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ABSTRACT

Previous functional magnetic resonance imaging (fMRI) studies have shown that activity in premotor and parietal brain-regions
covaries with the intensity of upcoming grip-force. However, it remains unclear how information about the intended grip-force
intensity is initially represented and subsequently transformed into a motor code before motor execution. In this fMRI study, we
used multivoxel pattern analysis (MVPA) to decode where and when information about grip-force intensities is parametrically
coded in the brain. Human participants performed a delayed grip-force task in which one of four cued levels of grip-force inten-
sity had to be maintained in working memory (WM) during a 9-s delay-period preceding motor execution. Using time-resolved
MVPA with a searchlight approach and support vector regression, we tested which brain regions exhibit multivariate WM codes
of anticipated grip-force intensities. During the early delay period, we observed above-chance decoding in the ventromedial pre-
frontal cortex (vmPFC). During the late delay period, we found a network of action-specific brain regions, including the bilateral
intraparietal sulcus (IPS), left dorsal premotor cortex (I-PMd), and supplementary motor areas. Additionally, cross-regression
decoding was employed to test for temporal generalization of activation patterns between early and late delay periods with those
during cue presentation and motor execution. Cross-regression decoding indicated temporal generalization to the cue period
in the vmPFC and to motor-execution in the I-IPS and 1-PMd. Together, these findings suggest that the WM representation of
grip-force intensities undergoes a transformation where the vmPFC encodes information about the intended grip-force, which is
subsequently converted into a motor code in the I-IPS and I-PMd before execution.

1 | Introduction scenario illustrates the continuity of serial translational pro-

cesses, from the selection of an intended action to the motor

Imagine a mountain bike rider steering down a challenging
section of a gravel hill slope. As they recognize an impending
transition to steeper and firmer terrain, they decide to reduce
the bicycle's speed by applying a grip-force to the handlebars.
However, to avoid a severe fall on the unstable terrain, the bike
rider must prepare and delay the grip-force application. This

planning of a grip force application through working memory
(WM) maintenance, to motor execution. Until today, there has
been substantial research on how specific actions are selected
(Soon et al. 2008, 2013; Bode and Haynes 2009). However, it re-
mains challenging to thoroughly characterise the translational
processes from action selection to motor execution, in particular
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when an abstract goal is transformed into a motor movement
plan (Kim, Avraham, and Ivry 2021). Therefore, systematically
testing where in the human brain an intended action is repre-
sented during an early phase (after action selection) as com-
pared to a later period (closer to motor execution) can provide
further insight into this process.

The application of decoding techniques to functional mag-
netic resonance imaging (fMRI) data have provided a power-
ful tool for investigating where information is represented in
the human brain (Haynes and Rees 2006; Norman et al. 2006).
In particular, the use of multivoxel pattern analysis (MVPA)
in delayed response paradigms (e.g., Harrison and Tong 2009)
has proven successful for testing where and when informa-
tion is encoded during different processing phases of WM
(Schmidt, Wu, and Blankenburg 2017; Hebart et al. 2018).
Of particular interest in WM studies are the transformation
phases from the initial presentation of a stimulus (or task
cue) to its representation during the early and late phases of
a delay period. Previous research has shown that stimulus in-
formation is represented in sensory areas during and imme-
diately after the stimulus presentation in visual (Christophel
et al. 2015), tactile (Schmidt et al. 2021), and auditory (Ulug
et al. 2018) WM studies. These studies further describe how
information is transformed into more abstract representations
in higher-order sensory and multimodal cortices depending
on task demands (Christophel et al. 2017). While these studies
focus on the WM delay period, they do not examine how this
information is translated into a motor plan for execution (Bode
and Haynes 2009). In more ecologically valid scenarios, how-
ever, the primary function of WM is assumed to be using in-
formation to act on the environment (Parr and Friston 2017).
As a result, recent research has emphasized the importance
of studying how WM information is transformed into specific
action plans (e.g., Van Ede and Nobre 2023). To date, only a
few studies have investigated how information is encoded
when a specific motor plan is cued, maintained, and then ex-
ecuted after a delay period (e.g., Soon et al. 2008, 2013; Bode
and Haynes 2009; Gallivan, Johnsrude, and Flanagan 2015;
Van Ede 2020; Boettcher et al. 2021; Ariani, Shahbazi, and
Diedrichsen 2024).

Recent fMRI MVPA studies have shown that action-specific
information, such as the outcome of an intended action (or
its “goal”; Hamilton and Grafton 2008; Cattaneo et al. 2009;
Turella, Rumiati, and Lingnau 2020), can be decoded from
the ventromedial prefrontal cortex (vmPFC) during an early
delay (ED) period, even before motor planning begins (Soon
et al. 2008, 2013; Ruiz et al. 2024). This finding aligns with a
two-stage model in which information about the intended ac-
tion is first selected, and then, motor movements are specified
and prepared for execution (Boettcher et al. 2021). This notion
aligns with findings from transcranial magnetic stimulation
(TMS) and fMRI decoding studies (Tecilla et al. 2022), which
suggest a distinction between a motor decision phase in which
a motor plan is selected from alternative actions, and a sub-
sequent movement planning phase (Cisek and Kalaska 2005;
Nakayama et al. 2008; Tecilla et al. 2022; Ruiz et al. 2024),
with distinct brain regions being recruited during each phase.
The above-chance decoding in the vimnPFC is also consistent
with findings from a recent EEG study (Boettcher et al. 2021),

