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a b s t r a c t 

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 
acquisition implementations for MRS, can obscure detection of biological effects of interest. ComBat is a data 
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

 

d  

a  

b
 

c  

s  

r  

M  

i  

t  

e  

p  

t
m

f  

c  

d  

P  

t  

e  

w  

s  

c  

w  

w  

t  

n  

t  

h
R
A
1

. Introduction 

Magnetic resonance spectroscopy (MRS) enables non-invasive in vivo

etection of brain metabolite levels. Thus, it is a useful technique to
ssess brain chemistry in healthy brain function, as well as changes in
rain chemistry in neurological and neuropsychiatric disorders. 

As with all neuroimaging modalities, multi-site MRS studies are be-
oming increasingly common to increase participant recruitment and
tatistical power to detect group differences, longitudinal changes, and
elationships among brain chemistry and neuropsychological outcomes.
ulti-site studies are particularly advantageous for assessing changes

n brain chemistry, however, differences in MRS sequence implemen-
ations across vendors and sites can complicate data aggregation. For
xample, MRS sequence parameters such as pulse timings and pulse
rofiles differ between vendors, and these differences can lead to dif-
Abbreviations: MM-sup, macromolecule suppressed; GABA, 𝛾-aminobutyric acid; G
CHO, total choline; tCr, total creatine; Glx, glutamate + glutamine; Myo-Ins, Myo
agnetic resonance spectroscopy; PRESS, point-resolved spectroscopy; MEGA-PRESS
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erences in signal ( Near et al., 2013 ). Mikkelsen et al. (2017) recently
onducted a study specifically aiming to examine site differences in MRS
ata. Twenty-four research sites collected GABA-edited and standard
oint-RESolved Spectroscopy (PRESS) measures that resulted in data
hat was acquired using three different scanner vendors, seven differ-
nt scanner models, five different shimming methods and four different
ater suppression techniques. Moreover, multiple variants of the MRS

equences themselves were used. MRS data analysis is further compli-
ated by the need for an internal reference signal, typically creatine or
ater ( Near et al., 2020 ). The need for a separate water acquisition
hen referencing to water, as well as differences in the structural scan

hat is used for voxel segmentation are factors that may further increase
on-biological (site or vendor) related variability. This variance is very
ypical of multi-site studies and will introduce a large amount of non-
ABA+, 𝛾-aminobutyric acid + macromolecules; tNAA, total n-acetyl aspartate; 
-inositol; fGM, fraction of gray matter; fWM, fraction of white matter; MRS, 
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iological variability that may obscure the detection of biological effects
f interest. 

Indeed, Mikkelsen et al. showed significant effects of both vendor
nd site on GABA + and a significant effect of site on macromolecule-
uppressed (MM-sup) GABA levels both when referencing to crea-
ine ( Mikkelsen et al., 2017 ) and water ( Mikkelsen et al., 2019 ).
ova ž an et al. (2020) found similar effects of vendor and site on mul-
iple metabolites quantified from PRESS data and referenced to crea-
ine. However, none of these studies found significant effects of age
n metabolite levels (though Pova ž an et al. did find a relationship be-
ween metabolite levels and sex, similar to other findings in the liter-
ture e.g. Hadel et al., 2013 ). This is perhaps surprising, as multiple
tudies have shown relationships between metabolite levels and age
see Cichocka and Bere ś (2018) for a systematic review on metabolite
hanges and Porges et al. (2021) for a meta-analysis on GABA + changes
hroughout the lifespan). The absence of age effects may therefore be
ue to confounding effects of vendor and/or site ( Fortin et al., 2017 ). 

Data harmonization methods aim to remove unwanted variability
aused by site or vendor differences while preserving true biological
ariability within the measures. In particular, ComBat, an empirical
ayesian method for data harmonization (originally developed for har-
onization of gene expression data ( Johnson et al., 2007 )) has shown

reater effectiveness at removing this unwanted variance in diffusion
ensor imaging (DTI) data than other methods of harmonization, includ-
ng global scaling and functional normalisation ( Fortin et al., 2017 ). In
ddition to DTI data, ComBat has been successfully applied to remove
ariance due to non-biological variables of interest in both cortical thick-
ess ( Fortin et al., 2018 ) and functional connectivity data ( Yu et al.,
018 ). Further, the removal of non-biological variance using ComBat
ncreased statistical power for detecting differences in brain structure
etween individuals with schizophrenia and healthy individuals com-
ared to a random effects meta-analysis ( Radua et al., 2020 ). 

