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a b s t r a c t 

Multiparameter mapping (MPM) is a quantitative MRI protocol that is promising for studying microstructural 

brain changes in vivo with high specificity. Reliability values are an important prior knowledge for efficient 

study design and facilitating replicable findings in development, aging and neuroplasticity research. To explore 

longitudinal reliability of MPM we acquired the protocol in 31 healthy young subjects twice over a rescan in- 

terval of 4 weeks. We assessed the within-subject coefficient of variation (WCV), the between-subject coefficient 

of variation (BCV), and the intraclass correlation coefficient (ICC). Using these metrics, we investigated the 

reliability of (semi-) quantitative magnetization transfer saturation (MT sat ), proton density (PD), transversal re- 

laxation (R2 ∗ ) and longitudinal relaxation (R1). To increase relevance for explorative studies in development and 

training-induced plasticity, we assess reliability both on local voxel- as well as ROI-level. Finally, we disentangle 

contributions and interplay of within- and between-subject variability to ICC and assess the optimal degree of 

spatial smoothing applied to the data. We reveal evidence that voxelwise ICC reliability of MPMs is moderate 

to good with median values in cortex (subcortical GM): MT: 0.789 (0.447) PD: 0.553 (0.264) R1: 0.555 (0.369) 

R2 ∗ : 0.624 (0.477). The Gaussian smoothing kernel of 2 to 4 mm FWHM resulted in optimal reproducibility. We 

discuss these findings in the context of longitudinal intervention studies and the application to research designs 

in neuroimaging field. 

1

 

t  

a  

q  

d  

2  

m  

v
 

n  

u  

d  

c  

p  

c  

t
 

a  

m  

m  

t  

h  

t  

i  

t  

c  

h

R

A

1

. Introduction 

Magnetic resonance imaging (MRI) has become an indispensable tool
o investigate structural and functional aspects of brain organization
nd its pathologies. Using the noninvasive technique of MRI, we can
uantify changes in gray matter (GM) induced by training, aging and
isease and their response to potential treatments ( Cercignani et al.,
018 ). This endeavor clearly goes beyond mapping of macroscopic and
esoscopic morphometric aspects of neuroanatomy such as local brain

olumes and cortical thickness ( Lerch et al., 2017 ). 
There is a growing field of quantitative MRI (qMRI), that targets

ew imaging and analysis methods to improve our understanding of the
nderlying physical brain parameters and image contrast mechanisms
riving brain changes in aging and disease. For example, associating
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ertain neurological disorders with specific multi-parametric contrast
atterns using quantitative MRI might facilitate conclusions about mi-
rostructural processes such as (de-) myelination and iron-accumulation
hat can characterize disease pathology ( Weiskopf et al., 2015 ). 

In commonly used MRI protocols T1 weighted (T1w) images are
cquired very often. However, the T1w intensities are influenced by
ultiple factors, such as sequence type (MPRAGE, ( Mugler and Brooke-
an, 1990 ) or MDEFT ( Deichmann et al., 2004 )), sequence parame-

ers for instance repetition time, TR, echo time, TE, or flip angle, and
ardware effects (e.g. transmit and receive profiles and any scaling fac-
ors). Importantly, local intensity values also depend on multiple phys-
cal tissue properties, such as longitudinal and transverse relaxation
imes, or proton density ( Helms et al., 2010 , 2009 ). qMRI aims to ac-
ount for several of these effects, which should lead to improved speci-
ril 2022 
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Abbreviations 

MPM multiparameter mapping 
MT sat magnetization transfer saturation 
PD proton density 
R1 longitudinal relaxation rate 
R2 ∗ effective transversal relaxation rate 
RF radio frequency 
MS mean sum of squares 
MS R mean sum of squares for rows 
MS C mean sum of squares for columns 
MS E mean sum of squares for error/residuals 
MBSS mean between subject sum of squares 
MWSS mean within subject sum of squares 
ICC intra-class-correlation coefficient 
T1w T1 weighted images 
WCV within subject coefficient of variation 
BCV between subject coefficient of variation 
GM gray matter 
WM white matter 
k number of scans/raters 
n number of subjects 

city with respect to (micro-) structural tissue properties of the brain
 Cercignani et al., 2018 ; Lutti et al., 2010 ; Weiskopf et al., 2013 ). 

Multiparameter mapping (MPM) has been introduced as a protocol
hat deduces (semi-) quantitative and reproducible maps of multiple
hysical imaging parameters such as magnetization transfer saturation
MT sat ), proton density (PD), longitudinal relaxation rate (R1), effective
ransversal relaxation rate (R2 ∗ ) ( Helms et al., 2008a ; Weiskopf et al.,
013 ). MPM has potential for assessing abnormalities in brain tissue
icrostructure of diseases like multiple sclerosis (MS) ( Lommers et al.,
019 ) or neurodegeneration, ( Ziegler et al., 2018 ) age-related changes
 Callaghan et al., 2014 ; Draganski et al., 2011 ; Lambert et al., 2013 ;
orio et al., 2014 ; Steiger et al., 2016 ; Whitaker et al., 2016 ) and
raining-induced plasticity ( Carey et al., 2017 ; Dick et al., 2017 ;
elbling et al., 2015 ; Lutti et al., 2014 ). Especially gray matter is
n often investigated tissue in studies observing structural changes
hroughout interventions, aging or diseases ( Gallardo-Ruiz et al., 2019 ;
odama et al., 2018 ; Krajcovicova et al., 2019 ; Terribilli et al., 2011 ).
owever, it is currently not known whether the MPM acquisition proto-
ol yields microstructural maps with high (long-term) reproducibility.
uantification is also expected to increase comparability across mea-

urement timepoints in longitudinal studies and imaging sites in multi-
entric studies ( Deoni et al., 2008 ; Weiskopf et al., 2013 ), which might
mprove the sensitivity and reduce biases in longitudinal studies of de-
elopment, plasticity and disease progression in rare conditions. 

Long-term reproducibility of imaging biomarkers is highly relevant
or sensitivity during early stage detection of neurodegenerative dis-
ases such as MS, Parkinson, and Alzheimer’s disease. Moreover, good
eproducibility of qMRI maps is especially important in intervention
nd training studies, when expected effect sizes of brain changes are
omparably small ( Tardif et al., 2016 ), or when focusing on individual
ifferences analysis in longitudinal studies ( Ziegler et al., 2020 , 2019 ).
eliability-based choices of power analysis and standardized workflows

or design of future studies ultimately lead to less noisy observations
hat could protect us from weak evidence, biased reports and false over-
stimations ( Loken and Gelman, 2017 ; Poldrack et al., 2016 ). 

