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A B S T R A C T   

The primary motor cortex (M1) is crucial in motor learning. Whether the M1 encodes the motor engram for 
sequential finger tapping formed by an emphasis on speed is still inconclusive. The active states of engrams are 
hard to discriminate from the motor execution per se. As preparatory activity reflects the upcoming movement 
parameters, we hypothesized that the retrieval of motor engrams generated by different learning modes is re-
flected as a learning-related increase in the preparatory activity of the M1. To test this hypothesis, we evaluated 
the preparatory activity during the learning of sequential finger-tapping with the non-dominant left hand using a 
7T functional MRI. Participants alternated between performing a tapping sequence as quickly as possible 
(maximum mode) or at a constant speed of 2 Hz paced by a sequence-specifying visual cue (constant mode). We 
found a training-related increase in preparatory activity in the network covering the bilateral anterior intra-
parietal sulcus and inferior parietal lobule extending to the right M1 during the maximum mode and the right M1 
during the constant mode. These findings indicate that the M1, as the last effector of the motor output, integrates 
the motor engram distributed through the networks despite training mode differences.   

1. Introduction 

The primary motor cortex (M1) is crucial in motor learning [1]. A 
recent neuroimaging study showed that M1 encodes integrated spatio-
temporal information of learned finger sequences, suggesting that this 
area holds skill-dependent representations [2]. Human and primate 
electrophysiological studies also imply that contralateral M1 represents 
the sequential learned skill [3,4]. Repetitive transcranial magnetic 
stimulation of the contralateral M1 in humans immediately after 
training in a ballistic pinch task disrupts skill consolidation during the 
offline period after practice [3]. Similarly, muscimol injection into the 
contralateral M1 of non-human primate selectively disrupts the 
sequential learned behavior [4]. Thus, the M1 is the part of the neural 
substrates of sequence learning, that is, the engram. Engram refers to a 
persistent change in the brain by a specific experience [5]. An engram is 
activated through interaction with retrieval cues (ecphory). An engram 
exists between the two active encoding and retrieval processes in a 
dormant state when the synaptic connection’s strength is stabilized. 

The M1 engagement in fast learning up to 1 h is highly influenced by 
the specific task and attentional demands [6–8]. However, this influence 
is not entirely understood. For example, it is unknown if the M1 similarly 

represents the motor engrams generated by different learning proced-
ures. Previously, Hamano et al. [9] conducted functional MRI with a 
sequential finger-tapping task by the non-dominant left hand. Partici-
pants alternated between performing a tapping sequence as quickly as 
possible (maximum mode) or at a constant 2 Hz speed, paced by a 
sequence-specifying visual cue (constant mode). They depicted the 
dormant state motor engram as a learning-related increase in network 
centrality during the resting condition by eigenvector centrality (EC) 
mapping. They found that a network covering the left anterior intra-
parietal sulcus and inferior parietal lobule represented the engram for 
execution speed, and the bilateral premotor cortex and right M1 repre-
sented the sequential order of movements. They also found a tendency 
for the dormant engram to increase throughout maximum mode in the 
right M1. This finding suggests that the M1, as the last effector of the 
motor output, integrates the motor engrams generated by different 
training modes during learning [9]. If this notion is correct, the ecphoric 
state of the engrams in the M1 should increase as learning proceeds. This 
speculation is partly supported by incrementing the task-related BOLD 
response during both maximum and constant modes [9]. However, the 
effect of movement speed on the task-related BOLD response during 
maximum mode is challenging to differentiate from the retrieval of the 
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enhanced motor engram (that is, ecphory) from the frequency effect for 
the execution [10,11]. The frequency effect includes the motor com-
mands that control the finger muscles, corollary discharges, and reaf-
ferent feedback from the fingers [12]. Thus, it is necessary to isolate the 
ecphoric state from the actual execution. 

