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3.4.  Training-related changes in variability of activation patterns 
over repeated trials of trained sequences

We had preregistered the hypothesis that training-
specific sequences would result in lower variability of 
multivariate activation patterns among trials of those 
sequences, as predicted by the ESR model due to sta-
bilization of neural circuits in its refinement phase. To 
test this hypothesis, we derived an index of the variabil-
ity of the multivariate activity patterns over repeated tri-
als of trained and untrained sequences for each subject 
(see Methods) and examined the group averages over 
time in preregistered ROIs in SPL, SMA, PM, and PS in 
each hemisphere (Fig. 4A; these ROIs together formed 
the mask used for the univariate analyses above). This 
index of neural variability was not affected by training in 
a significant manner (Supplementary Fig. 5 and Supple-
mentary Table 7; p > 0.1 in all ROIs and sessions, testing 
separately for a group x practice interaction in each 
ROI/session and applying FDR control for sessions  
and ROIs).

3.5.  Training-related changes in the dissimilarities between 
activation patterns

To investigate whether multivariate activity patterns, just 
like the overall activity, also displayed sequence-specific 
changes with learning, we calculated cross-nobis dissim-
ilarities as a measure of the dissimilarity of activation pat-
terns within and between trained and untrained sequences 
(see Methods; these analyses were not preregistered). 
Dissimilarities were computed for the ROIs in SPL, SMA, 
PM, and PS in each hemisphere (Fig. 4A) as in the previ-
ous analyses of pattern variability. The cross-nobis dis-
similarities between patterns for trained and untrained 
sequences increased over time in both groups in all ROIs 
except bilateral primary sensorimotor areas (Fig.  4B, 
green dashed trace). Nevertheless, the increase was more 
prominent for the intervention participants and dissimilar-
ities between trained and untrained sequence patterns 
relative to dissimilarities between untrained sequence 
patterns and controls (the interaction was significant in 
several sessions after baseline; Fig. 4B; Supplementary 

Table 1.  Effects of practice on functional activation.

Model Region
MNI coordinates 

(x, y, z)
Cluster size 

(mm2) Chi-square df
Peak p-value 
(uncorrected)

Peak p-value 
(FDR-corrected)

Asymptotic Right Superior Lobule 31, -40, 39 851.87 22.1 1 2.55e-06 3.96e-e4
Right Premotor Cortex 21, -2, 48 433.39 23 1 1.6e-06 3.96e-e4
Left Superior Lobule -42, -35, 38 596.47 18.6 1 1.58e-05 1.59e-03
Left Premotor Cortex -21, -3, 43 335.21 17.7 1 2.55e-05 1.59e-03

Cubic Right Superior Lobule 31, -40, 39 681.72 24.6 3 1.88e-05 3.3e-03
Right Premotor Cortex 21, -2, 48 258.92 24.8 3 1.72e-05 3.3e-03
Left Superior Lobule -42, -35, 38 419.54 22.2 3 6.04e-05 8.4e-03
Left Premotor Cortex -20, -4, 46 133.22 19.5 3 2.2e-04 8.4e-03

Clusters showing a practice (trained/untrained) x session interaction on functional activation (cf. Fig. 3).