In psychology and neuroimaging, reliability of a measure is related
o two aspects of variability: (A) the amount of variation over re-
eated observations and (B) the ability to distinguish among individ-
als ( Cercignani et al., 2018 ; Hopkins, 2000 ). More specifically, within-
ubject variation (WCV) quantifies the inconsistency (or standard devi-
tion) of repeated measures of the same subjects, thus also called ran-
2 
om error or noise in the measurements. Its value is often expressed as
he standard deviation over repetitions in percentage units of the mea-
ure’s mean value. The smaller the WCV the better the reproducibility.
etween-subject variation (BCV) is expressed as the sample standard de-
iation (after averaging over available repeated observations) in units
f the sample mean. BCV is an indicator of sample heterogeneity or
mount of individual differences. Moreover, the intra-class coefficient
ICC) is a popular indicator for reliability that integrates both above
spects ( Bartko, 1966 ; Shrout and Fleiss, 1979 ). 

Although reliability of traditional macrostructural measures has
een studied repeatedly ( Goto et al., 2015 ; Schnack et al., 2010 ;
huter et al., 2008 ), only a few studies have examined long-term repro-
ucibility of novel qMRI parameters. Leutritz et al. (2020) observed the
eliability of the MPM protocol for six different scanners (including the
endors Philips and Siemens) using the hMRI toolbox for preprocessing
 Tabelow et al., 2019 ). They found for MT sat , PD and R1 an intra-site
oV between 4 and 10% and for R2 ∗ 16% over time points and sites
 Leutritz et al., 2020 ). 

This and other previous studies are limited in that (A) the sample size
as comparably small ( n ≤ 11) ( Leutritz et al., 2020 ; Péran et al., 2007 ;
chwartz et al., 2019 ; Zou et al., 2010 ) which might limit the generaliz-
bility due to potential small sample biases; (B) studies only explored a
ingle quantitative parameter ( Levesque et al., 2010 ; Péran et al., 2007 ;
chwartz et al., 2019 ; Zou et al., 2010 ); (C) studies reported reliability
nly on regional level ( Schwartz et al., 2019 ; Zou et al., 2010 ) although
rior knowledge about location of effects can be scarce; (D) covered only
ne metric of reliability ( Péran et al., 2007 ; Schwartz et al., 2019 ); and
E) focused on a very short scan-rescan interval ( Leutritz et al., 2020 ;
éran et al., 2007 ). The influence of smoothing on MRI data is also not
ully understood in processing MRI data and have a huge impact on
he results of statistical tests ( Ashburner and Friston, 2000 ; Jones et al.,
005 ). 

Here we aim to overcome some limitations and study the longitudi-
al reliability of quantitative MRI in cortical and subcortical gray mat-
er brain areas using the MPM protocol. We examine reliability in all
 MPM’s with an emphasize on MT sat and R2 ∗ maps since these are
ncreasingly used in quantitative MRI studies. The key contribution is
 comparison of multiple reliability metrics (WCV, BCV, ICC) on the
oxel- and region-based level. We finally identify the optimal amount
f smoothing to facilitate more reproducible results in future studies. 

. Material & methods 

.1. Participants and experimental design 

In order to assess the test-retest reliability of MPM, two MRI mea-
urements separated by four weeks were acquired. A scan-rescan inter-
al of several weeks is commonly used in neuroimaging plasticity stud-
es ( Valkanova et al., 2014 ). The n = 31 participants (6 ♀, 25 ♂; age:
 = 22.9, SD = 3.92, range 19–35; BMI: M = 21.3, SD = 3, range 15.9–

8.2) had no history of systemic, psychiatric or neurological diseases. In
erms of cognitive functions, the age range from 19 to 35 years reflects a
omparably homogenous phase of human ontogeny ( Li et al., 2004 ) and
tructural brain development ( Mills et al., 2016 ). The study was carried
ut in accordance with the Declaration of Helsinki and approved by the
thics Committee of the Otto von Guericke University Magdeburg (ap-
roval number 106/98). Written informed consent was obtained from
ll participants. 

.2. MR image acquisition 

The data were acquired by a 3T MAGNETOM Prisma system
Siemens Healthcare, Erlangen, Germany) using a 64-channel head coil.
e used the same measurement protocol for each volunteer and ses-

ion. The second scan was 27 to 44 (mean: 34 SD: 4,04) days after
he first scan at nearly the same time of day to minimize the influence
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f time-of-day variability ( Trefler et al., 2016 ). We instructed partici-
ants to not consume coffee or energy drinks directly before and alco-
ol 24 h before the measurement and documented what and how much
hey drank. We observed no difference of fluid intake between the two
easurement points. To minimize the impact of head orientation varia-

ions on different measurements, all subjects were carefully positioned
n every examination by a trained medical technical assistant (MTA).
he receive brain coil was fixed on the table at the same position using
 hold-down groove. All subjects lied down with head-first supine pos-
ure and isocenter landmarks were positioned between the eyebrows.
he body of the subjects adjusted parallel to main magnetic field before
xamination. Subjects were introduced to relax and keep their mind free
f any thoughts while move as little as possible. 

We acquired the MPM protocol (for details and references see
.g. Tabelow et al. (2019) ) using three different predominant T1-,
D-, and MT-weighted images with multi-echo FLASH scans by ap-
ropriate choice of the repetition time (TR) and the flip angle 𝛼:
R/ 𝛼 = 23.0 ms/25° for T1w scan, 23.0 ms/5° for PDw scan, and
7.0 ms/7° for MTw scan. Multiple gradient echoes were acquired with
lternating readout polarity at 8 equidistant echo times (TE) between
.46 ms and 19.68 ms for T1w and PDw acquisitions and at 6 equidis-
ant TE between 2.46 ms and 14.76 ms for MTw acquisition. Other
cquisition parameters were: 0.8 mm isotropic resolution, 224 sagit-
al partitions, field of view (FOV) = 230 × 230 mm. The total acqui-
ition time was 34.23 min. Transmit and receive field correction ac-
uisition was done before every weighted image (56 sagittal partitions,
eld of view FOV = 230 × 230 mm, TR = 4,1 ms, TE = 1,98 ms for B1-
nd TR = 2000 ms, TE1 = TE2 = 14 ms, 24 sagittal slices, slice thick-
ess = 5 mm, FA = 90, 120, 60, 135, 45° for the rf map which was used
or the B1 + correction as a part of the hMRI toolbox ( Lutti et al., 2012 ,
010 ). 