Preparatory activity is known to reflect the parameters of the up-
coming movement by non-human primates [13–16], as well as human 
electroencephalogram (EEG) studies [17–20]. Recently, functional 
magnetic resonance imaging (fMRI) decoding using machine learning 
methods [21–24] has made significant contributions to identifying the 
parameters of upcoming actions represented in the human preparatory 
activity: Grasp shape [25], reaching direction [26], the effector used for 
the forthcoming action [27]. Patterns of sequential finger movements 
[12] were decoded from the preparatory activity in parietal and frontal 
regions, including the supplementary motor area (SMA), M1, and the 
dorsal premotor cortex (PMd). Furthermore, freely chosen (internally 
motivated) grasp shapes can be predicted by the preparatory activity in 
multiple frontal and parietal brain regions [28]. Hirose et al. [29] have 
shown that preparatory activity in cortical motor areas represents in-
formation about the effector used for an upcoming movement, and those 
well-formed motor representations are associated with reduced response 
times. Based on these findings, we hypothesized that the preparatory 
activity before movement execution includes the ecphoria. To test this 

hypothesis, we evaluated the preparatory activity during the learning of 
sequential finger tapping with the non-dominant left hand using 7TMRI. 
We expected that the motor engram generated by different learning 
modes is reflected as a learning-related increase in the preparatory ac-
tivity of the M1. 

2. Methods 

2.1. Participants 

A total of 15 healthy right-handed adult volunteers participated in 
the study (eight males and seven females; mean age [M ± SD] = 21.87 ±
1.60 years-old) without any overlap with the participants reported in 
our previous study [9]. Handedness was assessed by the Edinburgh 
Handedness Inventory [30]. None of the participants had a history of 
neurological or psychiatric diseases. All participants provided written 
informed consent for participation in the experiment. The study was 
conducted according to the Declaration of Helsinki and approved by the 
Ethical Committee of the National Institute for Physiological Sciences, 
Japan. 

Fig. 1. The task design. The task consisted of constant mode (C1 to C5) and maximum mode (M1 to M3) of sequential finger-tapping learning with the left hand, with 
the control condition (Rest). Four blue circles were aligned within an equally spaced horizontal array on the screen, corresponding to the left-hand fingers through 
the buttons’ spatial arrangement. 
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2.2. Experimental procedures 

All participants performed a sequential finger-tapping task [9] inside 
the 7.0T-MRI scanner (Magnetom 7T; Siemens Healthcare GmbH, 
Erlangen, Germany). They also participated in the resting-state fMRI 
measurement and the somatotopic representation of the primary so-
matosensory cortex, both of which will be reported elsewhere. Presen-
tation 12.2 software (Neurobehavioral Systems, Albany, NY, USA) 
implemented on a personal computer (dc7900; Hewlett-Packard, Palo 

Alto, CA, USA) was used for stimulus presentation and response time 
measurements. A digital light processing (DLP) projector (EH503, 
Optoma, New Taipei City, Taiwan), located outside and behind the 
scanner, projected stimuli through a waveguide to a translucent screen 
that the participants viewed via a mirror attached to the head coil of the 
MRI scanner. The distance between the screen and each participant’s 
eyes was approximately 48 cm, and the angle 5.2◦ (horizontal) × 3.9◦

