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Abstract
Coordinated activity within and differential activity between large-scale neuronal networks such as the default mode
network (DMN) and the control network (CN) is a critical feature of brain organization. The CN usually exhibits activations in
response to cognitive tasks while the DMN shows deactivations; in addition, activity between the two networks is anticorrelated at rest. To address this issue, we used functional MRI to measure whole-brain BOLD signal during resting-state
and task-evoked conditions, and MR spectroscopy (MRS) to quantify GABA and glutamate concentrations, in nodes within
the DMN and CN (MPFC and DLPFC, respectively) in 19 healthy individuals at 3 Tesla. We found that GABA concentrations in
the MPFC were signiﬁcantly associated with DMN deactivation during a working memory task and with anti-correlation
between DMN and CN at rest and during task performance, while GABA concentrations in the DLPFC weakly modulated
DMN–CN anti-correlation in the opposite direction. Highlighting speciﬁcity, glutamate played a less signiﬁcant role related
to brain activity. These ﬁndings indicate that GABA in the MPFC is potentially involved in orchestrating between-network
brain activity at rest and during task performance.
Key words: anti-correlation, default mode network, fMRI, GABA, glutamate

Introduction
Coordinated activity across several large-scale neuronal networks subserves the complex and ﬂuid functioning of the
human brain. The default mode network (DMN) is characterized by increased activation during task-free resting period but

becomes deactivated during externally oriented processing,
which engages the frontoparietal executive control network
(CN) (Buckner et al. 2008). Notably, DMN deactivation is proportional to external cognitive task load (Singh and Fawcett 2008;
Hu et al. 2013), suggesting that a reallocation of cognitive
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resources to goal-directed, attention-demanding tasks necessitates a suppression of the intrinsic brain activity in the DMN. In
fact, better cognitive performance is associated with greater
task-induced DMN deactivation (Anticevic et al. 2010). This
phenomenon of coordinated activation–deactivation has been
widely observed in task-related functional magnetic resonance
imaging (fMRI) and resting-state fMRI (rsfMRI) studies. Failure
to suppress DMN activity during tasks and reduced DMN–CN
anti-correlation strength at rest has been observed in aging
(Sambataro et al. 2010; Prakash et al. 2012) as well as neuropsychiatric disorders characterized by cognitive dysfunction,
including Alzheimer’s Disease, major depression, schizophrenia, and attention-deﬁcit and hyperactivity disorder (WhitﬁeldGabrieli et al. 2009; Chai et al. 2011; Anticevic et al. 2012;
Baker et al. 2014). Despite the signiﬁcance of system-level
DMN–CN anti-correlation for brain function, the cellular and
molecular mechanisms underlying this phenomenon are
poorly understood.
DMN deactivation and DMN–CN anti-correlation have
been associated with gamma oscillations (as assessed with
electroencephalography, EEG) (Muthukumaraswamy et al.
2009), neurotransmitter concentrations (Northoff et al. 2007;
Muthukumaraswamy et al. 2009; Hu et al. 2013), cerebral blood
ﬂow (Liang et al. 2013), and white matter ﬁber density (Hsu
et al. 2016). Since rapid excitatory glutamate (Glu) and inhibitory
γ-aminobutyric acid (GABA) signals mediate local and long-range
neural circuits, studies relating Glu and GABA to cortical network
function are particularly germane. Recent studies combining
fMRI and magnetic resonance spectroscopy (MRS) have demonstrated that regional Glu and GABA concentrations are associated
with their modulation of the BOLD signal in several important
ways. For example, task-induced regional deactivation is negatively correlated with GABA concentration (Northoff et al. 2007;
Hu et al. 2013) and positively correlated with Glu concentration
(Enzi et al. 2012; Hu et al. 2013), and resting-state functional connectivity within DMN is associated with Glu and GABA concentrations in the posterior cingulate cortex/precuneus (PCC/PCu)
(Kapogiannis et al. 2013). Thus, regional neurotransmitter concentrations modulate local task-related brain responses as well
as resting-state functional connectivity.
Despite the importance of the topic for understanding brain
function, no single study has systematically examined the relationship of GABA and Glu concentrations within the DMN and
CN to resting-state anti-correlations and task-related activity in
the human brain. Based on the known connectivity pattern of
canonical cortical circuits, we hypothesized that glutamatergic
and GABAergic measures would not only modulate local taskrelated activation–deactivation, but also correlate with DMN–
CN anti-correlation measures at rest and during task performance (Fig. 1). However, the details of this hypothesis have not
been tested. Speciﬁcally, is it inhibitory (GABA) or excitatory
(Glu) signaling that drives the anti-correlation, and is it local
(e.g., within DMN) or remote (e.g., between networks) signaling
that matters? To address this fundamental issue, we collected
resting-state functional connectivity (rsFC) data as well as fMRI
during a working memory task intended to activate the CN and
deactivate the DMN in a group of healthy individuals. In the
same scan, we also measured the concentrations of GABA, Glu,
and glutamine (Gln) at critical nodes within the DMN (medial
prefrontal cortex (MPFC)) and CN (dorsolateral prefrontal cortex
(DLPFC)). Finally, we probed the relationships between regional
GABA and Glu concentrations within each network and the
magnitude of DMN deactivation and DMN–CN anti-correlation
at rest and during task performance.

