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ABSTRACT
The human brain can show remarkable experience-induced plasticity under conditions such as aging and pathology. However, 
the mapping of changes provided by many imaging approaches often lacks specificity with respect to biological tissue proper-
ties, which is relevant for treatment optimization and the evaluation of health-promoting lifestyle factors. Training-induced 
structural changes in cortical and subcortical gray matter likely reflect a mixture of various microstructural processes. In order 
to non-invasively map these different microstructural contributions, we used quantitative magnetic resonance imaging (qMRI) 
to measure clinically-relevant brain tissue property changes (such as iron, myelin, and water) in response to 4 weeks of motor 
balance training in 26 healthy young adults. Training resulted in a regionally-specific decrease in myelin-related magnetization 
transfer saturation (MTsat) in the left frontal cortex. We also found performance-related changes in iron-sensitive transverse re-
laxation rate (R2*) in visual cortical (signal increase along with positive performance correlation) and limbic subcortical (signal 
decrease along with negative performance correlation) brain areas. Our study contributes to a growing body of literature investi-
gating motor training-induced microstructural brain plasticity. Specifically, we provide new insights into microstructural brain 
changes using whole-body motor learning (balance practice) and longitudinal quantitative mapping of brain tissue properties.

1   |   Introduction

Brain plasticity is the ability of the nervous system to undergo 
transient or lasting functional or structural changes in response 
to external or internal stimuli (Konorski  1949; Paillard  1976) 
as well as motor skill acquisition and adaption to unexpected 
or novel situations (Azzarito et  al.  2023; Biel et  al.  2020; 
Draganski et  al.  2004). Recent theoretical accounts of brain 

plasticity often describe functional correlates and time course 
of training-induced structural brain changes and their respec-
tive changes across the human lifespan (Kheirbek et al.  2013; 
Lövdén et al. 2010; Wenger, Brozzoli et al. 2017; Wenger, Kühn 
et al. 2017).

In order to measure and track training-induced plasticity 
in vivo in the human brain, researchers have used non-invasive 
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magnetic resonance imaging (MRI) (Green and Bavelier 2008; 
Surgent et al. 2019; Tymofiyeva and Gaschler 2020). Using MRI 
and voxel-based morphometry of T1-weighted (T1w) brain im-
ages (Ashburner and Friston  2005), morphometric changes in 
cortical and subcortical brain regions can be investigated, for in-
stance, by physical exercise or learning interventions (Draganski 
et al. 2004; Zatorre, Fields, and Johansen-Berg 2012). Previous 
studies in the field showed highly dynamic and task-specific 
changes in local gray matter volumes in response to motor train-
ing and were able to demonstrate changes in gray matter after 
several weeks or months of motor training (Boyke et al. 2008; 
Draganski et al. 2006; Draganski et al. 2004), more recent stud-
ies found very rapid and transient plasticity in task-specific 
motor regions after just one or a few training sessions and thus 
at a very early stage of skill acquisition (Nierhaus et  al.  2021; 
Olivo et al. 2022; Taubert et al. 2016; Wenger, Kühn et al. 2017). 
Such different time courses of morphometric MRI changes are 
difficult to reconcile with a uniform underlying cellular cor-
relate (Song et al. 2022). The neurobiological processes driving 
the training-induced MRI signal changes are still difficult to 
address, mainly because conventional T1w MRI is not suited 
to quantify specific microstructural tissue processes (Tardif 
et al. 2016). Instead, the gray matter tissue segments derived from 
T1w images represent a 3D arrangement of arbitrary grayscale 
units that are influenced by the size, shape, and density of the 
underlying tissue (Lövdén et al. 2013). Morphometric training-
induced GM brain changes are a result of changes in cortical 
thickness, tissue density, surface area, and cellular composition 
of tissue microstructure, or some permutation of these factors 
(Asan et al. 2021; Wenger, Brozzoli et al. 2017). Therefore, it is 
likely that changes in gray matter at different stages of motor 
skill learning do reflect different microstructural plasticity pro-
cesses or a mixture of these. This lack of biological specificity of 
classical morphometric indices limits scientific progress in this 
field and hinders the clinical application of treatment strategies 
targeted at a specific pathological process. Therefore, it is critical 
to test the reliability and responsiveness of novel, biologically 
more specific MRI parameters in the context of interventions 
that allow the effects of behavioral training on clinically rele-
vant brain tissue properties to be assessed.

Quantitative magnetic resonance imaging (qMRI) (Weiskopf 
et  al.  2015) provides insight into microstructural processes. 
Multi-parameter mapping (MPM) is one specific qMRI method 
which uses multiple quantitative brain maps of improved bio-
logical specificity such as magnetization transfer saturation 
(MTsat), proton density (PD), longitudinal relaxation time (R1), 
transversal relaxation time (R2*). Respectively, histological 
validation studies support the relationship between qMRI pa-
rameters and specific biological processes (Campbell et al. 2018; 
Ghadery et  al.  2015; Henkelman, Stanisz, and Graham  2001; 
Langkammer et al. 2010; Lema et al. 2017). For example, MTsat 
imaging is related to cortical and subcortical myelin con-
tent (Cercignani and Barker  2008; Glasser et  al.  2014; Heath 
et al. 2018; Henkelman, Stanisz, and Graham 2001; Henkelman 
et  al.  1993; Turati et  al.  2015), R2* is mainly sensitive to iron 
(Barbosa et  al.  2015; Langkammer et  al.  2013; Langkammer 
et  al.  2010), PD has the most sensitivity to water content in 
the brain (Carey et al. 2018; Fatouros et al. 1991; Fatouros and 
Marmarou  1999) and R1 is sensitive to either myelin (Lutti 
et al. 2014), water (tissue) and iron content (Gelman et al. 2001), 

indicating reduced specificity of R1 compared to MTsat, R2*, and 
PD (Georgiadis et al. 2021; Tofts 2003).

