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Magnetic resonance spectroscopy (MRS) is a non-invasive neuroimaging technique used to measure brain chem-
istry in vivo and has been used to study the healthy brain as well as neuropathology in numerous neurological
disorders. The number of multi-site studies using MRS are increasing; however, non-biological variability in-
troduced during data collection across multiple sites, such as differences in scanner vendors and site-specific

Harmonization cee . . . . . . .
ComBat acquisition implementations for MRS, can obscure detection of biological effects of interest. ComBat is a data
Multi-site harmonization technique that can remove non-biological sources of variance in multisite studies. It has been

validated for use with structural and functional MRI metrics but not for MRS measured metabolites. This study
investigated the validity of using ComBat to harmonize MRS metabolites for vendor and site differences. Anal-
yses were performed using data acquired across 20 sites and included edited MRS for GABA+ (N = 218) and
macromolecule-suppressed GABA data (N = 209), as well as standard PRESS data to quantify NAA, creatine,
choline, and glutamate (N = 190). ComBat harmonization successfully mitigated vendor and site differences for
all metabolites of interest. Moreover, significant associations were detected between sex and choline levels and
between age and glutamate and GABA+ levels that were not detectable prior to harmonization, confirming the
importance of removing site and vendor effects in multi-site data. In conclusion, ComBat harmonization can be
successfully applied to MRS data in multi-site MRS studies.

1. Introduction

Magnetic resonance spectroscopy (MRS) enables non-invasive in vivo
detection of brain metabolite levels. Thus, it is a useful technique to
assess brain chemistry in healthy brain function, as well as changes in
brain chemistry in neurological and neuropsychiatric disorders.

As with all neuroimaging modalities, multi-site MRS studies are be-
coming increasingly common to increase participant recruitment and
statistical power to detect group differences, longitudinal changes, and
relationships among brain chemistry and neuropsychological outcomes.
Multi-site studies are particularly advantageous for assessing changes
in brain chemistry, however, differences in MRS sequence implemen-
tations across vendors and sites can complicate data aggregation. For
example, MRS sequence parameters such as pulse timings and pulse
profiles differ between vendors, and these differences can lead to dif-

ferences in signal (Near et al., 2013). Mikkelsen et al. (2017) recently
conducted a study specifically aiming to examine site differences in MRS
data. Twenty-four research sites collected GABA-edited and standard
Point-RESolved Spectroscopy (PRESS) measures that resulted in data
that was acquired using three different scanner vendors, seven differ-
ent scanner models, five different shimming methods and four different
water suppression techniques. Moreover, multiple variants of the MRS
sequences themselves were used. MRS data analysis is further compli-
cated by the need for an internal reference signal, typically creatine or
water (Near et al., 2020). The need for a separate water acquisition
when referencing to water, as well as differences in the structural scan
that is used for voxel segmentation are factors that may further increase
non-biological (site or vendor) related variability. This variance is very
typical of multi-site studies and will introduce a large amount of non-

Abbreviations: MM-sup, macromolecule suppressed; GABA, y-aminobutyric acid; GABA +, y-aminobutyric acid + macromolecules; tNAA, total n-acetyl aspartate;
tCHO, total choline; tCr, total creatine; Glx, glutamate + glutamine; Myo-Ins, Myo-inositol; f{GM, fraction of gray matter; fWM, fraction of white matter; MRS,
magnetic resonance spectroscopy; PRESS, point-resolved spectroscopy; MEGA-PRESS, Mescher-Garwood point-resolved spectroscopy.
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biological variability that may obscure the detection of biological effects
of interest.

Indeed, Mikkelsen et al. showed significant effects of both vendor
and site on GABA+ and a significant effect of site on macromolecule-
suppressed (MM-sup) GABA levels both when referencing to crea-
tine (Mikkelsen et al., 2017) and water (Mikkelsen et al., 2019).
Povazan et al. (2020) found similar effects of vendor and site on mul-
tiple metabolites quantified from PRESS data and referenced to crea-
tine. However, none of these studies found significant effects of age
on metabolite levels (though Povazan et al. did find a relationship be-
tween metabolite levels and sex, similar to other findings in the liter-
ature e.g. Hadel et al., 2013). This is perhaps surprising, as multiple
studies have shown relationships between metabolite levels and age
(see Cichocka and Beres$ (2018) for a systematic review on metabolite
changes and Porges et al. (2021) for a meta-analysis on GABA+ changes
throughout the lifespan). The absence of age effects may therefore be
due to confounding effects of vendor and/or site (Fortin et al., 2017).

Data harmonization methods aim to remove unwanted variability
caused by site or vendor differences while preserving true biological
variability within the measures. In particular, ComBat, an empirical
Bayesian method for data harmonization (originally developed for har-
monization of gene expression data (Johnson et al., 2007)) has shown
greater effectiveness at removing this unwanted variance in diffusion
tensor imaging (DTI) data than other methods of harmonization, includ-
ing global scaling and functional normalisation (Fortin et al., 2017). In
addition to DTI data, ComBat has been successfully applied to remove
variance due to non-biological variables of interest in both cortical thick-
ness (Fortin et al., 2018) and functional connectivity data (Yu et al.,
2018). Further, the removal of non-biological variance using ComBat
increased statistical power for detecting differences in brain structure
between individuals with schizophrenia and healthy individuals com-
pared to a random effects meta-analysis (Radua et al., 2020).

Despite the promising utility of ComBat for harmonization of mul-
tisite structural and functional MRI data, it is yet to be validated with
MRS data. Whilst imaging data is typically collected for the whole brain
with multiple data points per subject, MRS data is often acquired from
a single voxel, and therefore a single data point per subject. It is not
known whether this reduction from multivoxel data to a single data
point per subject reduces the effectiveness of ComBat harmonization.
The goal of this manuscript was to evaluate the use of ComBat harmo-
nization on single voxel MRS data in healthy adults. We additionally
compared the performance of ComBat with removal of site variance us-
ing linear regression, an alternative, simpler approach to account for
inter-site variation. Linear models were used to measure the variance
contributed by vendor and site to metabolite levels both prior to and
after harmonization. Additionally, to examine whether ComBat harmo-
nization maintains true biological effects, age- and sex-related variance
in metabolite levels was investigated both prior to and after harmoniza-
tion.

2. Methods
2.1. Dataset

Data were obtained from the NITRIC Big GABA repository
(www.nitrc.org/projects/biggaba/), which consists of single voxel MRS
data acquired on 3T MRI scanners from the three major vendors, Gen-
eral Electric (GE), Philips, and Siemens (see Mikkelsen et al., 2017 for
details on data acquisition).

Scanning was conducted in accordance with ethical standards set by
the institutional review board (IRB) at each site, including the sharing
of anonymized data. Briefly, data were collected from participants aged
18-35 from a 3x3x3 cm? voxel in the parietal lobe using a standard
GABA+ edited sequence (TR/TE = 2000/68 ms, 320 averages, 15 ms
editing pulses at 1.9 and 7.46 ppm), a MM-sup GABA edited sequence
(TR/TE = 2000/80 ms for GE and Philips, TR/TE = 2000/68 ms for
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Siemens, 320 averages, 20 ms editing pulses at 1.9 and 1.5 ppm), and a
standard PRESS sequence (TR/TE = 2000/35 ms, 64 averages). MEGA-
PRESS data (both GABA+ and MM-sup GABA) were included from 20
sites and PRESS data were included from 19 sites (Table 1).