Figure 1. DMN–CN anti-correlation model with inhibitory (I) and excitatory (E)
neurons. Rapid excitatory glutamate (Glu) and inhibitory γ-aminobutyric acid
(GABA) signals mediate local and long-range neural circuits, including anticorrelation between DMN and CN. The local neurons project to remote network
through excitatory transmitters.

Materials and Methods
Subjects
After giving informed consent, 19 healthy subjects (6 males,
age range: 21–28 years; mean ± SD of age: 24 ± 2 years) participated in the study which was approved by the Partners
Healthcare IRB. No subject had a history of medical, neurological, or psychiatric disorders, including current or past drug
abuse and none were taking any medication.

MRS Data Acquisition and Processing
The following MRS and fMRI scans were performed on a
Siemens 3 T Trio scanner using a 32-channel volume coil: a
high-resolution anatomical scan (5 min), resting-state fMRI (6
min), followed by MRS (28 min for two locations), lastly, working memory (WM) fMRI (8 min). Single-voxel proton MRS was
acquired at MPFC (30 × 20 × 30 mm3) and DLPFC (25 × 25 × 35
mm3) (Fig. 2c). A modiﬁed version of MEGA-PRESS (Rothman
et al. 1984; Mescher et al. 1998) optimized in house (17) for
GABA detection was acquired from both regions with the following parameters: TE/TR = 68/3000 ms and total 192 averages
(scan time=10 min); the editing pulses applied alternatively at
frequency of 1.9 or 7.5 ppm interleaved with the averages. A
semi-LASER sequence (Scheenen et al. 2008; Oz and Tkac 2011)
with optimized TE = 28 ms (Terpstra et al. 2016) and TR = 3 s
and 64 averages (scan time = 4 min) was used to measure Glu
and Gln from the same regions as MEGA-PRESS. Fastmap shimming (Gruetter 1993) was performed before MRS scans to
ensure the full widths at half maxima (FWHM) of water resonance <12 Hz. A VAPOR (VAriable pulse Power and Optimized
Relaxation delays) module (Tkac et al. 1999) was utilized in
both sequences to achieve water suppression. Spectra with
unsuppressed water were also acquired from the same VOI
using the same MEGA-PRESS and semi-LASER sequences with
nulling of the RF pulses of the water suppression module. The
number of averages of the water spectra was 4. Water signal
was used for eddy-current correction and as the externalreference for metabolite quantiﬁcation. Spectra were saved
individually and frequency and phase corrections processed in
FID-A (Simpson et al. 2017). All MRS data were quantiﬁed using
LCModel (version 6.3.1 H). Home-simulated basis spectra of
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Figure 2. Group maps of working memory activations/deactivations (a), resting-state connectivity map with MPFC as seed (b), MRS voxels (c), and representative MR
spectra of semi-LASER (d) and MEGA-PRESS (e) of MPFC.

Table 1 Information of ROIs obtained from WM 5d-1d activation/deactivation group map
ROI

MNI coordinates (mass center)

Cluster volumes (mm3)

(−2.4, −45.4, −5.1)
(−44.9, 3.6, 34.7)

7857
4239

MPFC
DLPFC

metabolites were used in both MRS sequences with the addition of an experimental acquired macromolecule (MM) basis
sets. The MRS signal is subject to different proton densities, T1
and T2 relaxation times in gray matter (GM), white matter
(WM), and cerebrospinal ﬂuid (CSF). Therefore, the volume fractions of different tissue types were calculated by segmenting
T1 images in SPM12. Next, the water signal was corrected by
tissue fractions with different proton density, T1 and T2 relaxations according to Table 1 of (Geramita et al. 2011). T1 and T2
values of GABA (T1 = 1310 ms, T2 = 88 ms) (Edden et al. 2012;
Puts et al. 2013) and Glu (T1 = 1270 ms, T2 = 181ms) (Mlynarik
et al. 2001; Ganji et al. 2012) were used for a global relaxation
correction. It was assumed that there is no contribution to
GABA and Glu MR signal from CSF. The proton density ratios of
WM to GM (WM/GM) of GABA (0.67) (Geramita et al. 2011; Zhu
et al. 2011) and Glu (0.5) (Choi et al. 2006; Srinivasan et al. 2006;
Pan et al. 2010) were used to calculate the GABA and Glu concentrations in GM. Gln concentration was calculated using the
same assumptions as those in the calculation of Glu concentration. The equation (Geramita et al. 2011) for correction calculations is outlined as follows:

(Smet / S wat)corr
= (Smet / S wat) uncorr⋅

(WM % ⋅ fwat _ WM + GM % ⋅ fwat _ GM + CSF % ⋅ fwat _ csf )
(WM % ⋅ fmet _ WM + GM % ⋅ fmet _ GM)

Brain regions

Brodmann area

Medial Frontal Gyrus
Left Inferior Frontal Gyrus

10
9

where S is the metabolite/water signal; WM%, GM% and CSF%
are the tissue percentages; f is the sensitivity factor of metabolite/water in a certain tissue type.