which showed that in the absence of sensory stimulation,
the electrophysiological brain activity reflects the outcome
of an intended action before the instruction of movements
(Ruiz et al. 2024) or selection of motor parameters (e.g., spe-
cific muscle fibres; Mizuguchi et al. 2011, 2013; Mizuguchi,
Nakata, and Kanosue 2014; Ali, Montani, and Cesari 2023).
Collectively, these studies highlight a distinction between
the initial motor-decision stage and the subsequent planning
stage, emphasizing that motor planning does not commence
until the intended action is selected.

After action selection, motor planning occurs (Nakayama
et al. 2008; Tecilla et al. 2022; Ruiz et al. 2024) and is con-
ceived as a neural process that optimizes an ideal preparatory
state for motor output generation (Vyas et al. 2020; Churchland
et al. 2010; Shenoy, Sahani, and Churchland 2013; Ariani,
Pruszynski, and Diedrichsen 2022). Animal studies on motor
planning, which employed single-cell recordings, have con-
sistently found preparatory signals in patterns of neuronal
firing in the dorsal premotor cortex (PMd; e.g., Cisek and
Kalaska 2004, 2010; Hoshi and Tanji 2006, 2007), the supple-
mentary motor area (SMA; e.g., Hoshi and Tanji 2004a; Hoshi
and Tanji 2004b), and the PPC (e.g., Cui and Andersen 2007;
Cui and Andersen 2011; Andersen and Cui 2009). Human fMRI
MVPA studies have shown that activity in parieto-frontal brain
regions during the planning of grasping actions was predictive
of several movement properties, such as the kinematics of grip
types (Gallivan et al. 2011b; Ariani, Wurm, and Lingnau 2015;
Ruiz et al. 2024), the action order (Yokoi and Diedrichsen 2019;
Ariani et al. 2021; Ariani, Pruszynski, and Diedrichsen 2022),
and the to-be utilized effector (Gallivan et al. 2011a, 2013; Leoné
et al. 2014; Turella, Rumiati, and Lingnau 2020). Delayed grip-
force tasks have also been used to investigate the neuronal un-
derpinnings of the anticipatory scaling of grip-force intensities
(Cole and Rotella 2002; Chouinard, Leonard, and Paus 2005;
Nowak et al. 2009; Van Nuenen et al. 2012). In particular, fMRI
studies using univariate analyses have shown that the strength
of the blood-oxygen-level-dependent (BOLD) signal in the
PMd and PPC reflects the anticipated grip-force intensity (Van
Nuenen et al. 2012; Mizuguchi, Nakata, and Kanosue 2014).

To isolate neural correlates of motor planning from execution,
previous studies have used delayed-movement tasks, which re-
semble the delayed-match-to-sample (DMTS) or categorization
tasks commonly used in WM research. These include delayed
grip-force tasks (e.g., Van Nuenen et al. 2012) that, requiring
the maintenance of a graded motor parameter over time, are
highly similar to parametric WM tasks (e.g., Romo et al. 1999;
Brody 2003). Romo and co-workers revealed that maintained
continuous sensory parameters, such as vibrotactile stimulation
intensities, are encoded in persistent, monotonically tuned neu-
ral activity in the (right) inferior prefrontal cortex (e.g., Romo
etal. 1999; Brody 2003). More recently, MVPA has been essential
in showing that premotor and parietal brain regions can para-
metrically represent and maintain information in distributed
patterns of brain activity (Schmidt, Wu, and Blankenburg 2017;
Ulug et al. 2018; Wu et al. 2018; Ulug et al. 2020). However, it re-
mains to be tested whether parametric information about grip-
force intensities is also encoded in multivariate patterns during
action selection and motor planning (i.e., during the early and
late delay periods).
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The present study investigates whether, where and when grip-
force intensities can be parametrically decoded from fMRI
data in a delayed grip-force task. To relate our findings to the
parametric WM findings, we modified the established DMTS
to a delayed grip-force task. However, instead of maintaining
sensory properties of stimuli such as vibrotactile frequencies
(e.g., Romo et al. 1999; Schmidt, Wu, and Blankenburg 2017),
participants had to anticipate and maintain grip-force intensi-
ties before execution. As shown in previous fMRI studies, the
grip force is a motor component that can be easily maintained
during a delay period and comprises a mental representation
of a content with high ecological validity (van Nuenen et al.
2012; Mizuguchi et al. 2013). Moreover, it can be carefully con-
trolled in an experimental setting and be studied in isolation
from other motor components (e.g., finger movement kine-
matic). Beyond these, the neural correlates of grip force are
currently researched as proxy for assessing human health. For
instance, beta cortico-muscular coherence has been reported
to be reduced in individuals with Parkinson's disease (Zokaei
et al. 2021). Taken together, testing the neural correlates of
parametrically modulated grip-force intensities provides good
experimental control and has potential for translational re-
search approaches.