.3. MPM generation 

The generation of (semi-) quantitative maps were per-
ormed using the hMRI toolbox (version 0.2.0, www.hmri.info,
abelow et al. (2019) hMRI-toolbox, RRID:SCR_017682; SPM,
RID:SCR_007037; MATLAB, RRID:SCR_001622) using default param-
ters. The signal from the multi-echo PDw, T1w and MTw acquisitions
re modelled using the Ernst equation ( Ernst and Anderson, 1966 ;
elms et al., 2008b , 2008a ). We derived the effective transverse

elaxation rate R2 ∗ from the TE dependence of the signal, combining all
hree contrasts using the ESTATICS model ( Weiskopf et al., 2014 ). This
rovides a more robust estimation of R2 ∗ with a higher signal-to-noise
atio in comparison to separate estimations. The hMRI toolbox uses
pproximations of the signal equations for small repetition time TR and
mall flip angles 𝛼, and estimates the longitudinal relaxation rate R1, the
pparent signal amplitude A 

∗ map (proportional to the proton density
ap PD) and the MT sat . The maps might be biased by the B 1 transmit

 T and receive f R field inhomogeneities. We used the B 1 (transmit)
eld and receive field sensitivity correction to eliminate the bias field
rrors for all maps ( Tabelow et al., 2019 ). The local flip angle of all
hree maps (R1, PD, MT sat ) are influenced by f T , the PD is additionally
nfluenced by the radio frequency (RF) sensitivity bias field f R (in
bsence of subject motion). The toolbox generates (semi-quantitative)
agnetization saturation (MT sat ) maps. The MT sat was adjusted for
 1 and B 1 contributions, which often leads to additional variability.
evertheless, this problem is addressed with the MPM approach and

hould not influence the main findings of this study ( Tabelow et al.,
019 ). 

The maps were reoriented towards a standard pose using the auto-
eorient module within the hMRI toolbox. The anterior commissure was
utomatically placed at the origin and both anterior and posterior com-
issure (AC/PC) in the same axial plane using rigid-body registration

 Tabelow et al., 2019 ). This is a common step to increase the consistency
n individual head positions prior to normalization and/or segmentation
3 
 Mazziotta et al., 2001b , 2001a , 1995 ). SPM’s segmentation for exam-
le is sensitive to the initial orientation of the images ( Ashburner and
riston, 2005 ) which is addressed by this step. The output resolution of
very multi-parameter map was set to 1 mm isotropic. 

.4. Spatial processing 

We used the standard processing pipeline of the hMRI toolbox from
PM12 with the default settings (for overview see Fig. 1 ). 

In the first step of spatial processing we segmented the MT sat images
nto different tissue classes (gray matter - GM, white matter - WM, etc.).
his followed a probabilistic approach taking advantage of a prior tis-
ue probability map (TPM) which was specifically developed for MPM’s
denoted as eTPM) and is expected to provide favorable segmentation
esults ( Lorio et al., 2014 ; Tabelow et al., 2019 ). Using MT sat -based
egmentations might lead to improved subcortical contrast because of
he improved delineation of WM laminae embedded in GM structures
 Helms et al., 2009 ). In a second step we normalized individual native
pace images to the MNI space by generating an average shaped tem-
late using DARTEL non-linear spatial registration ( Ashburner, 2007 ).
ll maps and GM tissue segments were registered to the MNI space by
pplying the obtained deformation fields followed by an affine trans-
orm. In the last step of the spatial preprocessing we applied so called
issue weighted smoothing to account for potential registration inac-
uracies. This specific technique developed for qMRI ( Draganski et al.,
011 ) was used to improve the spatial realignment, preserving quanti-
ative values within tissue classes (not smoothing across tissue bound-
ries) while also accounting for partial volume contribution of the tissue
ensity in each voxel in subject space. All maps and GM tissue segments
ere registered to the MNI space by applying the obtained deformation
elds followed by an affine transform. In the last step of the spatial pre-
rocessing we applied so called tissue weighted smoothing to account
or potential registration inaccuracies. This specific technique devel-
ped for qMRI ( Draganski et al., 2011 ) was used to improve the spatial
ealignment, preserving quantitative values within tissue classes (not
moothing across tissue boundaries) while also accounting for partial
olume contribution of the tissue density in each voxel in subject space.
issue-weighted smoothing of MPM’s per toolbox defaults uses individ-
al 95% tissue probability masks ( Draganski et al., 2011 ; Tabelow et al.,
019 ) All further group level voxel-based indices of reliability were cal-
ulated and presented using a 5% template GM probability. For further
uantitative analysis of voxel-based indices in cortical regions we used
 slightly more conservative explicit mask (GM thresholded at 20%) in
NI space. For the ROI-based analysis we used unsmoothed normalized
PMs and read out qMRI values inside ROIs of the neuromorphomet-

ics atlas. We used the default smoothing kernel of 6 mm which was
dditionally varied in a subsequent analysis (see below). 

. Statistical analysis 

.1. Reliability metrics 

Reproducibility (or reliability) of a measure in cognitive neuro-
ciences refers to the agreement of multiple assessments of the same sub-
ect ( Bartko, 1991 ). Here we focused on MPM reliability assessment via
he Intraclass Correlation Coefficient (ICC). Moreover, we disentangled
oth contributions of (A) noise/precision (in terms of WCV) and (B) in-
ividual differences (in terms of BCV) to voxel-based and regional vari-
tions of the ICC. Reliability analysis according to classical test theory
s based on the decomposition of observed scores into between-subject
ariability ( “true score ”) and within subject variability ( Bartko, 1991 ;
opkins, 2000 ; Paul S. Tofts, 2018 ). The within-subject variability can
e described as the inconsistency (or dispersion) of observations when
easuring a single individual repeatedly. This is reflective of amount of

andom error (or irreducible noise) of the qMRI measurements. First, to
alculate the within-subject variability we follow procedures proposed
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Fig. 1. Preprocessing of the MPM’s from native space trough template in MNI space. All i = 1,…,31 subjects’ MT images from both timepoints k = 1,2 were first 

segmented into gray and white matter (left) and a study-wise template was generated using DARTEL (middle). All 4 qMRI maps (MT, R1, R2 ∗ , PD) were normalized 

using obtained nonlinear and affine registrations to MNI template space for all subjects and timepoints. Tissue weighted smoothing was applied to preserve tissue 

boundaries (right). The ICC, WCV and BCV was calculated in the smoothed images (right). 
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v  

(  
n Hopkins (2000) and log-transformed the measurements of each sub-
ect according to Lehmann et al. (2021) 

̃ 𝑖𝑘 = 100 ∗ log 𝑦 𝑖𝑘 (1)

or subject i and timepoint k . In the next step we calculated the difference
change or scores) from scan to rescan using 

𝑖 = 𝑦̃ 𝑖 1 − 𝑦̃ 𝑖 2 (2)

Then the standard deviation of within-subject differences was ob-
ained according to the 

Formula 

 𝐷 Δ = 

𝜎( Δ) √
2 

(3)

ere 𝜎 refers to the standard deviation ( Cercignani et al., 2018 ;
opkins, 2000 ). Finally, standard deviation of within-subject difference
as converted to the within-subject coefficient of variation (WCV) using

 𝐶𝑉 = 100 ×
(
𝑒 𝑆 𝐷 Δ∕100 − 1 

)
(4)

here e is the base of the (natural) exponential function
 Hopkins, 2000 ). The WCV is equivalent to the SD of replicated measure-
ents, expressed as a percentage of the mean value ( Hopkins, 2000 ).
his means a WCV of 10% indicates a variation about the mean value
bout 1/1.1 to 1.1 times the mean, or ≈ 0.91 to 1.1. The interpretation
s straightforward: lower WCV values indicate better reproducibility of
he measurement. 