Working Memory Task
The WM task used is a variation of the Sternberg item recognition paradigm (Sternberg 1966), a continuous performance,
choice reaction time-task adapted for fMRI. It requires participants to ﬁrst encode a set of digits (encode-phase) and then to
maintain them “on-line” in WM while responding to each of
the probe digits that follow by indicating whether or not it was
a member of the memorized set (probe-phase). In our study,
the Sternberg WM task design is similar to previous report (Kim
et al. 2009). Each block began with a learn prompt that lasted
for 2 s and displayed the word “Learn,” then an encoding epoch
with the presentation of a memory set composed of one, three,
or ﬁve digits (1d, 3d or 5d) contributing to 3 levels WM load for
6 s, followed by a 38 s recognition epoch with the presentation
of 14 probe digits. For each probe participants were presented
with a single digit for 1.1 s, where half the digits are targets and
the other half are foils. Delay between each probe digit was
randomized around 1.6 s. Two blocks of 3 loads, totally 6 working memory blocks with pseudorandom order, were interleaved

Downloaded from https://academic.oup.com/cercor/advance-article-abstract/doi/10.1093/cercor/bhy059/4955774
by Harvard Library user
on 24 July 2018

4

|

Cerebral Cortex

by ﬁxation baseline (ﬁxation cross on the screen) with random
duration between 4 and 20 s. All subjects went through the
exact same Sternberg task sequence during imaging after practicing a brief version of the task outside the scanner.

fMRI Data Collection
Resting and WM task BOLD fMRI data were collected using a
single-shot gradient-echo echo-planar imaging sequence. The
imaging parameters were: TR/TE = 2500/30 ms; FA = 78°; slice
thickness/gap = 4/0 mm; 39 slices; FOV = 220 × 220 mm2 (3.44 ×
3.44 mm2 in-plane resolution). The anatomical data were
acquired for structural reference using a T1-weighted 3D magnetization prepared rapid gradient echo (MP-RAGE) sequence
(256 × 256 × 122 matrix size; 1 × 1 × 1.28 mm3 spatial resolution;
TI/TR/TE = 1100/1600/2.25 ms; ﬂip angle = 12°).

Data Preprocessing and Analysis of Working Memory
fMRI
All preprocessing and statistical analysis of WM fMRI were conducted with FSL 5.0 (FMRIB). The ﬁrst two volumes were removed
to allow for signal to reach a steady state. Preprocessing included
motion correction (MCFLIRT), spatial smoothing using a 5 mm
FWHM Gaussian kernel, 4D grand mean scaling, high-pass temporal ﬁltering with a cutoff period of 100 s and pre-whitening
using FILM. Non-brain structures were stripped from functional
and anatomical volumes using FSL’s Brain Extraction Tool.
Smoothed functional data were normalized into MNI space of 3 ×
3 × 3 mm3 via high-resolution anatomic imaging using FSL’s
non-linear registration tool FNRT.
First level brain activation at 1d, 3d, and 5d conditions were
estimated with AFNI 3dDeconvolve using general linear modeling. A box function convoluted with hemodynamic response
function was used to create regressors for each condition.
Group level analyses on the brain activation at 3 conditions
were carried out using AFNI 3dttest++. The multiple comparison correction was performed with the 3dClustSim simulation
of the newest version of AFNI (version 17.3.09, Dec. 2017), i.e.,
the 3dttest++ was used to generate 10 000 noise volumes by
using the residuals of actual data sets with randomized signs,
and 3dClustSim was used to perform the simulation. In this
method, no built-in math model for the spatial auto-correlation
function was used in order to better control false positive rate
(Eklund et al. 2016). According to the simulation result (see
Supplemental Table S1), fMRI activation/deactivation regions of
interest (ROIs) of MPFC and DLPFC were determined by the criteria of voxel-wise P < 0.001 and cluster size >150 voxels, corresponding to corrected P value < 0.01. Individual mean BOLD
signal beta values were extracted from these R01s as a quantiﬁcation of the DMN deactivation and CN activation.