Fig. 3.  Functional activation. Practice-related changes in functional activation within cortical motor areas. (A) The figure 
shows the significance map (p-values) for the contrast of activation against resting baseline (mean effect across subject 
groups, timepoints, and sequence types). P-values were FDR-corrected considering the whole cortex as the search 
area. Executing the motor sequences required by the task elicited brain activity in primary and secondary motor regions. 
(B) Result of the model comparison indicating, at each vertex, the model with the lowest BIC (cyan = asymptotic, red = 
cubic). Non-linear models, and the asymptotic regime in particular, were preferred in the major part of the cortical areas 
probed. BIC reflects the likelihood of the model penalized by its complexity. (C) Functional activation time-courses from 
clusters where the univariate analyses identified effects of practice. (D) Practice x session effect for the asymptotic 
model, revealing changes over time in activation in bilateral parietal and premotor regions that were differential for 
trained as compared to untrained sequences. The figure shows p-values FDR-corrected within the preregistered areas 
for the test of practice-related effects. The pattern found when fitting the cubic model was equivalent. The contour 
lines mark the preregistered mask encompassing primary sensorimotor and secondary motor cortical areas, and the 
corresponding analyses were restricted to these areas. (E) Average of the functional activation time-courses within the 
primary sensorimotor (PS) ROIs, in which no significant practice x session effects were detected. In (A, D), the corrected 
significance threshold was set to q = 0.025 to account for both hemispheres.
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Table  6). In contrast, dissimilarities between sequence 
patterns for different trained sequences (red traces) or 
between sequence patterns of different untrained seq
uences (blue traces) showed generally a stable trend over 
time in both groups. Overall, these results indicate that 
practicing the trained sequences resulted in their neural 

patterns becoming more dissimilar to those from untrained 
sequences in the secondary motor regions that had 
shown the largest activation decreases.

The use of the cross-nobis dissimilarities is closely 
related to the multivariate pattern classification approach 
that is more common in the fMRI literature. To make a 

Fig. 4.  Evolution of cross-nobis dissimilarities between neural patterns for pairs of sequences. (A) ROIs that were used 
for neural pattern dissimilarity analyses (only right hemisphere regions are shown, but the same regions from the left 
hemisphere were also analyzed). (B) Cross-nobis dissimilarities between multivariate patterns of trained and untrained 
sequences increased over time in both groups, and much more prominently for the intervention group. These changes 
were present in all regions except PS. Asterisks indicate a significant interaction of group x practice (untrained/trained–
untrained). ROI: region-of-interest; PM: premotor; PS: primary sensorimotor; SMA: supplementary motor area; SPL: 
superior parietal lobule; “***” significant FDR-corrected for ROIs and sessions, q < 0.05; “**” significant FDR-corrected for 
sessions, q < 0.05; “*” significant uncorrected, p < 0.05.
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direct contact with this literature and further illustrate our 
findings, we also report average cross-validated classifi-
cation accuracies for multivariate models (SVM) trained 
to separate pairs of different sequences (see Methods). 
These accuracies were significantly above chance (i.e., 
accuracy = 0.5) for untrained sequences in all regions in 
the control group (p < 0.05 in all ROIs for the group mean, 
considering all sessions), implying that different 
sequences had to some extent be distinguishable neural 
representations even when they were not practiced (Sup-
plementary Fig. 6A; see permutated data for comparison 
in Supplementary Fig. 6B). In line with results from com-
puting the cross-nobis dissimilarities, accuracy of the 
classification between patterns of trained and untrained 
sequences increased over sessions and more highly for 
the intervention group (Supplementary Table  8), but 
remained stable for classification between different 
trained or untrained sequences.

In summary, the results from these non-preregistered 
analyses were aligned with the overall activation results 
by showing that when subjects practiced certain motor 
sequences the corresponding activation patterns in sec-
ondary, but not primary, motor areas became more differ-
entiated from those of untrained sequences. The similarity 
of the activation patterns among the trained sequences 
did not show reliable change.

3.6.  Structural imaging analyses

To test the preregistered hypothesis of practice-
dependent changes in cortical thickness and gray matter 
volume, we fitted several models that assumed an inter-
action between experimental group and different shapes 
of changes over the sessions (i.e., the seven measure-
ments; see Methods). To evaluate the fit of these models, 
we computed the BIC at each vertex/voxel of a preregis-
tered ROI. Depending on the region, the BIC was mini-
mized by either the linear, the asymptotic, or the quadratic 
model, but there was no anatomical congruency (i.e., no 
clear spatial pattern) in the spatial BIC map. We then 
tested for interactions between group and session terms 
within the ROI, but we could not find any clusters in which 
these tests survived correction for multiple comparisons 
for any of the measures, even using a liberal threshold. 
Although there were clusters at the uncorrected level, 
examination of the corresponding time-courses sug-
gested that they were driven by fluctuations in the mea-
sures at a few timepoints and not compatible with the 
occurrence of structural changes in the intervention 
group. Supplementary analyses halving the smoothing 

kernel sizes (4 mm FWHM for GMV and 5 mm FWHM for 
cortical thickness) also yielded negative results. In sum, 
we could not identify any pattern consistent with gradual 
differential increases, decreases, or non-linear progres-
sion in the intervention group relative to the control group.