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

. Methods 

.1. Dataset 

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

Scanning was conducted in accordance with ethical standards set by
he institutional review board (IRB) at each site, including the sharing
f anonymized data. Briefly, data were collected from participants aged
8–35 from a 3 ×3 ×3 cm 

3 voxel in the parietal lobe using a standard
ABA + edited sequence (TR/TE = 2000/68 ms, 320 averages, 15 ms
diting 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
2 
iemens, 320 averages, 20 ms editing pulses at 1.9 and 1.5 ppm), and a
tandard PRESS sequence (TR/TE = 2000/35 ms, 64 averages). MEGA-
RESS data (both GABA + and MM-sup GABA) were included from 20
ites and PRESS data were included from 19 sites ( Table 1 ). 

. Data quantification 

MEGA-PRESS data (both GABA + and MM-sup GABA) were prepro-
essed and quantified with Gannet 3.2 ( Edden et al., 2014 ) using the
oftware’s automated analysis pipeline specified in the commands ‘Gan-
etLoad’ and ‘GannetFit’. This procedure includes coil combination, re-
oval of bad averages, and frequency and phase correction with spec-

ral registration and modelling of the 3.0 ppm GABA + or MM-sup GABA
eak with a 5 parameter Gaussian function, and modelling the unsup-
ressed water peak with a 7 parameter Voigt function. 

Coil combination for GE and Siemens PRESS data was performed
n FID-A ( Simpson et al., 2017 ), coil combination was performed on
hilips scanners prior to export. PRESS data were quantified using
CModel ( Provencher, 2001 ) with the default parameters (DOECC = T,
OWS = T, WCONC = 35880, ATTH20 = 0.7, ATTMET = 1.0). Generic
asis sets were simulated rather than simulating basis sets based on indi-
idual acquisition pulse waveforms to increase the site-specific variance
n quantified metabolite values ( Pova ž an et al., 2020 ), providing the
reatest challenge to the harmonization procedure. Basis sets were sim-
lated using FID-A (te1 = 18 ms, te2 = 17 ms, number of points and spec-
ral width were based on the acquired data) and included the following
etabolites: alanine, aspartate, glycerophospocholine, phosphocholine,

reatine, phosphocreatine, GABA, glutamate, glutamine, lactate, myo-
nositol, n-acetylaspartate (NAA), n-acetylaspartylglutamate (NAAG),
cyllo-inositol, glutathione, glucose and taurine. The LCModel quan-
ified metabolites included in the harmonization analysis were tNAA
total NAA, NAA + NAAG), tCr (total creatine, creatine + phosphocre-
tine), tCho (total choline, glycerophosphocholine + phosphocholine),
lx (glutamate + glutamine) and Myo-inositol (Myo-Ins). 

Data quality was assessed by visual inspection by trained personnel.
ata were quantified as molal units and corrected for partial volume
ffects using the equation specified in Near et al. (2020) . MEGA-PRESS
ata quantification included the 𝛼-correction, which assumes twice as
uch GABA in grey matter as in white matter ( Harris et al., 2015 ). A

econdary, confirmatory analysis for all metabolites (except tCr) was
erformed using creatine-referenced data (denoted as metabolite/tCr). 

.1. Harmonization 

.1.1. Residualizing 

Site effects were estimated for each metabolite using linear re-
ression implemented in R version 4.0.3 ( R Core Team (2020)
ttps://www.R-project.org/ ) using the package “stats ” version 4.1.2.
he following regression model was used: m = i + 𝛽s . Where m rep-
esents the metabolite level, i represents the intercept and 𝛽 represents
he coefficient associated with site effects (s). Metabolite residual values
ere calculated by subtracting the values predicted by the linear regres-

ion model from the actual metabolite values. The residual values were
sed in further analyses. 

