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A B S T R A C T

Background: To investigate covert motor processes, transcranial magnetic stimulation (TMS) studies often use 
motor-evoked potentials (MEPs) as a proxy for inferring the state of motor representations. Typically, these 
studies test motor representations of actions that can be produced by the isolated contraction of one muscle, 
limiting both the number of recorded muscles and the complexity of tested actions. Furthermore, univariate 
analyses treat MEPs from different muscles as independent, overlooking potentially meaningful intermuscular 
relationships encoded in MEPs amplitude patterns at the single-trial level.
Objective: We addressed these limitations by adopting a decoding approach to MEPs analogous to multivoxel 
pattern analysis in neuroimaging.
Methods: Using our novel Multidimensional Motor Evoked Potentials (MultiMEP) approach, we tested 22 partici
pants by applying a decoding analysis to MEPs recorded from 24 electrodes during motor imagery of three 
complex hand actions.
Additionally, to test whether imagery and action production shared common representations, we conducted an 
exploratory cross-classification analysis by training a classifier on one domain (MultiMEP evoked during motor 
imagery or action execution electromyographic patterns) and testing it on the other.
Results: Imagined actions were classified, based on MultiMEP patterns, with an accuracy of 74 %.
The cross-classification analysis yielded above-chance accuracies of 54 % (execution-to-imagery) and 71 % 
(imagery-to-execution).
Conclusions: This proof-of-principle study demonstrates that MEPs encode richer information than previously 
assumed both at single-subject and at single-trial levels.
Our results suggest that MultiMEP decoding represents a first step toward a paradigm shift in studying motor 
processes with TMS, much like multivoxel pattern analysis revolutionized the way the brain-cognition rela
tionship has been studied through neuroimaging.

1. Introduction

Research on covert motor processes such as motor imagery [1–4], 
action observation [5–10], motor preparation [11–17], inhibition 
[18–20] or other similar covert activities [21,22] often employs supra
threshold transcranial magnetic stimulation (TMS) of the motor cortex 

to elicit motor evoked potentials (MEPs) from muscles associated with 
the processed actions [23].

For example, in a widely employed experimental design, researchers 
examine motor representations underlying covert processing of index 
and little finger abduction, which depend on the isolated first dorsal 
interosseous (FDI) and abductor digiti minimi (ADM) contraction, 
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respectively. The design follows a 2 (actions) × 2 (muscles) structure, 
with MEP amplitudes as the dependent variable. Amplitudes are aver
aged within each condition, and an interaction between factors is 
analyzed. An increase of FDI MEPs when observing or imagining index 
finger abduction compared to little finger abduction allows to infer that 
the index finger abduction motor representation is facilitated (and vice 
versa for ADM in relation to little finger abduction processing) [5,8,
24–29].

Most of these studies share methodological features that simplify 
testing but at the cost of limiting the information extracted from MEPs, 
which reduces the possibility of a thorough understanding of how motor 
content is represented during covert processes.

They implicitly adopt a “one-muscle one-action” (1m1a) approach 
assuming that each studied action depends solely on the isolated 
contraction of one of the recorded muscles. This limits the range of 
testable actions, as identifying additional one-to-one muscle-action pairs 
becomes increasingly challenging, and it reduces the ecological validity 
of the results as the studied actions are often single-joint movements 
rarely occurring in isolation in real-life.2 Additionally, 1m1a studies 
average MEP amplitudes within design cells, improving the signal-to- 
noise ratio but discarding valuable single-trial information. Lastly, the 

adopted univariate analyses treat the recorded muscles as independent 
levels of a factor, disregarding inter-muscle relationships and thus losing 
valuable information. As a result, much of the potential insights from 
single-trial MEP data remains substantially unexplored.

Here, we introduce Multidimensional Motor Evoked Potentials 
(MultiMEP) to address these limitations. Inspired by Multivoxel Pattern 
Analysis (MVPA) [30–33], which classifies condition-specific informa
tion from voxels activity patterns, in the MultiMEP decoding framework 
we aim at discriminating covertly processed actions based on the 
multidimensional pattern of MEPs recorded from different muscles, 
rather than treating them as independent units of analysis. Just as MVPA 
enhances information discrimination in neuroimaging studies, we ex
pected a similar advantage in MultiMEP, given that different locations 
on an effector are differentially influenced by distinct upstream corti
cospinal input.

In a proof-of-concept experiment, we recorded MEPs from 24 fore
arm electrodes while participants imagined three complex hand actions 
that, if produced, would involve the contraction of multiple muscles. We 
then used supervised learning classification to train an algorithm to 
distinguish between imagined actions based on MultiMEP patterns. The 
classifier estimates hyperplanes in a multidimensional space to separate 
activity patterns associated with each action. Hyperplanes decoding 
generalizability was tested on new trials, with classification accuracy 
reflecting their ability to decode imagined actions from MultiMEP 
amplitude patterns (Fig. 1).

This decoding approach overcomes the information limitations 

Fig. 1. MultiMEP decoding rationale 
A. MultiMEP decoding approach: White-to-green arrays represent a vector of the MEPs amplitudes recorded from each electrode (el1, el2, el3, for visualization 
purposes, only 3 electrodes are represented) during the imagery of complex actions (i.e., actions that, if produced, would involve the contraction of several muscles). 
B. A 3D representation of an ideal MultiMEP-space where each dot represents a single trial MultiMEP pattern; the dot’s position in the MultiMEP-space is determined 
by the amplitude of MEPs recorded on each electrode. The dot color represents the action imagined in a specific trial. 
C. Using a supervised learning approach, the classifier is trained to estimate hyperplanes that best distinguish between imagined actions based on MultiMEP patterns 
from a so-called “training-set” of trials. 
D. The estimated hyperplanes are employed to test their classification accuracy on an independent set of trials called test-set. 
E. A confusion matrix is computed: each row corresponds to the totality of trials where a specific action is imaged, while the columns partition the trials according to 
the classifier predictions. The cells on the main diagonal correspond to the correct classification percentages for each action imagined. A perfect classification would 
then be represented as 100 % on the main diagonal cells and 0 % on the off-diagonal cells.