(vertical). 
The task procedure followed that previously reported [9]. There 

Fig. 2. Scheme of statistical analysis with a general linear model. The parameter estimates of the preparatory activity (left) at an individual level with the general 
linear model were concatenated into Constant block and Maximum block, preserving each block’s temporal order. The concatenated parameter estimates of each 
participant were incorporated into group-level analysis with a flexible factorial design with predefined contrasts (Bottom). Identical procedures were applied to the 
execution-related activity (right). 
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were three fMRI runs. The first (Run 1) consisted of a block of constant 
mode (C block) followed by a block of maximum mode (M block). C 
block (Fig. 1), 2 min 40 s in duration, started with a Rest epoch of 16-sec 
duration followed by a constant mode epoch of 16 sec, alternatively 
repeated five times. The Rest epoch began with the instruction phase. 
With the message of “Rest,” four blue filled circles aligned with an 
equally spaced horizontal array corresponding to the left-hand fingers 
(from left to right, small, ring, middle, and index fingers) appeared on 
the screen for 2000 ms (Fig. 1). For the remaining duration (14 s), the 
message of “0 0 0 0 0” and four blue open circles appeared on the screen. 
After 16 sec of rest epoch, the Constant epoch, where participants were 
asked to respond by pressing the button indicated by the white circle, 
started with the display of the instruction. In the instruction display, the 
message of “CONSTANT” and four white filled circles appeared on the 
screen for 1500 ms. Then, the circles’ color changed to red for 500 ms, 
followed the execution phase for 14 sec. One of the rings was filled in 
every 500 ms in the execution phase, indicating the tapping fingers and 
buttons on an MR-compatible button box (Current Design, Philadelphia, 
USA). A sequence composed of a five-element series, either “index (4) – 
little (1) – middle (3) – ring (2) – index (4)” (presented to 8 participants) 
or “ring (2) – index (4) – middle (3) – little (1) –ring (2)” (presented to 
the other 7 participants). The frequency of the color and location change 
was 2 Hz. The sequence of “4-1-3-2-4” or “2-4-3-1-2” appeared on the 
upper side of the screen during the execution phase as a reminder. The 
Constant epoch lasted 16 s when alternated with the Rest epoch. Rest 
and Constant epochs alternated five times, constituting C block 1. M 
block 1 (Fig. 1), 3 min in duration, started with a Rest epoch identical to 
the C block except that it lasted 30 s instead of 16 s. Similar to the 
Constant epoch, the Maximum epoch started with the instruction phase. 
In the instruction phase, the message of “TEST” and four white filled 
circles appeared on the screen for 1500 ms to ask the participant to tap 
the memorized sequence as rapidly and accurately as possible. Then the 
color of the circles changed to red for 500 ms. After the offset of the red 
circles, the participants started pressing buttons. Visual feedback of 
correct tapping was provided by moving the white filled circle to the 
next position. If the participant made an incorrect response, the filled 
circle remained at the previous position until the correct button was 
pressed. The Maximum epoch lasted 30 s. Rest and Maximum epochs 
were conducted alternatively three times following the previous fMRI 
studies [31,32]. 

The second run (Run 2) consisted of three C blocks separated by two 
M blocks, and the third run (Run 3) started with one M block followed by 
a C block. Overall, the sequential finger task in this study was built with 
five C blocks (a total of 13 min 20 s) and four M blocks (12 min), pre-
sented in alternation (Fig. 1). 

2.3. Behavioral analysis 

The performance was measured by speed and accuracy. Transition 
time (in ms) was defined as the mean time between two correct button 
responses per epoch. The error rate was the number of error responses 
among all responses per epoch. Because the behavioral task consisted of 
several blocks, including three or five epochs each (Fig. 2), we dissoci-
ated the between-block effect and within-block effect for performance 
changes in both constant and maximum modes. For each performance 
measure (i.e., transition time and error rate in each mode [constant or 
maximum]), a repeated-measures analysis of variance (rmANOVA) was 
conducted with task epoch and task block as independent variables. All 
statistical analyses were performed using R version 3.6.1 statistical 
software (http://cran.us.r-project.org), and the level of significance was 
p < 0.05. 

2.4. MRI data acquisition 

Each participant’s head was immobilized within a 32-element 
phased array head coil and 1-ch transmitter head coil. fMRI was 

performed using a multiband Gradient-Echo Echo Planar Image (GE- 
EPI) sequence [33](echo time [TE] = 25 ms, repetition time [TR] =
2000 ms; field of view [FOV] = 192 × 192 mm2; flip angle = 65◦; matrix 
size = 160 × 160; 120 slices; slice thickness = 1.2 mm; multiband factor 
= 4, GRAPPA = 3, Phase partial Fourier = 6/8). To measure the B0 field 
for EPI distortion correction, two spin echo EPI images with reversed 
phase encoding directions were acquired (TR/TE = 7700/60 ms; FOV =
192 × 192 mm2; FA = 78◦; matrix size = 160 × 160; 120 slices; slice 
thickness = 1.2 mm, Phase partial Fourier = 6/8). 