Previous plasticity and aging studies primarily employed R1 to 
track microstructural changes within the cortex (Matuszewski 
et  al.  2021; Rowley et  al.  2019; Shao et  al.  2022; Yeatman, 
Wandell, and Mezer 2014). To date, only one training study has 
assessed changes in multiple MPM parameters concurrently 
(Azzarito et al. 2023), which showed specific temporal and spa-
tial properties of microstructural changes induced by motor skill 
learning using a computer-based motion game. Consideration 
of multiple structural brain imaging indices, as also suggested 
in the literature (Draganski and Kherif 2013; Song et al. 2022; 
Tardif et al. 2016), may improve the interpretation of the neuro-
biological correlates underlying behavioral training. This sug-
gests that an integrative analysis of multiple qMRI maps may 
offer complementary evidence for or against certain changes in 
microstructural tissue properties (e.g., myelin). This approach 
can thus provide more granular insights compared with look-
ing at individual metrics (Draganski and Kherif 2013; Weiskopf 
et al. 2013).

The aim of this study is to comprehensively map microstruc-
tural gray matter changes using MPM's of R1, MTsat, PD, and 
R2* in response to 4 weeks of training in a challenging dynamic 
balance task (DBT) (McNevin, Shea, and Wulf 2003; Shea and 
Wulf  1999). The MPM metrics offer valid and reliable (Aye 
et al. 2022; Leutritz et al. 2020) insights into brain tissue prop-
erty changes over short periods of time (intraclass correlation 
coefficient as a marker for reliability [ICC] over 4 weeks in cor-
tex and subcortex) between 0.789 and 0.264 by Aye et  al. and 
in global voxelwise GM between 0.728 and 0.883 by Wenger 
et al. (2022), and a coefficient of variance between 4% and 16% 
(Leutritz et al. 2020). In order to relate motor training to quanti-
tative brain tissue changes we modeled individual motor learn-
ing performance over sessions (Lehmann et al. 2023; Lehmann, 
Villringer, and Taubert 2022). In the context of our previous find-
ings with the whole-body balance training paradigm (Taubert 
et al. 2010), we expect microstructural changes in prefrontal re-
gions (medial frontal cortex, middle frontal cortex, and orbitof-
rontal cortex) and in motor-related areas (supplementary motor 
area), as these are present in the early and late learning phases of 
this task. Using qMRI data acquired pre and post-training, we, 
therefore, tested for training-related voxel-wise microstructural 
brain changes (1) in prefrontal and motor-related brain regions 
(a priori regions-of-interest) and (2) across the whole cortex and 
subcortical regions in an exploratory analysis approach.

2   |   Material and Methods

2.1   |   Participants and Experimental Design

To assess microstructural changes through dynamic whole-
body balance training (DBT) we acquired three MRI scans with 
a scan-to-scan interval of 4 weeks in between (first period was 
the control period (interval between MRI-1 and MRI-2), second 
period was the intervention period (interval between MRI-2 and 
MRI-3); Figure 1A) which is strong controlled within-subjects 
test design referred to Thomas and Baker  (2013). None of the 
26 healthy participants (4 ♀, 22 ♂; age: mean = 22.1, SD = 3, 
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range 19–29; BMI: mean = 21.2, SD = 2.3, range 17.6–25.6) had 
a history of systemic, psychiatric or neurological diseases. We 
excluded participants with high expertise in balance-focused 
sports like dancing or horse riding or with previous experience 
with the task to be learned (DBT). Further exclusion criteria 
were body mass index (BMI) > 30 kg/cm2, contraindications to 
MRI, left-handedness, and self-reported vigorous physical ac-
tivity > 4 h per week. Participants were instructed to avoid any 
balance-specific or coordinative-demanding sports throughout 
the intervention and control periods. This study sample was a 
subset of subjects that participated in our previous reliability 
studies (Aye et al. 2022; Lehmann et al. 2021). The study was 
carried out in accordance with the Declaration of Helsinki and 
approved by the Ethics Committee of the Otto von Guericke 
University Magdeburg (approval number 106/98). Written in-
formed consent was obtained from all participants.

2.2   |   Dynamic Whole Body Balancing Task

After the second MRI scan (MRI-2, see Figure  1), the par-
ticipants received 8 training sessions of the DBT on a 

seesaw-like platform (stability platform, model 16,030, Lafayette 
Instruments, Lafayette, IN). The balance platform has a maxi-
mum deviation of ±26° on each side and is moveable in the me-
diolateral direction. Within the intervention period of 4 weeks, 
each participant completed two DBT training sessions per week 
with at least 24 h between sessions. Each training session con-
tained 15 training trials with a duration of 30 s each (Figure 1B), 
and participants were given a 2-min rest period between trials to 
avoid muscle fatigue.

Participants were instructed to keep the balance platform 
within a deviation range of ±3° from the horizontal for as long 
as possible during each trial (Taubert et  al.  2010), while fo-
cusing their attention on a cross on the wall directly in front 
of them (placed directly in the line of sight). The behavioral 
outcome measure was the “time in balance” (in seconds), 
which is defined as the cumulated time spent within the afore-
mentioned deviation range during each 30-s trial. After each 
trial, the participants received verbal feedback about their 
time in balance (knowledge of results) while no further in-
formation about the optimal movement strategy was provided 
(discovery-learning strategy, Orrell, Eves, and Masters 2006). 