2 This problem has been mitigated by a minority of studies using inertial 
sensors [81–84] or ultrasound tissue Doppler imaging [85] to investigate more 
naturalistic motor representations.
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imposed by the 1m1a strategy by enabling the study of complex actions, 
leveraging activity patterns across multiple electrodes, and fully 
exploiting relational information between MEPs. Once trained, the 
classifier model categorizes imagined actions based on single-subject 
and single-trial MultiMEP data.

In an exploratory analysis, we demonstrated that MultiMEP can 
support inferences similar to 1m1a experiments within a multidimen
sional decoding framework. We tested a classic claim, derived from early 
1m1a studies, supporting the idea that motor imagery and action pro
duction share motor representations [1,34,35]. To test this we also 
extracted contraction patterns and trained two classifiers in two di
rections: one has been trained on the contraction domain and tested on 
the MultiMEPs evoked during imagery, while the other has been trained 
on MultiMEPs and tested on contraction patterns. If motor representa
tions are shared, cross-classification pattern discriminability should 
exceed chance, mirroring classical 1m1a findings. Eventually, we con
ducted a cross-subjects classification analysis to explore the similarity 
between decoding spaces across participants, and an electrode selection 
analysis, to explore the contribution of different arm areas to the clas
sification outcome.

2. Methods

2.1. Participants

Twenty-five right-handed [36] participants (15 females, mean age: 
22.6 years), took part in the experimental session. Ad-hoc exclusion 
criteria corresponded to the safety criteria for TMS [37,38]. For this 
purpose, all potential participants were screened for neurological and 
psychiatric conditions using a TMS exclusion criteria questionnaire prior 
to participation. Of the 25 individuals initially recruited, 22 were 
included in the final analysis: two participants were excluded due to 
difficulty in relaxing the target muscles, and one withdrew due to sub
jective discomfort. No major adverse effects were reported by any 
participant. The study was approved by the ethical committee of the 
University of Milan (“MultiMEP: Potenziali Evocati Motori Multi
dimensionali”) and conducted in accordance with the revised Helsinki 
Declaration [39], with written informed consent obtained from all 

participants.
We based our sample estimation around a classical motor imagery 

task employed in Rossi et al., 1998 [34]. There, we calculated the effect 
size of their outcomes resulting in a Cohen’s d = 1.43. We then calcu
lated, using the same effect-size, the sample size for a paired-sample and 
a one-sample Wilcoxon-test (two-tails), with alpha = 0.05 and power =
0.8. We obtained a sample of 5 and 7 participants. In order to increase 
the generalizability of the results we arbitrarily incremented the par
ticipants number to 25.

2.2. Procedure

The entire procedure consisted of the electrode grid montage, hot
spot and intensity hunting procedure, instructions, practice, and finally, 
the experimental block. The whole session lasted approximately 2–2.5 h.

2.2.1. Electrodes grid montage
Experimenters began electrode placement by scrubbing the skin of 

the right forearm with scrubbing paste [40]. Electromyographic (EMG) 
recordings were obtained using 24 passive sintered Ag/AgCl ring elec
trodes (model: B10, length: 150 cm, EasyCap GmbH, Germany) arranged 
in four strips of six electrodes each, spaced 2.5 cm apart. On the dorsal 
surface of the forearm, one strip was aligned along the radial side, with 
the gap between the fourth and fifth electrodes positioned midway down 
the forearm, while a second strip was placed medially with a 1.25 cm 
posterior shift; a similar setup was used on the volar surface, with the 
third strip aligned along the ulnar side and the fourth anteriorly shifted 
(Fig. 2). The advantage of a grid of evenly distributed electrodes 
covering a substantial portion of the forearm consists in reducing po
tential a-priori electrode placement problem [41]. Disposable ground 
and reference electrodes were positioned on the proximal volar or dorsal 
forearm, and the electrode grid was secured with adhesive tape. 
Conductive gel was applied inside each ring via syringe to achieve 
conductance levels below 40 kΩ.

Monopolar recordings of EMG were achieved by connecting the 
electrodes to 24 pins on a BePlusPro Advanced amplifier (EBNeuro, 
Italy), with data sampled at 4096 Hz. A 10 Hz high-pass filter was 
applied solely for visualization purposes, not affecting the recorded 

Fig. 2. Electrode Grid montage 
Four strips, each containing six passive sintered ring electrodes (typically used for electroencephalographic recordings) spaced 2.5 cm apart (24 electrodes total), 
were used for electromyographic recordings. On the dorsal surface of the forearm, the first strip was aligned along and above the radial bone (“radial” side), with the 
gap between the fourth and fifth electrode positioned midway down the forearm (green lines), measured from the styloid process to the lateral epicondyle (red lines). 
The second strip was placed 2.5 cm medially and posteriorly shifted to approximately 1.25 cm. The same arrangement was applied to the volar surface of the forearm, 
except the third strip was aligned along the “ulnar” side, and the second strip was shifted 1.25 cm forward. Ground and reference electrodes were disposable 
electrodes, typically placed on the proximal area of the forearm, depending on available space.
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data.
To increase the spatial specificity, we computed, for visualization 

purposes, bipolar derivations of the electrodes by taking the difference 
between pairs of filtered monopolar recordings [42,43] along the lon
gitudinal dimension of the forearm for each of the four strips (1–2 to 
5–6, 7–8 to 11–12, 13–14 to 17–18, 19–20 to 23–24) and transversely 
from the dorsal surface (1–7, 6–12, 13–19, 18-24), for a total of 24 bi
polar derivations.