3. Data quantification

MEGA-PRESS data (both GABA+ and MM-sup GABA) were prepro-
cessed and quantified with Gannet 3.2 (Edden et al., 2014) using the
software’s automated analysis pipeline specified in the commands ‘Gan-
netLoad’ and ‘GannetFit’. This procedure includes coil combination, re-
moval of bad averages, and frequency and phase correction with spec-
tral registration and modelling of the 3.0 ppm GABA+ or MM-sup GABA
peak with a 5 parameter Gaussian function, and modelling the unsup-
pressed water peak with a 7 parameter Voigt function.

Coil combination for GE and Siemens PRESS data was performed
in FID-A (Simpson et al., 2017), coil combination was performed on
Philips scanners prior to export. PRESS data were quantified using
LCModel (Provencher, 2001) with the default parameters (DOECC = T,
DOWS =T, WCONC = 35880, ATTH20 = 0.7, ATTMET = 1.0). Generic
basis sets were simulated rather than simulating basis sets based on indi-
vidual acquisition pulse waveforms to increase the site-specific variance
in quantified metabolite values (Povazan et al., 2020), providing the
greatest challenge to the harmonization procedure. Basis sets were sim-
ulated using FID-A (te1=18 ms, te2=17 ms, number of points and spec-
tral width were based on the acquired data) and included the following
metabolites: alanine, aspartate, glycerophospocholine, phosphocholine,
creatine, phosphocreatine, GABA, glutamate, glutamine, lactate, myo-
inositol, n-acetylaspartate (NAA), n-acetylaspartylglutamate (NAAG),
scyllo-inositol, glutathione, glucose and taurine. The LCModel quan-
tified metabolites included in the harmonization analysis were tNAA
(total NAA, NAA+NAAG), tCr (total creatine, creatine + phosphocre-
atine), tCho (total choline, glycerophosphocholine + phosphocholine),
Glx (glutamate + glutamine) and Myo-inositol (Myo-Ins).

Data quality was assessed by visual inspection by trained personnel.
Data were quantified as molal units and corrected for partial volume
effects using the equation specified in Near et al. (2020). MEGA-PRESS
data quantification included the a-correction, which assumes twice as
much GABA in grey matter as in white matter (Harris et al., 2015). A
secondary, confirmatory analysis for all metabolites (except tCr) was
performed using creatine-referenced data (denoted as metabolite/tCr).

3.1. Harmonization

3.1.1. Residualizing

Site effects were estimated for each metabolite using linear re-
gression implemented in R version 4.0.3 (R Core Team (2020)
https://www.R-project.org/) using the package “stats” version 4.1.2.
The following regression model was used: m = i + fs. Where m rep-
resents the metabolite level, i represents the intercept and § represents
the coefficient associated with site effects (s). Metabolite residual values
were calculated by subtracting the values predicted by the linear regres-
sion model from the actual metabolite values. The residual values were
used in further analyses.

3.1.2. ComBat

Data were harmonized using the “neuroComBat” function
version 1.0.5 (available at https://github.com/Jfortinl/ComBat
Harmonization/tree/master/R). ComBat harmonization corrects for
one covariate while maintaining the variance from other covariates
by estimating an empirical statistical distribution for each parameter.
To do this, ComBat uses information from each data point to estimate
the scanner and site-specific variance for each feature (metabolite
level) separately, based on the assumption that all data points share
the same common distribution. The small sample sizes at each site
preclude statistical testing to confirm this assumption, however visual
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Table 1
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Summary of site related parameters and demographics, including: data acquisition parameters; number of data sets included in the analysis and the number of
datasets available in the repository for each site (denoted as number included/number available); sex proportion and mean age of participants for each site.

Site Acquisition Parameters Number of data sets Demographics
(Included/Available)
Sex M/F Age Mean (SD)
Vendor Bandwidth Number of
points
GABA+ MM-sup GABA PRESS

Gl GE 5000 4096 7/7 7/7 7/7 3/4 22.9 (3.7)
G4 GE 5000 4096 12/12 12/12 12/12 6/6 26.6 (4.5)
G5 GE 5000 4096 12/12 12/12 12/12 7/5 25.5(3.7)
G6 GE 2000 2048 12/12 0/0 12/12 6/6 24.3 (4.2)
G7 GE 2000 2048 117/12 12/12 0/0 6/6 28.1 (4.0)
G8 GE 2000 2048 11'/12 12/12 0/0 6/6 29.7 (2.1)
P1 Philips 2000 2048 9/9 9/9 9/9 5/4 25.0 (3.7)
P3 Philips 2000 2048 12/12 12/12 12/12 7/5 29.3 (3.1)
P4 Philips 2000 2048 117/12 12/12 12/12 5/7 24.9 (4.3)
P5 Philips 2000 2048 8/8 8/8 8/8 5/3 23124
P6 Philips 2000 2048 12/12 12/12 12/12 5/7 27.3(3.7)
P7 Philips 2000 2048 12/12 12/12 12/12 6/6 23.6 (3.7)
P8 Philips 2000 2048 12/12 12/12 12/12 7/5 23.3(2.0)
Po Philips 2000 2048 12/12 12/12 12/12 6/6 25.8 (4.6)
P10 Philips 2000 2048 12/12 6'/12 12/12 6/6 25.1(2.9)
S1 Siemens 4000 4096 12/12 12/12 10'/12 6/6 25.7 (3.7)
S3 Siemens 4000 4096 12/12 12/12 0/0 3/9 31.6 (3.4)
S5 Siemens 4000 4096 12/12 12/12 12/12 6/6 26.5(3.7)
S6 Siemens 4000 4096 67/12 12/12 12/12 6/6 24.9 (2.0)
S8 Siemens 4000 4096 11'/12 117712 10'/12 1/9 24.1 (3.7)
Total 218/228 209/216 188/190 108/118 25.2 (3.8)

GE: General Electric; MM-sup GABA: macromolecule suppressed GABA; M: male; F: female.

 data excluded due to quality.
* data excluded due to inconsistent acquisition parameters.

inspection of the box plots in Fig. 1 suggest the raw unharmonized data
conforms to this assumption. Empirical Bayes is then typically applied
to pool this information across features to improve this estimation.
However, as the distribution of individual metabolites are not expected
to be related, we applied ComBat to each metabolite separately and
therefore did not need to use empirical Bayes, as recommended when
the number of features was smaller than the number of participants
(Fortin et al., 2017). It is recommended to include a matrix of biological
covariates of interest to aid in preserving these effects. Therefore, in
the initial analysis this matrix was included (the biological covariates
of interest were grey matter fraction (fGM/(fGM+fWM)), age and sex).
A secondary analysis was performed without this matrix to ensure the
inclusion of this matrix did not introduce spurious biological effects.