FIGURE 1    |    (A) Overview of the control and training period of the study. In each MRI session, we used the same measurement protocol for the 
multi-parameter maps (MPM's) based on Weiskopf et al. (2013). (B) Average performance (time in balance ±1 SD) of each DBT trial of the n = 26 
participants during the 4-week intervention period. (C) ROIs with structural changes in gray matter in the late DBT learning phase, based on the 
previous study by Taubert et al. (2010). ROIs (red dots) are superimposed on a rendered template in MNI152 space. MNI coordinates and anatomical 
labels (according to the Neuromorphometrics atlas) are listed next to the ROIs.
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We used the repeated measurement (RM) ANOVA for quanti-
fying the performance improvements for all training sessions 
including all trials.

2.3   |   MRI Image Acquisition/Processing

The MRI data were acquired on a 3 T MAGNETOM Prisma 
system (Siemens Healthcare, Erlangen, Germany) using a 
64-channel head coil. We used the same measurement proto-
col for each of the 26 volunteers on each of the three scanning 
sessions as described in Aye et al. (2022) and measured each 
subject at three time points with 4 weeks intervals at the same 
time of day whenever possible to minimize the influence of di-
urnal variability (Trefler et al. 2016). The time interval with-
out training (i.e., between MRI-1 and MRI-2; see Figure 1A) 
served as a control period against which changes in the qMRI 
parameter maps occurring during training (i.e., between 
MRI-1 and MRI-3 as well as MRI-2 and MRI-3) were com-
pared. All participants were instructed not to consume coffee 
or energy drinks directly before the measurements and not to 
consume alcohol 24 h before the measurements. To minimize 
within- and between-subject variations in head positioning, 
the subjects were carefully positioned in the MRI scanner by 
an experienced assistant medical technician. The receive head 
coil was fixed on the table at the same position using a hold-
down groove. All subjects lay down in a supine position (head 
first) and landmarks were positioned between the eyebrows. 
The body of the participant was adjusted parallel to the B0 
field before the measurement. Participants were instructed to 
relax and keep their minds free of any thoughts while moving 
as little as possible.

We acquired the MPM protocol (see e.g., Tabelow et al. 2019) 
using three different predominant T1-, PD-, and MT-weighted 
images with multi-echo FLASH scans by appropriate choice of 
the repetition time (TR) and the flip angle α: TR/α = 23.0 ms/25° 
for T1w scan, 23.0 ms/5° for PDw scan, and 37.0 ms/7° for MTw 
scan. Multiple gradient echoes were acquired with alternating 
readout polarity at 8 equidistant echo times (TE) between 2.46 
and 19.68 ms for T1w and PDw acquisitions and at six equidis-
tant TE between 2.46 and 14.76 ms for MTw acquisition. Other 
acquisition parameters were: 0.8 mm isotropic resolution, 224 
sagittal partitions, field of view (FOV) = 230 × 230 mm. The 
total acquisition time was 34.23 min. For optimizing the flip 
angles of the acquisitions we were using a semi-empirical ap-
proach in order to maximize signal-to-noise ratio (SNR) while 
limiting bias due to imperfect RF spoiling (Helms et al. 2011). 
The excitation flip angles for the T1- and PD-weighted gradient 
echo sequences were selected based on the recommendations 
by Helms, Dathe, and Dechent  (2010), where noise propaga-
tion into the maps is minimized by choosing flip angles pro-
portional to the Ernst angle for brain tissue, scaled by factors 
of 0.4142 and 2.4142, respectively. However, as highlighted by 
Helms et al. (2011) and supported by our practical experience, 
the effects of refocused transverse coherences become signif-
icant at higher flip angles. To mitigate these effects, the T1w 
flip angle was empirically reduced to 25°. For further details 
on this optimization process, we refer to Leutritz et al. (2020). 
Transmit and receive field correction acquisition was done 
prior every weighted image series (56 sagittal partitions), field 

of view FOV = 230 × 230 mm, TR = 4.1 ms, TE = 1.98 ms for B1- 
and TR = 2000 ms, TE1 = TE2 = 14 ms, 24 sagittal slices, slice 
thickness = 5 mm, FA = 90°, 120°, 60°, 135°, 45° for the rf map 
which was used for the B1+ correction as a part of the hMRI 
toolbox (Lutti et al. 2012; Lutti et al. 2010).

The generation of the quantitative maps was performed using 
the hMRI toolbox (version 0.2.0, www.​hmri.​info, Tabelow 
et  al.  2019) with the recommended parameter settings as de-
scribed by Aye et  al.  (2022). The toolbox generates (quantita-
tive) maps of magnetization saturation (MTsat), proton density 
(PD), longitudinal relaxation rate (R1) and transverse relaxation 
rate (R2*).

These maps were reoriented toward a standard pose by setting 
the anterior commissure at the origin and both anterior and pos-
terior commissure (AC/PC) in the same axial plane. This is a 
common step to increase the consistency in individual head po-
sitions prior to normalization and/or segmentation (Mazziotta 
et al. 2001b; Mazziotta et al. 2001a; Mazziotta et al. 1995). SPM's 
segmentation for example is sensitive to the initial orientation of 
the images (Ashburner and Friston 2005), which is addressed by 
this step. Note, that the header information of every reoriented 
image was changed without reslicing. The output resolution of 
processed multi-parameter maps was set to 1 mm isotropic.