Data Preprocessing and Analysis of Resting-state/
Working Memory Connectivity
Preprocessing of the rsfMRI data was carried out in DPARSFA
(Yan and Zang 2010) and included removing ﬁrst 5 time points,
slice-timing correction, realignment, head motion correction,
Gaussian spatial smoothing (FWHM = 4 mm), linear detrending,
and spatial normalization to MNI space with a resampling
resolution of 3 × 3 × 3 mm3. Nuisance signal regressions and
band-pass temporal ﬁltering (passband: 0.01–0.1 Hz) were also
performed. The nuisance regressors included Friston’s 24 head
motion parameters (6 head motion parameters, 6 head motion

parameters one time point before, and the 12 corresponding
squared items) (Friston et al. 1996) and 5 principal components
of principal time courses extracted from respective white matter
and cerebral spinal ﬂuid (CSF) ﬂuctuations using the anatomical
CompCor (aCompCor) method (Behzadi et al. 2007). To minimize
the inﬂuence of head motion in the rsFC analysis, data points
when the instantaneous head motion, deﬁned by framewise displacement (FD) (Power et al. 2012) was larger than 0.5 mm, as
well as the one time points before and after “bad” time points
were used as regressors in the nuisance regression. To further
validate the ﬁndings, a more stringent cutoff (i.e., FD < 0.25 mm)
was used and relative results are demonstrated in the
Supplementary Materials. The residual is equivalent to performing censored regression only within the “good” data without
motion contamination, since the strong signal outliers present
during periods of motion thus likely corrupted the ﬁts of nuisance regressors to data (Carp 2013; Power et al. 2013). Subjects
with mean FD > 0.3 mm were excluded from analysis. The above
mentioned MPFC ROI obtained from the WM activation/deactivation map was also used as the seed region in the FC analysis to
identify the brain regions functionally connected to MPFC.
Speciﬁcally, individual rsFC maps were generated by correlating
the rsfMRI time course of each voxel with the mean reference
time course of the seed MPFC region and then converting the
correlation value to z value via Fisher’s r-to-z transformation.
The previously mentioned DLPFC ROI obtained from the WM
activation/deactivation map was used to extracted functional
connectivity between MPFC and DLPFC. The data processing of
correlation of BOLD signal time series with working memory
task follows exactly same strategy as that of rsFC. Last, an alternative process with global signal regressions (GSR) was also performed to demonstrate the strength of the reported ﬁndings.
The results from this analysis are presented in the
Supplementary Materials.

Statistics Analysis
Linear multiple-regression analysis was performed in IBM SPSS
Statistics Version 24. Gender and MRS-measured GABA and Glu
from MPFC or DLPFC were included as independent variables to
predict fMRI measures. A multiple regression model including
gender and rsFC between MPFC and DLPFC was also used to
predict the MPFC–DLPFC anti-correlation during WM task. The
age of 19 healthy subjects was within a very small range (21–28
years) and standard deviation (2 years) so it was not included
as a coefﬁcient in the model. We calculated the metabolite concentrations in gray matter with the information of tissue percentages and the prior knowledge of metabolite WM/GM
concentration ratios, therefore GM percentage of the MRS voxel
was not included in the analysis.
We included gender in our statistical model because gender
effects have been reported on GABA concentration measures
(O’Gorman et al. 2011; Aufhaus et al. 2013). Gray matter percentage was also included as a coefﬁcient in the multiple
regression analysis (Hu et al. 2013), especially when the metabolite differences between gray matter and white matter were
not accounted for. The proton density ratios of WM to GM
(WM/GM) of GABA (0.67) (Geramita et al. 2011; Zhu et al. 2011)
and Glu (0.5) (Choi et al. 2006; Srinivasan et al. 2006; Pan et al.
2010) were conﬁrmed by several independent studies. Also the
relation between GM percentage and measured metabolite concentrations is non-linear and therefore not appropriate to be
included in the linear regression model. Thus, instead of including
MRS voxel GM% as a coefﬁcient in multiple-regression analysis,
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observe that when task load increased from low to medium level
(1d to 3d) CN nodes showed enhanced activation but when task
load increased to the highest level (5d), both CN node activation
and DMN node deactivation were seen.

Magnetic Resonance Spectroscopy

Results
Functional MRI
Group maps of working memory activations/deactivations,
resting-state functional connectivity with MPFC as seed are
shown in Table 1 and Figure 2a and b, respectively. One subject
with average FD > 0.3 mm in resting-state fMRI was excluded.
DMN deactivation and CN activation can be clearly observed in
the group map of WM fMRI, as well as the anti-correlation
between DMN and CN in the group map of rsFC. The deactivation/
activation signals at different WM task loads (1d, 3d, and 5d)
were quantitatively demonstrated in Figure 3a. It is interesting to