3.2. Statistical analysis

We followed the linear model procedure specified in
Mikkelsen et al. (2017) to evaluate the presence of significant
non-biological (vendor and site) and biological (grey matter fraction,
age, and sex) effects in the data. If vendor or site effects were significant
in the data prior to harmonization, but not following harmonization,
we considered the harmonization procedure successful. This approach
to test for site differences before and after ComBat harmonization
to validate the efficacy of ComBat in removing inter-site variation is
consistent with validation of ComBat in other neuroimaging literature
(Fortin et al., 2017; Orlhac et al., 2018; Yu et al., 2018). This ap-
proach was applied to the original data, residualized data, and ComBat
harmonized data for comparison.

Vendor and site level effects on each metabolite were assessed sep-
arately using a three-level unconditional linear mixed-effects model,
implemented using the R package “lme4” version 1.1-26 (Bates et al.,
2015), with vendor and site included as random effects. To investigate
the presence of biological effects in the three data sets (original, residual-
ized, and ComBat harmonized), secondary multilevel analyses were per-

formed to test for effects of grey-matter fraction, age, and sex on metabo-
lite levels (included as fixed effects). Goodness of fit was calculated as
a log-likelihood statistic. To assess the significance of each effect, like-
lihood ratio tests were performed by comparing a model with the effect
of interest to a second model without the effect of interest. A p-value
< 0.05 was considered the threshold for significance. If an effect was
significant, it was retained in the next assessed model for that metabo-
lite; if not significant, it was removed. As in Mikkelsen et al. (2017),
effects were assessed in the following order: vendor, site, grey matter
fraction, age, sex. Scripts for the linear model procedure can be found
at https://github.com/HarrisBrainLab/lm4hz.

4. Results
4.1. Evaluation of harmonization

4.1.1. Water-referenced data

In the original data, vendor effects were significant for all metabo-
lites and site effects were significant for all metabolites except MM-sup
GABA. Given that both vendor and site were significantly associated
with metabolite levels, and vendor variance was expected to overlap
with site variance, with site being the lowest source of variance (i.e., site
variance will likely capture vendor variance), data were harmonized by
site. Following both residualizing and ComBat harmonization by site,
neither vendor nor site effects were significantly associated with any
metabolite. However, whilst ComBat harmonized metabolite levels still
remained meaningful, residualizing produced metabolite levels centred
around zero. See Fig. 1 for data visualisation prior to and after har-
monization, Table 2 for summaries of metabolite effects pre- and post-
harmonization, and supplementary material for model values.

4.1.2. Creatine-referenced data
In the original data, vendor, but not site, was significantly associ-
ated with all creatine-referenced metabolites. Following residualizing,
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Table 2
Summary of significant model effects on water-referenced metabolite data prior to and following harmonization.
GABA+ MM-sup GABA tNAA tCr tCho Glx Myo
Pre- Vendor v v v v v v v
harmonization  Site Vv Vv Vv Vv Vv Vv
GMF
Age
Sex
Post- Vendor
residualizing Site
GMF
Age
Sex Vv Vv
Post- Vendor
harmonization Site
GMF v
Age
Sex Vv

\/ denotes a significant contribution to the model (p < 0.05).

GMEF: grey matter fraction; GABA+: GABA + macromolecules; MM-sup GABA: macromolecule-suppressed GABA; tNAA: total N-acetylaspartate; tCr: total creatine; tCho:

total choline; Glx: glutamate + glutamine; Myo: Myo-inositol.

Table 3

Summary of significant model effects on creatine-referenced metabolite data prior to and following harmonization.

GABA+/tCr MM-sup GABA/tCr
Vendor v v
Site
GMF
Age
Sex
Vendor
Site
GMF
Age
Sex
Post- Vendor
harmonization Site
GMF
Age v

Sex

Pre-harmonization

Post-residualizing

tNAA/tCr tCho/tCr Glx/tCr Myo/tCr
v v v v
%
v v
v
v

\/ denotes a significant contribution to the model (p < 0.05).

GMEF: grey matter fraction; GABA+: GABA + macromolecules; MM-sup GABA: macromolecule-suppressed GABA; tNAA: total N-acetylaspartate; tCr: total creatine; tCho:

total choline; Glx: glutamate + glutamine; Myo: Myo-inositol.

neither vendor nor site effects were significantly associated with any
metabolite. As only vendor effects were present in the original data,
ComBat harmonization was initially applied by vendor. However, the
effect of vendor remained significant in the model, therefore data were
harmonized by site. After harmonization by site, no vendor or site effects
were significant (Table 3, see supplementary material for model val-
ues). As with water-referenced data, ComBat harmonization produced
meaningful metabolite ratios, whereas residualization did not (i.e. the
residualization process produced negative metabolite ratios).

4.2. Biological variability

4.2.1. Water-referenced data

In the original data, grey matter fraction, age, and sex were not sig-
nificantly associated with water-referenced metabolite levels. Follow-
ing residualizing, sex was significantly associated with tCr (£[95%CI]=-
0.31 [-0.59, -0.02], p = 0.04) and tCho (3[95%CI]=-0.38 [0.09, 0.701,
p = 0.01). Males had lower tCr residual levels (males: mean=-0.10,
SD=0.70; females: mean=0.10, SD=0.57) and higher tCho residual lev-
els (males: mean=0.02, SD=0.15; females: mean=-0.03, SD=0.14). Fol-
lowing ComBat harmonization, grey matter fraction was significantly as-
sociated with GABA+ levels (3[95%CI]=0.14 [0.01, 0.27], p = 0.04) and
sex was significantly associated with tCho levels (8[95%CI]=0.40 [0.12,
0.68]1, p = 0.006), with males having higher tCho levels (mean=1.66,

SD=0.14) than females (mean=1.60, SD=0.13) (Fig. 3, Table 2), see sup-
plementary material for statistical model values.

To ensure that inclusion of the matrix of biological covariates did
not introduce spurious biological variability, the ComBat harmonization
procedure was conducted with and without the matrix included. Both
approaches yielded similar results and therefore results are not reported.

4.2.2. Creatine-referenced data

Sex was significantly associated with tCho/tCr levels in all three
analyses (original data: 8[95% CI]=0.54 [0.31, 0.79], p=0.001; resid-
ualizing: 3[95% CI]=0.64 [0.37, 0.91], p < 0.001; ComBat harmoniza-
tion: 8[95% CI]=0.62 [0.34, 0.89], p < 0.001). As with water-referenced
data, males had significantly higher tCho/tCr levels (mean=0.17,
SD=0.01) than females (mean=0.16, SD=0.01). No other biological vari-
ables were associated with creatine-referenced metabolite levels in the
original data. Following residualizing, sex was significantly associated
with tNAA/tCr (8[95% CI]=0.30 [0.02, 0.59], p=0.03), with males
having higher tNAA/tCr residuals (mean=0.01, SD=0.10) than females
(mean=-0.01, SD=0.08). Following ComBat harmonization, age was sig-
nificantly associated with GABA+/tCr (8[95%CI]=-0.18 [-0.31, -0.05],
p=0.01) and GIx/tCr levels (3[95%CI]=-0.15 [-0.29, -0.004], p=0.04),
with both metabolite levels decreasing with age (Fig. 2, Table 3), see
supplementary material for statistical model values.
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Fig. 2. (A) Significant difference in tCr levels (referenced to water) between females and males following residualizing; (B) Significant difference in tNAA/tCr
levels between females and males following residualizing; (C) Negative relationship between GABA+/tCr and age following ComBat harmonization; (D) Negative
relationship between Glx/tCr and age following ComBat harmonization. Box plots show median and interquartile range (IQR), dots represent outliers (more that
1.5xIQR). Grey shading indiciates 95% confidence intervals, each dot represents a single individual, with dots colour coded by site. GABA+: GABA+ macromolecules;

tCr: total creatine; Glx: glutamate + glutamine.