2.4   |   Voxel-Based Quantification (VBQ)

We used the hMRI toolbox (version 0.6.0) default settings for 
MTsat, PD, R1, and R2* image processing. In the first step of 
spatial processing, we segmented the MTsat images into dif-
ferent tissue classes (Gray matter—GM. White matter—WM, 
Cerebrospinal fluid—CSF) based on a probabilistic approach 
taking advantage of prior tissue probability maps (TPM) specifi-
cally developed for MPM's (denoted as eTPM), which has shown 
to result in improved segmentation (Lorio et al. 2014; Tabelow 
et al. 2019). Furthermore, MTsat-based segmentation leads to im-
proved subcortical contrast compared to T1w scans because of 
the improved delineation of white matter (WM) laminae embed-
ded in GM structures (Helms et al. 2009). Second, we normal-
ized individual native space images to MNI space by generating 
an average shaped template using DARTEL nonlinear spatial 
registration (Ashburner 2007). All segmented maps and GM tis-
sues were registered to MNI space by applying the obtained de-
formation fields from Dartel followed by an affine transform. In 
the last step of spatial preprocessing, we applied tissue weighted 
smoothing to each map to account for potential registration in-
accuracies. We used a 4 mm smoothing kernel for MTsat, PD, and 
R1 maps, and 8 mm for R2* maps, because these settings have 
shown to result in optimized reliability results (Aye et al. 2022). 
This technique, specifically developed for qMRI (Draganski 
et  al.  2011), allows us to improve spatial realignment by pre-
serving quantitative values within tissue classes (not smooth-
ing across tissue boundaries) while also accounting for partial 
volume contribution. Tissue weighted smoothing of MPM's ac-
cording to the toolbox default settings uses individual 95% tissue 
probability masks (Draganski et al. 2011; Tabelow et al. 2019). 
The binary mask used for the subsequent statistical analyses of 
subcortical areas in MNI space was thresholded to a gray matter 
probability of 20%.

http://www.hmri.info
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2.5   |   Gray Matter Based Spatial Statistics (GBSS)

Changes in cortical gray matter were analyzed using a mod-
ified gray matter based spatial statistics (GBSS) pipeline in-
spired by TBSS (Nazeri et  al.  2015, bash scripts available at 
https://​github.​com/​arash​-​n/​GBSS). In brief, GBSS uses a 
skeleton-based registration approach inspired by Tract-Based 
Spatial Statistics (Smith et  al. 2006), but optimized for the 
conditions of the gray matter (GM). The underlying idea is to 
project qMRI maps to an alignment-invariant sample-specific 
skeleton which represents the maximally probable GM voxels 
(Nazeri et al. 2015), thus minimizing the potential influence 
of partial-volume contamination using unsmoothed images. 
The generation of the group-specific GM skeleton in MNI152 
space based on diffusion imaging data was conducted as de-
scribed in Lehmann et al. (2023). To this end, qMRI maps of 
each subject and measurement point were linearly registered 
to the respective native diffusion space, and afterwards the 
precomputed transformation matrices to MNI152 space were 
applied (Lehmann et al.  2023). Regarding the skeleton, only 
voxels with a GM probability of 0.5 in 50% of the subjects of 
the sample were retained.

3   |   Statistical Analysis

3.1   |   Statistical Analysis of Behavioral Data

We calculated behavioral indices for participants' initial level 
of performance and rate of improvement during the training 
period (Adams  1987; Fox, Hershberger, and Bouchard  1996). 
Theoretically, both initial performance and learning rate could 
be influenced differently by structural brain properties (Della-
Maggiore et al. 2009; Sampaio-Baptista et al. 2014).

To determine DBT learning rates, we first averaged each par-
ticipant's trial-wise performance values per training session (15 
trials). Learning rates (exponent) and initial performance levels 
(base) were calculated by fitting each participant's behavioral 
data (8 values) with a power function, as was done by others 
(Lehmann et al. 2023; Lehmann, Villringer, and Taubert 2020). 
To correct for baseline differences, we calculated residuals of 
the slope values linearly corrected for the base.

3.2   |   Region Based Approach

Previous training studies investigated volumetric brain changes 
and brain-behavioral correlations after six training sessions 
(one session per week) in the same complex whole-body bal-
ancing task (“Stabilometer”) and identified performance-
related brain changes in prefrontal and motor-related areas 
(Taubert et al. 2011; Taubert et al. 2010). In the present study, 
cumulative training-induced microstructural changes are ana-
lyzed over a longer period of time, that is, after eight training 
sessions dispersed over 4 consecutive weeks (two training ses-
sions per week instead of one training session per week over 
6 weeks). We predict changes in those prefrontal regions that 
showed plasticity in the late learning phase in the study of 
Taubert et  al.  (2010). Following a recent report of diffusion-
based microstructural changes in motor-related areas in the 

same sample (Lehmann et al. 2023), we will also test for MPM 
changes in supplementary motor areas. The region-of-interest 
(ROI) approach uses spheres of 5 mm radius around the coor-
dinates of the peak voxel of each cluster. Within each of the 
five ROI's listed in the following (peak voxel in MNI space, 
see Figure  1C), we extracted the mean voxel intensities of 
each subject and measurement point: left medial frontal cor-
tex (left MFC; −6, 57, −9), left middle frontal gyrus (left MFG; 
−43, 46, 12), left anterior orbitofrontal gyrus (left AOrG; −29, 
61, −7) left and right supplementary motor area (Left SMA; 
−8, −2, 69; Right SMA; 11, 22, 59). We choose this sphere ra-
dius to avoid overlaps with tissue boundaries or partial vol-
ume effects (Pizzagalli et  al.  2020; Wonderlick et  al.  2009). 
The first two MRI time points (MRI-1-MRI-2; see Figure  1) 
were used as a control period for the observed brain changes 
during the intervention period (MRI-2-MRI-3). Building on 
prior research (Callaghan et al. 2015; Carey et al. 2018; Carter 
et al. 2022; Weiskopf et al. 2013), we posit that the four MPMs 
exhibit shared variance owing to their overlapping sensitivity 
to specific biological properties (Carter et  al.  2022; Edwards 
et al. 2018). For instance, it has been reported that PD and R1 
share 42% of variance due to their mutual sensitivities to water 
content, while MTsat and R1 share 48% of variance, potentially 
reflecting a common sensitivity to myelin content (Carter 
et al. 2022). First, we conducted repeated-measures MANOVAs 
with MPM as the dependent variable (4 levels: R1, PD, R2*, 
MTsat) and factors ROI (MFG, MFC, AOrG, left and right 
SMA) and TIME (3 levels: MRI-1, MRI-2, MRI-3; see Figure 1) 
to assess microstructural changes over time. Second, we per-
formed follow-up ANOVAs within each ROI for every MPM. 
Finally, paired t-tests (control interval [MRI1 vs. MRI2] and 
intervention interval [MRI2 vs. MRI3]) using the mean value 
inside each MPM were carried out in each ROI (using SPSS 
Statistics version 25, RRID:SCR007037) and MPM changes in 
each ROI were correlated with motor learning rates to evaluate 
behaviorally related changes. We assessed the brain imaging 
data for normality Kolmogorow-Smirnow and found that 58 
out of 60 measures were normally distributed. Additionally, 
we visually inspected the Q-Q plots and observed no violations 
of normality. Although normality violations are generally not 
problematic for the methods employed (Finch 2005; Knief and 
Forstmeier 2021), we have checked for influential outliers and 
deviations in the data. All results were considered significant 
at p < 0.05 for the follow-up tests.