.1.2. ComBat 

Data were harmonized using the “neuroComBat ” function
ersion 1.0.5 (available at https://github.com/Jfortin1/ComBat
armonization/tree/master/R ). ComBat harmonization corrects for
ne covariate while maintaining the variance from other covariates
y estimating an empirical statistical distribution for each parameter.
o do this, ComBat uses information from each data point to estimate
he scanner and site-specific variance for each feature (metabolite
evel) separately, based on the assumption that all data points share
he same common distribution. The small sample sizes at each site
reclude statistical testing to confirm this assumption, however visual

http://www.nitrc.org/projects/biggaba/
https://www.R-project.org/
https://github.com/Jfortin1/ComBatHarmonization/tree/master/R


T.K. Bell, K.J. Godfrey, A.L. Ware et al. NeuroImage 257 (2022) 119330 

Table 1 

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 
(Included/Available) 

Demographics 

Sex M/F Age Mean (SD) 
Vendor Bandwidth Number of 

points 
GABA + MM-sup GABA PRESS 

G1 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 11 † /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 11 † /12 12/12 12/12 5/7 24.9 (4.3) 
P5 Philips 2000 2048 8/8 8/8 8/8 5/3 23.1 (2.4) 
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) 
P9 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 6 ‡ /12 12/12 12/12 6/6 24.9 (2.0) 
S8 Siemens 4000 4096 11 † /12 11 † /12 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. 
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a  
nspection of the box plots in Fig. 1 suggest the raw unharmonized data
onforms to this assumption. Empirical Bayes is then typically applied
o pool this information across features to improve this estimation.
owever, as the distribution of individual metabolites are not expected

o be related, we applied ComBat to each metabolite separately and
herefore did not need to use empirical Bayes, as recommended when
he number of features was smaller than the number of participants
 Fortin et al., 2017 ). It is recommended to include a matrix of biological
ovariates of interest to aid in preserving these effects. Therefore, in
he initial analysis this matrix was included (the biological covariates
f interest were grey matter fraction (fGM/(fGM + fWM)), age and sex).
 secondary analysis was performed without this matrix to ensure the

nclusion of this matrix did not introduce spurious biological effects. 

.2. Statistical analysis 

We followed the linear model procedure specified in
ikkelsen et al. (2017) to evaluate the presence of significant

on-biological (vendor and site) and biological (grey matter fraction,
ge, and sex) effects in the data. If vendor or site effects were significant
n the data prior to harmonization, but not following harmonization,
e considered the harmonization procedure successful. This approach

o test for site differences before and after ComBat harmonization
o validate the efficacy of ComBat in removing inter-site variation is
onsistent with validation of ComBat in other neuroimaging literature
 Fortin et al., 2017 ; Orlhac et al., 2018 ; Yu et al., 2018 ). This ap-
roach was applied to the original data, residualized data, and ComBat
armonized data for comparison. 

Vendor and site level effects on each metabolite were assessed sep-
rately using a three-level unconditional linear mixed-effects model,
mplemented using the R package “lme4 ” version 1.1–26 ( Bates et al.,
015 ), with vendor and site included as random effects. To investigate
he presence of biological effects in the three data sets (original, residual-
zed, and ComBat harmonized), secondary multilevel analyses were per-
3 
ormed to test for effects of grey-matter fraction, age, and sex on metabo-
ite levels (included as fixed effects). Goodness of fit was calculated as
 log-likelihood statistic. To assess the significance of each effect, like-
ihood ratio tests were performed by comparing a model with the effect
f 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
ignificant, it was retained in the next assessed model for that metabo-
ite; if not significant, it was removed. As in Mikkelsen et al. (2017) ,
ffects were assessed in the following order: vendor, site, grey matter
raction, age, sex. Scripts for the linear model procedure can be found
t https://github.com/HarrisBrainLab/lm4hz . 

. Results 

.1. Evaluation of harmonization 

.1.1. Water-referenced data 

In the original data, vendor effects were significant for all metabo-
ites and site effects were significant for all metabolites except MM-sup
ABA. Given that both vendor and site were significantly associated
ith metabolite levels, and vendor variance was expected to overlap
ith site variance, with site being the lowest source of variance (i.e., site
ariance will likely capture vendor variance), data were harmonized by
ite. Following both residualizing and ComBat harmonization by site,
either vendor nor site effects were significantly associated with any
etabolite. However, whilst ComBat harmonized metabolite levels still

emained meaningful, residualizing produced metabolite levels centred
round zero. See Fig. 1 for data visualisation prior to and after har-
onization, Table 2 for summaries of metabolite effects pre- and post-
armonization, and supplementary material for model values. 