4.3. Evaluation of sex effects

The relationship between tCho (referenced to water) and sex was
assessed within each site and vendor. This was done for two reasons:
firstly, to confirm that ComBat harmonization enabled detection of true
biological effects, and secondly, ensure that the harmonization proce-
dure itself did not introduce false biological variability, tCho (referenced
to water) was chosen because levels were only significantly associated
with sex following harmonization (and not prior to) (Fig. 3). As sex was
significantly associated with tCho/tCr prior to and following harmoniza-
tion, this supports the interpretation that harmonization revealed a true
effect.

In the original data, when analysing individual sites, only site P9
showed significant sex differences in tCho (males > females). Similar
sex-related differences were apparent within several other sites but did
not reach statistical significance. When analysing vendor averaged data,
a sex effect was only statistically significant for Philips scanners. When
averaging all data, there was no significant effect of sex.

Following residualizing, only site P9 showed significant sex differ-
ences in tCho (males > females). Vendor averaged data showed a signif-
icant effect of sex in Philips data only (males>females). When averaging
all data, there was a significant effect of sex (males>females).

Following ComBat harmonization, no individual sites showed sig-
nificant effects of sex. As with residualized data, vendor averaged data
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showed a significant effect of sex in Philips data only (males>females).
When averaging all data, there was a significant effect of sex
(males>females)(Fig. 3).

5. Discussion

Here we show that ComBat harmonization effectively removes site
and scanner variance in MRS data. We also show that removing this
variance increased our ability to detect associations of sex and age with
metabolite levels that were masked prior to harmonization, confirming
the utility of ComBat harmonization.

5.1. Both vendor and site significantly effect metabolite levels

In the original data, linear modelling showed vendor and site
to be significantly associated with metabolite levels when referenc-
ing to water, in agreement with previous studies of water-referenced
GABA+ (Mikkelsen et al., 2019). Water-referenced MM-sup GABA lev-
els were associated with vendor, but not site. This contrasts with
Mikkelsen et al. (2019), who found a significant effect of site but not
vendor. The minor difference in echo time on the Siemens scanners vs
the GE and Philips scanners could have resulted in a large amount of
vendor variance, which may absorb or overshadow the site variance. Ad-
ditionally, there was a large amount of site variance within the Philips
data. As the Siemens and GE data has less variance between the sites,
this site variance may have been attributed to vendor. No other studies
have investigated these associations in water-referenced PRESS data for
the quantification of tNAA, tCr, tCho, Glx and Myo-Ins.

Interestingly, in the original data, vendor, but not site, was signif-
icantly associated with all metabolite levels when referencing to crea-
tine. This is in contrast to Mikkelsen et al. (2017), who found that both
vendor and site were significantly associated with GABA+/tCr levels
and that site only was significantly associated with MM-sup GABA/tCr
levels. Additionally, Povazan et al. (2020) found significant effects of
site on tNAA/tCr, tCho/tCr, Glx/tCr and Myo-Ins/tCr, with effects of
vendor on tCho/tCr only. The previous studies included data from ad-
ditional sites that were not available in the repository, which may have
increased the site or vendor specific effects, and may explain the differ-
ences between the previous and current findings. Further, the current
study used a generic pulse sequence to model the basis set (to empha-
sise effects of vendor in the data), whereas Povazan et al. (2020) used
vendor specific acquisition pulse waveforms to minimise vendor differ-
ences, which may have also caused differences in site or vendor specific
effects.

5.2. Harmonization successfully removes site and vendor effects

Following residualizing and ComBat harmonization by site, neither
site nor vendor was associated with metabolite levels, whether referenc-
ing to water or to tCr, indicating both methods successfully removed this
non-biological variance. However, ComBat harmonized values remain
meaningful, whereas residualizing centres values on zero, and therefore
can only be compared with residuals from the same model. After Com-
Bat harmonization, metabolite values are still consistent with literature
values.

Interestingly, ComBat harmonization by vendor did not completely
remove variability across different vendors. This could result from the
nested nature of vendor within site, and variance from the two variables
will be highly overlapped. We therefore recommend harmonization by
the lowest source of variance, in this case site.

For this study, MRS data were harmonized after quantification and
tissue correction. Other imaging modalities allow for harmonization at
various stages of processing. For example, Yu et al. (2018) applied har-
monization to functional connectivity matrices before calculating net-
work measures. The processing stage at which harmonization is applied
may alter the results.
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Additionally, ComBat handles one “batch effect” at a time, in that
data input into the model is expected to be similarly affected by site
and scanner. This may not be the case for different metabolites. For ex-
ample, generally Siemens produced higher values than Philips for all
metabolites, except for Myo-Ino. We therefore recommend harmoniz-
ing each metabolite separately as done in the present study. However,
this reduction in data features provided to the model may hinder the
accuracy of estimating site and vendor variance.

5.3. Harmonization reveals previously masked biological effects

Harmonization of MRS data revealed biological effects that were pre-
viously not detected, even when controlling for vendor and site in the
model, indicating that (1) harmonization does remove non-biological
variance and allows detection of biological effects and (2) controlling
for these factors in statistical models is not enough to remove unwanted
variance.

Sex differences in tCho/tCr were seen both prior to and following
harmonization, but sex differences in water-referenced tCho were only
detected following data harmonization. Specifically, tCho/tCr and tCho
referenced to water were significantly higher in males as compared to
females. During the ComBat harmonization procedure, inclusion of a
matrix of biological variables is recommended to preserve biological
variability. To ensure inclusion of this matrix did not introduce spurious
biological variability, the harmonization procedure was conducted with
and without the matrix included, with no change in results. Therefore,
we are confident inclusion of the matrix did not introduce spurious ef-
fects. Furthermore, this effect was not detected even when including site
and vendor in the linear model as covariates, indicating that controlling
for variables like site and vendor does not remove all the variance asso-
ciated with these factors, and highlighting the usefulness of data harmo-
nization. tCho is generally considered to be a marker of cell density, and
changes in tCho are thought to reflect alterations in membrane turnover
(i.e. increase in membrane synthesis or breakdown) (Rae, 2014). How-
ever, evidence suggests that choline levels may also relate to acetyl-
choline function (Bell et al., 2018; Lindner et al., 2017). Our findings
of higher tCho levels in males compared to females are in line with ev-
idence from previous studies (Hadel et al., 2013; Povazan et al., 2020)
and may be due to the effects of estrogen. Craig et al. (2007) showed
that tCho levels in women increased following 8 weeks of ovarian sup-
pression, which significantly reduced estradiol levels. Thus, the higher
level of tCho in males, who should have lower estrogen levels, is unsur-
prising.