3.3   |   Exploratory Whole-Brain Analysis 
of Structural Changes With Behavioral 
Improvements

In order to explore learning-related changes in MPM micro-
structural maps both in the whole cortex and sub-cortical gray 
matter, we used the Permutation Analysis of Linear Models tool-
box (PALM v. alpha119, RRID:SCR017029) (Winkler et al. 2016; 
Winkler et  al.  2014) running in MATLAB 2020b (MATLAB, 
RRID:SCR001622) environment. Adopting the procedure of 
Lehmann et  al.  (2023), we are testing the complex hypothesis 
that the microstructural changes in the brain are indeed due to 
training and are behaviourally relevant. If the complex hypoth-
esis is true, there should be evidence of neuroplastic change in 
the time intervals MRI1_MRI3 and MRI2_MRI3 (as assessed 

https://github.com/arash-n/GBSS
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by t-tests against zero), and likewise, there should be evidence of 
correlated change between brain and learning rate in these time 
intervals (as assessed by linear regressions). In the absence of a 
traditional control group (see Thomas and Baker 2013), this pro-
cedure can largely rule out spurious results due to measurement 
error (especially pertaining to the time interval MRI1_MRI2) are 
misinterpreted as neuroplastic change. Likewise, it is important 
that only the incorporation of the MRI1_MRI3 time interval in 
the NPC allows to mitigate the potential impacts of development 
and/or repeated testing effects (Lehmann et al. 2023).

The four submodels (two t-tests, two regressions) per imaging 
modality were jointly tested within the modified nonparamet-
ric combination (NPC) framework (Winkler et  al.  2016). NPC 
started by analyzing the submodels separately using synchro-
nized permutations, therefore implicitly accounting for the non-
independence between partial tests under the null hypothesis 
(Winkler et al. 2016). To produce a joint statistic summarizing 
the statistical evidence for the complex theory, the results from 
the submodels were then aggregated using Fisher's (1933) com-
bining function. We used directional (one-sided) contrasts based 
on anticipated patterns of results (e.g., increase in microstruc-
ture and positive correlation with performance or vice versa).

For implementing the NPC analysis in the subcortex, percent-
age change images (MRI1_MRI3 and MRI2_MRI3) were calcu-
lated inside a 20% gray matter probability mask, and voxel-wise 
PALM-based NPC analysis was spatially restricted to this mask 
(voxel-based quantification, VBQ). Analysis in cortical GM 
areas was conducted using GBSS (see above), which means that 
the microstructure maps projected onto the group-specific gray 
matter skeleton were used. Percentage change images were also 
calculated here, which were then analyzed within a mask of 
the gray matter skeleton (Nazeri et al. 2015). Note that only 24 
subjects were included in the GBSS analysis because two par-
ticipants did not have complete diffusion MRI data for all three 
measurement points.

For both subcortical (VBQ) and cortical (GBSS) PALM-based 
NPC analyses, we applied threshold-free cluster enhancement 
(TFCE; Smith and Nichols 2009) to enhance cluster-like struc-
tures in the statistical images. We generated 10,000 permuta-
tions for each partial test to create an empirical null distribution, 
which was then used for statistical inference. The TFCE output 
maps underwent cluster-based family-wise error (FWE) cor-
rection using the distribution of the maximum statistic (Smith 
and Nichols 2009; Winkler et al. 2014). Significant results were 
defined at p < 0.05 (FWE-corrected), while potential statisti-
cal trends were evaluated at a more liberal threshold of p < 0.1 
(FWE-corrected).

4   |   Results

4.1   |   Behavioral Results

Figure  1B shows the average balance performance (time in 
balance) across participants for each trial during the eight 
training sessions. We found a significant increase in bal-
ance performance over time (F(7, 98) = 586.827, p ≤ 0.001, 
ηp

2. = 0.977).

4.2   |   Region of Interest Analysis

The repeated-measurement MANOVA for all ROIs and 
all MPMs showed a significant main effect of TIME (F(8, 
18) = 3.194, p = 0.019), no interaction effects between TIME 
and REGIONS (F(16, 10) = 1.671, p = 0.207) but a significant 
main effect of REGIONS (F(8, 18) = 40.048, p < 0.001). The 
post hoc repeated measurement ANOVA of all four MPMs 
in each ROI showed a significant main effect of TIME in 
the left MFC in MTsat (F(2, 50) = 3.379, p = 0.042), in MFG 
in R1 (F(2, 50) = 6.547, p = 0.003) and in AOrG in MTsat (F(2, 
50) = 11.889, p < 0.001). We did not observe any significant 
changes in the left or right SMA. In the control period, we 
observed no significant changes in all four MPMs in the MFC 
and MFG, while in the left AOrG significant MTsat decrease 
were observed (t(25) = 3.297, p = 0.003, n = 26). In the train-
ing period, we found a significant R1 increase in the left MFG 
(t(25) = −2.159, p = 0.041, n = 26), MTsat decrease in the left 
MFC (t(25) = 2.560, p = 0.017, n = 26) but no changes in the 
AOrG. Direct comparisons between MPM changes in the con-
trol versus intervention periods, however, revealed no signif-
icant differences in all spheres (Table S1). Changes in PD and 
R1 in the MFC were highly negatively correlated (r = −0.798, 
p = < 0.001, n = 26, see Figure S2), while we saw no correlation 
between the other MPM's. We also correlated the changes in 
the MPMs with the learning rate but found no significant ef-
fects on the ROIs. MPM values for all time points and ROIs are 
shown in Figure S1.