The group map of the MPFC and DLPFC MRS voxels are presented in Figure 2c. Representative MR spectra obtained using
semi-LASER and MEGA-PRESS from MPFC are shown in Figure
2d and e, respectively. FWHM of NAA resonance using MEGAPRESS were 4.7 ± 1.0 Hz and 5.0 ± 0.8 Hz and using semi-LASER
are 3.4 ± 1.2 Hz and 3.7 ± 0.7 Hz in the MPFC and DLPFC, respectively. Cramer-Rao lower bounds (CRLBs) of GABA using MEGAPRESS were 6 ± 2% and 6 ± 1% and CRLBs of Gln/Glu using
semi-LASER were 10 ± 2%/2.8 ± 0.4% and 1.6 ± 4%/3.2 ± 0.4% in
the MPFC and DLPFC respectively. The values of correlation
coefﬁcient (cc) between Glu and Gln outputted from LCModel

Table 2 Regressing MPFC contrast of different WM loads on gender and neurotransmitters
WM load contrast

R2

Adjusted R2

P

Gender
a

5d-1d
5d-3d
3d-1d

0.438
0.316
0.234

0.318
0.170
0.070

0.040
0.139
0.276

GABA
a

Beta

P

Beta

−0.530
−0.437
−0.224

0.032
0.096
0.401

−0.678
−0.586
−0.424

Glu
P

Betaa

P

0.012
0.041
0.147

0.231
0.055
0.431

0.327
0.830
0.127

a

Standardized coefﬁcient.

Figure 3. (a) In Steinberg WM task, cognitive load (1d, 3d and 5d) modulated activation/deactivation in the PCC/MPFC/DLPFC/ACC regions. Partial plots of the relationship between (b) WM deactivation in MPFC and MPFC GABA concentrations and (c) WM activation in DLPFC and DLPFC GABA concentrations, controlling gender and
regional Glu concentrations.
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were 0.08 ± 0.06 and 0.10 ± 0.07 in MPFC and DLPFC, respectively. All these measures indicate high MRS data quality
acquired at our 3 T clinical scanner. No subject was excluded
based on CRLBs or linewidth criteria.

Modulation of WM Activation/Deactivation by Regional
Neurotransmitters
A multiple regression analysis was performed to regress MPFC
deactivation of the contrast of different loads (5d-1d, 3d-1d, 5d3d, respectively) on gender and partial volume effect corrected
GABA and Glu in the same region (Table 2). The MPFC BOLD signal contrast between 5d and 1d showed strong dependence on
GABA concentration of the same region (Fig. 3b) in that the
higher individual GABA concentration in DMN predicted stronger DMN deactivation. On the other hand, the multiple regression analysis showed that the MRS measured Glu concentration
played a less signiﬁcant role in the interaction with DMN deactivation. A weaker relationship with regional neurotransmitters
was also observed in the two smaller task load contrasts (5d-3d,
3d-1d). In contrast to the MPFC ﬁndings, GABA or Glu concentrations in the DLPFC had no relationship with activation in the
DLPFC. In addition, GABA and Glu concentrations in the MPFC
were unrelated to WM-evoked brain activations in DLPFC, and
GABA and Glu concentrations in the DLPFC were unrelated to
WM-evoked deactivations in MPFC.

Modulation of Resting-state DMN–CN Anti-correlation
by Regional Neurotransmitters
A multiple regression analysis was performed to regress
resting-state MPFC–DLPFC FC on gender and partial volume
effect corrected GABA and Glu. There are two models: (I) with
MPFC GABA/Glu and (II) with DLPFC GABA/Glu (Table 3) as
regressors, respectively. Model I shows strong dependence of
resting-state MPFC–DLPFC FC on MPFC neurotransmitters:
more MPFC GABA predicte stronger anti-correlation between
MPFC and DLPFC, while MPFC Glu weakly affected the anticorrelation in the opposite direction (Fig. 4). Neurotransmitter
concentrations in the DLPFC showed no relationship to DMN–
CN anti-correlation.

Modulation of DMN–CN Anti-correlation During WM
task by Resting-state Anti-correlation and Regional
Neurotransmitters
Unlike in the resting-state where ﬂuctuations are spontaneously occurring, the DMN and CN are actively modulated in
opposite directions during performance of a WM task (Anticevic
et al. 2010). Using the same MPFC ROI, we found that the group
time courses during the WM task showed stronger MPFC–DLPFC
anti-correlation (adj R2 = 0.24, P = 8.83e–10) compared to restingstate (adj R2 = 0.14, P = 4.89e–6). We performed a multiple regression analysis to regress MPFC–DLPFC FC on 3 models: (I) gender

and resting-state MPFC–DLPFC FC, (II) gender and partial volume
effect corrected GABA/Glu in MPFC, and (III) gender and partial
volume effect corrected GABA/Glu in DLPFC (Table 4). The results
show that Model I with resting-state FC had the strongest predicting power for WM FC (Fig. 5a). Compared to the relation
between resting-state anti-correlation and MPFC GABA/Glu,
Model II showed weaker relation of WM anti-correlation with
both MPFC GABA and Glu, while the correlation with MPFC GABA
remained signiﬁcant and preserved the same trend as at rest:
higher MPFC GABA predicted stronger WM anti-correlation
(Fig. 5b). Model III did not reveal any signiﬁcant relationships
(Fig. 5c).