.1.2. Creatine-referenced data 

In the original data, vendor, but not site, was significantly associ-
ted with all creatine-referenced metabolites. Following residualizing,

https://github.com/HarrisBrainLab/lm4hz
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Fig. 1. Metabolite levels pre and post-harmonization. Box plots show median and interquartile range (IQR), dots represent outliers (more that 1.5xIQR). (A-G) 
Metabolite levels prior to harmonization. (H-N) Metabolite levels following residualizing. (O-U) Metabolite levels following ComBat harmonization. 
GABA + : GABA + macromolecules; MM-sup GABA: macromolecule suppressed GABA. tNAA: total NAA (NAA + NAAG); tCr: total creatine (creatine + phosphocreatine); 
tCho: total choline (glycerophosphocholine + phosphocholine); Glx: glutamate + glutamine; Myo-Ins: Myo-inositol. 
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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- 
harmonization 

Vendor 
√ √ √ √ √ √ √

Site 
√ √ √ √ √ √

GMF 
Age 
Sex 

Post- 
residualizing 

Vendor 
Site 
GMF 
Age 
Sex 

√ √

Post- 
harmonization 

Vendor 
Site 
GMF 

√

Age 
Sex 

√

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

GMF: 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 tNAA/tCr tCho/tCr Glx/tCr Myo/tCr 
Pre-harmonization Vendor 

√ √ √ √ √ √

Site 
GMF 
Age 
Sex 

√

Post-residualizing Vendor 
Site 
GMF 
Age 
Sex 

√ √

Post- 
harmonization 

Vendor 
Site 
GMF 
Age 

√ √

Sex 
√

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

GMF: 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 . 
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either vendor nor site effects were significantly associated with any
etabolite. As only vendor effects were present in the original data,
omBat harmonization was initially applied by vendor. However, the
ffect of vendor remained significant in the model, therefore data were
armonized by site. After harmonization by site, no vendor or site effects
ere significant ( Table 3 , see supplementary material for model val-
es). As with water-referenced data, ComBat harmonization produced
eaningful metabolite ratios, whereas residualization did not (i.e. the

esidualization process produced negative metabolite ratios). 

.2. Biological variability 

.2.1. Water-referenced data 

In the original data, grey matter fraction, age, and sex were not sig-
ificantly associated with water-referenced metabolite levels. Follow-
ng residualizing, sex was significantly associated with tCr (ß[95%CI] = -
.31 [-0.59, -0.02], p = 0.04) and tCho (ß[95%CI] = -0.38 [0.09, 0.70],
 = 0.01). Males had lower tCr residual levels (males: mean = -0.10,
D = 0.70; females: mean = 0.10, SD = 0.57) and higher tCho residual lev-
ls (males: mean = 0.02, SD = 0.15; females: mean = -0.03, SD = 0.14). Fol-
owing ComBat harmonization, grey matter fraction was significantly as-
ociated with GABA + levels (ß[95%CI] = 0.14 [0.01, 0.27], p = 0.04) and
ex was significantly associated with tCho levels (ß[95%CI] = 0.40 [0.12,
.68], p = 0.006), with males having higher tCho levels (mean = 1.66,
5 
D = 0.14) than females (mean = 1.60, SD = 0.13) ( Fig. 3 , Table 2 ), see sup-
lementary material for statistical model values. 