4.3   |   Whole Brain Analysis With 
Brain–Behavior Correlations

Apart from changes in pre-specified ROIs, we conducted voxel-
wise whole-brain analyses to explore the effects of training on 
the whole cortex and sub-cortex. Specifically, using the modi-
fied NPC framework, we tested for behaviorally relevant plas-
ticity separately in the four MPM parameter maps.

With respect to subcortical analyses, we observed a non-
significant trend toward a training-related decrease in R2* in 
the left hippocampus (left HC) that was at the same time neg-
atively associated with a steeper learning curve (p = 0.055, 29 
voxel for 0.061 thresholds, n = 26, Figure 3A,B).

Within the cortex, we found a significant increase in R2* in 
the right fusiform gyrus along with a positive correlation with 
learning rate in the DBT (p = 0.041, 21 voxel, n = 24; Figure 4). In 
the identified region, learning rate correlated with R2* changes 
between MRI-1 and MRI-3 (r = 0.696, n = 24) and MRI-2 and 
MRI-3 (r = 0.349, n = 24) (Figure 4B). No other learning-related 
MPM changes were observed in subcortical and cortical gray 
matter regions.

5   |   Discussion

This longitudinal multi-parameter MRI study provides novel evi-
dence for learning-related microstructural changes after 4 weeks 
of dynamic balance training. Microstructural changes were 
identified using a quantitative MPM approach that contributes 
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advanced information on biologically-plausible microstructural 
tissue property changes (Weiskopf et al. 2013). Behaviorally rel-
evant brain changes in iron-sensitive R2* were found in the oc-
cipital cortex and in the hippocampus (non-significant trend). 
In addition, in the occipital cortex, R2* increased during the 

training period, and this increase was positively correlated with 
interindividual differences in balance learning rate, while the 
opposite pattern (R2* decrease and negative correlation with 
learning rate) was found in the hippocampus. These training-
induced changes in R2* bear a resemblance to aging-related 

FIGURE 2    |    Average percentage change and associated standard deviation in four microstructural maps (MTsat: Blue, PD: Orange, R1: Gray, R2*: 
Yellow) in the ROIs during the control and learning phases of the experiment. Note that the indexing of the values as percentage change is for visu-
alization purposes only, whereas in the text presented values are calculated based on dependent samples t-tests.
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patterns of iron deficiency and deposition observed in both corti-
cal and subcortical regions (Del C Valdés Hernández et al. 2015; 
Taubert et al. 2020). Iron accumulation is a common feature of 
the aging brain and is often regarded as a potential indicator of 
neurodegenerative conditions like Parkinson's disease (Cabrera-
Valdivia et  al.  1994; Kaindlstorfer et  al.  2018; Krajcovicova, 
Klobusiakova, and Rektorova 2019; Sofic et al. 1988). However, 
the sensitivity of R2* to iron seems different depending on brain 
regions and tissue types (Kirilina et  al.  2020) suggesting that 
different directions of training-induced R2* change in young 
adults may not reflect one and the same underlying mecha-
nism operating in different directions. Thus, further long-term 
training studies in older adults are required in order to dissoci-
ate between R2* changes mimicking dynamic, short-term plas-
ticity processes equivalent to those seen in young adults and/or 
a reversal of stable, long-term age-related changes in brain iron 
content. Furthermore, using ROI analyses, we found limited ev-
idence for training-related microstructural changes in prefron-
tal and motor-related brain areas. A training-induced decrease 
in myelin-sensitive MTsat in the medial prefrontal cortex is dis-
cussed in relation to myelin.

Accumulation of iron, particularly in subcortical gray matter re-
gions, is associated with various neurodegenerative diseases and 

age-related cognitive decline (Spence, McNeil, and Waiter 2020). 
However, iron is also essential for (re)myelination and repair 
processes (Carlson et al. 2007; Schulz, Kroner, and David 2012; 
Stephenson et al. 2014; Todorich et al. 2009; Tran et al. 2015). 
During aging, higher R2* values may indicate age-related iron 
deposition in subcortical brain regions while lower R2* values in 
the cortex could reflect iron reductions associated with atrophy 
and demyelination (Taubert et al. 2020). It was recently found 
that reduced R2* in the hippocampus is associated with higher 
physical activity levels (Lee et  al.  2023) and the hippocampus 
is involved in early stages of learning (Gheysen et al. 2010). A 
training-related decrease in hippocampal iron content might be 
associated with synaptogenesis (Azzarito et  al.  2023; Carlson 
et al. 2007; Tran et al. 2015) in the context of balance training 
(Dordevic et al. 2018; Sehm et al. 2014). These results are explor-
atory in nature and therefore require further confirmation. In 
particular, it could be tested whether training is able to alleviate 
iron-related deficits associated with physiological aging or neu-
rodegeneration. However, it is important to note that the spe-
cific patterns of iron-related changes in R2* may differ between 
young and older adults. Our study exclusively involved young, 
healthy volunteers, and the observed R2* changes in this group 
may reflect dynamic, short-term plasticity processes rather than 
the more stable, long-term changes seen in aging. Therefore, 

FIGURE 3    |    Trend-level NPC results for R2 in the left HC*: (A) Scatter plots with mean values (±1 SD) of the R2* value changes in the sample 
(n = 26) across the three measurement points, B: Correlation between DBT performance (learning rate) and within-cluster change of R2*, C: Location 
of the cluster in the left HC, peak voxel xyz (−24, −11, −24; p = 0.055, FWE-corrected, MNI152 space).