Both residualizing and ComBat harmonization successfully removed
site and vendor variance to reveal sex differences in tCho, and therefore
both could be considered successful harmonization techniques. How-
ever, the two methods also resulted in the detection of different bio-
logical effects. Following residualizing, sex was significantly associated
with tCr and tNAA/tCr. tCr plays a role in brain energy homeostasis and
tNAA is considered a neuronal marker (Rae, 2014). Evidence for sex dif-
ferences in these metabolites is limited. Neither Endres et al. (2016) nor
Hadel et al. (2013) found sex differences in tCr levels in the frontal lobe.
Ostojic et al. (2011) found sex differences in NAA/tCr in the frontal
cortex, however Safriel et al. (2005) found no sex differences. As lit-
tle support is available for either of the current findings, they could
be spurious effects introduced by the residualization procedure (see
Fortin et al. (2017) for details on how harmonization procedures can
introduce spurious effects). Additionally, while these effects were statis-
tically significant, the confidence intervals approached zero, indicating
these results may be uncertain.

Following ComBat harmonization, we found GABA+ levels in-
creased with grey matter fraction, consistent with the literature
(Bhattacharyya et al., 2011; Harris et al., 2015; Zhu et al., 2011). We also
found Glx/tCr and GABA+/tCr declined with increasing age, consistent
with previous research (see Cichocka and Beres, 2018 for a systematic
review on metabolite changes and Porges et al., 2021 for a meta-analysis
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on GABA+ changes throughout the lifespan). Notably, prior adult stud-
ies examined age affects across a broader age range. This larger range fa-
cilitates the detection of smaller effects that are subtle in more restricted
age ranges as in the current study (18-35). Indeed, the regression coeffi-
cients in the current study (-0.15 for Glx and -0.17 for GABA+) indicate
a small effect size, which requires the increased power that is accom-
plished by the large number of participants included in this study. Addi-
tionally, neither of these effects were detectable prior to harmonization,
even when including vendor and site as covariates in the model, again
highlighting the impact of non-biological variables and the benefits of
data harmonization. Moreover, though not statistically significant in the
residualized data, these effects were in a similar direction (GABA+/tCR
3=-0.10, p=0.12; Glx/tCr 8=-0.13, p=0.08), providing further support
that ComBat identified true effects. We are limited in the conclusions
that can be drawn from this data due to a lack of ground truth regard-
ing the relationship between MRS metabolites and biological variability,
and therefore encourage further investigation of harmonization tech-
niques on other multi-site MRS datasets.

5.4. Alternative harmonization methods

This manuscript focused on ComBat based on its popularity in the
literature, extensive validation, and ease of implementation; the Com-
Bat script is freely available on multiple coding platforms. Additionally,
it requires no extra data (such as phantom data, or a travelling subject)
and can be applied to datasets with only a single data point per subject,
as is the case with MRS data. Alternative harmonization methods that
have been applied to data from other imaging modalities include inten-
sity harmonization techniques (e.g., histogram matching (Shah et al.,
2011)), voxel-wise harmonization (e.g., RAVEL (Fortin et al., 2016)),
and machine learning based methods (e.g., Deep Learning (Dewey et al.,
2019)). Histogram matching involves aligning intensity histograms to a
reference histogram (Mali et al., 2021), and is therefore not suitable
for MRS data. RAVEL uses voxels from a control region (CSF) to esti-
mate site differences (Pinto et al., 2020) and subsequently cannot be
applied to MRS data. Metabolite concentrations in the CSF are negligi-
ble, and therefore there is no suitable control region. For machine lean-
ing approaches to be rigorously implemented, training data from the
same subjects on all scanners of interest would be required prior to har-
monization (Dewey et al., 2019). While less rigorous machine learning
approaches may not require multiple data sets from the same subjects,
independent training data would still be necessary for widespread vali-
dation and use, and is unlikely to be feasible for most studies.

5.5. Limitations and future studies

As the primary aim of this manuscript was to investigate ComBat har-
monization, we are cautious not to over-interpret our findings regarding
the biological effects as this was not an objective in the study design.
This is partially highlighted in the large range of confidence intervals ob-
tained across our results, which further suggests cautious interpretation
until future studies can more precisely characterize these effects. We
chose not to correct for multiple comparisons to increase our sensitivity
to any effects and allow a comparison pre and post harmonization, but
this may increase the chance of detecting spurious effects. Therefore, we
recommend future study specifically exploring these effects by match-
ing males and females by age or including other biologically relevant
assessments (such as blood or saliva) to understand the significance or
origin of these effects.

We chose not to include biological covariates in our residu-
alization procedure to avoid the introduction of spurious effects.
Fortin et al. (2018) showed that including age in their residualization
procedure increased the association between median cortical thickness
and age following residualization to a level similar to that of ComBat.
However, in their sample, age was confounded with site. In the present
study, the sites were relatively well balanced regarding the biological
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effects of interest and therefore we would expect inclusion of biologi-
cal covariates to have less of an impact. Indeed, including the matrix of
biological effects in the ComBat procedure did not change the resulting
outcome.

Prior studies validating ComBat have often been performed on large
samples obtained from few sites, whereas this study used data with
small samples obtained at many sites. The minimum number of sub-
jects needed per site has been estimated as 6 (Maikusa et al., 2021), and
the harmonization method successfully removed site and scanner vari-
ance, therefore we are confident that, despite the small sample size per
site, ComBat was able to successfully identify non-biological variance.
However, we also encourage investigation of the effects of sample size
per site on ComBat harmonization.

6. Conclusions

In conclusion, we show that ComBat is an effective approach to har-
monize MRS data (both PRESS and GABA-edited MEGA-PRESS) and suc-
cessfully removes non-biological variance due to site and vendor differ-
ences. Further, we confirm the utility of harmonization by demonstrat-
ing that non-biological variance in MRS data can mask biological effects
of interest and, upon harmonization of data, expected biological effects
of interest can be detected. We therefore recommend the use of ComBat
harmonization in multi-site MRS studies.

Data and code availability statement

Data were obtained from the NITRIC Big GABA repository
(www.nitrc.org/projects/biggaba/). Scanning was conducted in accor-
dance with ethical standards set by the institutional review board
(IRB) at each site, including the sharing of anonymized data. Scripts
for the linear model procedure can be found at https://github.com/
HarrisBrainLab/lm4hz.

Declaration of Competing Interest

The authors declare no competing interests.

Credit authorship contribution statement

Tiffany K. Bell: Methodology, Formal analysis, Writing — original
draft. Kate J. Godfrey: Methodology, Software, Writing — review & edit-
ing. Ashley L. Ware: Conceptualization, Writing — review & editing.
Keith Owen Yeates: Conceptualization, Writing — review & editing.
Ashley D. Harris: Conceptualization, Resources, Supervision, Writing
- review & editing.