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

.2.2. Creatine-referenced data 

Sex was significantly associated with tCho/tCr levels in all three
nalyses (original data: ß[95% CI] = 0.54 [0.31, 0.79], p = 0.001; resid-
alizing: ß[95% CI] = 0.64 [0.37, 0.91], p < 0.001; ComBat harmoniza-
ion: ß[95% CI] = 0.62 [0.34, 0.89], p < 0.001). As with water-referenced
ata, males had significantly higher tCho/tCr levels (mean = 0.17,
D = 0.01) than females (mean = 0.16, SD = 0.01). No other biological vari-
bles were associated with creatine-referenced metabolite levels in the
riginal data. Following residualizing, sex was significantly associated
ith tNAA/tCr (ß[95% CI] = 0.30 [0.02, 0.59], p = 0.03), with males
aving higher tNAA/tCr residuals (mean = 0.01, SD = 0.10) than females
mean = -0.01, SD = 0.08). Following ComBat harmonization, age was sig-
ificantly associated with GABA + /tCr (ß[95%CI] = -0.18 [-0.31, -0.05],
 = 0.01) and Glx/tCr levels (ß[95%CI] = -0.15 [-0.29, -0.004], p = 0.04),
ith both metabolite levels decreasing with age ( Fig. 2 , Table 3 ), see

upplementary material for statistical model values. 



T.K. Bell, K.J. Godfrey, A.L. Ware et al. NeuroImage 257 (2022) 119330 

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. 
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.3. Evaluation of sex effects 

The relationship between tCho (referenced to water) and sex was
ssessed within each site and vendor. This was done for two reasons:
rstly, to confirm that ComBat harmonization enabled detection of true
iological effects, and secondly, ensure that the harmonization proce-
ure itself did not introduce false biological variability, tCho (referenced
o water) was chosen because levels were only significantly associated
ith sex following harmonization (and not prior to) ( Fig. 3 ). As sex was

ignificantly associated with tCho/tCr prior to and following harmoniza-
ion, this supports the interpretation that harmonization revealed a true
ffect. 
6 
In the original data, when analysing individual sites, only site P9
howed significant sex differences in tCho (males > females). Similar
ex-related differences were apparent within several other sites but did
ot reach statistical significance. When analysing vendor averaged data,
 sex effect was only statistically significant for Philips scanners. When
veraging all data, there was no significant effect of sex. 

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

Following ComBat harmonization, no individual sites showed sig-
ificant effects of sex. As with residualized data, vendor averaged data
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Fig. 3. Sex differences in tCho levels. Box plots show median and interquartile range (IQR), dots represent outliers (more that 1.5xIQR). ∗ p < 0.05, ∗ ∗ p < 0.01 (A) 
Unharmonized (original) data (B) Residualized data. (C) ComBat harmonized data. 

7 
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howed a significant effect of sex in Philips data only (males > females).
hen averaging all data, there was a significant effect of sex

males > females)( Fig. 3 ). 

. Discussion 

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

he utility of ComBat harmonization. 

.1. Both vendor and site significantly effect metabolite levels 

In the original data, linear modelling showed vendor and site
o be significantly associated with metabolite levels when referenc-
ng to water, in agreement with previous studies of water-referenced
ABA + ( Mikkelsen et al., 2019 ). Water-referenced MM-sup GABA lev-
ls were associated with vendor, but not site. This contrasts with
ikkelsen et al. (2019) , who found a significant effect of site but not

endor. The minor difference in echo time on the Siemens scanners vs
he GE and Philips scanners could have resulted in a large amount of
endor variance, which may absorb or overshadow the site variance. Ad-
itionally, there was a large amount of site variance within the Philips
ata. As the Siemens and GE data has less variance between the sites,
his site variance may have been attributed to vendor. No other studies
ave investigated these associations in water-referenced PRESS data for
he quantification of tNAA, tCr, tCho, Glx and Myo-Ins. 

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

.2. Harmonization successfully removes site and vendor effects 

Following residualizing and ComBat harmonization by site, neither
ite nor vendor was associated with metabolite levels, whether referenc-
ng to water or to tCr, indicating both methods successfully removed this
on-biological variance. However, ComBat harmonized values remain
eaningful, whereas residualizing centres values on zero, and therefore

an only be compared with residuals from the same model. After Com-
at harmonization, metabolite values are still consistent with literature
alues. 