In the study at hand, we decoded parametric grip-force inten-
sities from the early (ED) and late delay (LD) periods using
time-resolved MVPA (by employing support vector regres-
sion [SVR]). In addition, cross-regression decoding was used
to test whether neural representations during the ED and
LD periods were similar to those during the motor execution
and cue periods (Meyers et al. 2008; King and Dehaene 2014;
Hebart and Baker 2018; Hebart et al. 2018; Ariani, Wurm, and
Lingnau 2015; Ariani, Oosterhof, and Lingnau 2018; Nierhaus
et al. 2023). Based on the literature, we hypothesized that
parametric neural representations of grip-force intensities can
be identified in action-specific brain regions, such as the PMd,
SMA, and PPC, and that these codes differ from early repre-
sentations in the vimPFC.

2 | Materials and Methods
2.1 | Participants

All participants (N=33) were healthy and right-handed, as as-
sessed by the Edinburgh Handedness Inventory (Oldfield 1971).
Before the experiment, they provided written informed consent
to participate in the study in accordance with protocols ap-
proved by the local ethics committee of Freie Universitdt Berlin
(003/2021, Berlin, Germany).

To account for potential biases and confounds, only N=22
participants were included in the analysis (age: 30+6.31, 4
female). Five participants were excluded due to low perfor-
mance (i.e., percentage of trials with accurate responses < 25%
in at least one experimental run and one experimental condi-
tion). Another six participants were excluded due to frequent
grip-force application during the delay period (i.e., percent-
age of trials with applied force >75% in at least one run and
one condition). To further ensure that the analyses were not
confounded by early motor responses, we excluded from the

dataset all trials in which any grip-force was applied during
the delay period (cutoff: mean grip-force > 0.05 on a scale from
0to1).

2.2 | Experimental Procedure

After participants entered the MRI scanner, the grip-force trans-
ducer was calibrated to participants’ maximum grip-force. Next,
participants were introduced to the four grip-force levels that
served as the target grip-force intensities in the main experi-
ment. In this training phase, they were familiarized with the
grip-force transducer by performing 24 trials with real-time vi-
sual feedback of the applied grip-force. In 24 additional trials,
they were trained on the experimental task (see below) during
the acquisition of a structural MRI scan. Finally, participants
performed the delayed grip-force task (illustrated in Figure 1A)
in four runs during fMRI scanning.

2.3 | Grip-Force Assessment and Stimuli

Based on the visual presentation of a grip-force cue and
a retro-cue, participants had to apply a grip force via the
right hand on a cylindrical MR-compatible grip-force trans-
ducer (i.e., a force fibre optic response pad, Current Designs,
HHSC-1 x 1-GRFC-V2; illustrated in Figure 1B). Grip-force
intensity was sampled at a 4000 Hz rate throughout the task
(and downsampled by a factor of one-third for analyses) to
ensure that participants only applied force during the execu-
tion period of the trials, allowing the exclusion of trials where
participants applied force during other periods of the experi-
mental trials.

The visual grip-force cue was presented in the centre of the
screen, utilizing Psychtoolbox-3 (Brainard 1997). The visual
cues were composed of a 360° circular display increasing in
thickness, corresponding to an increase in grip-force where the
maximum corresponded to 75% of the individual maximum
grip-force. Four grip-force levels were indicated by the display
of a range, defining a sector of 50° of the grip-force spectrum,
with grip-force level 1: 20°-70° (5%-20% of maximum grip
force level), level 2: 110°-160° (30%-45%), level 3: 200°-250°
(55%-70%), and level 4: 290°-340°(80%-95%) (as illustrated in
Figure 1B, right side; and Figure 2B). The grip-force cue was pre-
sented for each trial with a random degree of rotation (as illus-
trated in Figure 1A). This complex presentation of the cue was
chosen to render the sensory and motor information orthogonal,
thus making it unlikely that participants could solve the task
by maintaining the sensory information without directly trans-
forming it into a grip-force intensity. It further prevents the pos-
sibility of decoding residues of any (parametric) visual stimulus
feature (e.g., length) during the delay phase.

2.4 | Experimental Task

During fMRI scanning, participants performed a delayed grip-
force task. Each trial started with the presentation of a grip-force
cue, comprised of two grip-force levels presented in cyan and
red (illustrated in Figure 1A). A retro-cue indicated which of the
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A. Trial Design
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FIGURE1 | (A) Delayed grip-force paradigm. Two grip-force levels were presented on a grip-force cue (i.e., a grey circular increasing bar with one
level represented in cyan and the other in red, as sectors of 50° on the indicator). A visual retro-cue (i.e., a cyan or red cross displaced in the centre of
the screen) indicated which grip-force had to be anticipated and maintained during a subsequent 9-s delay period. After this delay, participants pre-
pared and performed the grip force upon the presentation of a pre-Go (0.5s) and a Go-cue (1.5s). Subjects responded with their right hand by differently
squeezing a grip-force device, and feedback representing the applied force was provided 1.5s after the Go-cue. (B) Different shades of grey represent
time courses of mean grip forces applied during the experimental-trial, calculated over the accurate trials per condition (i.e., per grip-force level). Light
grey bars displayed in the background represent grip-force levels. (C) Represents the MVPA with a searchlight and a time-resolved approach adopted
across four time periods of the trial. The pastel green background represents a 3-s cue period, the light cyan background depicts a 4.5-s early delay

period, the light yellow background refers to a 4.5-s late delay period, and the light red background marks a 4.5-s motor execution period.