Acknowledgements

This work was undertaken thanks in part to funding from: The Nat-
ural Sciences and Engineering Research Council of Canada (ADH), T.
Chen Fong Postdoctoral Fellowship in Medical Imaging (TB), Harley N.
Hotchkiss- Samuel Weiss Postdoctoral Fellowship (AW), Killam Postdoc-
toral Fellowship (AW), Harley N. Hotchkiss doctoral Fellowship (KG)
and supported by the Hotchkiss Brain Institute and the Alberta Chil-
dren’s Hospital Research Institute, University of Calgary. Data collection
was undertaken thanks to NIH grant EB016089. ADH holds a Canada Re-
search Chair in Magnetic Resonance Spectroscopy in Brain Injury and
KOY holds a Ronald and Irene Ward Chair in Pediatric Brain Injury. The
funders had no involvement in study design, in the collection, analysis,
and interpretation of data, in writing the report, or in the decision to
submit the paper for publication.

Supplementary materials

Supplementary material associated with this article can be found, in
the online version, at doi:10.1016/j.neuroimage.2022.119330.


http://www.nitrc.org/projects/biggaba/
https://github.com/HarrisBrainLab/lm4hz
https://doi.org/10.1016/j.neuroimage.2022.119330

T.K. Bell, K.J. Godfrey, A.L. Ware et al.

References

Bates, D., Méchler, M., Bolker, B., Walker, S., 2015. Fitting linear mixed-effects models
using Ime4. J. Stat. Softw. 1, 1-48. doi:10.18637/jss.v067.101.

Bell, T., Lindner, M., Mullins, P.G., Christakou, A., 2018. Functional neurochemical imag-
ing of the human striatal cholinergic system in reversal learning. Eur. J. Neurosci. 47,
1184-1193. doi:10.1111/ejn.13803.

Bhattacharyya, P.K., Phillips, M.D., Stone, L.A., Lowe, M.J., 2011. In vivo mag-
netic resonance spectroscopy measurement of gray-matter and white-matter
gamma-aminobutyric acid concentration in sensorimotor cortex using a motion-
controlled MEGA point-resolved spectroscopy sequence. Magn. Reson. Imaging
doi:10.1016/j.mri.2010.10.009.

Cichocka, M., Beres, A., 2018. From fetus to older age: a review of brain metabolic changes
across the lifespan. Ageing Res. Rev. 46, 60-73. doi:10.1016/j.arr.2018.05.005.
Craig, M.C., Daly, E.M., Gorman, R.O., Rymer, J., Lythgoe, D., Ng, G., Sim-
mons, A., Maki, P.M., Murphy, D.G.M., 2007. Effects of acute ovarian hor-
mone suppression on the human brain : an in vivo 1 H MRS study 1128-1132.

doi:10.1016/j.psyneuen.2007.06.004.

Dewey, B.E., Zhao, C., Reinhold, J.C., Carass, A., Fitzgerald, K.C., Sotirchos, E.S.,
Saidha, S., Oh, J., Pham, D.L., Calabresi, P.A., van Zijl, P.C.M., Prince, J.L., 2019.
DeepHarmony: a deep learning approach to contrast harmonization across scanner
changes. Magn. Reson. Imaging 64, 160-170. doi:10.1016/j.mri.2019.05.041.

Edden, R.A.E., Puts, N.A.J., Harris, A.D., Barker, P.B., Evans, C.J., 2014. Gan-
net: a batch-processing tool for the quantitative analysis of gamma-aminobutyric
acid-edited MR spectroscopy spectra. J Magn Reson Imaging 40, 1445-1452.
doi:10.1038/jid.2014.371.

Endres, D., van Elst, L.T., Feige, B., Backenecker, S., Nickel, K., Bubl, A., Lange, T.,
Mader, L., Maier, S., Perlov, E., 2016. On the effect of sex on prefrontal and cere-
bellar neurometabolites in healthy adults: an MRS study. Front. Hum. Neurosci. 10,
1-9. doi:10.3389/fnhum.2016.00367.

Fortin, J., Sweeney, E.M., Muschelli, J., Crainiceanu, C.M., Shinohara, R.T., 2016. Remov-
ing inter-subject technical variability in magnetic resonance imaging studies. Neu-
roimage 132, 198-212. doi:10.1016/j.neuroimage.2016.02.036.

Fortin, J.P., Cullen, N., Sheline, Y.I., Taylor, W.D., Aselcioglu, I., Adams, P., Cooper, C.,
Fava, M., McGrath, P.J., McInnis, M., Parsey, R.V., Phillips, M.L., Trivedi, M.H., Weiss-
man, M.M., Shinohara, R.T., 2018. Harmonization of cortical thickness measurements
across scanners and sites. Neuroimage doi:10.1101/148502.

Fortin, J.P., Parker, D., Tung, B., Watanabe, T., Elliott, M.A., Ruparel, K., Roalf, D.R.,
Satterthwaite, T.D., Gur, R.C., Gur, R.E., Schultz, R.T., Verma, R., Shinohara, R.T.,
2017. Harmonization of multi-site diffusion tensor imaging data. Neuroimage 149-
170. doi:10.1101/116541.

Hadel, S., Wirth, C., Rapp, M., Gallinat, J., Schubert, F., 2013. Effects of age and sex on
the concentrations of glutamate and glutamine in the human brain. J. Magn. Reson.
Imaging 38, 1480-1487. doi:10.1002/jmri.24123.

Harris, A.D., Puts, N.A.J., Edden, R.A.E., 2015. Tissue correction for GABA-edited MRS:
considerations of voxel composition, tissue segmentation, and tissue relaxations. J.
Magn. Reson. Imaging 42, 1431-1440. doi:10.1002/jmri.24903.

Johnson, W.E,, Li, C., Rabinovic, A., 2007. Adjusting batch effects in microarray expression
data using empirical Bayes methods. Biostatistics 8, 118-127. doi:10.1093/biostatis-
tics/kxj037.

Lindner, M., Bell, T., Igbal, S., Mullins, P.G., Christakou, A., 2017. In vivo functional neuro-
chemistry of human cortical cholinergic function during visuospatial attention. PLoS
One 12, e0171338. doi:10.1371/journal.pone.0171338.

Maikusa, N., Zhu, Y., Uematsu, A., Yamashita, A., Saotome, K., Okada, N., Kasai, K.,
Okanoya, K., Yamashita, O., Tanaka, S.C., Koike, S., 2021. Comparison of traveling-
subject and ComBat harmonization methods for assessing structural brain character-
istics. Hum. Brain Mapp 42, 5278-5287. doi:10.1002/hbm.25615.

Mali, S.A., Ibrahim, A., Woodruff, H.C., Andrearczyk, V., Miiller, H., Primakov, S.,
Salahuddin, Z., Chatterjee, A., Lambin, P., 2021. Making radiomics more reproducible
across scanner and imaging protocol variations: a review of harmonization methods.
J. Pers. Med. 11. do0i:10.3390/jpm11090842.