Interestingly, ComBat harmonization by vendor did not completely
emove variability across different vendors. This could result from the
ested nature of vendor within site, and variance from the two variables
ill be highly overlapped. We therefore recommend harmonization by

he lowest source of variance, in this case site. 
For this study, MRS data were harmonized after quantification and

issue correction. Other imaging modalities allow for harmonization at
arious stages of processing. For example, Yu et al. (2018) applied har-
onization to functional connectivity matrices before calculating net-
ork measures. The processing stage at which harmonization is applied
ay alter the results. 
8 
Additionally, ComBat handles one “batch effect ” at a time, in that
ata input into the model is expected to be similarly affected by site
nd scanner. This may not be the case for different metabolites. For ex-
mple, generally Siemens produced higher values than Philips for all
etabolites, except for Myo-Ino. We therefore recommend harmoniz-

ng each metabolite separately as done in the present study. However,
his reduction in data features provided to the model may hinder the
ccuracy of estimating site and vendor variance. 

.3. Harmonization reveals previously masked biological effects 

Harmonization of MRS data revealed biological effects that were pre-
iously not detected, even when controlling for vendor and site in the
odel, indicating that (1) harmonization does remove non-biological

ariance and allows detection of biological effects and (2) controlling
or these factors in statistical models is not enough to remove unwanted
ariance. 

Sex differences in tCho/tCr were seen both prior to and following
armonization, but sex differences in water-referenced tCho were only
etected following data harmonization. Specifically, tCho/tCr and tCho
eferenced to water were significantly higher in males as compared to
emales. During the ComBat harmonization procedure, inclusion of a
atrix of biological variables is recommended to preserve biological

ariability. To ensure inclusion of this matrix did not introduce spurious
iological variability, the harmonization procedure was conducted with
nd without the matrix included, with no change in results. Therefore,
e are confident inclusion of the matrix did not introduce spurious ef-

ects. Furthermore, this effect was not detected even when including site
nd vendor in the linear model as covariates, indicating that controlling
or variables like site and vendor does not remove all the variance asso-
iated with these factors, and highlighting the usefulness of data harmo-
ization. tCho is generally considered to be a marker of cell density, and
hanges in tCho are thought to reflect alterations in membrane turnover
i.e. increase in membrane synthesis or breakdown) ( Rae, 2014 ). How-
ver, evidence suggests that choline levels may also relate to acetyl-
holine function ( Bell et al., 2018 ; Lindner et al., 2017 ). Our findings
f higher tCho levels in males compared to females are in line with ev-
dence from previous studies ( Hadel et al., 2013 ; Pova ž an et al., 2020 )
nd may be due to the effects of estrogen. Craig et al. (2007) showed
hat tCho levels in women increased following 8 weeks of ovarian sup-
ression, which significantly reduced estradiol levels. Thus, the higher
evel of tCho in males, who should have lower estrogen levels, is unsur-
rising. 

Both residualizing and ComBat harmonization successfully removed
ite and vendor variance to reveal sex differences in tCho, and therefore
oth could be considered successful harmonization techniques. How-
ver, the two methods also resulted in the detection of different bio-
ogical effects. Following residualizing, sex was significantly associated
ith tCr and tNAA/tCr. tCr plays a role in brain energy homeostasis and

NAA is considered a neuronal marker ( Rae, 2014 ). Evidence for sex dif-
erences in these metabolites is limited. Neither Endres et al. (2016) nor
adel et al. (2013) found sex differences in tCr levels in the frontal lobe.
stojic et al. (2011) found sex differences in NAA/tCr in the frontal
ortex, however Safriel et al. (2005) found no sex differences. As lit-
le support is available for either of the current findings, they could
e spurious effects introduced by the residualization procedure (see
ortin et al. (2017) for details on how harmonization procedures can
ntroduce spurious effects). Additionally, while these effects were statis-
ically significant, the confidence intervals approached zero, indicating
hese results may be uncertain. 