two grip-force intensities had to be maintained and executed.
The combinations of displayed grip-force levels were balanced
so that all combinations of two different levels were presented
equally often. After a delay period of 9s, participants had to
apply the anticipated grip-force upon the display of a Go-cue; im-
portantly, in the absence of the grip-force cue. A pre-Go cue was
presented for 0.5s before the response to allow optimal response
timing during the 1.5s response window. Finally, visual feed-
back was provided by showing the applied force on a screen as
a green radian if accurate, or as a red radian if inaccurate, that
is, outside of the cued grip-force level (compare Figure 1A). The
mean grip-force during the last 0.75s of the response window
was evaluated to assess accuracy of responses. For the analy-
sis, trials were considered accurate when the applied force was
within the target range +20° (5% of maximum grip force).

Four experimental runs comprised 48 experimental trials each,
supplemented with 12 catch trials with a shorter delay period
of 6.0s, 4.5s, 3.0s, or 1.5s. Catch-trials were designed to en-
hance participants’ readiness to prepare and execute the grip-
force task, and thus the continuous maintenance of the force

intensity. Catch trials were not included in the analyses. Trial
order was fully randomized within a run, where each experi-
mental condition (i.e., the cueing of each of the four to-be antici-
pated grip-force intensities) was presented equally often (i.e., 12
times per run).

2.5 | fMRI Data Acquisition and Preprocessing

fMRI data were acquired in four runs of 18 min and 40s each
on a 3T Siemens Prisma at the Center for Cognitive Neuroscience
Berlin of the Freie Universitdt Berlin. For each run, 745 functional
images were obtained with an EPI sequence (64-channel head
coil, 48 slices, interleaved order; TR=1.5s, 2.5X2.5X2.5mm
voxel size; multiband acquisition with acceleration factor of 3).

Trial onsets were time-locked to the functional image acqui-
sition to allow a time-resolved analysis (see below). fMRI data
processing was performed using SPM12, r7771 (Wellcome Trust
Centre for Neuroimaging, Institute for Neurology, University
College London). To preserve the spatiotemporal structure of the
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A. Performance accuracy per run
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FIGURE 2 | Behavioural assessment. (A) Shows that participants performed consistently across all four runs of the delayed grip-force task.

Circles represent the performance of accurate grip-force application in each of the four runs (for each participant); filled squares represent the mean

performance across runs. The overall mean performance across participants is represented by the dashed black line. (B) Displays the grip-forces ap-

plied during the delay period (upper display) and the execution period (lower displays). We made sure that only trials were included in the analysis,

where participants did not press the grip-force device during the delay period (upper panel), and accurate grip-force was considered within the target
level +20° (lower panel). Light grey bars in the background represent the cued grip-force (GF) levels. For each of the four cued GF levels a violin plot
(beige) illustrates the distributions of applied grip-forces, with the trials included in the analysis indicated by black dots.

fMRI data, preprocessing was limited to motion correction by
spatial realignment to the runs mean image, as implemented
in SPM12.

2.5.1 | Time-Resolved Searchlight Decoding
of Grip-Force Anticipation

We applied an MVPA searchlight approach to identify brain re-
gions that exhibited multivariate parametric codes of grip-force
anticipation during the delay period. Finite impulse response
(FIR) models were used to obtain run-wise beta estimates for
each 1.5s time-bin of the trials. Then, 12 consecutive time-bins
were modelled (as illustrated in Figure 1C), comprising 6 time-
bins throughout the delay period, 2 additional time-bins before
the delay period, and 4 time-bins from grip-force execution.
Temporal filtering was implemented within the first-level gen-
eral linear model (GLM) using a high-pass filter with a cutoff of
128 Hz. The first-level model included 220 regressors (4 condi-
tionsx 12 time-bins x4 runs complemented with the 6 realign-
ment parameters). To balance the number of trials included in
each condition, allowing equally reliable beta-estimates, we
subsampled the trial number to N=5 for condition (including
the trials with most precise grip-force performance).

To identify where and when information about the maintained
grip-force was encoded in the brain, we applied time-resolved
MVPA using SVR (Kahnt et al. 2011), which can be consid-
ered a multivariate pendant of a parametric coding, a method
previously applied in a series of WM decoding experiments
(e.g., Christophel, Hebart, and Haynes 2012; Schmidt, Wu,
and Blankenburg 2017; Uluc et al. 2020; Pennock et al. 2021).

Applying a searchlight approach (r=4 voxel) independently for
every time-bin allows testing for local multivariate represen-
tations (i.e., activation patterns of voxels) that code parametric
grip-force anticipations. An SVR model is trained to predict
grip-force (i.e., the four grip-force intensities) based on a mul-
tivariate data vector (i.e., multivoxel activation pattern). This is
similar to a univariate regression approach, where prediction of
the dependent variable is however solely based on one indepen-
dent variable (see Kahnt et al. 2011 for more information).