Glutamine Relates to Brain Activity
Gln is synthesized from Glu by Gln synthethase in the astroglia
and it is broken down to Glu by phosphate-activated glutaminase in neurons. Because of its role in the Glu–Gln neurotransmitter cycling and in glutamatergic synaptic function, we
replaced Glu by Gln in the above analyses but no signiﬁcant
ﬁndings emerged.

Discussion
In this study, we collected whole-brain resting-state and taskevoked fMRI data as well as MRS data, at ﬁrst time probing
GABA and Glu concentrations in nodes of MPFC and DLPFC
how to modulate anti-correlation between DMN and CN. Our
ﬁndings indicate that GABA concentrations (related to inhibitory neurotransmission) – but not Glu concentration – is
involved in orchestrating between-network interactions. In
addition, there we found a unidirectional inﬂuence in betweennetwork interactions, where neurotransmitter content in the
MPFC (a node in the DMN) was critical but that in the DLPFC (a
node in the CN) was not.

Neurotransmitters and Brain Functional Activity
The BOLD signal is an indirect measure of brain activity. It cannot provide insights into the mechanisms behind behavioral
responses nor assess changes in excitatory/inhibitory (E/I) balance. In this context, our study provides new insights into how
network interactions are orchestrated in the brain. First, our
ﬁnding of a negative correlation between GABA concentrations
and DMN deactivation agrees with its proﬁle as the major postsynaptic inhibitory neurotransmitter. This relationship between
GABA and BOLD signal is highly concordant across different
studies from the visual cortex (Muthukumaraswamy et al. 2009,
2012; Donahue et al. 2010; Qin et al. 2012), auditory (Gao et al.
2015), sensorimotor (Stagg et al. 2011; Hayes et al. 2013) and anterior cingulate cortex (Northoff et al. 2007; Wiebking, Duncan, Qin
et al. 2014). Our result is also consistent with a previous study
of the PCC/PCu region of the DMN, using an n-back WM task
strategy (Hu et al. 2013; Wiebking, Duncan, Qin et al. 2014).

Table 3 Regressing resting-state MPFC–DLPFC FC on gender and neurotransmitters
Models

R2

Adjusted R2

P

Gender
Beta

I: MPFC GABA/Glu
II: DLPFC GABA/Glu

0.761
0.389

0.710
0.258

0.000
0.068

a

0.160
0.345

GABA
a

P

Beta

0.408
0.126

−0.661
0.409

a

Standardized coefﬁcient.

Downloaded from https://academic.oup.com/cercor/advance-article-abstract/doi/10.1093/cercor/bhy059/4955774
by Harvard Library user
on 24 July 2018

Glu
P
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P

0.001
0.101
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Figure 4. Partial plots of the relationship between MPFC–DLPFC resting-state FC and (a) MPFC GABA/Glu and (b) DLPFC GABA/Glu concentrations, controlling gender
effect.

Table 4 Regressing MPFC–DLPFC FC during WM task on gender and rsFC/neurotransmitters
Models

I: MPFC–DLPFC rsFC
II: MPFC GABA/Glu
III: DLPFC GABA/Glu

R2

0.673
0.430
0.048

Adjusted R2

0.629
0.307
−0.156

P

0.000
0.044
0.869

Coefﬁcient 1

Coefﬁcient 2

Coefﬁcient 3

Name

Betaa

P

Name

Betaa

P

Gender
Gender
Gender

−0.248
−0.181
−0.003

0.143
0.432
0.992

rsFC
GABA
GABA

0.884
−0.729
0.184

0.000
0.008
0.532

Name

Betaa

P

Glu
Glu

0.058
−0.210

0.804
0.480

a

Standardized coefﬁcient.

A PET-fMRI study also conﬁrmed the MPFC GABAA receptor
binding observed by PET negatively correlates with BOLD signal
change in the same area when performing an external awareness task (Wiebking, Duncan, Qin et al. 2014). In addition to
modulating local BOLD responses, we show that higher MPFC
GABA concentrations are associated with stronger MPFC–DLPFC
anti-correlation at rest and during a WM task. During the WM
task, GABA in DMN and CN may reach a new balance to achieve
the task-mode anti-correlations, which could explain the
reduced coupling between resting-state GABA and the anticorrelations during task.
Consistent with the literature (Northoff et al. 2007;
Muthukumaraswamy et al. 2009, 2012; Donahue et al. 2010; Qin
et al. 2012; Duncan et al. 2014; Wiebking, Duncan, Qin et al.
2014), our results also indicate that compared to GABA, Glu
plays a less signiﬁcant role in modulating local neuronal response
to external stimulations and orchestration of between-network