Following ComBat harmonization, we found GABA + levels in-
reased with grey matter fraction, consistent with the literature
 Bhattacharyya et al., 2011 ; Harris et al., 2015 ; Zhu et al., 2011 ). We also
ound Glx/tCr and GABA + /tCr declined with increasing age, consistent
ith previous research (see Cichocka and Bere ś , 2018 for a systematic

eview on metabolite changes and Porges et al., 2021 for a meta-analysis
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n GABA + changes throughout the lifespan). Notably, prior adult stud-
es examined age affects across a broader age range. This larger range fa-
ilitates the detection of smaller effects that are subtle in more restricted
ge ranges as in the current study (18-35). Indeed, the regression coeffi-
ients in the current study (-0.15 for Glx and -0.17 for GABA + ) indicate
 small effect size, which requires the increased power that is accom-
lished by the large number of participants included in this study. Addi-
ionally, neither of these effects were detectable prior to harmonization,
ven when including vendor and site as covariates in the model, again
ighlighting the impact of non-biological variables and the benefits of
ata harmonization. Moreover, though not statistically significant in the
esidualized data, these effects were in a similar direction (GABA + /tCR
= -0.10, p = 0.12; Glx/tCr ß= -0.13, p = 0.08), providing further support
hat ComBat identified true effects. We are limited in the conclusions
hat can be drawn from this data due to a lack of ground truth regard-
ng the relationship between MRS metabolites and biological variability,
nd therefore encourage further investigation of harmonization tech-
iques on other multi-site MRS datasets. 

.4. Alternative harmonization methods 

This manuscript focused on ComBat based on its popularity in the
iterature, extensive validation, and ease of implementation; the Com-
at script is freely available on multiple coding platforms. Additionally,

t requires no extra data (such as phantom data, or a travelling subject)
nd can be applied to datasets with only a single data point per subject,
s is the case with MRS data. Alternative harmonization methods that
ave been applied to data from other imaging modalities include inten-
ity harmonization techniques (e.g., histogram matching ( Shah et al.,
011 )), voxel-wise harmonization (e.g., RAVEL ( Fortin et al., 2016 )),
nd machine learning based methods (e.g., Deep Learning ( Dewey et al.,
019 )). Histogram matching involves aligning intensity histograms to a
eference histogram ( Mali et al., 2021 ), and is therefore not suitable
or MRS data. RAVEL uses voxels from a control region (CSF) to esti-
ate site differences ( Pinto et al., 2020 ) and subsequently cannot be

pplied to MRS data. Metabolite concentrations in the CSF are negligi-
le, and therefore there is no suitable control region. For machine lean-
ng approaches to be rigorously implemented, training data from the
ame subjects on all scanners of interest would be required prior to har-
onization ( Dewey et al., 2019 ). While less rigorous machine learning

pproaches may not require multiple data sets from the same subjects,
ndependent training data would still be necessary for widespread vali-
ation and use, and is unlikely to be feasible for most studies. 

.5. Limitations and future studies 

As the primary aim of this manuscript was to investigate ComBat har-
onization, we are cautious not to over-interpret our findings regarding

he biological effects as this was not an objective in the study design.
his is partially highlighted in the large range of confidence intervals ob-
ained across our results, which further suggests cautious interpretation
ntil future studies can more precisely characterize these effects. We
hose not to correct for multiple comparisons to increase our sensitivity
o any effects and allow a comparison pre and post harmonization, but
his may increase the chance of detecting spurious effects. Therefore, we
ecommend future study specifically exploring these effects by match-
ng males and females by age or including other biologically relevant
ssessments (such as blood or saliva) to understand the significance or
rigin of these effects. 

We chose not to include biological covariates in our residu-
lization procedure to avoid the introduction of spurious effects.
ortin et al. (2018) showed that including age in their residualization
rocedure increased the association between median cortical thickness
nd age following residualization to a level similar to that of ComBat.
owever, in their sample, age was confounded with site. In the present

tudy, the sites were relatively well balanced regarding the biological
9 
ffects of interest and therefore we would expect inclusion of biologi-
al covariates to have less of an impact. Indeed, including the matrix of
iological effects in the ComBat procedure did not change the resulting
utcome. 

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

. Conclusions 

In conclusion, we show that ComBat is an effective approach to har-
onize MRS data (both PRESS and GABA-edited MEGA-PRESS) and suc-

essfully removes non-biological variance due to site and vendor differ-
nces. Further, we confirm the utility of harmonization by demonstrat-
ng that non-biological variance in MRS data can mask biological effects
f interest and, upon harmonization of data, expected biological effects
f interest can be detected. We therefore recommend the use of ComBat
armonization in multi-site MRS studies. 
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