To account for differences in the difficulty of grip-force per-
formance, the distances between the four SVR labels were ad-
justed using Fechner's law (Fechner 1948). First, we accounted
for differently perceived difficulties by log-transforming the
applied grip-force intensities, which were grouped in four nor-
mal distributions of applied grip-force. After, we calculated the
three distances between the four labels of the SVR (d;, d;,;, d;,,)-
Specifically, such distances were obtained by calculating the in-
verse of the difference between the means for each combination
of increasing grip-force intensities (d; = ———). We used the
. . . i p 1] .
resulting distances to adjust the SVR's lalbels (with resulting la-
bels: —1.5, —0.58, 1.36, and 4.33).

Beta estimates of each condition were first normalized (i.e.,
z-scaled) across the samples for each voxel as implemented
in the Decoding Toolbox (TDT; Hebart, Gérgen, and Haynes
2015) and forwarded to a fourfold leave-one-run-out cross val-
idation schema. To make our data comparable to previous re-
ports, we used the prediction accuracy as a measure, defined
as the Fisher's z-transformed correlation coefficient between
the predicted value levels and the actual value levels of the test
dataset (in TDT: “zcorr,” see also Kahnt et al. 2011). The centre
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of the searchlight was moved voxel wise through the brain,
and prediction accuracy values were saved as corresponding
whole-brain accuracy maps. In this way, we obtained an ac-
curacy map for every subject and time-bin, reflecting local
activation patterns that code grip-force intensity in a multi-
variate way.

Prediction accuracy maps were entered into a second-level anal-
ysis to test for above-chance decoding in terms of SPM's flex-
ible factorial design implementation of an ANOVA. We used
t-contrast to test for above-chance decoding across different
time-bins. All results are reported at a threshold of p<0.05
family-wise error (FWE) corrected at the voxel level.

2.5.2 | Control Analyses: Decoding

the Non-Memorized Grip-Force, Label Permutation
Control Analysis, and HRF-Convolved GLM
Univariate Analysis

To test for the specificity of the main analysis, we performed
a second MVPA as a control analysis. Namely, we tested for
above-chance prediction accuracy for the non-maintained grip-
force intensities. A new FIR model was estimated, in which four
sets of FIR regressors modelled those trials in which a grip-force
level was presented and not retro-cued. As previously done in the
main analysis, 12 consecutive time-bins were modelled for the
5 most accurate trials of each condition. High-pass filtered data
(cut-off 128s) were included in a corresponding first-level GLM
model with 220 regressors (4 conditions x 12 time-bins x4 runs
complemented with the 6 realignment parameters). Therefore,
each beta image was estimated with equal amounts of data (i.e.,
modelling the same number of trials) as in the main analysis.
Beta images were entered into an identical SVR searchlight and
second-level analysis as in the main analysis.

Additionally, to control whether prediction accuracies of the
main analysis were based on the parametric coding of grip-
force intensity anticipation, we performed a label-permutation
test. Here, the labels of the conditions entered into the SVR
were permuted. As previously applied (see Schmidt, Wu, and
Blankenburg 2017; Ulug et al. 2020), higher distance of the
labelling from the original order should result in reduced de-
coding accuracies (getting to zero for the highest distance, i.e.,
completely unordered labelling). For all possible permutations,
the distance from the rank order was calculated as the sum of
the absolute difference of adjacent ranks (e.g., the linear order
of grip-force level 1, 2, 3, 4 has a distance of ranks of sum (11—
21 +12—-31+13-4l)=3 and the permuted labelling 2, 1, 3, 4 cor-
responds to the sum (12—1/+11-3|+13—-4[)=4, resulting in a
difference of 1 from the linear order). Thereby, the permutation
analysis congregated permutations into four classes of distances
from the linear order. For all permutations of labels, the same
SVR whole-brain searchlight analysis as in the main decoding
was carried out.

Finally, we explored univariate activation differences during the
delay period. We performed a univariate control analysis to test
for parametric increases of activity during the delay period, that
is, an analysis based on classic HRF convolved GLM approach.
To this end, functional images were coregistered, normalized

and spatially smoothed (with SPMs default of § mm FWHM). On
the first level, the following regressors were modelled as HRF-
convolved boxcar functions for the given phases of the trials:
the cue period (i.e., t1-t2), delay period (i.e., t3-t8)+ paramet-
ric modulator, motor execution period (i.e., t9-t11) + parametric
modulator, and the motion parameters as regressors of no inter-
est. “Fechner-corrected” labels (see previous section) were used
to weight parametric modulators. We used one sample ¢ test to
assess group level effects of first-level contrasts.