The BCV is another source of variability and representing the sample
eterogeneity (or sometimes called true-score variability) ( Bartko, 1991 ;
ercignani et al., 2018 ). The calculation started with averaging of the
wo log transformed measurements within-subject (i.e., pre and post),
ollowed by calculation of the mean (x ̅) and the standard deviation ( 𝜎)
f the resulting scores across subjects. Then, the BCV is obtained using
he following ratio 

𝐶𝑉 = 

𝜎

𝑥̄ 
× 100 (5)

Many reliability studies in social sciences and psychology rather
eport the ICC, which implicitly depends on both above sources of
4 
ariation (WCV and BCV). The definition of ICC is often based on
NOVA and random-effects models, and requires further model assump-

ions partially affected by the specific study design ( Baumgartner et al.,
018 ; Koo and Li, 2016 ; Matheson, 2019 ; McGraw and Wong, 1996 ;
hrout and Fleiss, 1979 ). Here we follow recommendations of Koo and
i (2016) and focus on ICC (2.1) for scan-rescan reliability study where
he “2 ” refers to the two-way random model and the “1 ” to the relia-
ility of single repeated measurement instead of several measurements
here agreement is defined as a term of consistency ( Eq. (6) ). It reflects

he fraction of observed variation that is attributed to (reproducible)
etween-subject variation ( Cercignani et al., 2018 ). A related interpre-
ation often used in psychology is how much of the error-free true-score
ariability can be recovered by measurement. The data is arranged in
 convenient matrix with rows representing subjects and columns for
epeated measurements. The ICC (2.1) is calculated using this formula 

𝐶 𝐶 ( 2 . 1 ) = 

𝑀 𝑆 𝑅 − 𝑀 𝑆 𝐸 

𝑀 𝑆 𝑅 + ( 𝑘 − 1 ) 𝑀 𝑆 𝐸 + 

𝑘 

𝑛 

(
𝑀 𝑆 𝐶 − 𝑀 𝑆 𝐸 

) (6)

ormula where MS refers to the mean sum of squares subdivided into
SR for rows (i.e. between-subject), MSE for the error (i.e. reflecting

andom measurement noise) and MSC for the columns (containing the
epeated measurements), and k referring to the number of raters (re-
eated measures) and n to the number of subjects. It is important to
ote that the ICC increases with decreasing WCV and increasing BCV.
he interpretation of the ICC values lower than 0.4, between 0.4 and
.59, between 0.6 and 0.75 and greater than 0.75 are indicative of poor,
air, good and excellent reliability, respectively ( Cicchetti, 1994 ). For
he voxel-based and region-based calculations of WCV, BCV and ICC we
sed custom-made MATLAB code implementing the formula presented
bove. All other statistical analyses (interference statistics) were per-
ormed using SPSS version 27 (IBM SPSS Statistics, RRID:SCR_019096).

.2. Reliability analysis using Voxel- and Region-based approaches 

We analyzed ICC reliability, WCV and BCV of the MPM’s on a
oxel-based level focussing on gray matter regions of normalized MPMs
MT sat , R2 ∗ , R1, and PD). To characterize these voxel-based ICCs we
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dditionally calculated their mean (and SD) within a cortical and a sub-
ortical GM ROI (including amygdala, caudate, hippocampus, putamen,
allidum, accumbens area and thalamus). The latter values were used
or various statistical comparisons involving t- and F-tests to assess the
ifferences between cortex and subcortex ROIs. The local intercorrela-
ion of reliability metrics was calculated. Based on the concept of mod-
lation in the context of studies of voxel-based Morphometry (VBM)
 Ashburner and Friston, 2000 ; Kurth et al., 2015 ) we additionally as-
essed the contribution of anatomical variability to ICC metrics using
he voxel-based standard deviation of the Jacobian determinant of de-
ormation fields obtained from DARTEL normalization. The determi-
ant of the Jacobian tensor describes the (individual) voxel-wise vol-
me changes induced by the nonlinear mapping during normalization
o template space ( Ashburner, 2007 ). 

The main voxel-based results are reported for 6 mm smoothing ker-
el used for tissue weighted smoothing of MPMs (hMRI toolbox default).
owever, we additionally studied the effect of systematically varying

moothing kernels from 1 to 8 mm. Notably, this procedure used ROIs
or aggregates of local voxel-level ICC and not actual ROI-level ICC
where averaging happens before ICC calculation, see subsequent sec-
ion on ROI analysis). Quantitative effects of smoothing were assessed
sing paired t-tests of MPM data and comparing selected pairs of ker-
els with values 1–8 mm. Based on the specific t-values we calculated
he effect size of each comparison. Rules of thumb for interpreting the
ffect size of the differences are | d | ⟨ 0.30 ‘‘small ”, 0.30 < | d | < 0.50
‘medium ”, and | d | ⟩ 0.50 ‘‘large ” effects, respectively ( Cohen, 1988 ). 

In addition to the above voxel-based ICC analysis a conventional
egion-based analysis of ICC was performed. For this purpose we used
he neuromorphometrics atlas (neuromorphometrics.com) to first ag-
regate ROI-level mean values of unsmoothed normalized MPMs inside
7 gray matter regions in cortical and subcortical locations in template
pace. After extraction of these mean ROI values of all MPMs we cal-
ulated the reliability metrics for each of the 57 ROI’s using SPSS. We
eport averaged values across hemispheres. 

. Results 

.1. Mapping local longitudinal reproducibility of MPMs 

The results of the whole-brain voxelwise analysis of multiple relia-
ility indices for WCV, BCV and ICC are presented in Fig. 2 . The reliabil-
ties are summarized for cortical and subcortical GM regions in Fig. 3 .
he analysis revealed that MT sat and PD parameters had favorably low
CV (median cortex (subcortical GM): MT sat : 2.3% (2.6%) PD: 1.9%

1.8%) R1: 2.9% (3.2%) R2 ∗ : 4.1% (5.0%)) in widespread GM areas.
or MT sat and PD the pattern of local WCV was relatively homogenous
cross the cortical mantle. The R1 and especially the R2 ∗ parameter
ap were found to have higher WCV values compared to MT sat and
D (F (1,1,053,559) = 5,859,339.79, p = < 10 − 16 partial 𝜂2 = 0.957,
 = 1,053,560). A particularly high WCV indicating more substantial
oise or artefact presence was observed in orbitofrontal cortex areas
or MT sat , R1 and especially for R2 ∗ . WCV in subcortical GM regions
s opposed to cortical GM was found to be higher in MT sat , R1 and
2 ∗ maps (F (1,1,053,558) = 566,311.747, p < 10 − 16 partial 𝜂2 = 0.683,
 = 1,053,560). The voxelwise analysis of BCV revealed the highest val-
es in R2 ∗ and MT sat (median cortex (subcortical GM): MT sat : 7.1%
4.3%) PD: 3.6% (2.4%) R1: 5.6% (4.7%) R2 ∗ : 8.0% (8.8%)). The PD
aps showed the lowest BCV especially in subcortical GM. All maps

xcept R2 ∗ showed higher BCV in cortical areas when compared to
ubcortical regions (F (1,1,053,558) = 460,459.044, p < 10 − 16 partial
2 = 0.636, n = 1,053,560). Visual inspection of the BCV maps sug-
ested larger individual differences in fronto-temporo-parietal brain re-
ions and less differences in midline structures, basal ganglia and sub-
ortical gray matter. When averaging over cortical or subcortical voxels,
CV was found to exceed WCV in all MPM’s and most of the ROI’s. In
ontrast, there are also a few brain regions in which noise level locally
5 
xceeds the amount of individual differences, resulting in low ICC e.g.
n medial frontal cortex or cerebellum. Stronger posterior gradients in