Note that the estimates of cortical thickness and gray 
matter volume displayed acceptable reliability across 
timepoints. Intra-class correlation coefficients (ICC; com-
puted separately for each vertex/voxel within the ROI, 
including only the control subjects and considering these 
as the class of interest) of the structural measures ranged 
from moderate to good across vertices (Koo & Li, 2016) 
for CT (median = 0.78, SD = 0.09) and good to excellent 
across voxels for GMV (median = 0.92, SD = 0.11; Sup-
plementary Fig. 3).

In summary, despite the acceptable reliability of the 
structural measures, we were unable to detect training-
related changes in any of the measures. Preregistered 
supplementary analyses on approximate T1 relaxation 
times derived from the structural scans, which exhibited 
lower reliability than morphometric measures, did not 
reveal any experience-dependent changes either (see 
Supplementary Information).

4.  DISCUSSION

In this study, we acquired repeated behavioral perfor-
mance and neuroimaging measures over the course of 
6 weeks to investigate neural changes associated with 
motor sequence learning. Both the intervention group 
and control groups showed general performance 
improvements, but performance improved more, and 
became more consistent, for sequences that were inten-
sively trained by the intervention group relative to those 
that were not. In line with our preregistered hypothesis, 
practice led to decreases in brain activity in the bilateral 
parietal and premotor cortices. In contrast, no statisti-
cally significant changes were observed in primary sen-
sorimotor areas. In secondary motor areas only, practice 
also resulted in decreased similarity of activation patterns 
between trained and untrained sequences. The similarity 
of the activation patterns among the trained sequences 
did not change. The preregistered predictions of practice-
related changes in the variability of activation patterns 
across trials and in the estimates of brain structure were 
not supported by the data.

It is surprising that we were unable to detect training-
related changes in the three structural measures we 
derived from the T1w scans, given that our experiment had 
more within-subject scans than most previous studies  
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in the field and that the number of participants per group 
was on the upper end of the sample size range compared 
to similar studies (Draganski et al., 2004, 2006; Lövdén 
et al., 2013; Mårtensson et al., 2012). In addition, the reli-
abilities of our CT and GMV estimates were above mod-
erate in the areas of interest. At present, the origin of 
learning-induced gray matter changes measured with 
MRI is still uncertain. An animal study which investigated 
the relationship between several neuron morphology 
metrics and the VBM signal found only a significant but 
weak association with spine density (Keifer et al., 2015). 
Another study of the effects of monocular deprivation in 
rats suggests that experience-dependent changes in 
GMV estimated with MRI mainly are the results of swell-
ing astrocytes (Schmidt et al., 2021). It remains unknown 
whether these findings can be translated to humans 
learning a motor task. Our own post hoc simulations 
(Supplementary Information) of the relationship between 
statistical power and relative volumetric change suggest 
that, unless the relative changes are very large and pos-
sibly happening in several cellular constituents, they 
would be unlikely to be detected by vertex- or voxel-wise 
analyses (e.g., synaptic changes should be very exten-
sive to trigger measurable macroscopic changes on their 
own). On the other hand, extant evidence indicates that 
vascular changes can induce changes in morphometric 
measures. For instance, it has been shown that a single-
dose pharmacological manipulation that decreases cere-
bral blood flow in a localized manner alters VBM estimates 
in overlapping regions (Franklin et  al., 2013; Ge et  al., 
2017). Other recent studies show task-related effects on 
MPRAGE images in humans (Månsson et al., 2020; Olivo 
et  al., 2022). An intriguing explanation for the lack of 
structural alterations in the present study has to do with 
the structural sequence we used (MP2RAGE), which dif-
fers in a crucial way from the MPRAGE sequences that 
have typically been used in prior studies of experience-
dependent plasticity in humans. Specifically, in MPRAGE 
sequences the T2* effects are present, whereas in flat 
images derived from MP2RAGE sequences T2* effects 
are mostly cancelled, by virtue of the division of the two 
volumes involved in order to remove the intensity bias 
(Marques et  al., 2010; Tanner et  al., 2012). Thus, if the 
learning-related structural changes observed in similar 
experimental designs based on MPRAGE sequences 
were predominantly of vascular origin, they would have 
been mostly cancelled out had MP2RAGE been used 
instead. Remarkably, even though the MP2RAGE 
sequence has been available for over 10 years (Marques 
et al., 2010) and it is becoming the recommended seq

