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Models of healthy brain function and psychiatric conditions assume that excitatory and inhibitory activity are
balanced in the human brain at multiple spatial and temporal scales. In human neuroimaging, concentrations of
the major excitatory (glutamate) and inhibitory (γ-aminobutyric acid, GABA) neurotransmitters are measured in
vivo using magnetic resonance spectroscopy (MRS). However, despite the central importance of E/I balance to
theories of brain function, a relationship between regional glutamate and GABA levels in the human brain has not
been shown. We addressed this question in a large corpus of edited MRS data collected at 19 different sites (n ¼
220). Consistent with the notion of E/I balance, we found that levels of glutamateþglutamine (Glx) and GABAþ
were highly correlated (R ¼ 0.52, p ¼ 2.86 x 1014). This relationship held when controlling for site, scanner
vendor, and demographics. Controlling for neurochemicals associated with neuronal density and metabolism (i.e.
N-acetylaspartate and creatine) signiﬁcantly reduced the correlation between GABAþ and Glx, suggesting that the
levels of GABAþ and Glx may be critically linked to regional metabolism. These results are consistent with the
notion that excitation and inhibition are balanced in the human brain.

1. Introduction
A large body of literature suggests that excitatory and inhibitory (E/I)
activity is balanced in neural systems. In cortical circuits, any given
neuron is thought to receive approximately equal amounts of excitation
and inhibition, which precisely and dynamically counteract each other
during both sensory-evoked and ongoing neural activity (Barron et al.,
2017; Fishell and Kepecs, 2019; Froemke, 2015; Vogels and Abbott,
2009). This balance is thought to be crucial for enabling precise signal
timing and preventing runaway excitation in the brain (Isaacson and
Scanziani, 2011; Okun and Lampl, 2008; Wehr and Zador, 2003).
Moreover, prominent theories of neuropsychiatric conditions, such as
autism and schizophrenia, implicate an imbalance in excitatory and
inhibitory activity in the neurobiology of these conditions (Marín, 2012;
Rubenstein and Merzenich, 2003; Vattikuti and Chow, 2010). Yet, the
mechanisms driving these putative changes are poorly understood, in
part because little is known about how E/I balance manifests in the
human brain.
In the human brain, the major excitatory (glutamate) and inhibitory
(γ-aminobutyric acid, GABA) neurotransmitters can be measured in vivo

using magnetic resonance spectroscopy (MRS). Because models of neural
function posit that inhibition and excitation are balanced in cortical
circuits (Vogels and Abbott, 2009), many MRS studies have quantiﬁed
the ratio of GABA to glutamate (Barron et al., 2017; Gu et al., 2019;
Kapogiannis et al., 2013; Koolschijn et al., 2019; Shibata et al., 2017) and
GABA to glutamateþglutamine (Glx) (e.g. (Bezalel et al., 2019)) as
measures of E/I balance in a given brain area. Further, studies of autism
(e.g. Drenthen et al., 2016) have reported that the concentration of GABA
relative to glutamate differs between patients and controls, and an
altered balance between GABA and Glx has been found in schizophrenia
(Chiu et al., 2018). Based on these and other studies of neuropsychiatric
populations, it has been suggested that the ratio between these neurometabolites could be used as a clinical biomarker. These reports
implicitly assume that, if MRS-measured glutamate (or Glx) and GABA
levels reﬂect excitatory and inhibitory activity, the levels of these neurometabolites should be positively related within a given brain area at
the population-level (i.e., individuals with greater concentration of Glx
would have a higher concentration of GABA). However, whether or not
MRS-measured levels of glutamate (or Glx) and GABA are correlated in
the human brain has not been shown empirically.
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the imperfect measurement as well as the multiple roles played by these
neurometabolites, we refer to MRS measured GABA as GABAþ and
glutamateþglutamine as Glx.
Our study had two speciﬁc aims. First, we sought to answer whether
concentrations of GABAþ and Glx are correlated in human participants at
rest. Second, we sought to determine whether any correlation between
Glx and GABAþ levels could be explained by other factors, such as
participant demographics, data quality, or tissue concentration.

