al., 2007; Smith et al., 2002).
Neural activity, measured by extracellular recordings, can
be quantified in terms of spiking rate (or frequency) of
many neurons (Smith et al., 2002; Maandag et al., 2007). A de-
scriptive example from Smith and associates illustrates be-
havior of the same neuronal population (Fig. 1A) as well as
its dynamic pattern (Fig. 1B) when stimulated with the
same stimulus, but from different baselines states. On stimu-
lation, the neuronal activities reach the same levels (Fig. 1B)
and these agree well with magnitudes of ACMR; (from cali-
brated fMRI) during sensory stimulation (Fig. 1C).

More recent rat calibrated fMRI studies have elucidated the
dynamic relationships between CBF, CBV, and BOLD signals
in relation to the underlying neurophysiology to determine
transient CMRp, changes with dynamic calibrated fMRI
(Herman et al., 2009; Hyder et al., 2010; Kida et al., 2007; San-
ganahalli et al., 2009). CMRp;, changes, steady state or tran-
sient, derived from calibrated fMRI compare well with
neuronal activity recordings of LFP and/or MUA during sen-
sory stimulation.

A key observation is that although relationships between
neuronal activity and sensory stimulus features range from
linear to nonlinear, associations between neuroimaging sig-
nals (BOLD, CBF, and CBV) and neuronal activity (LFP,
MUA) are almost always linear (Fig. 2A). Most importantly,
the results demonstrate good agreement between the changes
in CMRg; and independent measures of LFP or MUA (Fig.
2B). A consequence of the tight neurovascular and neurome-
tabolic couplings observed from steady-state conditions to

A Relations between neuroimaging (BOLD, CBF, CBV) and neuronal (LFP, MUA) signals
03| 08 03|
e} 82 @ 8? 5 82 FIG. 2. (A) Relations between
m 02 O 52 O 03| neuroimaging signals (BOLD, CBF, and
0] 0 0 CBV) and neuronal activity (LFP, MUA).
0206 1 0206 1 02 06 1 Evoked neuronal activity (LFP and MUA)
LFP LFP LFP show linear correlations with evoked
neuroimaging signals (BOLD, CBF, and
1 1 1 CBV) with increasing number of stimulus
o 82 > 82 M gg pulses at rates of 1.5Hz (O) and 3Hz (A).
; m m < . N
O 04 O 04 O 04 The multi-modal dat.a suggest tlght.
(2] (672 0.2 0.2 neurovascular coupling. (B) Dynamic
0. i o £~ 0. e comparison of ACMR, and LFP (for 3Hz
0206 1 0206 1 0206 1 stimulation frequency). The dynamic
MUA MUA MUA correlation between the calculated ACMR,
and the measured LFP suggests tight
B Dynamic comparison of CMR,, and LFP neurometabolic coupling. All data from
(Herman et al., 2009) and (Sanganahalli et al.,
1 pulse 2 pulses 3 pulses 4 pulses 90 pulses 2009). BOLD, blood oxygenation level-
& | | | ‘ dependent; CBF, cerebral blood flow; CBV,
pr | | | _l__ cerebral blood volume; LFP, local field
= ' : potential; MUA, multi-unit activity.
5 sl
% 10s
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events separated by <200 msec is that there is very rapid ox-
ygen equilibration between blood and tissue pools (Herman
et al., 2006; Vazquez et al., 2008).

Although these calibrated fMRI studies emphasize quanti-
fying ACMR(, for evoked BOLD signal during stimulation,
estimates for ACMRg; for spontaneous BOLD signal (i.e., at
rest) can be made from just the fluctuations, either before or
after the stimulus, for example, see Figure 2B. We estimate
a maximum ACMRg; of 10% for spontaneous fluctuations
of the BOLD signal from the rat calibrated fMRI results. It
is noted that less than 10% change in CMR(y; is generally ob-
served with cognitive tasks in awake, behaving humans
(Rothman et al., 2002; Shulman et al., 2001).

For future brain network studies, we propose to measure
small differences/fluctuations of CMRq, by calibrated fMRI
and the baseline information on CMRg, by 7O MRS (Zhu
et al., 2009b). Since there are regional variations in energy me-
tabolism in the awake human brain both at rest and during
cognition (Horwitz et al., 1984; Roland et al., 1987), using
both ACMRg, and CMR, information in brain connectivities
should be considered.

Conclusions

Since many vital functions (e.g., foraging, mating, survival,
etc.) depend on the brain’s ability to perceive the dynamically
varying environment, neuronal systems need to accurately
detect and process external stimuli under widely different op-
erational circumstances (Hyder et al., 2002). Indeed, an echo-
ing principle in many studies (Chen et al., 2005; Issa and
Wang, 2008, 2009; Li et al., 2011; Maandag et al., 2007; Masa-
moto et al.,, 2007; Pasley et al., 2007; Portas et al., 2000; Smith
et al., 2002; Uludag et al., 2004; Zhu et al., 2009b) is that the
total neuronal activity in any given state is relevant for under-
standing brain function, from rest to stimulation (Hyder and
Rothman, 2010; Northoff et al., 2010).

At present, R-fMRI and T-fMRI studies discard the global
baseline activity and the global component of spontaneous
fluctuations of the BOLD signal. The global baseline neuronal
activity and its requisite energy demand is extremely high for
the cerebral cortex of the awake human (Shulman et al., 2009),
and as just discussed, the spontaneous fluctuations may be in
the order of changes generally observed in cognitive tasks. In
light of these findings, therefore, the measurement of the total
neural activity can add an important factor for the consider-
ation of reliability for the estimated neural networks.
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Appendix: Estimation of Oxidative Energy Demand from
Neural Activity

Behavior of neural populations is characterized by histo-
grams of spiking rates of individual neurons (Maandag
et al., 2007, Smith et al., 2002) when stimulated with the
same stimulus, but from different baselines (Fig. 1A). Compar-
ison of the histograms (composed of number of neurons firing
at their respective signaling rates) for the two baseline states
shows that in state X the fraction of population at lower fre-
quencies makes a slightly greater contribution to the popula-
tion’s vote than in state Y (i.e., baseline state X <baseline
state Y). However, the histograms for the two stimulated states
have quite similar distributions (i.e., stimulated state X ~ stim-
ulated state Y), reached by redeployment (not recruitment) of a
fraction of neuronal population. The same stimulated activities
of the two baseline states agree well with magnitudes of
changes in spiking rate and ACMRg,;, during sensory stimula-
tion (Fig. 1B, C).
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Estimates of relative neuronal energy demanded in each
baseline and stimulated state can be obtained by integrating
each histogram using a linear relationship between oxidative
energy demand (CMRg;) and the number of cells (N;) firing at
a given rate (v;)

CMRo = GY Niv; (A1),

where G in Eq. Al is a scaling factor for pyramidal
neurons (Maandag et al., 2007). For different brain states,
relative neuronal energy calculated from experimentally
measured histograms, as shown by Eq. Al, agrees quite
well with oxidative energy demand measured by other tech-
niques such as magnetic resonance spectroscopy and/or
positron emission tomography (Hyder et al., 2001, 2006;
Zhu et al., 2009a). However, careful considerations are nec-
essary when histogram distributions span high and low fre-
quencies in disproportionate fractions (Maandag et al.,
2007).