activity. Anti-correlation between networks, by deﬁnition, must
involve inhibition; thus, the inhibitory effect of GABA on excitatory neurons and their remote projections may inﬂuence anticorrelations (Fig. 1). Compared to the moderate relationship
between MPFC GABA and WM anti-correlation, the much stronger couplings of MPFC GABA with rsFC and rsFC with WM FC
implies that the modulation on WM anti-correlation by MPFC
GABA may not be a direct relationship and could be mediated
by resting-state anti-correlation. Using functional MRS to
observe neurotransmitter concentration changes during a WM
task may provide further information of the modulation of
anti-correlation during task.
In this study, we focused on the interaction between DMN
and CN. Nodes within each network are anatomically connected to one another but the anatomical connections between
these networks (e.g., between the DLPFC and MPFC) are not
strong (Carmichael and Price 1996). This raises the question of
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Figure 5. Partial plots of the relationship between MPFC–DLPFC FC during WM task and (a) MPFC–DLPFC resting-state FC, (b) MPFC GABA and (c) DLPFC GABA concentrations, controlling gender effect (a, b and c) and Glu concentrations in the same region (b and c).

how the anti-correlations between brain networks are orchestrated. The answer likely involves interactions with third brain
regions as well as lateral inhibition through the anatomical
connections that do exist. This need further study.

response to stimulus and brain networks. Our results indicate
that inhibitory neurotransmission is actively modulated and provides the differential signal for changing E/I balance in brain circuits implicated in psychiatric disorders such as schizophrenia.

Understanding E/I Balance in Brain Networks
Associated with Brain Disorders

Limitations

Recent studies indicate that the speciﬁc behavioral and physiological measures (for example, impulsivity and sensorimotor
response time) in participants are related to individual differences in regional GABA or Glu levels (Boy et al. 2010; Fusar-Poli
et al. 2011; Wiebking, Duncan, Qin et al. 2014). The prefrontal
cortex plays a key role in cognition and reward processing
through its regulation of limbic reward regions and its involvement in higher-order executive function (Kalivas et al. 2005;
Goldstein and Volkow 2011). Although it is poorly understood
how neurophysiological substrates and neurochemicals modulate cognition and behavior for most psychiatric diseases and
substance use disorders (SUD), one emerging principle is that
there is a balance and coordinated activity between excitatory
glutamatergic and inhibitory GABAergic neurons. The imbalance of cortical cellular excitation and inhibition could give rise
to the abnormalities observed in SZ or SUD (Yizhar et al. 2011;
Jocham et al. 2012; Cocchi et al. 2013; Gipson et al. 2013). One
popular hypothesized mechanism for decision-making is competition via mutual inhibition, during which each available
option inhibits others until activity remains in only one (Yizhar
et al. 2011; Jocham et al. 2012; Cocchi et al. 2013). The neural
dynamics of value comparison depend on the levels of Glu and
GABA (D’Souza and Markou 2013; Li et al. 2014; Wiebking,
Duncan, Qin et al. 2014; Wiebking, Duncan, Tiret et al. 2014)
through increased activity in excitatory neurons or reduced in
inhibitory neurons. Accumulating evidence also suggests that
blockage of glutamatergic or facilitation of GABAergic transmission would inhibit the reward-enhancing and conditioned
rewarding effects (Kalivas 2009; Gipson et al. 2013; Li et al. 2014).
There is a report of a positive correlation between magnitude of
MPFC–DLPFC anti-correlation and WM capacity for young adults
(Hampson et al. 2010), as well as ﬁndings of reduced MPFC–
DLPFC resting-state anti-correlation and reduced WM capacity in
schizophrenia patients (Whitﬁeld-Gabrieli et al. 2009) and older
healthy subjects (Keller et al. 2015). Therefore, we chose the
MPFC and DLPFC as the targeted voxels to measure GABA and
Glu, and explored how E/I balance modulates local neuronal