Here, we sought to test whether the regional concentrations of GABA
and Glx are correlated in the resting human brain. To investigate this
question, we used data from the Big GABA dataset (Mikkelsen et al.,
2019, 2017), a large, collaborative dataset designed to assess the
comparability of edited MRS data across scanner vendors and research
sites in a large sample of human participants. MRS data from the Big
GABA dataset were acquired from a single voxel placed in each participant’s medial parietal lobe (Fig. 1, inset). The medial parietal lobe is an
ideal region for assessing the correlation between GABAþ and Glx levels
in the resting brain because it is a key node within the default mode
network (Kapogiannis et al., 2013; Raichle, 2015) and is active during
rest and mind-wandering (Fox et al., 2015; Raichle, 2015).
The edited MRS measurements used here should be interpreted with
several considerations in mind. Notably, the glutamate and glutamine
signals cannot be disambiguated in the spectra comprising the Big GABA
dataset (Puts and Edden, 2012; Ramadan et al., 2013). However, because
glutamate and glutamine are continuously being cycled (Bak et al., 2006;
Hertz and Rothman, 2016), the aggregate signal (i.e. Glx) is often taken
as a proxy for excitation. Likewise, the GABA signal detected by standard,
edited MRS techniques at 3T contains contribution from GABA, macromolecules, and homocarnosine (Deelchand et al., 2019; Mikkelsen et al.,
2019, 2017; Mullins et al., 2014; Puts and Edden, 2012; Rothman et al.,
1997). In addition, along with their roles in phasic inhibitory and
excitatory neurotransmission, GABA and glutamate (along with glutamine) have several other functions in the brain, including regulation of
tonic inhibition and excitability (Stagg et al., 2009a), shaping the functional architecture of the cortex (Kolasinski et al., 2017; Puts et al., 2011;
Robertson et al., 2016), and regulating metabolism (Albrecht et al., 2010;
Bak et al., 2006; Hertz and Rothman, 2016). Because they play multiple
roles, GABA and glutamate are present in multiple tissue compartments,
including the synapse, but also within vesicles, in the extracellular matrix, and within astrocytes, and it is not possible to distinguish between
these sources with MRS (Gasparovic et al., 2018, 2006). Therefore, given

2. Methods
Data for the present study were collected as part of the Big GABA
consortium (Mikkelsen et al., 2019, 2017), a large, collaborative dataset
designed to test the reliability of edited MRS data across scanner vendors
and acquisition sites. A subset of the data (N ¼ 224; 116 females, mean
age ¼ 25.95  4.15 years old [mean  s.d.]) was made publicly available
on the NITRC portal (https://nitrc.org/projects/biggaba), and those data
were used here. A full description of the dataset acquisition and processing methods are detailed elsewhere (Mikkelsen et al., 2019, 2017)
and are reproduced here in brief.
2.1. MR data acquisition
25 sites participated in the Big GABA consortium (Mikkelsen et al.,
2019, 2017). At each site, data were acquired on a 3 T scanner (see
Mikkelsen et al., 2019, 2017 for scanner model details) using standard
MEGA-PRESS (Mescher et al., 1998) acquisition parameters: TE/TR ¼
68/2000 ms; ON/OFF editing pulses ¼ 1.9/7.46 ppm; 320 averages; 30
 30  30 mm3; medial parietal lobe voxel-of-interest (VOI) (Fig. 1,
inset). For accurate VOI placement and subsequent tissue segmentation,
high-resolution 3D T1-weighted structural images were acquired for all
participants (see (Mikkelsen et al., 2019) Table 1 for details). A full
description of the acquisition parameters for the MRS and MRI data can

Fig. 1. Mean processed MRS spectrum from all vendors (top). Shaded areas represent mean signal  1 SD. (inset) An example voxel placement from one representative
subject shows voxel location and coverage within medial parietal lobe. The data used in this paper were collected as part of the Big GABA consortium (Mikkelsen et al.,
2019, 2017).
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et al., 2012). Tissue fraction parameters were calculated as described
below.

Table 1
List of confounding factors tested. Cr Creatine level; NAA N-acetylaspartate level;
Cho Choline level.
Confounding
factor

Vendor and
Site
Demographics
Frequency drift
Linewidth NAA
Linewidth
Water
Water area
Concentration
Cr
Concentration
NAA
Concentration
Cho

Model (nlme syntax)

~ Vendor þ 1|Site
~ Vendor*Age*Sex
þ 1|Site
~ Vendor*Frequency
Drift þ 1|Site
~ Vendor*Linewidth
NAA þ 1|Site
~ Vendor*Linewidth
Water þ 1|Site
~ Vendor*Water
Area þ1|Site
~ Vendor*Cr þ 1|Site
~ Vendor*NAA þ 1|
Site
~ Vendor*Cho þ 1|
Site

Correlation of
GABAþ and Glx
residuals
(corrected pvalue)