CV and BCV were observed close to the boundary between GM and
SF and due to smoothing appeared partially in CSF or close to the left
nd right occipital pole. However, most of these artificial values are ex-
luded when applying explicit masking during analysis (Figure S1). 

The ICC was found to be higher in the MT sat and R2 ∗ compared to
D and R1 maps, especially in the cortex (median cortex (subcortical
M): MT sat : 0.789 (0.447) PD: 0.553 (0.264) R1: 0.555 (0.369) R2 ∗ :
.624 (0.477)). Generally, all four maps had higher ICC in the cortex
ompared to the subcortex (F (1,1,053,558) = 830,696.519, p < 10 − 16 

artial 𝜂2 = 0.759, n = 1,053,560). We observed regionally high ICC of
T sat as a result of combined contribution of low WCV and high BCV

alues. A similar pattern of contributions to ICC was observed for the
2 ∗ . 

To further explore the contribution of noise and individual differ-
nces to ICC in MPMs we conducted a voxelwise regression analyses
ith predictors WCV ( Fig. 4 A) and BCV ( Fig. 4 B) for MT sat in corti-

al gray matter regions. We observed that ICC decreases with more
oise (WCV, r = − 0.606, p < 10 − 16 ) and increases with individual dif-
erences (BCV, r = 0.509 p < 10 − 16 ). This suggests that having less
oise in a voxel aligns with a more favorable ICC but that the amount
f true individual variability is another important factor for reliability
n terms of ICC. It is worth noting that both contributors to ICC can
ointly vary across brain areas as will be demonstrated in subsequent
nalyses. 

.2. Exploring the interplay of reliability metrics and anatomical variability

Next, we asked the question whether local differences of irreducible
rror variability are associated to the amount of individual differences
f a qMRI parameter? The inter-correlation (across voxels) between re-
iability parameters for MT sat and R2 ∗ is presented in Fig. 5 C & 5 D re-
pectively. Indeed we observed generally positive inter-correlations of
CV and BCV in cortical and subcortical regions ranging from 0.085 to

.771 suggesting that measurement error partly aligns with higher true
core variance of mapped parameters. 

Then, we explored the potential contribution of local anatomical
ariability to the substantial reliability differences of MPM parameters
cross the cortical mantle and gray matter nuclei. Although complex
on-linear registration of MPMs is applied to enable optimal alignment
nd subsequent group-level qMRI analysis, individual morphometric
ariability of local gray matter volume, folding and shape might influ-
nce reliability differences across brain regions ( Alexander-Bloch et al.,
013 ; Pizzagalli et al., 2020 ; Wonderlick et al., 2009 ). As a measure
f anatomical variability, we focused each voxel’s standard deviation
across subjects) of the Jacobian determinant of the deformations used
or normalization to template space ( Fig. 5 A). For instance, a higher
tandard deviation of the Jacobian determinant is expected in brain ar-
as with more individual variability of local volumes or thickness (across
ubjects SD of the Jacobian determinant has the median in the cortex
subcortex) 0.151 (0.093), Fig. 5 B). 

Using this measure, ICC reliability of MT sat increased in voxels with
igher anatomical variability in both cortical ( r = 0.35) and subcortical
 r = 0.208) gray matter suggesting that the underlying increase of BCV
ight outweigh increases in measurement error. However, for R2 ∗ the
attern was had less straightforward dependencies. The contributions
o ICC might be further elucidated when exploring the differential ef-
ects that anatomical variability has on ICC’s key components WCV and
CV. Our analysis suggested that the interplay with anatomical variabil-

ty is more complex since WCV decreased with larger anatomical differ-
nces in cortical areas of both maps unexpectedly. Moreover, anatomical
ariability did not consistently align with larger true score variations in
erms of BCV, suggesting morphometric aspects and qMRI parameters
eflecting partially independent aspects. 
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Fig. 2. Local voxel-based reliability analysis of MPM parameters. We show MT sat , PD, R1, and R2 ∗ reliability metrics using scan-rescan data of n = 31 participants and 

an interscan interval of 1 month. (A) Within-subject coefficient of variation (WCV) (B) Between subject coefficient of variation (BCV); and (C) Intraclass correlation 

coefficient (ICC) with the smoothing kernel for tissue weighted smoothing of 6 mm (current default of hMRI toolbox, for effects of alternative kernels see also 

supplementary Figure S5). 

Fig. 3. Summarized reliability metrics in cortical and subcortical gray matter. WCV, BCV and ICC for a voxelwise analysis approach, separated for cortical (gray) 

and subcortical (black) gray matter. Mean and standard deviation (error bars) of reliability indices over all voxels in cortical and subcortical ROIs are shown. 

6 
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Fig. 4. Exploring the voxelwise contribution of WCV and BCV to ICC for cortical MT sat. We show the linear regression of WCV (A) and (BCV) (B) on ICC over all 

voxel inside the specific cortical GM mask. We additionally provide the Pearson correlation coefficient ® between the ICC and the WCV and the BCV. To improve 

illustration we reduce the number of presented voxels to 10% of the voxel inside the region, the correlation and regression where calculated with all voxels inside 

the cortical GM mask. 

Fig. 5. Association of anatomical variability and associations of WCV and BCV Pearson correlation (over voxels) of standard deviation (across participants) of the 

individual Jacobian determinant with ICC, BCV and WCV within cortical (C) and subcortical (D) ROIs. (A) Standard deviation (across participants) of Jacobian 

determinant of individual deformation fields for mapping to study-wise template space. The cortical and subcortical variability (Jacobian determinant [SD]) with 

25 and 75 percentile error bars (B). Higher SD indicates stronger anatomical variability. ∗ indicates significant correlation p < 0.05; ∗ ∗ indicates high significant 

correlation p < 0.01. 
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.3. Mapping regional longitudinal reproducibility of MPMs 

Next, we calculated the regional ICC using 57 gray matter ROI’s il-
ustrated for MT sat and R2 ∗ in Fig. 6 (for R1 and PD see supplementary
igure S3 & S4). The obtained regional findings were coarsely consis-
ent with above voxel-based findings. The values for MT sat ranged from
owest regional ICC seen in the amygdala with 0.157 to highest ICC of
.796 in the occipital pole. We observed a significantly increased ICC
f MT sat in cortical areas compared to subcortical gray matter regions
z(56) = − 2.093; p = 0.036; Fig. 6 ). Interestingly, we found that the ICC
f R2 ∗ was generally more favorable using the ROI approach resulting in
he highest ICC median over the ROI’s of all four maps (R2 ∗ 0.730, MT sat 

.486, PD 0.514, R1 0.417). In contrast, ICC of MT sat was found to be
lightly decreased when using a ROI compared to voxel-based approach.