We also scanned a series of structural images from all participants on 
another day with 3TMRI (Magnetom Verio; Siemens Ltd., Erlangen, 
Germany) to correct the distortion of 7T EPI due to static field in-
homogeneity and non-linearity of gradient [34]. Two separate of T1- 
weighted (T1w) and T2-weighted (T2w) images were acquired using 
3D magnetization-prepared rapid-acquisition gradient echo sequence 
(MPRAGE; [35] TR = 2400 ms; TE = 2.24 ms; FOV = 256 mm × 240 
mm; flip angle = 8◦; matrix size = 320 × 320; slice thickness = 0.8 mm; 
224 sagittal slices; GRAPPA = 2) and the variable flip angle turbo spin- 
echo sequence (Siemens SPACE; Mugler et al., 2000; TR = 3200 ms; TE 
= 560 ms; FOV = 256 × 240 mm2; matrix size = 320 × 320; slice 
thickness = 0.8 mm; 224 sagittal slices; GRAPPA = 2), respectively. 
Similar to the functional MRI session, two spin echo EPI images with 
reversed phase encoding directions were acquired (TR = 7700; TE = 60 
ms; FOV = 192 × 192 mm2; FA = 78◦/160◦; matrix size = 98 × 98; 72 
slices; slice thickness = 2 mm, phase partial Fourier = 6/8). 

2.5. MRI data preprocessing 

To investigate the group-averaged task-related activity, we normal-
ized functional images from native space into standard space. To correct 
the distortion of functional images measured by 7T-MRI, we adopted the 
minimal preprocessing pipelines [36] developed for the Human Con-
nectome Project (HCP; [37]) [34]. HCP-style preprocessing was consti-
tuted from structural and functional pipelines. Although HCP-style 
preprocessing includes surface-based processing, we only used volume- 
based processing. We applied the structural pipeline to T1w and T2w 
images. First, image distortions resulting from gradient non-linearity 
were corrected. After the brain region was extracted, readout distor-
tions were corrected using the field map generated from two spin-echo 
EPIs with opposite phase-encoding directions and a Topup toolbox 
([38]). Un-distorted T1w and T2w images were registered with cross- 
modal boundary-based registration (BBR; [39]). Because the intensity 
of T1w and T2w images still had biases, bias field correction was applied 
to un-distorted images. Finally, we estimated the nonlinear registration 
matrix from native space to MNI template space and applied this 
nonlinear registration to T1w and T2w images. 

The functional pipeline also started by correcting gradient non- 
linearity and readout distortions. To correct head motion, EPIs were 
registered into single-band reference (SBRef) EPI, scanned at the first of 
each session by estimating six parameters of rigid-body transformation 
from each EPI to SBRef EPI. In this study, we conducted structural and 
functional MRI sessions on different days. Thus, we calculated the 
session-specific field map from two Spin Echo (SE)-EPIs measured in 
functional MRI sessions. With this field map, we applied readout 
distortion correction to motion-corrected EPIs using the Topup toolbox. 
The transformation matrix from SBRef EPI to T1w image was estimated 
by BBR cross-modal registration method. Then, this BBR parameter was 
applied to undistorted EPIs to register all EPIs into the T1w image. The 
resulted EPIs were transformed into MNI template space using T1w-to- 
MNI parameters estimated in structural pipelines. Finally, the image 
intensities of EPIs were normalized to the 4D whole-brain mean of 
10,000 (arbitrary grayscale value). The normalized functional images 
were spatially smoothed using a Gaussian kernel of 5 mm full width at 
half maximum (FWHM) in the x, y, and z axes. 
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2.6. Functional MRI data analyses 