Signiﬁcantly
different from
Vendor and Site
-: not signiﬁcant
*: signiﬁcant

r218 ¼ 0.400, p ¼
3.38e-08
r218 ¼ 0.384, p ¼
8.28e-08
r218 ¼ 0.377, p ¼
1.404e-07
r218 ¼ 0.3967, p ¼
3.38e-08
r218 ¼ 0.327, p ¼
1.0478e-06
r218 ¼ 0.385, p ¼
8.28e-08
r218 ¼ 0.163, p ¼
0.01625
r218 ¼ 0.090, p ¼
0.184
r218 ¼ 0.330, p ¼
9.312875e-07

N/A

2.3. Voxel co-registration and tissue segmentation
In order to control for tissue-dependent signal differences across individuals, the fraction of gray matter, white matter, and cerebrospinal
ﬂuid in the voxel were calculated for each participant. MRS voxels were
co-registered to the T1w structural images (Harris et al., 2015) and
segmented using the uniﬁed segmentation routine in SPM12 (Ashburner
and Friston, 2005). The fractional contribution of gray matter (fGM),
white matter, and cerebrospinal ﬂuid to the total voxel volume was then
calculated.

–
–
–
–

2.4. Statistical analysis

–

Statistical analyses were conducted using R (R Core Team, 2013). In
the present study, our primary interests were to: 1) determine whether
GABAþ and Glx concentrations measured using a MEGA-PRESS MRS
sequence were correlated in the medial parietal cortex of the resting
human brain and 2) assess whether the correlation could be explained by
confounding factors, such as idiosyncratic differences in acquisition
across sites, demographic data, or differing tissue volume fraction of the
MRS voxel across subjects. Participants with outlying levels of either
GABAþ or Glx (mean  2.5*std, n ¼ 4) were excluded from analysis,
leaving 220 participants for analysis.
To address our ﬁrst aim, we correlated the GABAþ and Glx values
derived from all scans. Next, we addressed our second aim by regressing
out confounding factors that could explain the observed relationship
from GABAþ and Glx using linear mixed-effects models implemented in
the nlme package (Pinheiro et al., 2019); we then correlated the residual
values of GABAþ and Glx after controlling for the confounding factor. If
the residual values remained correlated, we inferred that the relationship
held when controlling for the confounding factor. We considered each
confounding factor separately. In addition, we determined whether the
difference between the correlation values dropped signiﬁcantly by
comparing the z-scored correlation coefﬁcients.
For all statistical tests, we used a signiﬁcance threshold of p < 0.05.
To correct for multiple-comparisons, we FDR-corrected across p-values
obtained for each correlation test (Benjamini and Hochberg, 1995).
Corrected p-values are reported.
The full list of confounding factors and the associated model used to
control for these factors is provided in Table 1.

*
*
–

be found in the original Big GABA publications (Mikkelsen et al., 2019,
2017).

2.2. MRS data processing
Data were processed and quantiﬁed in Gannet (Edden et al., 2014)
using the toolkit’s standard processing pipeline, which includes: coil
combination (GE and Siemens data only), frequency-and-phase correction via spectral registration (Near et al., 2015), zero-ﬁlling to a spectral
resolution of 0.061 Hz/point, and 3-Hz exponential line-broadening.
Frequency drift was measured as the mean difference between the
observed frequency of the residual water signal in the metabolite spectra
(before frequency correction) and the nominal in vivo water frequency
(4.68 pm). NAA and unsuppressed water linewidths were calculated as
the full-width half-maximum of the modeled signal (see below). Fig. 1
shows the mean spectra from each vendor after processing.
The 3 ppm GABAþ and 3.75 ppm Glx signals in the difference-edited
spectrum were modeled using a three-Gaussian function with a nonlinear
baseline ﬁt between 2.79 and 4.10 ppm. In the edit-OFF spectrum, the 3
ppm Cr and 3.2 ppm Cho signals were modeled using a two-Lorentzian
function (2.6–3.6 ppm), while the 2 ppm NAA signal was modeled
using a single Lorentzian function (1.75–2.25 ppm). The unsuppressed
water signal was modeled using a Lorentzian-Gaussian function (3.8–5.6
ppm). GABAþ, Glx, Cr, Cho, and NAA were quantiﬁed in institutional
units (i.u.) using the unsuppressed water signal as an internal concentration reference.
The GABAþ and Glx values were not corrected for tissue-dependent
signal attenuation, apart from the analyses where tissue-corrected
values were explicitly considered (Section title: Tissue composition
does not drive the correlation between GABAþ and Glx). For those analyses, we used three different approaches in separate analyses: 1)
normalization of GABAþ and Glx values by gray matter fraction (Stagg
et al., 2009a), 2) the alpha-correction method proposed by Harris and
colleagues (Harris et al., 2015), 3) and the method proposed by Gasparovic and colleagues that accounts for variation in T2-relaxation times
across tissue compartments (Gasparovic et al., 2006). The assumed
relaxation and density parameters of water and GABA can be found in
(Mikkelsen et al., 2019). The assumed longitudinal relaxation times of
Glx, Cr, Cho, and NAA were 1.23 s, 1.35 s, 1.19 s, and 1.41 s, respectively
(Posse et al., 2007). The assumed transverse relaxation times of these
metabolites were 0.18 s, 0.154 s, 0.207s, 0.246 s, respectively (Ganji