Mikkelsen, M., Barker, P.B., Bhattacharyya, P.K., Brix, M.K., Buur, P.F., Cecil, K.M.,
Chan, K.L., Chen, D.Y.T., Craven, A.R., Cuypers, K., Dacko, M., Duncan, N.W., Dy-
dak, U., Edmondson, D.A., Ende, G., Ersland, L., Gao, F., Greenhouse, 1., Harris, A.D.,
He, N., Heba, S., Hoggard, N., Hsu, T.W., Jansen, J.F.A., Kangarlu, A., Lange, T.,
Lebel, R.M,, Li, Y., Lin, C.Y.E,, Liou, J.K,, Lirng, J.F., Liu, F., Ma, R., Maes, C., Moreno-
Ortega, M., Murray, S.0., Noah, S., Noeske, R., Noseworthy, M.D., Oeltzschner, G.,
Prisciandaro, J.J., Puts, N.A.J., Roberts, T.P.L., Sack, M., Sailasuta, N., Saleh, M.G.,
Schallmo, M.P., Simard, N., Swinnen, S.P., Tegenthoff, M., Truong, P., Wang, G.,
Wilkinson, I.D., Wittsack, H.J., Xu, H., Yan, F., Zhang, C., Zipunnikov, V., Zollner, H.J.,
Edden, R.A.E., 2017. Big GABA: edited MR spectroscopy at 24 research sites. Neuroim-
age 159, 32-45. doi:10.1016/j.neuroimage.2017.07.021.

Mikkelsen, M., Rimbault, D.L., Barker, P.B., Bhattacharyya, P.K., Brix, M.K., Buur, P.F.,
Cecil, K.M., Chan, K.L., Chen, D.Y.T., Craven, A.R., Cuypers, K., Dacko, M., Dun-
can, N.W., Dydak, U., Edmondson, D.A., Ende, G., Ersland, L., Forbes, M.A,,
Gaow, F., Greenhouse, I., Harris, A.D., He, N., Heba, S., Hoggard, N., Hsu, T.W.,
Jansen, J.F.A,, Kangarlu, A., Lange, T., Lebel, M., Li, Y., Lin, C.Y.E,, Lin, C.Y.E.,
Liou, J.K,, Lirng, J.F., Liu, F., Long, J.R., Ma, R., Maesm, C., Moreno-Ortega, M.,
Murray, S.O., Noah, S., Noeske, R., Noseworthy, M.D., Oeltzschner, G., Porges, E.C.,
Prisciandaro, J.J., Puts, N.A.J., Roberts, T.P.L., Sack, M., Sailasuta, N., Saleh, M.G.,
Schallmo, M.P., Simard, N., Stoffers, D., Swinnenm, S.P., Tegenthoff, M., Truong, P.,
Wang, G., Wilkinson, I.D., Wittsack, H.J., Woods, A.J., Xu, H., Yan, F., Zhang, C.,
Zipunnikov, V., Z€ollner, H.J., Edden, R.A.E., 2019. Big GABA II: water-referenced
edited MR spectroscopy at 25 research sites. Physiol. Behav. 176, 139-148.
doi:10.1016/j.neuroimage.2019.02.059.Big.

10

Neurolmage 257 (2022) 119330

Near, J., Evans, J., Puts, N., Barker, P.B., Edden, R.A., 2013. J-difference editing
of GABA: simulated and experimental multiplet patterns. Magn. Reson. Med. 70.
doi:10.1111/j.1743-6109.2008.01122.x.Endothelial.

Near, J., Harris, A.D., Juchem, C., Kreis, R., Marjaniska, M., Oz, G., Slotboom, J., Wil-
son, M., Gasparovic, C., 2020. Preprocessing, analysis and quantification in single-
voxel magnetic resonance spectroscopy: experts’ consensus recommendations. NMR
Biomed. e4257. doi:10.1002/nbm.4257.

Orlhac, F., Boughdad, S., Philippe, C., Stalla-Bourdillon, H., Nioche, C., Champion, L.,
Soussan, M., Frouin, F., Frouin, V., Buvat, 1., 2018. A postreconstruction harmoniza-
tion method for multicenter radiomic studies in PET. J. Nucl. Med. 59, 1321-1328.
doi:10.2967/jnumed.117.199935.

Ostojic, J., Kozic, D., Lucic, M., Konstantinovic, J., Covickovic-Sternic, N., Pavlovic, A.,
Bogdanovic-Stojanovic, D., Semnic, R., 2011. Multivoxel MRS: right frontal parafal-
cine cortex - area of neurobiochemical gender differentiation? Act. Nerv. Super. Re-
diviva 53, 202-206.

Pinto, M.S., Paolella, R., Billiet, T., Van Dyck, P., Guns, P.J., Jeurissen, B., Ribbens, A.,
den Dekker, A.J., Sijbers, J., 2020. Harmonization of brain diffusion MRI: concepts
and methods. Front. Neurosci. 14. doi:10.3389/fnins.2020.00396.

Porges, E.C., Jensen, G., Foster, B., Edden, R.A., Puts, N.A., 2021. The trajectory of cortical
GABA across the lifespan, an individual participant data meta-analysis of edited MRS
studies. Elife 10, 1-25. doi:10.7554/¢life.62575.

Povazan, M., Mikkelsen, M., Berrington, A., Bhattacharyya, P.K., Brix, M.K., Buur, P.F,,
Cecil, K.M., Chan, K.L., Chen, D.Y.T., Craven, A.R., Cuypers, K., Dacko, M., Dun-
can, N.W., Dydak, U., Edmondson, D.A., Ende, G., Ersland, L., Forbes, M.A.,
Gao, F., Greenhouse, 1., Harris, A.D., He, N., Heba, S., Hoggard, N., Hsu, TW.W.,
Jansen, J.F.A.A., Kangarlu, A., Lange, T., Marc Lebel, R., Li, Y., Lin, CY.E.Y.E,
Liou, J.KK,, Lirng, J.F.F., Liu, F., Long, J.R., Ma, R., Maes, C., Moreno-Ortega, M.,
Murray, S.O., Noah, S., Noeske, R., Noseworthy, M.D., Oeltzschner, G., Porges, E.C.,
Prisciandaro, J.J., Puts, N.A.J.J., Roberts, T.P.L.L., Sack, M., Sailasuta, N., Saleh, M.G.,
Schallmo, M.P.P., Simard, N., Stoffers, D., Swinnen, S.P., Tegenthoff, M., Truong, P.,
Wang, G., Wilkinson, 1.D., Wittsack, H.J.J., Woods, A.J., Xu, H., Yan, F., Zhang, C.,
Zipunnikov, V., Zoéllner, H.J., Edden, R.A.E., Barker, P.B., Lebel, R.M., Li, Y,
Lin, C.Y.E.Y.E,, Liou, J.K.K,, Lirng, J.F.F., Liu, F., Long, J.R., Ma, R., Maes, C., Moreno-
Ortega, M., Murray, S.O., Noah, S., Noeske, R., Noseworthy, M.D., Oeltzschner, G.,
Porges, E.C., Prisciandaro, J.J., Puts, N.A.J.J., Roberts, T.P.L.L., Sack, M., Sailasuta, N.,
Saleh, M.G., Schallmo, M.P.P., Simard, N., Stoffers, D., Swinnen, S.P., Tegenthoff, M.,
Truong, P., Wang, G., Wilkinson, 1.D., Wittsack, H.J.J., Woods, A.J., Xu, H., Yan, F.,
Zhang, C., Zipunnikov, V., Zollner, H.J., Edden, R.A.E., Barker, P.B., 2020. Compar-
ison of multivendor single-voxel MR spectroscopy data acquired in healthy brain at
26 sites. Radiology 295, 171-180. doi:10.1148/radiol.2020191037.