Technically, the GABA measurement is challenging: it is subject
to low SNR, motion artifact, and MM co-editing. The degree of
MM signal contamination varies with sequences and parameters (Henry et al. 2001; Terpstra et al. 2002; Near et al. 2011).
The symmetric editing method (Henry et al. 2001) can suppress
the co-edited MM signal but a recent study shows that the MMsuppressed GABA signal is very sensitive to frequency drift
(Edden et al. 2016). On the other hand, previous studies
(Hofmann et al. 2001; Mader et al. 2002) suggested that the MM
concentrations in cortical regions of healthy adults are very
stable with respect to age and gender. Therefore, individual differences in the contaminated GABA levels may reﬂect primarily
the differences in GABA itself. Compared to the regular PRESS
method, the adiabatic pulse train of our semi-LASER sequence
not only minimizes the voxel displacement caused by chemical
shifts, but also obtains longer apparent T2 relaxation times of
metabolites (Michaeli et al. 2002). Furthermore, J-evolution is
partially suppressed in semi-LASER and observation of J-coupled
metabolites such as glutamate and glutamine is favored (Oz and
Tkac 2011). Short TE 1H-MRS can achieve more reliable Glu detections. However, quantiﬁcation of Gln is more challenging at 3 T
due to severe overlapping with stronger Glu signal. In our current
study, CRLBs of Glu and Gln and cc values of Glu and Gln indicate
good separation of these metabolites. However, using 1H-MRS to
detect synaptic Glu is an unsolved issue. The 1H MRS signal
arises from all “free” Glu and not only those at the synapse. It
cannot distinguish the Glu packed in synaptic vesicles (20–30% of
total) from the metabolic pool in cytosol (~50%) (Nedergaard et al.
2002). Glu found in the synaptic cleft (~100 umol/L) is below the
detection limit of 1H MRS. On the other hand, Glu is rapidly converted to its metabolite Gln by the glia-speciﬁc enzyme glutamine synthetase in glial cells (Popoli et al. 2012). Accumulating
evidence suggests that the Gln/Glu ratio may be somewhat more
speciﬁc as a synaptic measure because it reﬂects the relative
amounts of metabolite in neurons and astrocytes, respectively
(Rowland et al. 2005; Xu et al. 2005; Chowdhury et al. 2011).
Therefore, we also analyzed the relation between neurotransmitters and functional MRI measures by replacing the coefﬁcient of
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Glu by Gln/Glu ratio. The trends in the multiple-regression models remained unchanged in this approach. Notably, other factors
such as the Gln–Glu cycling rate also affect the relationship
between Gln/Glu ratio and synaptic Glu. As a result, the limitation of 1H MRS compromises the detection of Glu synaptic
release, which could represent one of the reasons why our
regression models testing excitatory neurotransmitters showed a
much weaker role than GABA. Lastly, in our study, the neurotransmitters in MPFC measured in resting state have a stronger
relation with the anti-correlation during resting state than working memory task. It would be interesting to assess change in
neurotransmitter levels during task and how they relate to brain
activity (Huang et al. 2015; Kuhn et al. 2016; Ip et al. 2017).
However, the limited sensitivity at 3 T prevents us from carrying
out such an fMRS study. Use of an ultra-high ﬁeld scanner such
as 7 T with advanced MRS approaches could help address this
issue as well as allow us to collect MRS data from the whole brain.
Motion correction is an important issue for functional connectivity data processing (Power et al. 2012, 2014, 2015, 2017;
Satterthwaite et al. 2012; Burgess et al. 2016; Siegel et al. 2017).
In this paper we performed nuisance regressions including
Friston’s 24 head motion parameters and 5 principal components of principal time courses extracted from respective white
matter and cerebral spinal ﬂuid (CSF) ﬂuctuations using the
anatomical CompCor (aCompCor) method (Behzadi et al. 2007),
as well as the “bad” time point scrubbing regressors with criteria of FD = 0.5 mm (Power et al. 2012, 2013) and 0.25 mm (Yan
et al. 2013; Power et al. 2014). Global signal regression (GSR) was
also conducted to explore the impact of GSR on our ﬁndings.
Both analyses (thresholding with FD = 0.25 mm and GSR, see
Supplementary Materials) show similar ﬁndings to those
reported above. Using FD = 0.25 mm led to the removal of more
than 40 time points (almost 1/3 of total) for 3 subjects. Future
studies using shorter TR and longer acquisition times (e.g.,
multiband fMRI) can address this concern and retain more valid
data in the analyses.
The impact of including GSR in data analyses, especially
when it comes to inter-regional anti-correlations, is controversial (Murphy et al. 2009; Saad et al. 2012). Nevertheless, in our
study the functional connectivities processed either with or
without GSR showed signiﬁcant associations with MPFC GABA
concentrations and not with DLPFC GABA concentrations.

Summary
We found that MPFC GABA concentrations signiﬁcantly modulated DMN deactivation during a WM task, as well as the anticorrelation between DMN and ECN during both resting state
and WM task. On the other hand, DLPFC GABA concentrations
did not show signiﬁcant associations in the above functional
MRI measures. These ﬁndings suggest that MPFC and DLPFC
GABA activity make differential impacts on task-related activation and inter-network functional connectivity. Exploring neurochemical characteristics of DMN and CN may provide novel
insights into abnormal brain network activity and provide
opportunities for developing novel treatment strategies and
earlier interventions for neuropsychiatric disorders (Fox et al.
2014; Drysdale et al. 2017).

Supplementary Material
Supplementary material is available at Cerebral Cortex online.
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