3. Results
As predicted, we found a positive relationship between the uncorrected regional GABAþ and Glx levels (r218 ¼ 0.53, p ¼ 2.8 x 1014)
(Fig. 2A). Because of the known impact of scanner vendor and site on
GABAþ levels in this dataset, likely driven by slight differences in voxel
placement or shim quality (Mikkelsen et al., 2019), next we regressed out
the impact of vendor and site from the concentrations of GABAþ and Glx
and re-evaluated the correlation between the residual values. We found
that the correlation between GABAþ and Glx remained signiﬁcant after
accounting for the effects of vendor and site (r218 ¼ 0.400, p ¼ 3.38 x
108; Fig. 2b) and did not signiﬁcantly differ from the model that did not
include vendor and site (z ¼ 1.159, p ¼ 0.11). However, because site and
vendor have a known effect in this dataset (Mikkelsen et al., 2019, 2017),
we controlled for the impact of vendor and site in all subsequent analyses. We subsequently tested whether other factors could explain the
relationship between GABAþ and Glx by iteratively regressing out the
effects of several nuisance factors using linear mixed effects modeling
and reevaluating the correlation between the corrected values of GABAþ
and Glx (Fig. 2C–H). The correlation between the GABAþ and Glx residuals from subsequent tests are provided in Table 1.
3
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Fig. 2. Concentrations of GABAþ and Glx are balanced in medial parietal cortex of the resting human brain. A) Across a large population of healthy adult participants
(N¼220), individuals with higher GABAþ concentrations also showed higher Glx concentrations. This correlation was not impacted by controlling for the B) scanner
vendor (ﬁxed effect) and site (random effect), C) subject demographics, D) frequency drift, or E) water area. We also tested whether the correlation between GABAþ
and Glx was impacted by neurometabolite concentration (F-H). Correcting for the neurochemicals F) NAA and G) Cr, which are known to be involved in metabolic
activity, signiﬁcantly reduced the correlation between GABAþ and Glx as expected. However, the correlation between GABAþ and Glx remained signiﬁcant after
€ et al., 2014). This suggests that metabolism may mediate
correcting for the concentration of H) Choline, which is not thought to be involved in metabolic processes (Oz
the relationship between GABAþ and Glx. Individual data points represent an MRS measurement from medial parietal cortex in a single individual color-coded by
vendor (Siemens ¼ red, Philips ¼ yellow, GE ¼ blue).

with lower signal-to-noise ratios may have systematically underestimated GABAþ and Glx levels. To rule out this explanation of the
observed correlation between GABAþ and Glx, we tested whether overall
spectral quality could explain this relationship in two ways. First, it is
known that frequency drift during data acquisition can cause reduced
editing efﬁciency and impact ﬁtting estimates for edited metabolites such
as GABAþ and Glx (Harris et al., 2014). So, the amount of frequency drift
during a given scan might drive a false relationship between the two
signals. We found that this was not the case: regressing out frequency
drift did not signiﬁcantly impact the relationship between GABAþ and
Glx (z ¼ 0.28, p ¼ 0.78).
Second, we tested whether the linewidth of NAA could explain the
correlation between GABAþ and Glx. Larger linewidths of prominent
signals in the MR spectrum (e.g. NAA) are increased by factors such as
subject motion, and therefore are commonly taken as proxies for poorer
spectral acquisition (e.g. (Harris et al., 2014)). However, regressing out
the linewidth of NAA (z ¼ 0.05, p ¼ 0.96) did not signiﬁcantly diminish
the relationship between GABAþ and Glx. Likewise, regressing out the
linewidth of the water signal (used for quantiﬁcation of I.U.) could not
explain the relationship between GABAþ and Glx (z ¼ 0.76, p ¼ 0.44).
Yet another possible explanation for the relationship between GABAþ
and Glx is the use of a common reference metabolite (water) for calculating the relative concentration. When we controlled for this possibility
by regressing out the integral of the water peak from the GABAþ and Glx