2.5.3 | Test for Temporal Generalization:
Cross-Regression Decoding

To test whether the multi-voxel activation patterns in the ED
and LD periods were similar to those in the cue and motor
execution periods, we conducted a cross-regression decoding
analysis (as test for temporal generalization). We use the term
“cross-regression” instead of “cross-classification” because a
linear SVR model was trained to predict a continuous variable
(i.e., grip-force intensity) rather than to classify into a cate-
gory (Kahnt et al. 2011; Schmidt, Wu, and Blankenburg 2017).
Nonetheless, the logic underlying the use of cross-classification
to test for temporal generalization applies to SVR approaches
as well (Bode et al. 2022). Similar to previous MVPA studies
(Meyers et al. 2008; King and Dehaene 2014; Hebart et al. 2018),
we tested for temporal generalization by training on each
time-bin and, respectively, testing on all other time-bins. The
cross-regression analysis was based on the same data as the
main analysis, namely: the beta estimates derived from the
same FIR model were used. SVRs was trained and tested on
all time bins (t1-t12 X t1-t12) using four-fold leave-one-run-out
cross-validation as in the main analysis, resulting in 144 cross-
regression accuracy maps.

For the statistical assessment, we averaged prediction accuracy
maps to fall into 16 cross-regression accuracy maps to reflect
the 4 time periods investigated in the main decoding analysis,
that is, the cue period, ED period, LD period, and motor execu-
tion period. Averaging was performed using the ImCalc tool as
implemented in SPM. After normalization and smoothing, the
16 cross-regression prediction accuracy maps of 22 participants
were entered into a second-level analysis to test for above-chance
decoding using SPM's flexible factorial design specification of
an ANOVA. This design included one factor with four levels
for the training periods, and a second factor with four levels for
the testing periods. We used t-contrasts to assess above-chance
cross-regression decoding on each of the 16 maps. All results are
reported at p<0.05 FWE corrected at the voxel level.

3 | Results
3.1 | Behavioural Performance

The participants included in the main analysis (N=22) re-
sponded with accurate application of grip-force (i.e., they were
in the target range +20°) in 67% +5.5% (mean = SD) of the tri-
als. Average performance across runs indicates small train-
ing effects over time: run 1: 66% =+ 7.7%; run 2: 64%+7%; run
3: 70%+10%; run 4: 70%+7% (performance per participant
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and run are illustrated in Figure 2A). When tested with a 1x4
repeated-measures ANOVA, this effect of runs was significant
(df=3, F=2.73, p=0.0491, n*=0. 0178), while post hoc ¢ tests
did not reach significance after Bonferroni correction. These
findings render major learning effects on the neuroimaging re-
sults rather unlikely.

To test for performance differences across the four to-be-applied
grip-force intensities, we performed a 1Xx4 repeated-measures
ANOVA, which was significant (df=3, F=78.35, p=0.001,
n?=1. 8017). This was also reflected by significant post hoc ¢
tests, which revealed that the application of grip-force inten-
sity 1 was easier than the other grip-force intensities. After
Bonferroni correction, the mean of the performance accuracy
for grip-force intensity 1 was significantly greater than intensity
2 (M=26%, p=0.001), intensity 3 (M,;=31%, p=0.001), and
intensity 4 (M ;= 26%, p=0.001). Violin plots in Figure 2B dis-
play the distribution of responses (i.e., accurate and non-accurate
performances) in terms of applied force on the grip-force device
for the respective trial types (i.e., grip-force intensities); the data
points display only accurate responses. We further ensured that
the included participants did not apply force during the delay
period (see Figure 2B, upper display). These results are in line
with the expected and previously reported Fechner's Law ef-
fect for perceived difficulties of to-be executed force intensities
(Jones 1989). Therefore, we applied a correction to the fMRI
data modelling (see Section 2).

3.2 | Multivariate Mapping of Regions That Code
Grip-Force Anticipation

To identify brain regions that encode parametric grip-force
anticipation, we conducted a time-resolved whole-brain SVR
analysis. Within a second-level ANOVA design, we computed
t-contrasts across prediction accuracy maps of 3 periods of in-
terest, that is, the cue period (C, time-bins t1-t2); the ED period
(ED, t3-t5); and the LD period (LD, t6-t8); all p<0.05 FWE-
corrected. No brain region exhibited above-chance decoding
during the cue period, only a small cluster in the vmPFC was
revealed when assessed at p<0.001 uncorrected. During the
ED period, a cluster in the vimPFC was revealed. In the LD pe-
riod, a network including bilateral intraparietal sulcus (IPS), left
dorsal premotor cortex (1-PMd), and the SMA was found (see
Figure 3A, Table 1). Finally, a t-contrast on the motor execution
period (i.e., ME, t9-t11) revealed one extended cluster spanning
bilateral primary motor cortex (M1) and primary somatosensory
cortex (S1), parietal cortices, and the cerebellum (Figure 3A,
fourth column, and Table 1).

To plot the temporal evolution of grip-force specific decoding ac-
curacy within the network of brain regions recruited during the
ED and LD periods, we extracted the time course of prediction
accuracies from the peak voxels of the identified clusters in the
vmPFC, I-IPS, 1-PMd, SMA and 1-M1 (see Table 1 for MNI co-
ordinates). Time courses of mean prediction accuracies within
the four time periods of the experimental trials are displayed in
Figure 3A. As expected from the dynamics of the BOLD response
and previous reports (e.g., Schmidt, Wu, and Blankenburg 2017;
Ulug et al. 2020), the prediction accuracies peaked between 4
and 8s after the start of the delay period (see also Supporting

Information for time-courses plotted for 12 time-bins). The time
course of the vmPFC displayed an early peak during the ED
period, preceding those of action-specific brain regions, which
reached maximum in the LD period. All regions of interest, ex-
cept the vmPFC, showed a substantial increase of prediction ac-
curacy during the execution.