We analyzed the task-related activity with Statistical Parametric 
Mapping software (SPM12; The Welcome Trust Center for Neuro-
imaging) in MATLAB 2018a. The first five volumes of each fMRI run 
were discarded because of unsteady signal. Statistical analysis of the 
fMRI data was conducted at two levels. At the first level, a general linear 
model (GLM) was fitted to the fMRI data for each participant [40,41]. 
Each task epoch was divided into an instruction event and execution 
phase to depict the preparatory activity and the execution-related ac-
tivity separately. Each instruction event was modeled with a stick 
function: the onset was specified at the beginning of the instruction cue 
presentation with 0 duration. Each motor execution epoch was modeled 
with a boxcar function, with the onset specified at the beginning of the 
execution with 30-sec duration for maximum mode and 12-s duration 
for constant mode. The orthogonality of the consecutive stick function 
and boxcar function was confirmed. The first and third runs include five 
constant mode epochs and three maximum mode epochs, while the 
second run included 15 constant mode epochs and six maximum mode 
epochs. Thus, a total of 37 instruction events and 37 execution phases 
were modeled in GLM. All regressors were convolved with the canonical 
hemodynamic response function. Also, to consider the effect of head 
motions, six motion parameters were contained in GLM. The time series 
for each voxel was high-pass filtered at 1/128 Hz. For advanced rapid 
sampling techniques such as the multi-band GE-EPI used in this study, a 
first-order autoregressive model does not sufficiently capture temporal 
correlations in time series with higher sampling rates [42]. Thus, the 
“FAST” model implemented in SPM12 was applied to adequately 
address the temporal correlations in time series with higher sampling 
rates [43] for data whitening. Then, to calculate the estimated param-
eters, a least-squares estimation was performed on the high-pass filtered 
and pre-whitened data. 

The parameter estimates for each regressor in each “contrast” image 
were submitted to second-level analysis [44] with a flexible-factorial 
model that incorporated within-participant factors of ’Repetition’ and 
’Mode’ (constant/maximum). Predefined contrasts for each mode were 
applied to depict preparatory activity related to task-cue in each speed 
mode. Furthermore, to investigate changes in the preparatory activity 
related to learning of the sequential finger-tapping skill, predefined 
linearly increasing contrast for each mode was estimated. Increasing 
contrast vectors were defined numerically as an increment of 1 per each 
task-cue, keeping the mean equal to zero. The resulting set of voxel 
values for each contrast constituted the statistical parametric mapping 
of t value, SPM{t}. The statistical threshold for the spatial extent test on 
the clusters, defined by the height threshold of p < 0.001, was set at p <

0.05, corrected for family-wise error [45], except otherwise specified. 

3. Results 

3.1. Performance 

To test the between-block and within-block changes of behavioral 
performance with the acquisition of a sequential finger-tapping skill, we 
evaluated transition time and error rate during maximum mode (red 
closed circle, Fig. 3A, B). Transition time exhibited a significant effect of 
block (two-way rmANOVA, F(3,42) = 83.45, p < .001, ηG

2 = 0.11), epoch 
(F(2,28) = 12.70, p < .001, ηG

2 = 0.013) and their interaction (F(6,84) =
5.20, p = .0024, ηG

2 = 0.0087). Simple main effect of epoch showed the 
significant reduction of transition time in M1 (one-way rmANOVA, F 
(2,28) = 12.26, p < .001), M2 (F(2,28) = 8.85, p = .0015), and M3 (F 
(2,28) = 3.56, p = .048). According to post-hoc between-block com-
parisons, mean transition time decreased from M1 to M2 (paired t test, t 
(14) = 8.85, p < .001), M2 to M3 (t(14) = 2.74, p = .016), and M3 to M4 
(t(14) = 4.03, p < .0025). Error rate did not exhibit any significant effect 
of block (two-way rmANOVA, F(3,42) = 1.04, p = .37, ηG

2 = 0.0048), 
epoch (F(2,28) = 2.22, p = .13, ηG

2 = 0.0021), and their interaction (F 
(6,84) = 1.18, p = .33, ηG

2 = 0.0050). 
Performance in constant mode was evaluated by the reaction time 

from presentation of the visual cue to tapping (Fig. 3C). The block effect 
(two-way rmANOVA, F(4, 56) = 9.74, p < .001, ηG