To check the signal during the experimental session, we took 
advantage of the Lab Streaming Layer functions 
(https://labstreaminglayer.org/#/, [44]), extracting the recorded 
signal stream from the amplifier and building our own customized 
“MultiMEP Viewer” which was displayed on the amplifier-PC (MAT
LAB2021b, MathWorks). The Viewer was composed of two windows: 
the “continuous stream window,” where the continuous native monop
olar data streams were plotted, and the “multi-epochs window”, where 
MEPs calculated on the 24 bipolar derivations, were displayed between 
− 150 and 400 ms from the TMS trigger, and whose peak-to-peak 
amplitude was automatically calculated between 15 ms and 65 ms 
from the TMS trigger.

2.2.2. TMS
Biphasic TMS pulses were delivered via a 70-mm butterfly coil 

connected to an STM9000 stimulator (inducing anterior-to-posterior 
currents) and guided by the NETBRAIN9000 neuronavigation system 
(EBNeuro, Italy). Participants’ heads and the coil were coregistered to a 
standard 3D MNI brain mesh.

Seated on an armless chair, participants rested their heads on a chin 
rest while their right arm remained relaxed, hanging naturally with the 
hand pointing downward. This posture, maintained throughout in
tensity hunting procedure and the experiment, minimized pre-TMS 
muscle contractions while allowing unobstructed execution of the dis
played actions. If uncomfortable, participants could lean back to further 
reduce background muscle activity.

To identify the ‘MultiMEP hotspot’, we performed a grid-search 
procedure over the left hemisphere, holding the coil tangential to the 
scalp at an angle of ~ 45◦ relative to the anterior–posterior axis. Stim
ulator intensity was varied in steps of 5% of the maximum output, 
starting from 20%. The hotspot was defined as the scalp location capable 
of evoking, at rest, MEPs with amplitudes peak-to-peak ≥ 50 μV in at 
least 18 of 24 displayed bipolar derivations in five consecutive single 

pulses (MEPs peaks search time-window: 15–65 ms). The lowest in
tensity meeting this criterion was used as the stimulation intensity for 
the experimental session (average stimulation intensity: 56.8 % ± 8 %). 
The rationale for the intensity-hunting strategy has been described in 
more detail in the Supplementary Materials.

2.2.3. Stimuli, task, and Trial Structure
The stimuli consisted of drawings of a right hand representing three 

different gestures (“three,” “ok,” and “hitchhiking (hh)”). The fingers 
pointed downwards to resemble the participant’s hand position (Fig. 3).

Participants performed a ‘Move-then-Imagine’ task: after a Go- 
signal, they executed the action displayed on the screen as quickly as 
possible, then relaxed, and finally engaged in sensorimotor imagery of 
the same action: “… imagine the action you have just executed by 
recalling the muscular tension, the sensation on the skin and within the 
joints, that the production of that action evoked, but in doing so, do not 
contract the muscles.” [35,45]. During the imagery phase a single TMS 
pulse was delivered on the MultiMEP hotspot (Fig. 3). A familiarization 
phase was conducted before the onset of the experimental block (Sup
plementary Materials).

Each trial started with a blank screen for 1 s, followed by the pre
sentation of one right-hand action drawing. After 1 s, a “Go-signal” high- 
pitch sound was played through speakers on each side of the presenta
tion PC monitor. After participants had executed the depicted action, 
they were required to keep the muscular contraction until, after 1 s, a 
low-pitched sound was played along with a visually presented “stop” 
label (1 s), commanding complete muscular relaxation. A feedback 
screen followed for 0.5 s. If participants anticipated the execution of the 
action, a red “already contracted” label was displayed as feedback; if 
participants produced the action after the deadline, a red “no response” 
label was shown instead. If they correctly produced the action within the 
response window, their reaction time (RT, deadline < 350 ms from the 
Go-signal) was displayed in green (see Supplementary Materials for RT 
calculation). After the feedback, a 1 s blank screen was presented; next, 
the same drawing shown at the onset of the trial was presented along 
with a blue label “imagine to perform the drawn gesture”; after 2 s, a TMS 
pulse was delivered on the participant’s MultiMEP hotspot. Following 
the TMS pulse, participants were asked to stop imaging and prepare for 
the next trial. If pre-TMS muscular contraction was detected, which was 
defined as a peak-to-peak amplitude greater than 75 μV in the 50 ms 
before the TMS pulse in at least one of the bipolar derivations, a red 

Fig. 3. Stimuli and Trial Structure 
Stimuli. Action drawings presented during the experiment: a “three” sign with thumb, index, and middle fingers extended and ring and little fingers flexed; an “ok” 
sign with middle, ring, and little fingers extended while the tips of the index touched the thumb, and a “hitchhiking (hh)” gesture with the thumb extended, and all 
the remaining fingers flexed. The downward orientation of the drawings matched the participants’ hand position. 
Trial structure. Each trial started with an action drawing. After a second, a Go-signal commanded to execute the drawn action as fast as possible and keep the 
contraction until the stop sound signal, which instructed the muscles to relax completely. Next, feedback was displayed relative to the performance. After a 1 s blank 
screen, the same action drawing and an “imagine” label were presented again. After 2 s, a TMS was delivered on the MultiMEP hotspot. If pre-stimulus contraction 
was detected (defined as > 75 μV in the 50 ms before the TMS pulse in at least one of the visualized bipolar derivations), feedback was displayed, followed by a 
relax label.
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“already contracted” label was displayed for 1 s, followed by a “relax” 
label lasting 1 s. In the latter case or in the case no response was pro
vided after the Go-signal, the trial was marked as non-valid and 
rescheduled randomly (Fig. 4 Experimental Session panel). This strategy 
allowed us to record 180 clean trials, 60 trials for each of the three 
imagined actions (see Supplementary Materials Table S1 for a summary 
of rescheduled trials number).