uence for gray-white matter segmentation (Droby et al., 
2021; Oliveira et al., 2021), no published studies have, to 
the best of our knowledge, shown longitudinal training-
related structural changes on a similar time-scale using 
this MR sequence, which may be a symptom of its lower 
sensitivity to vascular alterations. Nevertheless, this inter-
pretation remains speculative, and more research will be 
needed to elucidate this question.

Even though executing the motor sequences triggered 
robust and widespread activations in visual, primary, and 
secondary motor cortices, and the nodes of the salience 
network, changes in activation were localized to bilateral 
parietal and premotor regions. Our finding of activation 
decreases in secondary cortical motor areas and absence 
of changes in the primary sensorimotor cortices agrees 
with recent inquiries (Berlot et  al., 2020; Wiestler & 
Diedrichsen, 2013), contradicting a number of older stud-
ies that reported increases (Floyer-Lea, 2005; Grafton 
et al., 2002; Karni et al., 1995, 1998; Lehéricy et al., 2005; 
Penhune & Doyon, 2002) or non-monotonic changes (Ma 
et  al., 2010; Xiong et  al., 2009). We can obviously not 
exclude that practicing tasks other than ours leads to 
decreases also in primary regions. Importantly, the task 
used in the present study was more challenging than 
those in previous similar studies in terms of motor 
demands (i.e., execution with non-dominant hand, rela-
tively novel configural responses). Nevertheless, we 
observed no changes in activity in the primary sensorim-
otor cortices. In addition, in our study, subjects had no 
exposure to the motor sequences of the experiment prior 
to baseline imaging. To ensure that participants under-
stood the mechanics of the task and were familiar with 
the process, they tested it only once during the informa-
tion session several days prior to the baseline session, 
but the demonstration version of the task required exe-
cuting easier sequences of 3 chords with transitions of 
only 1 or 2 finger changes at a time. Therefore, there was 
no meaningful pretraining of the actual experiment 
sequences that could have triggered changes before the 
first scanning session. We conclude that activity in sec-
ondary cortical motor areas declines from the beginning 
of the training period.

The set of regions in which activation exhibited 
changes for trained sequences corresponds to the dor-
sal attention network (DAN), or dorsal frontoparietal net-
work (dFPN), which consists of the intraparietal sulcus 
and the frontal eye fields (Corbetta & Shulman, 2002). 
These regions are activated simultaneously in a wide 
range of tasks, both motor (reaching, grasping, saccade 
production) and purely cognitive (spatial attention,  
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mental rotation, working memory). Previous studies of 
finger sequence production have demonstrated that 
these regions encode sequences and sequence chunks 
(Berlot et al., 2020; Wiestler & Diedrichsen, 2013; Yokoi, 
2019; Yokoi et al., 2018), and our multivariate analysis of 
the activity patterns also indicates that different 
sequences could be classified above chance level in 
these regions. Recent reviews have proposed that the 
overarching role of the DAN is the top-down modulation 
of attention (Vossel et  al., 2014) or the emulation of 
actions (Ptak et  al., 2017). One explanation for the 
decreases found in the DAN nodes is that, with practice, 
these areas become more efficient and therefore the 
demand for oxygen sinks (Berlot et al., 2020). A some-
what different perspective would be that, for sequences 
that have been intensively trained and memorized, the 
need to rely on spatial attention to read the sequences, 
subserved by the DAN, is much diminished. In the latter 
view, the changes do not reflect localized plastic change 
per se but the reduced need for involvement of this 
domain-general system after transitioning from con-
trolled to automatic execution (Chein & Schneider, 
2012). Plastic change would happen at the level of the 
mechanisms selecting these regions in the early phases 
of skill learning.