2 = 0.0052), epoch 
effect (F(4, 56) = 12.30, p < .001, ηG

2 = 0.014), and their interaction (F 
(16, 224) = 4.15, p = .001, ηG

2 = 0.029) were significant. Simple main 
effect of epoch showed the significant reduction of transition time in C1 
(one-way rmANOVA, F(4,56) = 19.46, p < .001) and C2 (F(4,56) =
4.22, p = .013). According to post-hoc between-block comparisons, 
mean transition time decreased from C1 to C2 (paired t test, t(14) =
3.76, p = .002), but not from C2 to C3 (t(14) = 0.80, p = .43), C3 to C4 (t 
(14) = 0.51, p = .87), and C4 to C5 (t(14) = 0.21, p = .68). For the 
variability of reaction time in terms of standard deviation, neither the 
block effect (two-way rmANOVA, F(4, 56) = 1.02, p = .39, ηG

2 = 0.0053), 
epoch effect (F(4, 56) = 1.51, p = .24, ηG

2 = 0.0076), nor their interac-
tion (F(16, 224) = 1.40, p = .22, ηG

2 = 0.014) was significant (Fig. 3D). 
These findings indicated that both maximum and constant modes 
enhanced performance. 

3.2. Execution-related activation 

Both maximum mode and constant mode showed a similar activation 
pattern in the left Cerebellum, the right M1, and the bilateral PMd 
extending to PMv, SMA/pre-SMA, and the dorsal inferior parietal lobule 

Fig. 3. Performance in maximum mode (red) and constant mode (blue). (A) The transition time between button presses, (B) error rates, (C) reaction time between 
cue and button press, and (D) the variability (standard deviation) of reaction time. Data points represent group means for each epoch, and error bars indicate the 
standard error of the mean. *p < .05, **p < .01, ***p < .001 (rmANOVA). 
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Fig. 4. Task-related activation. (A) Execution-related 
activities (blue) overlap with their linear increase 
(magenta) of maximum mode (left) and constant mode 
(right) superimposed on surface rendered high reso-
lution MRI. P < 0.05 corrected at the cluster level. (B) 
Preparatory activities (blue), linear increase (orange), 
and overlap (magenta) of maximum mode (left) and 
constant mode (right) with the same format and sta-
tistical threshold as A. (C) Mode difference in prepa-
ratory activation. Conjunction analysis between the 
contrast of mode subtraction (Maximum > Constant) 
and maximum mode activity during the preparation 
period (green). P < 0.05 corrected at the peak level.   
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(dIPL) extending to the anterior IPL (aIPL), and the visual cortex. An 
increment of the activation was found in the right M1 in both max and 
constant mode (Fig. 4A). 

3.3. Preparation-related activation 

Both maximum and constant mode showed the preparation-related 
activity in the right M1, bilateral PMd extending to the PMv, SMA/ 
pre-SMA, the dIPL extending to the aIPL, and the visual cortex. No 
cerebellar activation was found (Fig. 4B). Bilateral putamen showed 
maximum mode-specific activation (Fig. 4C). A linear increase of the 
preparatory activity was found in the right M1, bilateral intraparietal 
sulcus (IPS) region, and the visual cortices during the max mode and the 
right M1 during the constant mode (Fig. 4B). 

4. Discussion 

4.1. Preparation-related activation similar to execution-related activation 

We found a common preparation-related activity in the areas acti-
vated by execution of fine motor control, that is, the M1, PMv, PMd, and 
IPL, in maximum and constant modes. 

These areas are known to be involved in the control of fine hand 
movement [46]. As the present study utilized the same sequence for both 
maximum and constant modes, these areas represent the sequential 
finger movement irrespective of the execution mode; internally gener-
ated vs. externally guided or maximum speed vs. constant speed. 

4.2. Learning-related preparatory activation 

4.2.1. Constant mode 
The present study first showed that the start-cue-related preparatory 

activation of the right M1 prior to the constant mode finger movement 
increased as learning proceeded. As we have previously demonstrated, 
the motor engram of the constant mode appeared in the M1 [2]. This 
finding is consistent with our hypothesis that the preparatory activity is 
the retrieved motor engram, that is, ecphory. 