The action production during the first part of each trial had the 
double purpose of providing a fresh “haptic-proprioceptive” model that 
was putatively easier to retrieve from memory during the motor imagery 
part of the trials [46,47] and keeping participants engaged, preventing 
them from getting bored or falling asleep.

3. Analyses

3.1. MultiMEP classification

3.1.1. Data preprocessing
We employed a decoding approach (Fig. 1) to discriminate the 

imaged actions based on the MEP amplitude patterns. All analyses relied 
on custom scripts developed in MATLAB (including functions from the 
Fieldtrip toolbox [48]), Python (including Scikit-learn libraries for the 
classification algorithms [49]), and R [50] (including ggplot functions 
[51]).

Each participant’s dataset has been epoched around the TMS trigger 
between − 300 and 500 ms. Trials contaminated by pre-TMS contrac
tions, as defined in the “Stimuli, Task, and Trial Structure” paragraph, 
were removed, ensuring that exactly 60 valid trials were analyzed for 
each imagined action.

Forward 4th order Butterworth 10 Hz high-pass and 500 Hz low-pass 
filters have been applied to padded epochs. Next, the filtered epochs 
have been downsampled to 1000 Hz to reduce the computational load.

To fully exploit the spatial information embedded in the EMG sig
nals, we implemented a procedure we refer to as “massive bipolariza
tion”. This involved computing all possible bipolar derivations by 
subtracting the signal of one electrode from another for every unique 
pair of the 24 monopolar channels. Mathematically, this corresponds to 
all pairwise combinations of the 24 channels, resulting in 276 bipolar 
derivations (virtual channels). Thus, each virtual channel reflects the 
voltage difference between two monopolar electrodes.

For each virtual channel, we calculated the peak-to-peak amplitude 
of the MEPs within the 15–60 ms time window after the TMS pulse.

Thus, a matrix of MEP amplitudes (MultiMEP matrix) constituted by 
180 trials (rows) × 276 MEPs virtual channels (columns) has been 
computed, along with a vector containing the imagined action labels for 
each trial (Fig. 4 Preprocessing panel).

3.1.2. Classification
The MultiMEP matrix was classified using 3-class logistic regression 

within a 5-fold stratified cross-validation algorithm: each dataset was 
randomly split into five equal parts (folds) ensuring that each fold 
maintained equal proportions of trials belonging to the three classes.

The logistic regression model was trained on four folds (training-set) 
and tested on the remaining one (test-set), repeating this process five 
times so that each fold serves as the test-set once (Fig. 4 Classification 
panel). At the onset of each cross-validation cycle the training-set was z- 
scored, and the same transformation was applied to the test-set. The 
model performance was averaged across all five runs. No hyper
parameter tuning was performed.

We then computed a confusion matrix for each participant: for each 
action imagined (rows) we calculated the classifier prediction percent
ages. Eventually, a total accuracy metric was computed indicating the 
percentage of correctly classified trials. (Fig. 4 Results panel).

Three tests were performed:
Single subject total accuracy: We tested whether MultiMEP contained 

sufficient information to classify imagery content above chance at the 
single-subject level. To determine statistical significance, we followed 
the approach of Combrisson & Jerbi [52], who underscore that the 
commonly assumed 33.3 % chance level (for three classes) applies only 
with an infinite number of trials. Given that classification under the null 
hypothesis follows a cumulative binomial distribution, the probability of 
achieving 38.9 %, 41.6 %, or 44.4 % classification accuracy in our 
experiment (3 classes, 60 trials per class) corresponded to p-values 
<0.05, <0.01, and <0.001, respectively.

Group total accuracy: At the sample level, we tested if total classifi
cation accuracies were, on average, above the theoretical chance level 
by performing a non-parametric Wilcoxon test on total accuracies 
against 33.3 %.

Classification Bias: To test if the total accuracy was inflated by a 
particularly easy-to-classify action, we extracted the accuracies 

Fig. 4. Main experimental steps: montage (shades of orange), preprocessing (shades of purple), classification and results (shades of green).
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corresponding to the on-diagonal elements of the confusion matrices for 
each participant. This resulted in 22 accuracy percentages for each 
imagined action, which underwent a Friedman test (p < 0.05).

3.2. Exploratory analysis: cross-classification between contraction and 
imagery patterns

In this exploratory analysis, we applied a MultiMEP decoding 
approach to test the claim, derived from classic 1m1a motor imagery 
works, that action production and motor imagery share common motor 
representations. To this aim, we took advantage of the contraction 
patterns (henceforth "MultiEMG") collected when participants produced 
the observed actions. After checking that MultiEMG patterns were well 
discriminable, we performed two cross-classifications in two directions, 
by training the classifier on MultiMEP and testing it on MultiEMG 
(MultiMEP-to-MultiEMG), and vice versa (MultiEMG-to-MulitEMG).

3.2.1. MultiEMG data preprocessing
Preprocessing of MultiEMG patterns followed a procedure very 

similar to the one employed to obtain MultiMEP: the recorded EMG data 
were epoched between − 300 and 1000 ms from the Go-signal. EMG 
traces from valid trials were filtered, downsampled, and massively 
bipolarized. Differently from MultiMEP analysis, a root-mean square 
value was calculated for each trial and each virtual channel, considering 
a time window ranging from the earliest contraction onset (see Sup
plementary Materials) until the following 200 ms. Eventually, a 180 
trials x 276 matrix was computed along with the labels for each trial.

3.2.2. Sanity check: MultiEMG classification
To test if the executed actions were discriminable from MultiEMG 

patterns, we applied the MultiMEP pipeline analysis to the MultiEMG 
data.