FIGURE 4    |    Significant NPC results for R2* in the fusiform gyrus. (A) Scatter plots of within-cluster raw value changes for each participant 
(n = 24) are shown as gray dots, mean values (± 1 SD) overlaid. (B) Correlation of DBT performance (learning rate) and R2*s changes. Note that these 
Pearson correlation coefficients are not used for statistical inference, but only to show the direction of the relationships. (C) Shows the location of the 
significant cluster in the right fusiform gyrus rendered to MNI (MNI152 template), peak voxel xyz (15, −78, −10).
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while our findings provide a conceptual link to aging-related 
iron deposition patterns, we acknowledge that direct compar-
isons should be made cautiously, given the differing baseline 
conditions and mechanisms between young and older brains. 
Further research is needed to determine whether the plasticity 
processes observed in young adults are consistent with those in 
aging populations, and this is currently being investigated in on-
going studies.

During skilled whole-body movements (e.g., locomotion, pos-
tural control), the associated sensations are predicted based on 
an internal forward model of the causes of sensory input (Keller 
and Mrsic-Flogel 2018). Such sensorimotor interactions are es-
tablished and updated during the learning of new (whole-body) 
motor tasks. On the one hand, the newly acquired motor com-
mands trigger sensory representations in the respective sensory 
brain areas and, on the other hand, dynamic whole-body pos-
tural control strongly depends on efficient multisensory predic-
tive processing to link the different inputs from relevant sensory 
modalities (e.g., visual, vestibular, proprioceptive, tactile). In 
this respect, visual input processing is essential for postural 
control in general and for the stabilometer balance task in par-
ticular. One reason for this is that the participant stands on a 
seesaw-like, moving stabilometer platform, which generates sig-
nificantly lower ground reaction forces, and thereby less tactile 
and proprioceptive sensations in the event of perturbations than 
a static platform. Thus, postural control probably relies more on 
visual and vestibular modalities. Our qualitative observations 
support this because participants closing their eyes during a sta-
bilometer trial show an immediate drop in performance (referred 
to the study by Rogge et al.  (2017)) (Muelas Pérez et al. 2014). 
Motor learning of the stabilometer balance task leads, among 
other things, to neural changes in visuomotor areas of the pa-
rietal cortex and in visual areas of the occipital cortex (Taubert 
et  al.  2010). In the present study, an R2* signal increase was 
observable in the left fusiform gyrus, and between-participant 
variation in R2* change was correlated with the learning rate 
of the DBT. This finding was obtained in an exploratory whole-
brain analysis, which is why the role of this particular visual 
area in the balance learning process must be further substanti-
ated/confirmed in future studies. However, it is noteworthy that 
the left fusiform area has already been linked to complex move-
ment coordination in other studies (Karabanov et al. 2023).

Training-induced changes in myelin have been explored 
in a few studies using measures of relaxation time and/or 
magnetization transfer (Lakhani et  al.  2016; Matuszewski 
et  al.  2021; Wenger, Brozzoli et  al.  2017; Wenger, Kühn 
et al. 2017). Matuszewski et al.  (2021) observed increases in 
R1 after 8 months of somatosensory tactile reading training 
within the left and right ventral occipitotemporal cortex. 
Following 4 weeks of practice in a virtual reality training par-
adigm, Lakhani et al. (2016) noted increases in myelin water 
fraction (MWF) within the left intraparietal sulcus and left 
parieto-occipital sulcus. Interestingly, the intraparietal sulcus 
exhibited a negative correlation with the rate of motor skill 
acquisition. Their conclusion suggested that a slower learn-
ing rate results in greater neuroplastic changes (Lakhani 
et  al.  2016), which is not in line with our finding of a pos-
itive correlation between learning and R2* increases. The 
neuroplastic response to training is highly task-specific, and 

differences in task design, the timing of task-related demands 
on the brain, and varying training volumes between MRI 
scans have led to different results. In other studies utilizing 
MPM, initial decreases in R2*, MTsat, and R1 were observed 
after 7 days, followed by an increase after 28 days of training 
using a motor skill learning paradigm (Azzarito et al. 2023). 
Changes were noted in the left cerebellum, right hippocam-
pus, and left internal capsule. MPMs were also employed to 
explore changes during cognitive training (Biel et  al.  2020; 
Ziminski et  al. 2023). While three of these studies demon-
strated training-induced microstructural tissue changes in 
correlation with behavioral performance (Azzarito et al. 2023; 
Lakhani et  al.  2016; Matuszewski et  al.  2021), others have 
failed to show significant training-induced qMRI alterations 
with behavioral change (Biel et al. 2020). The former poten-
tially reflects a sensitivity of quantitative structural metrics 
to the high inter-individual variability of training responses. 
At the same time, it also highlights the challenges in inter-
preting potential underlying mechanisms of qMRI changes 
in different training domains. Therefore, it seems important 
to improve the comparability of study results, for example, 
through the joint analysis of multimodal data. This will sup-
port conclusions about latent biological processes of plasticity 
on the basis of the differential information from various struc-
tural metrics.