In the paced task in the scanner, there were consistent 
albeit small timing differences between groups. These 
cannot, nevertheless, account for the neural changes  
we observed: the intervention subjects executed the 
sequences more slowly, but there was no detectable 
group x practice interaction. This is the opposite pattern 
found in the activation data, where there were no appre-
ciable differences between groups together with large 
decreases for the trained relative to the untrained 
sequences. Besides, because of the sluggishness of the 
hemodynamic response, it is implausible that timing dif-
ferences on the order of 100 ms would result in the large 
neural changes detected. The group x practice effects on 
accuracy during the fMRI task were small and did not 
reach significance at all time points after baseline. As 
only correct trials were included in the fMRI analyses, 
these small effects cannot explain the decreases in activ-
ity or the differences between the mean patterns either.

The use of a control group, which former similar stud-
ies did not incorporate (Berlot et  al., 2020; Ma et  al., 
2010; Wiestler & Diedrichsen, 2013; Xiong et al., 2009), 
allowed us to establish that untrained sequences in the 
intervention group did not elicit significantly larger behav-
ioral improvements or differential activity reductions rela-
tive to the control group. This speaks to a lack of 

(measurable) generalization (i.e., the ability to transfer 
learned improvements to novel sequences (Krakauer 
et al., 2019)) from learning the trained sequences to the 
untrained ones in terms of both performance in the pri-
mary outcome measures and functional activity in this 
task. However, the initial large changes occurring 
between the first and second sessions are an exception 
to this lack of generalization. The improvements for the 
untrained sequences also occurred for the control group, 
which implies that they were due to the learning occur-
ring in the testing sessions, and may contain both 
sequence-specific and sequence nonspecific changes. It 
is likely that these initial changes relate to general aspects 
of getting acquainted with the task, such as selecting 
goals, developing online planning, or the use of explicit 
knowledge to find a general strategy to perform the task 
(Ariani et  al., 2021, 2022; Krakauer et  al., 2019; 
Spampinato & Celnik, 2020). Furthermore, the smoother 
IPI time-courses for untrained sequences in the interven-
tion group and the overall pattern of behavioral results of 
the paced fMRI task also indicate that practicing the task 
at home leads to partially more consistent and controlled 
performance in general.

We found no evidence for the decreases in variability 
of activation patterns across trials predicted by the ESR 
model. A critical difficulty when comparing trial-wise 
variability of trained and untrained sequences is that, 
due to the low SNR that is typical of fMRI measurements, 
trial-wise pattern variability will have a large contribution 
from non-neural noise that cannot be disentangled from 
neural variability. For this reason, sensitivity to detect dif-
ferences between variability of activation patterns will 
tend to be low. Moreover, an assumption that trained 
and untrained sequences have equivalent levels of non-
neural noise must be made, which may not hold if sys-
tematic trained-untrained differences in non-neural 
signal are present.