3.2.3. Cross-classification between contraction and imagery patterns: data 
pre-processing

A crucial preprocessing step was aligning the multidimensional 
spaces of MultiEMG and MultiMEP, as their amplitudes are not directly 
comparable. TMS-induced MEPs exhibit muscle-specific biases (TMS- 
bias pattern) influenced by individual brain-skull anatomy, unlike 
voluntary contractions recorded in MultiEMG. Assuming a simple ad
ditive interaction, MultiMEPs during imagery reflect the combination of 
both the TMS-bias and imagery-specific patterns. Even if corticospinal 
activity during imagery mirrored execution, the TMS-bias would shift 
the position of the MultiMEP patterns within multidimensional space. 
To correct for this, we z-scored both datasets along the virtual channel 
dimension, reducing the TMS-bias while preserving trial-specific activ
ity patterns and “within-electrode” relationships (Fig. 5).

3.2.4. Cross-classification between contraction and imagery patterns: 
classification

After the “within-electrode” standardization, we conducted two 
cross-classifications using a modified 5-fold cross-validation algorithm. 
In this approach, the training folds were drawn from one domain 
(MultiEMG or MultiMEP), while the test fold came from the other 
(MultiMEP or MultiEMG, respectively). This ensured that, in each fold, 
the trials used to fit the classification model remained entirely inde
pendent from those in the test set.

Fig. 5. Schematic Representation of the TMS-bias Reduction by z-scoring along the Electrode dimension 
Bias Pattern. Two hypothetical datasets (MultiMEP and MultiEMG) each composed of three different motor representations (different colors) are displayed as rows. 
Each plot shows eight hypothetical electrodes on the x-axis and amplitude (arbitrary units) on the y-axis. The first plot of the two rows represents the influence of the 
TMS-bias on electrodes amplitude: the bias affects MultiMEP only. 
CS Pattern. Hypothetical corticospinal representation (CS) of the three motor representations, assumed to be identical between the two datasets by hypothesis. 
Biased CS Pattern. Interaction between TMS-bias and corticospinal representation: the patterns of the three motor representations are no longer identical between 
the two datasets, as those in MultiMEP are influenced by the TMS-bias. 
Z-scored Biased CS Pattern. z-scoring “within-electrode” brings back the similarity between the corresponding motor representations of the two datasets. Note that, 
compared to the CS Pattern, the relationship between conditions does not change within electrodes.
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3.3. Exploratory analysis: cross-subjects MultiMEP classification

To assess the degree of similarity of decoding spaces across partici
pants, we implemented the following pipeline: the MultiMEP dataset 
was first z-scored separately for each participant. Then, a logistic 
regression model was trained on each participant’s data (180 trials; 60 
per action class) and tested on the data from each remaining participant. 
This procedure was repeated for each participant, resulting in 21 cross- 
subjects classification outcomes per individual. These were then aver
aged to produce a participant-level metric reflecting the similarity be
tween their MultiMEP-derived decoding space and that of others. To 
determine whether this cross-subjects similarity exceeded chance level 
(33 %), we compared each participant’s average classification accuracy 
to chance using a Wilcoxon signed-rank test.

3.4. Exploratory analysis: MultiMEP classification accuracy for electrode 
grid subdivisions

In the present experiment, electromyographic activity was recorded 
from 24 surface electrodes arranged over the forearm. However, it is 
possible that not all 24 electrodes are necessary to achieve optimal 
classification accuracy. Furthermore, certain forearm regions may 
contribute more consistently to discriminating imagined actions than 
others.

To investigate these possibilities, we assessed classification perfor
mance using subsets of electrodes defined by spatial subdivisions: four 
Quadrants, four Half-Grid regions, and the Whole Grid.

Quadrants subdivisions: The grid was divided into four anatomical 

quadrants: dorsal anterior (electrodes 1, 2, 3, 7, 8, 9), dorsal posterior (4, 
5, 6, 10, 11, 12), volar anterior (13, 14, 15, 19, 20, 21), and volar 
posterior (15, 16, 17, 22, 23, 24) aspects of the forearm.

Half-Grid subdivisions: Two orthogonal subdivisions were used: one 
separating the dorsal (electrodes 1–12) and volar (13–24) aspects, and 
another separating the anterior (1, 2, 3, 7, 8, 9, 13, 14, 15, 19, 20, 21) 
and posterior (4, 5, 6, 10, 11, 12, 15, 16, 17, 22, 23, 24) aspects of the 
forearm.

Whole Grid: All 24 electrodes (1–24) were included in the analysis.
For each spatial subdivision, we computed all possible bipolar deri

vations resulting in: 15 virtual channels for each Quadrant, 66 for each 
Half-Grid region, and 276 for the Whole Grid. This resulted in four 180 
× 15 matrices (one per quadrant), four 180 × 66 matrices (one per Half- 
Grid), and one 180 × 276 matrix (Whole Grid). These matrices were 
entered into a classification procedure identical to that used for the 
MultiMEP-to-MultiMEP analysis.

To statistically assess differences in classification performance across 
the nine spatial configurations, we first applied a Friedman test. Pair
wise comparisons between subdivisions were then conducted using 
paired Wilcoxon signed-rank tests, with Benjamini-Yekutieli correction 
applied to control for multiple comparisons.

4. Results

4.1. MultiMEP classification

Single subject’s total accuracy: We tested how well single participants’ 
total accuracy classification departed from an empirical chance level: 

Fig. 6. MultiMEP Confusion Matrices and Total Accuracies 
A. MultiMEP confusion matrices from each participant: within each imagined action category (“three” in red, “ok” in gold, “hitchhiking” (hh) in light blue), cells 
represent the % of trials predicted to belong to each of the three actions (“three”, “ok” and “hh”). A perfect classification would highlight 100 % on the main diagonal 
cells and 0 % on the remaining cells of each row. Darker colors indicate better classification. 
B. MultiMEP accuracies: each dot represents the classification total accuracy for each participant. The green dashed line represents the average total accuracy, while 
the pink one represents the theoretical chance level.
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following [52], the likelihood that a 44.4 % classification accuracy is 
obtained by chance corresponds to a p-value <0.001, for a 41.6 % ac
curacy to p < 0.01, and for a 38.9 % accuracy to p < 0.05. Total accuracy 
was above 44.4 % for every participant (p < 0.001, Fig. 6).