4.2.2. Maximum mode 
Furthermore, we showed that the start-cue-related preparatory 

activation of the right M1 increased as learning proceeds during 
maximum mode (magenta in Fig. 4B left). This finding supports our 
hypothesis that the engrams of the sequential finger movements formed 
by the different learning modes are commonly represented in the M1. 
Previous non-human primate studies described the cells in the M1 that 
show the anticipatory activity of the specifically memorized sequence of 
upcoming movements [4]. Recently, inhibition of protein synthesis in 
the M1 of the non-human primate was shown to disrupt the maintenance 
of the sequential finger movement engram [47]. As both learning modes 
deal with an identical motor sequence, the present finding indicates that 
the M1 is related to the sequence’s engram. Thus, the M1, as the last 
effector of the motor output, integrates the motor engram distributed 
through the networks despite training mode differences. 

Also, a learning-related increment of the preparatory activation of 
the left anterior intraparietal sulcus (aIPS) coincides with the previous 
finding [9] of distinct motor engrams in this area. In the last study by 
Hamano et al. [9], during the maximum mode, EC during rest signifi-
cantly increased in the left aIPS as learning proceeded, and this EC was 
enhanced by task execution. They argued that the enhanced EC in the 
aIPS represented the accumulation of information related to the body 
reference frame provided by comparing prediction and feedback during 
execution, thus specific to the maximum mode learning. Halsband and 
Lange [48] argued that the right IPL during initial motor learning is 
attributed to integrating sensory information and feedback processing. 
In contrast, the left counterpart represents the acquired skill within a 
body-reference frame. Present findings suggest that the right M1, at the 

time of engram retrieval before the maximum mode execution, in-
tegrates distinct motor engrams located in a different region, the left 
aIPS. 

4.2.3. Constant preparatory activation specific to maximum mode 
The movement mode difference is reflected in the preparatory ac-

tivity. The preparation-related activity before the bilateral striatum’s 
maximum mode was constantly more prominent than that before the 
constant mode. This finding may be related to the difference between 
the self-paced, internally driven movement in the maximum mode and 
cued movement in the constant mode. Maximum mode explicitly 
required the retrieval of predefined sequences, thus internally generated 
from memory, whereas constant mode did not. An electrophysiological 
study of non-human primates [49] showed that self-timed movement, 
compared with cued movement, showed a slow build-up of activity 
before movement initiation, which may drive movement initiation by 
increasing until exceeding an activity threshold. A human neuroimaging 
study also showed that internally generated action plans are related to 
the pre-movement activities of the frontostriatal networks [50]. The 
authors argued that the striatum is related to planning the entire se-
quences, whereas, during movement, subroutines for individual move-
ments are implemented. This finding suggests that the constant 
preparatory activity is more prominent for self-paced, internally 
generated movement than for externally cued action, representing the 
motor plan retrieval for execution initiation. 

4.2.4. Explicit learning 
In the present study, the same sequence was learned by both modes, 

and was, thus, explicit learning. However, during the maximum mode, 
the participants had to retrieve the sequence from memory to initiate the 
movement. They also had to try to execute the sequence as fast and 
accurately as possible. Therefore, during the maximum mode, the par-
ticipants conducted the self-timed movement, explicitly monitoring the 
ongoing procedure with the preceded trials in terms of speed and ac-
curacy. On the other hand, the constant mode required the tapping 
finger indicated by the visual cue, and therefore, triggered movement 
without the need for explicit retrieval of the sequence nor performance 
monitoring. 

Previous electrophysiological [51] and neuroimaging [52] studies 
showed the involvement of the M1 for implicit sequence learning and by 
explicit learning. Implicit learning, as measured as a shortening of the 
reaction time, was represented by the increased task-related activity of 
the M1. In contrast, explicit learning, shown as a positive correlation 
with the correct recall of the sequence, was associated with increased 
activity in the fronto-parietal cortex [52]. Combined with previous 
studies, including ours [9], the present study indicates that the learning 
mode difference in sequence learning is reflected in the neural path-
ways’ difference for generating the motor engram out of the M1. The 
maximum mode involves the parietal cortices, whereas the constant 
mode includes the premotor cortices [9]. Both processes end up with 
integrated engram formation in the M1, as the last effector for sequence 
execution. 

5. Conclusion 

Using enhanced preparatory activity as a retrieved motor engram’s 
measure, we successfully depicted an early-phase engram of sequential 
finger-tapping formed in the M1 irrespective of the learning modes. 
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