Although neural representations for different seq
uences were measurably distinct (i.e., classification 
accuracy was above chance) even when the sequences 
were not trained, practice did not lead to appreciable 
changes over time in cross-nobis dissimilarities between 
different (trained) sequences, as would be expected if 
the patterns became more distinct following training. 
Overall, our results are commensurate with the analysis 
of activation patterns for paced sequences by Berlot 
and colleagues (2020); they could not observe training-
related effects on dissimilarity between patterns of dif-
ferent sequences that were executed at paced tempo 
either, only general increases in dissimilarity between 
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trained- and untrained-sequence patterns in secondary 
motor regions. However, the authors found that the dis-
similarity between sequence-specific activation pat-
terns for trained sequences was greater than for 
untrained sequences when the task was performed at 
full speed (as opposed to when it was paced). Single-
finger tasks do not fully reproduce the demands of more 
challenging real-world skills like playing the piano that 
we would ultimately want to understand. Therefore, 
considering that our task is more difficult and should 
require additional motor control and cognitive processes 
in order to coordinate the simultaneous pressing of keys 
in the same chord, it would be worthwhile to investigate 
an unpaced version during scanning. Establishing con-
ditions in which neural patterns become sequence-
specific with practice in such tasks is a prerequisite to 
enable future research on the predictions of the ESR 
model and more generally to understand neuroplastic 
changes during skill learning. Besides, it would also be 
interesting to investigate whether generalization effects 
in behavior (such as those we observed in the paced 
fMRI task) are present when the task is unpaced, and if 
so, to study their neural correlates.

We cannot rule out that the reason for the lack of 
structural findings is that the duration of the experiment 
was not long enough or that the task was not sufficiently 
demanding to elicit structural changes, compared to pre-
vious work. While some past studies have used periods 
of the order of months (Draganski et  al., 2004; 
Matuszewski et al., 2021), the duration of our experiment 
was based on a former study of our group in which we 
were able to detect localized changes in motor areas 
(Wenger et al., 2017), together with a pilot study of the 
motor task that showed that the practice period extends 
beyond the point where performance reaches a plateau. 
We should therefore have been able to capture the whole 
process of exploration, selection, and refinement that is 
predicted by the ESR model. Longer periods of training 
(months or years) are possibly required to trigger measur-
able structural changes that give rise to differences 
between skilled and naïve groups (e.g., musicians vs. 
non-musicians; Gaser & Schlaug, 2003; Schlaug et  al., 
2001). Alternatively, such differences may to some extent 
reflect selection effects (niche picking), with differences 
existing before practice. It is also possible that adaptive 
training procedures are required, but because our pri-
mary interest was to understand the dynamics of neural 
changes, we expressly avoided using an adaptive task 
that would have confounded the time-course of neural 
alterations. We also note that other analysis approaches 

may be more effective in finding changes in neural repre-
sentations. To obtain the activation patterns, we fitted a 
GLM to the functional data to derive one activation pat-
tern per trial. This approach is bound to lose important 
timing information. A spatio-temporal approach, which 
could potentially capture more nuanced aspects of neu-
ral representations, would be considerably more complex 
to implement and remains as an avenue for future work. 
This approach may be more fruitful for finding differences 
between configural-response and single-finger tasks. 
Lastly, in our study, we opted for the use of a passive 
control group, which offers less control for unspecific 
aspects of learning the task than an active control group. 
However, we deem it unlikely that placebo or motivation 
effects can explain that the changes observed were 
localized only to motor-related areas.

In conclusion, training a paced configural-response 
sequence task with the non-dominant hand during a 
period of 6 weeks resulted in reduced activity in the DAN 
for the sequences that had been practiced, but neither in 
detectable activation changes in primary sensorimotor 
cortices nor in morphological changes. Practice also 
resulted in decreased similarity between the neural acti-
vation patterns of trained and untrained sequences in 
secondary, but not primary, motor areas.

DATA AND CODE AVAILABILITY

The European General Data Protection Regulation 
(GDPR) and supplementary Swedish data protection 
legislation prohibit us from making the data publicly 
available, but data can be requested (martin.lovden@
psy.gu.se or dataskydd@gu.se) and subsequently trans-
ferred for projects with well-defined analyses (described 
in a project outline) that have been approved by the 
requesting researcher's local ethics committee and are 
consistent with the original ethics approval. This requires 
a data sharing agreement that effectively transfers the 
confidentiality obligations of the host institution where 
the original research was carried out to the institution 
receiving the data.

The code is available from the following repositories:
https://github​.com​/benjamingarzon​/SeqLearn (motor 

task)
https://github​.com​/benjamingarzon​/LH​-RSA (analyses)
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