Group total accuracy: We calculated if the average total accuracy 
among participants was higher than the theoretical chance level of 33.3 
%. The average total accuracy was 74 % ± 10 % sd, significantly higher 
than the group chance level of 33.3 % (W = 0, p < 0.001, Fig. 6).

Classification Bias: We tested whether actions were classified with 
different accuracies across participants: no biases have been detected 
(Friedman Q = 0.17, p = 0.91; average accuracies: “three” = 75.5 % ±
11 % sd, “ok” = 74.1 % ± 10.5 % sd, “hh” = 73.3 % ± 12.0 % sd).

4.2. Exploratory analysis: cross-classification between contraction and 
imagery patterns

4.2.1. Sanity check: MultiEMG classification
MultiEMG classification showed an almost flawless total classifica

tion accuracy (98.7 % ± 0.01 % sd) with all participants above 44.4 % 
(Supplementary Materials Fig. S2).

4.2.2. MultiEMG-to-MultiMEP classification
The MultiEMG-to-MultiMEP classification was produced by training 

a classifier model on the MultiEMG data and then predicting MultiMEP 
imagined actions based on the hyperplanes estimated from the Multi
MEG contraction patterns.

Single subject’s total accuracy: The total classification accuracy was 
above 44.4 % (p < 0.001, Fig. 7) for 19 out of 22 participants, above 
41.7 % for 20 out of 22 participants, and above 38.9 % (p < 0.05) for 21 
out of 22 participants.

Group total accuracy: The average total accuracy was 54.3 % ± 11.2 
% sd, significantly higher than the group chance level of 33.3 % (W = 0, 

p < 0.001, Fig. 7).
Classification Bias: Classification biases have been detected (Fried

man Q = 7.78, p = 0.02), We employed three Wilcoxon tests to explore 
the differences in classification accuracy, comparing each combination 
of actions.

“three” vs. “ok”: W = 116.5, p = 0.75, “three” (49.1 % ± 16.9 % sd), 
“ok” (51.5 % ± 17.5 % sd).

“three” vs. “hh”: W = 35.0, p = 0.005, with “hh” (62.2 % ± 14.4 % 
sd) easier to classify than “three” (49.1 %±16.9 % sd).

“ok” vs. “hh”: W = 43.0, p = 0.02, with “hh” (62.2 % ± 14.4 % sd) 
more easily classifiable than “ok” (51.5 % ± 17.5 % sd).

4.2.3. MultiMEP-to-MultiEMG classification
The MultiMEP-to-MultiEMG classification was produced by training 

a classifier model on the MultiMEP data and then predicting MultiEMG 
imagined actions based on the hyperplanes estimated from the Multi
MEP patterns.

Single subject’s total accuracy: The total classification accuracy was 
above 44.4 % (p < 0.001, Fig. 8) for all participants.

Group total accuracy: The average total accuracy was 71.7 % ± 13.1 
% sd, significantly higher than the group chance level of 33.3 % (W = 0, 
p < 0.001, Fig. 8).

Classification Bias: No classification bias has been detected (Friedman 
Q = 1.95, p-value = 0.37).

4.3. Exploratory analysis: cross-subjects MultiMEP classification

Results revealed an average cross-subject classification accuracy of 
41.9 % ± 4.33 % (Wilcoxon W = 253, p < 0.001) for the MultiMEP 
dataset. This indicates that, on average, a model trained on one partic
ipant’s data was able to predict the imagined action from another par
ticipant’s data nearly 42 times out of 100, suggesting a modest but 

Fig. 7. MultiEMG-to-MultiMEP Confusion Matrices and Total Accuracies 
A. MultiEMG-to-MultiMEP confusion matrices for each participant: rows represent the imagined action (“three” in red, “ok” in gold, “hitchhiking” (hh) in light blue). 
The cells constituting each row represent the % of trials predicted for the three action categories; differently from the MultiMEP analysis, the prediction model has 
been estimated using the MultiEMG patterns. B. MultiEMG-to-MultiMEP accuracies: each dot represents the classification total accuracy for each participant. The 
green dashed line represents the average total accuracy, and the pink one represents the theoretical chance level.
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Fig. 8. MultiMEP-to-MultiEMG Confusion Matrices and Total Accuracies 
A. MultiMEP-to-MultiEMG confusion matrices for each participant: rows represent the executed action (“three” in red, “ok” in gold, “hitchhiking” (hh) in light blue). 
The cells constituting each row represent the % of trials predicted for the three action categories; differently from the MultiMEP analysis, the prediction model has 
been tested on the MultiEMG patterns. B. MultiMEP-to-MultiEMG accuracies: each dot represents the classification total accuracy for each participant. The green 
dashed line represents the average total accuracy, and the pink one represents the theoretical chance level.

Fig. 9. Cross-Subjects Classification on MultiMEP 
A. Cross-subjects confusion matrix: each cell indicates the classification accuracies obtained by training the classifier on the participant listed on each row and 
classifying on each remaining participant listed on the columns. A colorimetric scale is displayed with red indicating 100 %, dark blue 0 % and white 33 % accuracy. 
B. The plot displays the average classification accuracy for each participant.
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reliable degree of similarity in decoding spaces across individuals 
(Fig. 9).

The same procedure applied to the MultiEMG dataset yielded a 
significantly higher cross-subject classification accuracy of 67 % ± 10 % 
(W = 253, p < 0.001), suggesting that overt action execution involves 
more consistent patterns of muscular activation across participants 
(Fig. 10).