Our results suggested that the brain area with the best average re-
ional reproducibility of all four MPMs is the occipital pole, followed
y the parietal operculum and the middle and superior temporal gyrus
supplementary Table 1). The lowest ICC averaged over four maps has
he amygdala with 0.253. 9 regions had poor (less than 0.40), 32 had
air (0.40 to 0.59), 15 had good (0.60 to 0.75) and 1 excellent (above
.75) ICC’s ( Cicchetti, 1994 ). 
7 
.4. Influence of smoothing kernel size on reproducibility metrics 

Since the application of smoothing in local qMRI image analysis of-
en requires a priori choices of filter size, we finally aimed to study the
ptimal amount of smoothing that is beneficial for scan-rescan reliabil-
ty in terms of voxel-based ICC. Here we report averages of voxel-based
CC within the total cortical and subcortical gray matter. Additionally,
e inspected voxel-based ICC in cingulate cortex, precentral gyrus and
ippocampus ROIs since these are often focus of investigations in con-
ext of development, aging and training induced plasticity studies. 

The obtained reliability curves of MT sat parameter over varying filter
ize from 1 to 8 mm (FWHM) aggregated within five ROIs are presented
n Fig. 7 (selected filtered maps are shown in supplementary Figure S5).
or MT sat, we observed a consistent decrease of ICC, WCV and BCV with
ncreasing smoothing kernel size in all regions except for the ICC in the
ubcortical ROI. In contrast reliability curves of R2 ∗ did exhibit rather
inor positive dependency of ICC on filter size (with exception of the

ingulate ROI, Fig. 8 ). Interestingly, although WCV and BCV of R2 ∗ also
eclined with larger kernels, the relative decrease of BCV was not as
mphasized which might have resulted in the observed stability of ICC.
e observed that R2 ∗ had for all filter sizes a higher BCV and WCV com-
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Fig. 6. ICC of MT sat and R2 ∗ using neuromorphometric atlas ROIs. Regions are sorted from highest to lowest ICC and colored according to cortical (gray) and 

subcortical (black) brain areas for MT(A) and for R2 ∗ (B). We used the default smoothing kernel (6 mm). The ROI extraction was conducted in the MNI space and 

the ICC was calculated on the ROI-average intensities in each quantitative map. Th e ICC was averaged across both hemispheres for every ROI. 
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ared to MT sat in subcortical GM regions (subcortex and hippocampus).
ifferences of ICC values which can be attributed to smoothing kernel

ize varied from 0.436 to 0.901 for MT sat and from 0.382 to 0.661 for
2 ∗ over ROIs also suggested partially different underlying mechanisms.
he optimal smoothing filter size for reproducible MT sat was found to
e between 2 and 4 mm, while 2 mm yielded the highest ICC value. The
moothing-related differences of ICC increased with larger kernels (see
upplementary Table 2 for effect sizes). For R2 ∗ we found optimal re-
roducibility with larger smoothing kernel size above 6 mm. However,
e found that the effect size of these smoothing-related differences were

ather small (supplementary Table 3). 

. Discussion 

In this study we assessed the longitudinal four weeks scan-rescan re-
roducibility of the MPM protocol of four quantitative maps on single-
oxel level in whole-brain gray matter using a sample healthy young
dults. The longitudinal reproducibility was found to be good to high in
ost areas of the brain across all quantitative maps. The within-subject

oefficient of variation (WCV) in all maps ranged between 2% and 5%,
hich confirms previous results of MPM reliability over vendors, time
oints and centers ( Leutritz et al., 2020 ; Weiskopf et al., 2013 ). Over-
oming limitations of previous studies on MPM reliability, we addition-
lly provide new estimates for the ICC, a ratio measure of between-
oefficient of variation (BCV) and WCV indicating the absence of noise
elative to the distinguishability between subjects. Depending on the
pecific quantitative map, the MPM protocol might be successfully used
o detect trait- or risk-factor-related individual differences of microstruc-
ure in observational studies ( Carrasco et al., 2014 ; Zuo et al., 2019 ).
8 
e found that the ICC of R2 ∗ was generally more favorable using the
OI approach. In contrast, ICC of MT sat was found to be slightly de-
reased when using a ROI compared to voxel-based approach. This is an
mportant result, suggesting that apart from statistical differences due
o applied multiple comparison corrections, a local voxel-based analy-
is without strong assumptions on atlas or ROIs can be recommended.
e also found that spatial smoothing affected MPM reproducibility in a
ap- and brain region-dependent fashion, suggesting that specific anal-

sis strategies are warranted depending on the specific research question
t hand. 

A previous study by Leutritz et al. (2020) also used the hMRI tool-
ox for reliability analysis of MPM’s (acquired at six 3 T MRI systems)
n five subjects using a rescan interval of 2 h (compared to 4 weeks
nd 31 participants in our study). The authors reported an intra-site
CV of 16% for R2 ∗ and 4–10% for MT sat , R1 and PD. Our study in-

ludes thirty participants and a longer scan-rescan interval of 4 weeks.
esults revealed slightly lower WCV values (median cortex (subcorti-
al GM): MT sat : 2.3% (2.6%) PD: 1.9% (1.8%) R1: 2.9% (3.2%) R2 ∗ :
.1% (5.0%)). Some differences might be attributed to differences in the
ength of the measurement protocol (34.23 min vs 20 min) or the differ-
nces in resolution (0.8 mm vs 1 mm) compared to Leutritz et al. (2020) .
he larger sample recruited in the present study did enable solid esti-
ates of multiple reliability indices and to focus for the first time on

he ICC accounting for individual variability (BCV), which was not re-
orted by Leutritz et al. (2020) . Notably there are other methodological
ifferences in both studies such as (A) focus on voxel-level vs. ROI-level
ROI-results being more comparable) (B) single vs. multi-site; and (C)
ndividual level vs. group level statistics. The novel voxel-based group-
evel results of ICC, BCV and WCV in GM do suggest comparably good
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Fig. 7. Exploring the effect of smoothing kernels on reproducibility of MT sat map. Within (WCV; dark gray) and between (BCV; light gray) coefficient of variation 

(CV [in%]), ICC (black) over different smoothing kernels separated by cortex, subcortex (including amygdala, caudate, hippocampus, putamen, pallidum, accumbens 

area and thalamus), mid cingulate, precentral cortex, hippocampus. The presented ICC curves were obtained using the median of the voxelwise ICC of the spatially 

normalized and smoothed MT sat inside the particular ROI, the error bars show the 25 and 75 percentile. Unit on the secondary y-axes is coefficient of variation in 

percent. 
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eliabilities. With combined results of BCV, WCV and ICC we expand
he knowledge about a broader spectrum of reliability and variability
etrics for voxel- and ROI-based qMRI. 