3.1. Age and gender do not explain the relationship between GABAþ and
Glx
GABAþ and Glx concentrations have been found to change with age,
potentially due to alterations in regional tissue composition. Speciﬁcally,
in adults, both GABAþ and Glx are thought to decrease with age (Cassady
et al., 2019; Chang et al., 2009; Gao et al., 2013; Sailasuta et al., 2008;
Simmonite et al., 2019), which could potentially drive a correlation between GABAþ and Glx concentration at the population level. However,
this was not observed in our population: when age and sex were taken
into account, the covariation between GABAþ and Glx was not signiﬁcantly diminished (z ¼ 0.2, p ¼ 0.84). Further, in contrast to studies that
have found GABA and Glx concentrations to decrease with age (Cassady
et al., 2019; Chang et al., 2009; Gao et al., 2013; Porges et al., 2017;
Sailasuta et al., 2008; Simmonite et al., 2019), we did not observe a
relationship between age and concentrations of GABAþ (r218 ¼ 0.0389,
p ¼ 0.567) or Glx (r218 ¼ 0.020, p ¼ 0.767) in this dataset.
3.2. Spectral quality does not drive the correlation between GABAþ and
Glx
Because the GABAþ and Glx concentrations are derived from the
same edited MRS signal, the correlation between these neurochemicals
could be explained by that signal’s quality. For example, participants
4
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4. Discussion

measurements, we found that the common water signal could not explain
the relationship between GABAþ and Glx (z ¼ 0.18, p ¼ 0.85). All in all,
no measures of spectral quality were observed to signiﬁcantly reduce the
relationship between GABAþ and Glx in our study.

We found that MRS measures of GABAþ and Glx are correlated in the
resting human brain in a large sample of healthy adults, which supports
the idea that levels of inhibition and excitation are balanced in the
healthy human brain. The correlation between GABAþ and Glx could not
be explained by differences in data acquisition across sites, scanner
vendor, subject demographics, or spectral quality. Additionally,
removing variance associated with neurochemicals known to be involved
in metabolic activity (NAA and Cr) reduced the correlation between
GABAþ and Glx, suggesting that the overall metabolic activity may drive
the underlying concentration of GABAþ and Glx. The ratio of GABAþ
and Glx is often taken as a proxy for excitatory and inhibitory neurotransmission in the human brain in MRS studies, and our study provides
support for the assumption that GABA and Glx occur in balance in
healthy controls.
Experimental (Wehr & Zador; Okun 2008; Issacson 2011) and theoretical (Marín, 2012; Rubenstein and Merzenich, 2003; Vogels and
Abbott, 2009) studies have suggested that a balance between excitation
and inhibition is critical for typical brain function. For example, in
electrophysiological studies of sensory-evoked signaling, balanced inhibition is thought to sculpt excitatory signals to promote precise spike
timing. Speciﬁcally, in rodent auditory cortex, tone-evoked excitatory
conductances are rapidly and precisely followed by inhibitory conductances of a similar magnitude (Wehr and Zador, 2003). A tight coupling
between excitation and inhibition is also observed during ongoing,
spontaneous neural activity. For example, electrophysiological recordings in humans and non-human primates have demonstrated that the
temporal linking of excitatory and inhibitory activity occurs in both
humans (temporal lobe) and macaques (motor cortex) during both sleep
and wakefulness, suggesting that the local balance of excitatory and
inhibitory activity is conserved across species, brain areas, and states of
consciousness (Dehghani et al., 2016). Collectively, this electrophysiological evidence suggests that the balance of excitatory and inhibitory
activity is critical to the normal function of neural systems, and may be
pertinent to understanding neurological and neuropsychiatric conditions
(Chiu et al., 2018; Johnstone et al., 2018; Lener et al., 2017; Marín, 2012;
Rubenstein and Merzenich, 2003). Using edited MRS, our study provides
evidence for yet another scale at which excitation and inhibition might
be in balance: the concentrations of GABAþ and Glx, which in part reﬂect
inhibitory and excitatory neurotransmitters, appear associated across the
population within a region of the resting human brain.