These results suggest that participants partially share a common 
representational structure for imagining different actions. The relatively 
low classification accuracy likely reflects not only inter-subject vari
ability in motor imagery, but also other factors that may have similarly 
impacted MultiEMG cross-subject classification. For instance factors 
such as the variability of the forarm sizes (the electrode spacing was 
fixed at 2.5 cm regardless of individual forearm anatomy), and slight 
variations in how participants executed the actions, could have affected 
the results. Such sources of variability may have limited the consistency 
of the recorded patterns across individuals.

4.4. Exploratory analysis: MultiMEP classification accuracies for 
electrode grid subdivisions

The Friedman-test applied to the 9 subdivisions indicates that these 
differ with respect to classification accuracies (Friedman Q = 124.07, p 
< 0.001; average accuracies on Table 1). The exploration of these dif
ferences by means of pairwise Wilcoxon tests indicates that, within each 
size subdivision, no forearm portion detects information better than 
other, i.e., on average all Quadrants pick similar information, and all 
Half-grids subdivisions pick similar information as well. The only 
consistent differences have been detected between grid sizes, as the 
Whole Grid classifies consistently better than each Half-grid subdivision, 
and each Quadrant. Similarly each Half-grid subdivision classifies better 
than each Quadrant (Fig. 11; see Figs. S3–S7 for more details).

5. Discussion

Design constraints in traditional 1m1a studies on covert motor pro
cesses limit the information retrievable from MEPs. In this proof-of- 
principle study, we adopted a decoding approach to multidimensional 
MEPs, achieving over 70 % classification accuracy for three complex 
imagined actions in all participants. This result suggests that single-trial 
MEP patterns carry more information than previously (implicitly) 
assumed.

Notably, we successfully classified actions involving different fore
arm muscles, broadening the potential of this technique to study covert 
motor processes for virtually any action. Expanding electrode coverage 
to the hand could further enhance accuracy. Once trained, the classifier 
enables single-trial classification of imagined actions, opening new 
research avenues. For example, MultiMEP can reveal the geometry of 
motor representations by analyzing how different covert motor pro
cesses are positioned in MultiMEP-space, akin to primate studies on 
action preparation and production [53–56].

Beyond distinguishing complex imagined actions, MultiMEP 

Fig. 10. Cross-Subjects Classification on MultiEMG 
A. Cross-subjects confusion matrix: each cell indicates the classification accuracies obtained by training the classifier on the participant listed on each row and 
classifying on each remaining participant listed on the columns. A colorimetric scale is displayed with red indicating 100 %, dark blue 0 % and white 33 % accuracy. 
B. The plot displays the average classification accuracy for each participant.

Table 1 
Average MultiMEP classification accuracy for electrode grid subdivisions.

Subdivisions Mean Classification Accuracy SD

Quadrants Dorsal Anterior 59.5 % 10.9 %
Volar Anterior 60.3 % 10.3 %

Dorsal Posterior 60.5 % 9.6 %
Volar Posterior 58.9 % 10.7 %

Half-Grids Anterior 69.9 % 10.4 %
Posterior 69.2 % 9.7 %

Volar 67.6 % 10.1 %
Dorsal 69.2 % 11.1 %

Whole Grid 74.3 % 9.8 %

The table shows the mean classification accuracy percentage and the associated 
standard deviation for each subdivision.
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decoding allows inferences on the state of motor representations, much 
like 1m1a experiments. To test this, we computed contraction patterns 
for each action (MultiEMG) and compared them against MultiMEPs 
evoked during motor imagery. Our bidirectional cross-classification 
showed that hyperplanes estimated in one domain could discriminate 
classes in the other, in line with the claim that motor imagery and action 
production share the motor representations. However, despite being 
above chance in both directions, the analysis revealed an asymmetry: 
MultiEMG-to-MultiMEP achieved 54 % accuracy (with a positive bias in 
classifying “hh” actions), while MultiMEP-to-MultiEMG reached an ac
curacy of 71 %. This asymmetry likely reflects differences in the intrinsic 
discriminability of the two domains (classes within MultiEMG patterns 
being more separable than in MultiMEP), where classifiers trained on 
the more distinct dataset do not generalize well to the noisier one, 
despite a similar underlying structure. Following Van Den Hurk & Op De 
Beeck [57], we interpret the MultiMEP-to-MultiEMG results as a better 
reflection of the actual overlap between domains.

To explore whether motor imagery of the three actions produce 
similar patterns across participants we conducted a cross-subject clas
sification analysis by training the classifier on each participant and 
testing its predictions on each remaining subject. This yielded a mean 
accuracy of 42 % for MultiMEP (motor imagery) and 67 % for Multi
EMG. Although the MultiMEP performance was lower compared to 
other results in the present work, it was consistent across individuals and 
may reflect both individual differences in motor imagery and broader 
variability also evident in the MultiEMG classification. Factors such as 
fixed electrode spacing and subtle differences in action execution likely 
contributed to this variability, highlighting the need for future work to 
better control for anatomical and behavioral heterogeneity.

Eventually, we also explored the contribution of different forearm 
regions and the effect of grid size on classification performance. Across 
subjects, no single forearm portion consistently outperformed others in 
decoding imagined actions, likely because the muscles involved in each 

action spanned the entire grid. In contrast, grid size had a clear and 
consistent impact, with larger grids yielding higher classification accu
racies. Notably, the improvement from Quadrants to the Whole Grid 
indicates a non-linear benefit, which suggests that our 24-electrode 
configuration may have approached a performance plateau.