We observed a particularly high WCV for MT sat and especially for
2 ∗ in orbitofrontal cortex areas, which indicates more noise or artefact
resence. This problem in certain inferior and brain regions close to tis-
ue boundaries was noted before in qMRI and might be slightly reduced
y increasing the GM probability threshold applied during analysis (see
upplemental Figure S1). Other sources of undesired variability might
nfluence reproducibility of MPM parameters. In addition to resolution
ifferences, the number and timing of echoes in the multi-echo FLASH
s expected to affect quality of the parameter estimates such as R2 ∗ 

 Weiskopf et al., 2014 ). The latter maps are particularly prone to motion
rtifacts, since their estimation requires images acquired at long echo
imes that are more affected by motion. The other quantitative maps
R1, MT, PD) generated from the MPM protocol are significantly less af-
ected by motion, since they are estimated from averages across multiple
cho times (including short echo times, Weiskopf et al., 2013 ). However,
he ESTATICS model uses multiple (available) contrast-weightings si-
ultaneously which has been show to provide more robust estimation of
2 ∗ with a higher signal-to-noise ratio compared to separate estimations

n the presence of motion artifacts ( Tabelow et al., 2019 ; Weiskopf et al.,
014 ). The ESTATICS model assumes mono-exponential free induction
ecay in line with previous correction approaches ( Nöth et al., 2014 )
hich will be violated in brain areas suffering from significant suscepti-
ility artifacts ( Neeb et al., 2006 ) or partial volume effects. The applied
rocedures did not account for field inhomogeneities due to susceptibil-
9 
ty variations which might have affected R2 ∗ reliability in some areas
f the brain (e.g. air-bone-soft tissue transitions). Future studies might
ocus on exploring these effects on MPMs and potential correction meth-
ds (e.g. using fieldmaps). As pointed out by Weiskopf et al., 2014 , the
omparably high resolution of 0.8 mm (isotropic) used in this study is
xpected to reduce the impact of susceptibility artifacts and partial vol-
me effects on the R2 ∗ maps but imaging protocols with lower resolution
r studies using 7 Tesla scanners might be affected more. The reported
eliability estimates might also depend on accuracy of the implemented
ethods that correct for effects of transmit ( Lutti et al., 2012 , 2010 ) and

eceive fields on parameter maps such as PD and R1 ( Tabelow et al.,
019 ). The applied RF sensitivity correction uses an additional receive
ensitivity field that is acquired before each of the PDw, T1w and MTw
ontrasts and combines a correction for motion-related relative receive
ensitivity variations with rigid-body realignment ( Papp et al., 2016 ).
he MT sat parameter map is relatively robust against differences in re-

axation times and RF transmit and receive field inhomogeneities – un-
ike the conventional MT ratio, which is affected by variations of the
1 and RF transmit field ( Helms et al., 2010 , 2008b ; Weiskopf et al.,
013 ). It is important to mention that typical motion trajectories may
iffer between volunteers and patients but also between different (pa-
ient) populations. Thus the reliability metrics reported in this study
ight not necessarily generalize to clinical studies. Interestingly, the
MRI-toolbox provides summary measures of head motion within- and
etween the acquisitions of each image volume (intra- and inter-scan
otion) ( Castella et al., 2018 ) that could potentially be used in future

tudies to exclude or downweight poor-quality data of individuals in
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Fig. 8. Exploring the effect of smoothing kernels on reproducibility of R2 ∗ map. Within (WCV; dark gray) and between (BCV; light gray) coefficient of variation (CV 

[in%]), ICC (black) over different smoothing kernels separated by cortex, subcortex (including amygdala, caudate, hippocampus, putamen, pallidum, accumbens 

area and thalamus), mid cingulate, precentral cortex, hippocampus. The presented ICC curves were obtained using the median of the voxelwise ICC of the spatially 

normalized and smoothed R2 ∗ inside the particular ROI, the error bars show the 25 and 75 percentile. Unit on the secondary y-axes is coefficient of variation in 

percent. 
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 statistical group analysis ( Lutti et al., 2022 ). Based on the slightly
etter ICC using a region-based approach, we would carefully suggest
sing this method for analyzing R2 ∗ map. The WCV results reported in
ur study may be further used as benchmarks for monitoring individ-
als (e.g., patients) over time in longitudinal studies ( Hopkins, 2000 ;
ehmann et al., 2021 ). 

The often-reported WCV (or CV) only covers one important aspect
f reliability and therefore reproducibility. A very common neuroimag-
ng research question is to detect potential relationships between qMRI
rain measures with other (behavioral or psychological) constructs.
rom a statistical perspective, the ability to detect such correlations
rucially depends on the reliability index ICC ( Zuo et al., 2019 ), a ra-
io measure that essentially places the amount of random measurement
rror (WCV) in the context of real biological (or psychological) varia-
ion between subjects (BCV) ( Bartko, 1991 ). Our results revealed ICC
alues ranging from fair to excellent (according to ( Cicchetti, 1994 )),
epending on the specific MPM map, thus suggesting a favorable bal-
nce between WCV and BCV. On the one hand, this indicates that MPM’s
re generally suited for use in correlational or explorative observational
tudies. On the other hand, by multiplying the expected population ef-
ect size by the square root of the ICC (our results can be used for sample
ize planning in future studies using the MPM protocol ( Kanyongo et al.,
007 ; Zuo et al., 2019 ). 
10 
It is a common assumption in many neuroimaging studies that
moothing improves signal to noise ratio and therefore might ben-
fit sensitivity of the analysis ( Ashburner and Friston, 2000 ). It ad-
itionally compensates imperfect registration and lowers within- and
etween-subject variability in terms of neural organization, folding etc.
 Maisog and Chmielowska, 1998 ; Mikl et al., 2008 ). In theory, there is
n a priori unknown optimal amount of smoothing that optimizes sensi-
ivity for a given spatial size of true effects. However, typically the opti-
al smoothing is hard to determine empirically ( Penny et al., 2003 ) and

oarse heuristics do exist only for established methods such as VBM and
MRI. In principle, it is therefore important to study the extent of spa-
ial smoothing resulting in the highest voxel-wise reliability for novel
uantitative MRI features. Using informed processing procedures are
xpected to have beneficial implications for sensitivity, specificity, and
eneral replicability of studies. 