Myelin in the brain primarily serves to enhance the conduc-
tion velocity along axons, facilitating rapid transmission over 
long distances within the brain (Freeman et al. 2016; Freeman 
et  al.  2015). Regional differences in intra-cortical myelin con-
tent have been demonstrated in the human gray matter, poten-
tially fine-tuning local neuronal circuits (Glasser et al. 2014) and 
modulating neuroplasticity on a rapid temporal scale (Azzarito 
et al. 2023). MTsat and R1 are acknowledged as surrogate mark-
ers of myelin content in the cortex (Georgiadis et al. 2021; Heath 
et al. 2018; Natu et al. 2019; Schmierer et al. 2004). Given that 
training induces changes in synaptogenesis within the gray 
matter, an initial decrease in myelin-sensitive R1 and MTsat 
due to the inhibitory effect of myelin on cortical synaptic plas-
ticity could be expected and considered plausible (Bacmeister 
et al. 2022; McGee et al. 2005). Though speculative, the MTsat 
decrease in MFC could result from a relative reduction in my-
elin and the formation of new synapses or unmyelinated con-
nections. Subsequently, redundant connections are eliminated 
during the pruning phase (Kantor and Kolodkin 2003; Yasuda 
et  al.  2011) and activity-dependent myelination of established 
connections can occur (Fields  2015; Sampaio-Baptista and 
Johansen-Berg  2017). The non-significant increase in R1 in 
the very same region (Figure 2) suggests a potential reduction 
solely in the overall proportion of myelin content due to a lower 
proportion of myelin-related tissue among the observed tissue 
increase. This is supported by the observed decrease in proton 
density (PD), which negatively correlates with the increase in 
R1, possibly indicating tissue augmentation concurrent with 
reduced water content. The simultaneous shifts in PD and R1 
appear to be driven by this water-related process. Notably, PD 
and R1 share ~33% variance, providing an additional rationale 
for their correlation (Carter et al. 2022).

We encountered several limitations in this study. First, the ab-
sence of an independent control group prompted us to utilize 
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the initial period without intervention as a quasi-control con-
dition. We attribute our results to training-related effects in 
the left MFG and left MFC because a direct interaction with 
the learning task was necessary to induce neuroplasticity, 
whereas comparable changes did not occur in the control 
phase of the experiment. MPMs are suited for use in longitu-
dinal studies because they are highly reliable (Aye et al. 2022). 
Second, in considering the absence of significant structural 
changes in the supplementary motor area (SMA) in this study, 
it is important to acknowledge that our study design did not 
include MRI measurements during the early learning phase of 
the balance training (DBT) task. This is a potential limitation, 
as previous studies, such as those by Taubert et al. (2010) and 
Wenger, Kühn et al. (2017), have highlighted that morphomet-
ric gray matter changes are likely larger in the early phase of 
motor skill learning. Wenger, Kühn et al. (2017) propose that 
gray matter expansion occurs predominantly during the ini-
tial phase of motor learning, followed by a process of renor-
malization as the skill becomes more automated and efficient. 
These dynamics suggest that the most pronounced volumetric 
changes in gray matter might occur shortly after the onset of 
training, potentially explaining why our study, which did not 
capture this early phase, did not observe significant changes in 
regions like the SMA. Taubert et al. (2010) similarly reported 
early training-induced changes in the SMA, reinforcing the 
idea that this region is particularly responsive during the ini-
tial stages of motor skill learning. Our study focused on mea-
suring microstructural changes after the completion of the 
intervention, which might have missed these early, transient 
changes. Furthermore, diffusion-related (microstructural) 
white matter changes tended to increase with training time 
in Taubert et  al.  (2010) and diffusion-related cortical brain 
changes in SMA were also present in this particular sample 
(Lehmann et al. 2023). Microstructural changes as measured 
with the MPM protocol and related to motor learning were 
present in visual areas and the hippocampus (Figures 3 and 
4). Thus, the results of our studies suggest a differential sen-
sitivity of MPM and (advanced) diffusion metrics to training-
induced brain changes in the later practice period (e.g., beyond 
the initial period of skill acquisition) as well as a higher likeli-
hood to detect morphometric gray matter changes in the early 
period of skill acquisition. This highlights the importance of 
including additional measurement points, particularly during 
the early stages of training, to capture the temporal dynamics 
of neuroplastic changes. The increased training volume in the 
present study compared to Taubert et al. (2010) might have ac-
celerated the learning process, potentially leading to a quicker 
onset of morphometric gray matter expansion followed by 
earlier renormalization. Thirdly, while R1, R2*, and MTsat are 
increasingly regarded as proxies for central nervous system 
microstructure and (strongly) correlate with histological my-
elin markers (Natu et al. 2019; Tofts 2003; Weber et al. 2020), 
they still represent indirect estimations of microstructure. 
Fourthly, optimal task selection for a neuroplasticity study is 
a challenge because experimental control usually trades-off 
with task complexity and a sufficient level of task difficulty 
to trigger plasticity. As well as reducing the intervention dura-
tion from 6 (Taubert et al. 2010) to 4 weeks (while increasing 
the number of training sessions) might have influenced our 
study results.

6   |   Conclusion

Our study provides new insights into changes in quantitative 
cortical tissue properties that are relevant in the context of 
aging and neurodegeneration. While training-induced changes 
in myelin-related qMRI metrics (MTsat) were limited to medial 
prefrontal regions, occipital changes in an iron-related marker 
(R2*) were additionally correlated with behavioral improve-
ments during training. As the latter result was identified in 
exploratory whole-brain analysis, this may encourage future 
attempts to confirm cortical R2* changes in hypothesis-driven 
approaches because modifiable biomarkers for iron deficiency 
seem highly relevant in the clinical context. For longitudinal 
research into training-induced plasticity of the human brain, a 
combination of cortical diffusion and qMRI approaches seems 
promising to test for behaviorally-specific and biologically-
relevant brain changes in response to training.
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