3.3. Tissue composition does not drive the correlation between GABAþ
and Glx
Both GABAþ and Glx are known to be present in higher concentrations in gray matter as compared with white matter at approximately a
2:1 ratio (Mikkelsen et al., 2016). Thus, we reasoned that individual
differences in the tissue composition within the MRS voxel might drive
the observed relationship between GABAþ and Glx.
We tested whether the tissue concentration within the voxel impacted
the correlation between GABAþ and Glx. We used three different procedures for this analysis. One approach used in the literature (e.g. (Stagg
et al., 2009a)) is to normalize the concentrations of GABAþ and Glx by
the fraction of gray matter in the MRS voxel. Scaling by the fraction of
gray matter did not signiﬁcantly impact the relationship between GABAþ
and Glx (r218 ¼ 0.389, p ¼ 1.47 x 108; not signiﬁcantly different from
the model: z ¼ 0.14, p ¼ 0.88). For our second approach, we applied the
alpha-tissue correction method suggested by Harris and colleagues
(Harris et al., 2015), which takes into account the different levels of
GABA and Glx within CSF, white matter, and gray matter. We found that
this did not impact the relationship between GABAþ and Glx (r218 ¼
0.29, p ¼ 1.60 x 105; not signiﬁcantly different from the model: z ¼ 1.3,
p ¼ 0.193). Finally, for our third approach, we applied the tissue
correction formula outlined in (Gasparovic et al., 2018), which accounts
for differences in relaxation times across the tissue types within a voxel.
Applying the Gasparovic correction to the GABAþ and Glx values and
regressing out the effect of vendor and site did signiﬁcantly reduce the
correlation between GABAþ and Glx, although the correlation remained
signiﬁcant and positive (r218 ¼ 0.183, p ¼ 0.007; difference from model:
z ¼ 2.48, p ¼ 0.013).
3.4. Accounting for neurochemicals associated with metabolism
signiﬁcantly reduce the correlation between GABAþ and Glx
Finally, we investigated whether the contributions of any other
prominent metabolite signals in the MEGA-PRESS OFF spectra – Cho,
NAA, and Cr – could explain our results. Cho, NAA, and Cr are each
thought to serve distinct neurobiological functions. Speciﬁcally, NAA and
Cr are known to be involved in energetics and metabolism of neural
tissue (and NAA is often used as a marker of neuronal integrity), while
Cho is not thought to be directly involved in metabolism (Andres et al.,
€ et al., 2014; Urenjak et al., 1992). There2008; Moffett et al., 1991; Oz
fore, if NAA and Cr account for the correlation between GABAþ and Glx,
it could be inferred that metabolism may mediate the relationship between GABAþ and Glx. On the other hand, if all neurochemicals explain
the variation between GABAþ and Glx, one might conclude that the
correlation between GABAþ and Glx is explained by their derivation
from a common signal.
Our results support the former interpretation (i.e. metabolism, rather
than common signal, might explain the observed correlation). We found
that controlling for Cho did not signiﬁcantly reduce the correlation between GABAþ and Glx (z ¼ 0.84, p ¼ 0.4). In contrast, regressing out the
concentration of Cr and NAA reduced the correlation between GABAþ
and Glx: controlling for Cr signiﬁcantly reduced the relationship between
GABAþ and Glx, although the correlation remained signiﬁcant and
positive (see Table 1; z ¼ 2.7, p ¼ 0.006), and controlling for NAA
eliminated the relationship between GABAþ and Glx (see Table 1; z ¼
3.47, p ¼ 0.0005). Together, these results suggest that the correlation
between GABAþ and Glx is not due to their concentration being derived
from the same spectra and raise the possibility that overall metabolic
activity of the tissue within the MRS voxel might inﬂuence (or be inﬂuenced by) the concentration of GABAþ and Glx.