In general, moving from a univariate to a multivariate datum allows 
to investigate problems from different perspectives, which might benefit 
the study of covert motor processes such as action observation or motor 
preparation. MultiMEP offers the possibility to study the processing of 
more ecological complex actions, adding generalizability to results, and 
putatively reducing the impact of sudden excitability shifts that decrease 
the signal-to-noise ratio, thus providing more stable outcomes. Most 
importantly though, it allows to explore different aspects of the datum 
that could not be captured through a 1m1a approach: for example, it has 
been shown that during motor preparation the corticospinal excitability 
inhibition precedes action execution [12]. Speculating, this inhibition 
might be accompanied to a certain degree by changes in cortical excit
ability patterns as well, which might clarify the different ways prepa
ration affects selected, non-selected and irrelevant effectors [58]. 
Hypothetically, different stages of preparations might be discovered 
thanks to similarity analyses of MultiMEP pattern. Theoretically it might 
be possible to classify different covert motor states, such as imagery vs. 
preparation, and characterize their underlying multidimensional struc
tures. MultiMEP decoding offers the possibility to study single-subject 
specific patterns in order to highlight the differences and the common
alities between participants. Eventually, single-trial characteristics 
should now represent a richer source of information: for example, is the 
variability of the MultiMEP pattern shape different throughout the delay 
period before imperative signals?

Although the fine-grained informational content recoverable 
through a MultiMEP approach remains to be fully understood, it would 
be worth investigating whether covert motor activities involving 
different motor contents and effectors (e.g., ipsilateral hand, feet, or 
mouth) are reflected in subtle or subthreshold pattern-specific modu
lations within the hand motor cortex. For instance, previous research 
has shown that preparing foot movements increases beta-band ampli
tude in the hand motor cortex [59]; it is possible that different feet ac
tions preparation induce pattern-specific activities in the hand motor 
area. While such an outcome may seem counterintuitive, MultiMEP 
provides a unique opportunity to test similar possibilities and, impor
tantly, to assess them in a subject-specific way. These are only a few 
open questions that we believe can be addressed when studying covert 
motor processes employing a MultiMEP setting.

Moreover, the MultiMEP setting can lead to different practical ad
vantages. Notably, its putative increased sensitivity in detecting motor- 
related activity patterns may reduce the number of trials needed to 
detect condition differences, or, on the other hand, may allow the 
extraction of information-rich patterns that enhance effect sizes 
compared to traditional 1m1a approaches. The MultiMEP setting can 
also be used to inform new criteria for choosing stimulation hotspots. 
For instance, rather than relying on peak MEP amplitude from a single 
muscle, one could average MEP amplitudes across multiple electrodes to 
obtain a more stable estimate of general corticospinal excitability. 
Alternatively, hotspots could be defined based on non-standard criteria, 
such as maximal or minimal amplitude variability across electrodes, the 
presence of specific MultiMEP activation patterns, or any other metric 
computable on a data distribution. To enable such applications, infor
mation must be extracted online via an automated MultiMEP-Viewer. 
Integrating MultiMEP with real-time, automated state monitoring pro
vides immediate feedback about the recorded physiological signal. For 
example, real-time MultiMEP settings might assist motor imagery 
training: in this scenario participants may imagine performing an action, 
while MultiMEP are evoked to assess the similarity between the 
imagery-induced state and the pattern shape associated to actual motor 
execution of the action.

Given the richness of MultiMEP data, it could be integrated into 

Fig. 11. Pairwise classification accuracy comparisons between sub
divisions. 
The figure shows the pairwise classification accuracy comparisons between all 
subdivisions. The first column and the last row (pink-shaded vectors) show the 
mean classification accuracy for each subdivision. The orange-shaded cells 
report significant p-value for each comparison (p < 0.05, Benjamini-Yekutieli 
corrected), while grey cells represent non-significant comparisons.

F. Genovese et al.                                                                                                                                                                                                                               Brain Stimulation 18 (2025) 1750–1763 

1760 



other TMS protocols, including rTMS protocols [60,61], paired-pulse 
[62,63] and double-coil [64–67] paradigms, shifting from a unidimen
sional excitation/inhibition framework to a multidimensional perspec
tive. Similarly, combining MultiMEP with TMS-evoked EEG activity 
could provide insight into how motor measures relate across the two 
different domains [68–71].

This paradigm shift may also benefit studies of pathological motor 
systems. Clinically, MEPs are used to assess corticospinal integrity [72,
73], but offer little insight into cortical motor representations. MultiMEP 
could characterize motor system alterations with high granularity, 
extending its application to neuropsychiatric conditions where unidi
mensional MEP-derived measures are commonly used as biomarkers 
[74,75].

Compared to standard MVPA approaches in neuroimaging, Multi
MEP offers key advantages. While fMRI and EEG-based Brain-Computer 
Interfaces achieve high classification accuracy (90–95 %) in tasks with 
well-separated motor representations (e.g., left vs. right-hand move
ments), they rarely explore finer effector-specific actions [36,76–80]. 
MultiMEP, by reflecting corticospinal states during covert motor tasks, 
extends motor system decoding from localized cortical patches to a 
physiologically meaningful space, mapping motor information onto 
hand and forearm muscles, where it can be more easily detected and 
discriminated. To evaluate MultiMEP potential as a Brain-Computer 
Interface, however, future studies must assess its test–retest reliability, 
with particular attention to how the latter is influenced by different tasks 
demands.

Finally, while the MultiMEP decoding framework differs methodo
logically from 1m1a experiments, the two forms do not represent a di
chotomy. Intermediate strategies, such as decoding two-muscle setups, 
using unevenly spaced electrodes, or comparing averaged evoked pat
terns across conditions, can bridge the gap between traditional and 
multidimensional analyses, depending on the research question.

6. Conclusions

In summary, the MultiMEP decoding approach highlights the high 
discriminative power of MEP patterns at both single-subject and single- 
trial levels. Moreover, it extends to the inferential reach of 1m1a ap
proaches while improving the generalizability of the results.
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