3.3 | Control Analyses: Decoding Non Maintained
Grip-Force Intensities, Label Permutation Control
Analysis, and HRF-Convolved GLM Univariate
Analysis

As a control analysis for the specificity of the main analysis,
we tested if information on the non-memorized (i.e., non-cued)
grip-force intensity can be decoded. Therefore, we conducted an
identical MVPA as the main analysis (based on FIR models that
modelled the non-cued intensity). Please note that the amount
of cued and non-cued grip-force intensities was balanced within
and across runs. The decoding analysis of the non-maintained
grip-force intensity did not reveal any significant cluster (at
p<0.05 FWE-corrected), corroborating the specificity of the
main analysis. Time course data of this control analysis is dis-
played in Figure 3B and in the Supporting Information.

To further corroborating the specificity of the main analysis,
we conducted label permutation testing and two second-level
analyses. First, we tested above-chance decoding for the maxi-
mally permuted labels in terms of SPM's flexible factorial design
implementation of an ANOVA. Convincingly, when t-contrasts
are computed on the ED and LD periods (as in the main analy-
sis), we found no significant clusters throughout the whole brain
with identical p<0.05, FWE correction. Even when inspect-
ing this contrast at p <0.001 uncorrected. For illustrative pur-
poses, we display the time courses of the label-permutation tests
with increasing dissimilarity to the original order for the peak
voxels of the main analysis (see Figure S1A in the Supporting
Information). As expected, the time course of the completely
unordered labelling do not show above-chance prediction ac-
curacies throughout all phases of the experimental trials. As
a second group-level analysis, we entered prediction accuracy
maps resulting from permutation labelling into a flexible facto-
rial design with one factor for ordered and permuted levels (i.e.,
Ordered, Distance 1, Distance 2, Distance 3, and Distance 4),
and a second factor for the 12 time-bins. We computed paramet-
ric contrasts over the same time-bins as in the main analysis,
namely C, ED, LD, and ME, respectively. These contrasts cor-
roborated the results of the main analysis, as they show across
the time periods very similar clusters as the main analysis at
p<0.05 FWE corrected (see Figure S2A and Table S1).

In addition to the performed MVPA, we also explored univariate
activation during the delay period. We used one sample t-test to
assess group level effects of first-level contrasts. No significant
parametric modulation was found during the delay phase (at
p<0.05 FWE-corrected; cluster extent threshold >10). In con-
trast, -M1 and right cerebellum demonstrated strong parametric
activity during motor execution (see Figure S4A, and Table S2 in
Supporting Information). These results make it unlikely that the
parametric effects observed in the main MVPA analyses were
mostly driven by univariate effects.
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FIGURE 3 | Results of time resolved support vector regression analysis. A. Displays brain regions that parametrically code grip-force intensities
during the cue period (C), early delay period (ED), late delay period (LD), and motor execution period (ME). Brain regions with above-chance pre-
diction accuracy are revealed by four t-contrasts displayed at p <0.05, FWE-corrected. No brain region exhibited above-chance decoding during C
(as displayed in the first column, pastel green background). During the early delay period, a cluster in the vmPFC was revealed (second column,
light cyan background). In the late delay period, a network including bilateral intraparietal sulcus (IPS), left dorsal premotor cortex (I-PMd), and the
supplementary motor area (SMA) was found (third column, light yellow background). Finally, a t-contrast on the motor execution period revealed
one extended cluster centred on the M1 and S1 (fourth column; light red background). B. Time courses of prediction accuracy values relative to the
main decoding analysis (displayed in blue) and the control analysis (in black). Prediction accuracy values were extracted from the peak voxels of the
five most representative clusters reported in Table 1. The time course represents four prediction accuracy values obtained by averaging prediction
accuracy values of 12 time-bins in correspondence of the four time periods (tested in the main analysis). As expected, prediction accuracy values for
the control analysis do not overcame chance level. Please note that because time courses were extracted from the most significant voxels they are only
displayed for descriptive purpose, and no further statistical testing was conducted to avoid circular conclusions.

3.4 | Testing for Temporal Generalization training on early time-bins and testing on later time-bins were

computed to test if the WM representation is similar to an ini-
To test whether multivariate patterns of grip-force intensities tially formed mental representation during the action selection.
found in the ED and LD periods were similar to those in the In contrast, backward generalization trained on the activation
cue and motor execution periods, we conducted whole-brain ~ patterns during motor execution and tests on the preceding
cross-regression decoding analyses. All combinations of for- time-bins to evaluate if during the WM period (i.e., anticipation
ward and backward generalization were tested (see Figure 4A). of motor execution) already shows neuronal activation that is
This means that in forward generalization all combinations of ~ similar to the actual motor execution.
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TABLE 1 | Regions that exhibit above-chance prediction accuracy
across the cue period, early and late delay periods and motor execution
period, revealed by a t-contrast displayed at p <0.05, FWE corrected.