4.1. MRS as a tool for human neuroscience
MRS techniques can be used to obtain in vivo measurements of
regional concentrations of neurometabolites, including GABAþ and Glx,
in the human brain. A number of ﬁndings highlight the biological relevance of MRS measurements of GABAþ and Glx for human neuroscience.
First, regional GABAþ and Glx levels are remarkably stable in singlevoxel test-retest reliability scans, with coefﬁcients of variation on the
order of ~8% (Gaetz et al., 2014; Greenhouse et al., 2016; O’Gorman
et al., 2011; Robertson et al., 2016). Importantly, despite this high
regional stability, concentrations of GABAþ and Glx are, in general,
regionally speciﬁc (i.e., an individual’s motor cortex GABA concentration
will not necessarily predict their visual cortex GABA concentration
(Greenhouse et al., 2016; Puts et al., 2011), although bilateral areas of
similar functions show high correspondence (e.g., left and right motor
cortex (Bachtiar et al., 2018; Puts et al., 2018)).
Consistent with reports of regional speciﬁcity, numerous studies have
reported stable relationships between GABAþ or Glx levels and psychophysical performance on tasks that are thought to depend on inhibitory or excitatory neurotransmission in speciﬁc brain areas. For
example, visual cortex GABAþ levels correlate with orientation
discrimination (Edden et al., 2009) and binocular rivalry dynamics
(Robertson et al., 2016), somatosensory cortex GABAþ predicts tactile
5
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Urenjak et al., 1992). Cr, on the other hand, is more broadly implicated in
metabolism in a variety of cell types, both within and outside the central
nervous system (Andres et al., 2008). Importantly, we found that Cho,
which was also derived from the same spectral acquisition but not related
€ et al., 2014), did not explain the relato metabolism (Miller, 1991; Oz
tionship between GABAþ and Glx. Together, these results support the
notion that regional metabolism could be an important mediator of the
relative concentrations of GABAþ and Glx.

acuity (Kolasinski et al., 2017; Puts et al., 2011), sensorimotor cortex
GABAþ correlates with motor performance and cortical excitability
measurements (Cassady et al., 2019; Stagg et al., 2011c), and hippocampal GABAþ predicts retrieval performance on memory tasks (Scholl
et al., 2017). Further, a number of recent studies have observed
compelling changes in GABAþ signals as a result of interventions that are
thought to modulate tonic levels of inhibition in speciﬁc brain regions.
For example, GABAþ signals have been shown to change in response to
learning both perceptual and motor tasks (Floyer-Lea et al., 2006;
Frangou et al., 2019; Kolasinski et al., 2019; Shibata et al., 2017), as well
as after short-term plasticity induction paradigms like eye-patching
(Lunghi et al., 2015), theta-burst transcranial magnetic stimulation
(Stagg et al., 2009b), and transcranial direct current stimulation (Bachtiar et al., 2018; Barron et al., 2017; Stagg et al., 2009a; Vidal-Pi~
neiro
et al., 2015). Like GABAþ, many studies have shown convincing links
between regional Glx levels and performance on a variety of tasks
(Fujihara et al., 2015; Lacreuse et al., 2018; Robertson et al., 2016).
Additionally, studies have found that regional Glx levels are dynamically
modulated by tasks. For example, Glx levels in primary visual cortex
increase during visual stimulation, and the increase in Glx correlates with
neural response measured using BOLD (e.g. (Apsvalka et al., 2015; Ip
et al., 2017; Ip et al., 2019); for a comprehensive review and
meta-analysis of studies investigating task-modulation of Glx, see (Mullins, 2018)). On the whole, this body of literature demonstrates that
regional GABA and Glx levels stably predict psychophysical performance
on tasks which are modeled to depend on inhibitory or excitatory
neurotransmission in speciﬁc brain areas, suggesting that these measurements are relevant to cognitive processes.
The promise of this technique raises the question: what is the
neurobiological basis of MRS-measured GABAþ and Glx signals in the
brain? GABA, for example, plays at least three distinct roles in neuronal
systems: 1) within the neuronal cell body, where it has a role in metabolism (Shulman and Rothman, 1998), 2) in the synaptic terminals,
where it’s release provides intermittent (phasic) inhibitory signals (Stagg
et al., 2011a), and 3) in the extracellular space between neurons outside
of synapses, where it is involved in tonic inhibition (Brickley and Mody,
2012). Like GABA, glutamate and glutamine are components of cellular
metabolism and also appear in high concentrations in astrocytes, where
glutamine in synthesized from glutamate and ammonia (Albrecht et al.,
2010; Pollen and Trachtenberg, 1970), in neurons, where glutamine is
hydrolyzed to produce glutamate, and in the extracellular space between
neurons outside the synapse (Albrecht et al., 2010; Shulman and Rothman, 1998). Importantly, rather than being conﬁned to discrete roles in
neurotransmission and metabolism, GABA and Glx molecules are rapidly
shuttled between these roles (Bak et al., 2006; Hertz and Rothman,
2016). Thus, while the MR-visible GABA and Glx signals reﬂect a combination of molecules relating to metabolism and neurotransmission, the
distinction between these two roles is largely uninformative with respect
to the MRS-measured concentration.