In this study we reveal evidence that increased spatial smoothing fil-
er size leads to a decrease of both "bad" (WCV) and "good" (BCV) vari-
bility. In the best case, there is a reasonable balance between WCV and
CV, thus resulting in a high ICC. The current default of smoothing in
ost of the toolboxes like hMRI or SPM12 is 6 mm for T1w and quan-

itative MRI. In contrast our findings suggest that 2–4 mm smoothing
ernels might result in the highest reproducibility for voxelwise anal-
sis of MT sat (WCV mostly ≤ 4%, subcortical ICC = 0.453 and cortical
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CC = 0.890). This also enables preservation of more spatial structural
etails. Since the ICC of R2 ∗ was found to slightly increase with larger
moothing kernels, we would recommend kernel sizes of 6 mm or higher
or voxel-based analysis of this parameter map. The higher optimal R2 ∗ 

moothing kernel might be attributed to the different noise structure
etween the maps, which is alleviated in R2 ∗ with higher smoothing.
owever, one might lose substantial spatial information about struc-

ural differences and longitudinal changes when using a larger smooth-
ng kernels. Given also that the gradient of ICC with respect to filter sizes
as found to be rather small for R2 ∗ we would recommend not to ap-
ly kernels larger than 8 mm for tissue-weighted smoothing. It appears
hat optimal smoothing kernels in terms of reliability must be chosen
ependent on the respective map and research question. If a priori in-
ormation exists, the ROI approach for certain areas with higher ICCs
ight provide a reasonable alternative. 

We observed a higher ICC of MPM parameters in the cortex com-
ared to subcortex. According to our separate analysis this is likely to
e driven by a comparably high inter-individual true score variability
f MPMs in the cortex in terms of BCV, while WCV values were rather
imilar between cortex and subcortex for MT sat and R2 ∗ . This aligns
ith conclusions about morphometric variability inside the cortex in
revious studies ( Alexander-Bloch et al., 2013 ; Pizzagalli et al., 2020 ;
onderlick et al., 2009 ). However, macro- and microstructural differ-

nces should be differentiated if possible ( Ziegler et al., 2019 ). One
ight speculate that the macro-anatomical variability drives some of the

bserved differences in subcortical and cortical MPM reliability. To ad-
ress this hypothesis, we analyzed whether the standard deviation (SD)
f the Jacobian determinant, a proxy for macro-structural variability,
ould predict cortical and subcortical MPM reliability such as ICC. Our
ndings that ICC of MT sat was positively linked to anatomical variability
upports this hypothesis, whereas more complex patterns for R2 ∗ were
ound ( Fig. 5 C & D). We further showed that anatomical variability ex-
lains a small but significant amount of the BCV (true score variance), an
ffect that was more pronounced in the cortex than in subcortical areas.
t is important to note that local qMRI parameters that are partially af-
ected by increased macro-structural differences (via BCV) might indeed
ave a high reliability but do not necessarily represent a neuroimag-
ng biomarker with high (internal or external) validity. It might still be
he brain areas with less contributions of macro-structural variability
and lower ICC) where qMRI parameters might show their relevance
or cognitive neuroscience. We would argue for a careful consideration
f the complex interplay reflected in these different metrics and factors
hen conducting a new study. The observed negative correlation of cor-

ical anatomical variability with WCV was an unexpected finding of our
tudy. We can only speculate that this might be a statistical effect where
ifferent scaling and varying heterogeneity of voxel-wise MPM param-
ters affects noise variance estimates (based on only 2 scans). Maybe
his correlation might also point towards potential correction methods,
r generative models that incorporate both macro- and microstructural
spects using MPMs or other multimodal data. 

We are aware of a number of limitations of the present study. First,
s with all reliability studies, the tacit assumption that the brain is not
hanging during the scan-rescan might be not tenable in an experimental
etting ( Cercignani et al., 2018 ). To this end, it cannot be ruled out that
iological variation added unwanted variability to our data that might
ave influenced our results ( Trefler et al., 2016 ). Unlike in repeated
hantom measurements, we do not know the “true ” biological varia-
ion of young adulty brains over a month. Such changes might influence

CV and BCV in our ICC model although they are meaningful additional
ources of variance and not just noise. Therefore, more potential influ-
nces to the WCV (e.g., positioning, head-movement, multi-run variabil-
ty, day-to-day variability) needs to be analyzed in further studies using
ore sophisticated designs ( Brandmaier et al., 2018 ). The second limi-

ation is that ICC and BCV are potentially sample-specific. We focused
n a homogeneous group of young healthy adults and against this back-
round it must be noted that the ICC crucially depends on the amount
11 
f between-subject variation present in the analyzed sample, which is
nknown a priori ( Hopkins, 2000 ). Therefore, the presented/reported
CC values might not generalize to samples with different character-
stics. We would expect a higher ICC in a more heterogeneous pop-
lation (e.g., inclusion of diseased subject, wider age range etc.) and
ower values in a more homogeneous population (e.g., only one sex,
arrower age range, similar expertise levels etc.). However, the WCV
an be estimated from a sample of individuals which are not particu-
arly representative for the whole population ( Hopkins, 2000 ). There-
ore, the WCV results presented in this study provide a potentially use-
ul orientation which can be used for sample size planning in the future
 Button et al., 2013 ). Third, the application of bi-polar read-out gra-
ients during multi-echo acquisition of MPMs might have resulted in
istortion due to susceptibility artifacts that caused slightly lower reli-
bility estimates. Future studies might incorporate accurate and time-
fficient correction methods. Fourth, there are considerable differences
etween the processing tools for example SPM, FSL, freesurfer etc. It
as beyond the scope of this study to explore all the specifications of the
ifferent processing pipelines for qMRI data. Instead, we focused on the
MRI preprocessing defaults from the hMRI toolbox running in SPM12
 Tabelow et al., 2019 ). Novel generative modeling approaches incor-
orating spatial, longitudinal or multimodal priors might enable more
obust MPM parameter estimation in future ( Balbastre et al., 2020 ). 

. Conclusion 

The present study revealed good reproducibility estimates of the
ulti-parameter mapping (MPM) qMRI protocol for voxel- and ROI-

evel analyses over a comparably long-time interval of four weeks. The
oxelwise between- and within-subject variation (BCV and WCV) were
ound to be between 2 and 9% and 2–5% for all 4 MPMs (MT sat , R2 ∗ ,
D, R1). Our results pave the way to scientific application studies as-
essing microstructural changes induced by e.g. training intervention.
urthermore, especially the ICC values as reported here can be used for
ample size planning in future studies. Specifically, for the most com-
on statistical models (independent and dependent samples t -test and
onparametric equivalents, one-way ANOVA), it has been suggested to
ultiply the expected population effect size by the square root of retest

eliability/ICC ( Kanyongo et al., 2007 ; Zuo et al., 2019 ). Findings sup-
ort the important role of between-subject- and anatomical variability
or regional reliability differences. Our results pave the way to scien-
ific application studies assessing microstructural changes induced by
.g. training intervention. 
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