Provencher, S.W., 2001. Automatic quantitation of localized in vivo 1H spectra with
LCModel. NMR Biomed. 14, 260-264.

R Core Team, 2020. R: A Language and Environment for Statistical Computing. R Foun-
dation for Statistical Computing, Vienna, Austria URL.

Radua, J., Vieta, E., Shinohara, R., Kochunov, P., Quidé, Y., Green, M.J., Weick-
ert, C.S., Weickert, T., Bruggemann, J., Kircher, T., Nenadi¢, I., Cairns, M.J., Seal, M.,
Schall, U., Henskens, F., Fullerton, J.M., Mowry, B., Pantelis, C., Lenroot, R., Crop-
ley, V., Loughland, C., Scott, R., Wolf, D., Satterthwaite, T.D., Tan, Y., Sim, K., Pi-
ras, F., Spalletta, G., Banaja, N., Pomarol-Clotet, E., Solanes, A., Albajes-Eizagirre, A.,
Canales-Rodriguez, E.J., Sarro, S., Giorg, A.Di, Bertolino, A., Stéblein, M., Oertel, V.,
Knochel, C., Borgwardt, S., Plessis, S.du, Yun, J.-Y., Kwon, J.S., Dannlowski, U.,
Hahn, T., Grotegerd, D., Alloz, C., Arango, C., Janssen, J., Diaz-Caneja, C., Jiang, W.,
Calhoun, V., Ehrlich, S., Yang, K., Cascella, N.G., Takayanagi, Y., Sawa, A., Tomy-
shev, A., Lebedeva, 1., Kaleda, V., Kirschner, M., Hoschl, C., Tomecek, D., Skoch, A.,
Amelsvoort, T.van, Bakker, G., James, A., Preda, A., Weideman, A., Stein, D.J., How-
ells, F., Uhlmann, A., Temmingh, H., Lépez-Jaramillo, C., Zuluaga, A.D., Fortea, L.,
Martinez-Heras, E., Solana, E., Llufriu, S., Jahanshad, N., Thompson, P., Turner, J.,
van Erp, T., Collaborators, E.C., 2020. Increased power by harmonizing structural MRI
site differences with the ComBat batch adjustment method in ENIGMA. Neuroimage
218, 116956. doi:10.1016/j.neuroimage.2020.116956.Increased.

Rae, C.D., 2014. A guide to the metabolic pathways and function of metabolites ob-
served in human brain 1H magnetic resonance spectra. Neurochem. Res. 39, 1-36.
doi:10.1007/s11064-013-1199-5.

Safriel, Y., Pol-Rodriguez, M., Novotny, E.J., Rothman, D.L., Fulbright, R.K., 2005. Ref-
erence values for long echo time MR spectroscopy in healthy adults. AJNR. Am. J.
Neuroradiol. 26, 1439-1445.

Shah, M., Xiao, Y., Subbanna, N., Francis, S., Arnold, D.L., Collins, D.L., Arbel, T., 2011.
Evaluating intensity normalization on MRIs of human brain with multiple sclerosis.
Med. Image Anal. 15, 267-282. doi:10.1016/j.media.2010.12.003.

Simpson, R., Devenyi, G.A., Jezzard, P., Hennessy, T.J., Near, J., 2017. Advanced process-
ing and simulation of MRS data using the FID appliance (FID-A) — an open source,
MATLAB-based toolkit. Magn. Reson. Med. 77, 23-33. doi:10.1002/mrm.26091.

Yu, M., Linn, K.A., Cook, P.A., Phillips, M.L., McInnis, M., Fava, M., Trivedi, M.H., Weiss-
man, M.M., Shinohara, R.T., Sheline, Y.I., 2018. Statistical harmonization corrects
site effects in functional connectivity measurements from multi-site fMRI data. Hum.
Brain Mapp. 39, 4213-4227. doi:10.1002/hbm.24241.

Zhu, H., Edden, R.A.E., Ouwerkerk, R., Barker, P.B.,, 2011. High resolution spec-
troscopic imaging of GABA at 3 tesla. Magn. Reson. Med. 65, 603-609.
d0i:10.1002/mrm.22671.


https://doi.org/10.18637/jss.v067.i01
https://doi.org/10.1111/ejn.13803
https://doi.org/10.1016/j.mri.2010.10.009
https://doi.org/10.1016/j.arr.2018.05.005
https://doi.org/10.1016/j.psyneuen.2007.06.004
https://doi.org/10.1016/j.mri.2019.05.041
https://doi.org/10.1038/jid.2014.371
https://doi.org/10.3389/fnhum.2016.00367
https://doi.org/10.1016/j.neuroimage.2016.02.036
https://doi.org/10.1101/148502
https://doi.org/10.1101/116541
https://doi.org/10.1002/jmri.24123
https://doi.org/10.1002/jmri.24903
https://doi.org/10.1093/biostatistics/kxj037
https://doi.org/10.1371/journal.pone.0171338
https://doi.org/10.1002/hbm.25615
https://doi.org/10.3390/jpm11090842
https://doi.org/10.1016/j.neuroimage.2017.07.021
https://doi.org/10.1016/j.neuroimage.2019.02.059.Big
https://doi.org/10.1111/j.1743-6109.2008.01122.x.Endothelial
https://doi.org/10.1002/nbm.4257
https://doi.org/10.2967/jnumed.117.199935
http://refhub.elsevier.com/S1053-8119(22)00449-9/sbref0023
https://doi.org/10.3389/fnins.2020.00396
https://doi.org/10.7554/elife.62575
https://doi.org/10.1148/radiol.2020191037
http://refhub.elsevier.com/S1053-8119(22)00449-9/sbref0027
http://refhub.elsevier.com/S1053-8119(22)00449-9/sbref0028
https://doi.org/10.1016/j.neuroimage.2020.116956.Increased
https://doi.org/10.1007/s11064-013-1199-5
http://refhub.elsevier.com/S1053-8119(22)00449-9/sbref0031
https://doi.org/10.1016/j.media.2010.12.003
https://doi.org/10.1002/mrm.26091
https://doi.org/10.1002/hbm.24241
https://doi.org/10.1002/mrm.22671

	Harmonization of multi-site MRS data with ComBat
	1 Introduction
	2 Methods
	2.1 Dataset

	3 Data quantification
	3.1 Harmonization
	3.1.1 Residualizing
	3.1.2 ComBat

	3.2 Statistical analysis

	4 Results
	4.1 Evaluation of harmonization
	4.1.1 Water-referenced data
	4.1.2 Creatine-referenced data

	4.2 Biological variability
	4.2.1 Water-referenced data
	4.2.2 Creatine-referenced data

	4.3 Evaluation of sex effects

	5 Discussion
	5.1 Both vendor and site significantly effect metabolite levels
	5.2 Harmonization successfully removes site and vendor effects
	5.3 Harmonization reveals previously masked biological effects
	5.4 Alternative harmonization methods
	5.5 Limitations and future studies

	6 Conclusions
	Data and code availability statement
	Declaration of Competing Interest
	Credit authorship contribution statement
	Acknowledgements
	Supplementary materials
	References