4.3. Relationship between age and neurochemical concentrations
Surprisingly, we did not ﬁnd any impact of age or sex on the relationship between GABAþ and Glx. This was unexpected given the reliably observed age-related decline in GABA (Cassady et al., 2019; Gao
et al., 2013; Porges et al., 2017) and glutamate levels (Chang et al., 2009;
Sailasuta et al., 2008). We note that this discrepancy might be due to the
relatively restricted age range in the Big GABA dataset (18–35 years)
compared to those used in prior studies investigating age-related decline.
Determining whether there is an alteration in the relationship between
Glx and GABA concentrations with age may be an interesting question for
future research.
4.4. Limitations and considerations
Our results should be interpreted in light of the following limitations.
First, in this study we only obtained one MRS measurement from one
voxel location (medial parietal cortex) while participants were resting in
the scanner. The medial parietal cortex is a region known to be engaged
during the resting state (Murphy et al., 2018; Raichle, 2015; Sormaz
et al., 2018), and therefore this single voxel is well positioned for
assessing the relationship between GABAþ and Glx during rest. Whether
the relationship between GABAþ and Glx holds in other brain regions
and during other tasks should be addressed in future studies.
Second, with respect to our analysis methods, we have used linear
modeling to control for potential confounding factors. This procedure
assumes that the effect of such factors on the measured GABAþ and Glx
signals is linear in nature, as opposed to non-linear effects. We have not
allowed for the possibility of non-linear effects as a fundamental
constraint because we have no a priori reason to assume non-linear interactions of these effects. However, we cannot rule out that non-linear
effects may underly some of the unexplained variance in the relationship between GABAþ and Glx.
Third, in the previous sections, we provided details suggesting that
the GABAþ and Glx signals are relevant to levels of excitation and inhibition. However, it is important to note that the GABAþ and Glx signals
do not purely reﬂect the neurotransmitters GABA and glutamine. Speciﬁcally, the GABAþ signal reﬂects GABA as well as macromolecules and
homocarnosine (Deelchand et al., 2019; Mikkelsen et al., 2019, 2017;
Mullins et al., 2014; Puts and Edden, 2012; Rothman et al., 1997).
Likewise, the Glx signal reﬂects both glutamate and glutamine (Puts and
Edden, 2012; Ramadan et al., 2013). Therefore, the correlation between
GABAþ and Glx MRS signals cannot solely be attributed to the relationship between the neurotransmitters GABA and glutamate. Future
work should consider interventions that directly perturb the balance of
glutamate and GABA, to more directly assess the sensitivity of MRS to the
balance of these neurotransmitters.
Finally, tissue-volume fractions within the MRS voxel also pose
challenges for interpreting MRS-derived neurometabolite concentrations. Partial-volume effects affect MRS interpretations in two ways.
First, with respect to neural signaling, the balance of excitation and inhibition should be manifest primarily in the gray-matter (as opposed to
white-matter or CSF). So, the contribution of signal from the other tissue
compartments may add unwanted variance to the GABAþ and Glx signals. Second, signals emanating from gray-matter, white-matter, and CSF

4.2. Regional metabolism is linked with GABAþ and Glx
What could be the biological basis for a regional correlation between
GABAþ and Glx? As discussed above, prior MRS studies have considered
GABAþ and Glx as proxies for excitatory and inhibitory neural activity
(e.g. (Barron et al., 2017; Bezalel et al., 2019; Koolschijn et al., 2019)). In
this view, it is expected that the activity of GABAþ and Glx should
co-ﬂuctuate during normal brain function, following the ebb and ﬂow of
neural activity (Dehghani et al., 2016), and also be tightly linked to
regional neuronal metabolism. Consistent with this hypothesis, in our
study, we observed that the only two covariates that signiﬁcantly
reduced the correlation between GABAþ and Glx were two metabolites
that are thought to be involved in regional metabolism, NAA and Cr. NAA
€ et al., 2014;
is present exclusively in neurons (Moffett et al., 1991; Oz
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have distinct relaxation rates, making the neurochemicals within each
compartment differentially visible, particularly at longer TEs (Gasparovic
et al., 2006). This problem is exacerbated by the distributed concentration of the neurometabolites across the tissue compartments, which is
unknowable (Gasparovic et al., 2018). In our investigation, we corrected
for tissue-volume fraction using three different approaches from the
literature (Gasparovic et al., 2006; Harris et al., 2015; Stagg et al.,
2011b), and the correlation between GABAþ and Glx remained signiﬁcant across all approaches. However, future work might consider utilizing a sequence with an ultra-short TE and long TR at high-ﬁeld strength,
which would directly mitigate the relaxation effects (rather than
applying correction during data processing) (Gasparovic et al., 2018).
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