Peak MNI
Anatomical coordinates
Cluster size region X y z z-Score
Early delay period
231 Ventromedial 6 60 -10 5.27
PFC
Late delay period
1370 Left PMd -26 -10 58 6.48
SMA -6 -6 46 5.16
156 Right SMG 52 —42 32 4.94
73 Left IPS -30 -54 52 4.89
42 Right IPS 38 58 438 4.74
100 26 —-86 44 5.06
139 2 -9 14 4.95
156 52 —40 32 4.81
51 -56 34 22 4.75
Motor execution period
58,068 Left S1 -32 =34 58 11.42
Left M1 —43 -14 48 8.46

First, to test for forward generalization, we computed a t-
contrast across the accuracy maps from training on the cue
period (C) and testing in the other periods. Results are dis-
played in Figure 4A in green (all results are displayed at
p<0.05 FWE-corrected). Interestingly, a single cluster in the
vmPFC was revealed, which is largely overlapping with the
vmPFC of the main analysis. This cluster was found less pro-
nounced in the LD period. Consistently, Figure 4B shows the
stability of generalization when training on the ED period and
testing on the LD phase for the vmPFC cluster. In contrast, no
temporal generalization was found to motor execution even
at p<0.001, uncorrected, indicating that the initial mental
representation might be transformed into a different code for
motor execution.

Analogously, we tested for backward generalization by train-
ing SVRs on the motor execution period (ME) and testing on
the preceding periods. Results are displayed in Figure 4A in
red. Interestingly, only two clusters in the I-PMd and I-IPS were
found, which largely overlap with those exhibited in the LD pe-
riod of the main decoding analysis (compare Figure 3A). Also,
this analysis did not reveal any temporal generalization to the
cue period (even at p<0.001, uncorrected). Thereby, forward
and backward temporal generalization tests corroborate that
over time the neural representation of the intended action is
converted to a different mental representation. Early codes in-
clude the vmPFC, while later in the trial information is found
in the I-IPS and 1-PMd, indicating similar codes as during motor
execution.

4 | Discussion

In this fMRI study, we employed a delayed grip-force task and
time-resolved MVPA to identify brain regions where informa-
tion about grip-force intensities is parametrically coded and
transformed during the cue period, ED and LD periods, and
motor execution.

As expected, information about the intended grip-force in-
tensity could only be decoded starting from the delay period
(i.e., 3s after start of cue presentation). In the ED period, we
only found the vmPFC. Meanwhile, the LD period revealed
action-specific brain regions, including the 1-IPS, 1-PMd, and
SMA. Thereby, our analysis suggests that the code with which
a motor action is initially selected differs from how informa-
tion is coded further towards motor execution, where the in-
volvement of secondary-motor regions indicates a motor-format
coding. This interpretation is corroborated by the results of the
cross-regression decoding analysis. In particular, we trained
SVRs on the neuronal activation pattern during motor execu-
tion and tested for a generalization of these codes in the preced-
ing WM delay. This analysis demonstrates that similar brain
activity patterns in the I-IPS and 1-PMd code an anticipated ac-
tion, as during the actual execution. These results align with a
two-stage framework of action planning (Boettcher et al. 2021),
according to which, after action selection, information about
the action outcome is transformed into a motor code during a
motor planning stage. The vimPFC likely contributes to action
selection (Soon et al. 2008), while the I-IPS transforms the in-
tended outcome into a motor code (Gallivan and Culham 2015;
Wong and Haith 2017; Errante et al. 2021; Klautke et al. 2023).
This motor code could then be stored in the PMd and SMA,
where specific motor parameters, such as the to-be used mus-
cle fibres (Mizuguchi et al. 2011, 2013; Mizuguchi, Nakata, and
Kanosue 2014), are selected and maintained in preparation for
grip-force execution.

In the following, we will discuss our findings in the temporal
sequence from the cue period to the end of the delay period, that
is, until motor execution.

4.1 | The Cue Period

During the cue period, no above-chance decoding accura-
cies were found. Only a small cluster within the vmPFC was
revealed when inspecting the data at p<0.001 uncorrected,
which, however, then becomes significant during the ED period
(see Section 4). This finding is consistent with the dynamics of
the BOLD response, which is expected to peak at about 3-5s
after event onset, that is, retro-cue presentation (Martindale
et al. 2003; Yesilyurt, Ugurbil, and Uludag 2008; Hirano,
Stefanovic, and Silva 2011; Hillman 2014). Having found no vi-
sual regions suggests that parametric decoding analyses were
not influenced by the sensory features of the visual cue, that is,
the grip-force cue, which were experimentally rendered orthog-
onal to the grip-force intensities. This finding supports the spec-
ificity of the main decoding analysis.

The specificity of our SVR decoding analyses is further corrobo-
rated by the results of the control analysis, in which decoding of
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FIGURE4 | (A)The upper display shows four time periods: The cue period (C), early delay period (ED), late delay period (LD), and motor execu-
tion period (ME). The three green arrows illustrate forward generalization (where the SVR was trained on the C and tested, respectively, on the ED,
LD, and ME); red arrows illustrate backward generalization (with training on the ME and testing on the LD, ED, and S). Six t-contrasts were com-
puted on the resulting cross-regression accuracy, and results are showed in the lower display in four columns, corresponding to the testing periods.
Results are coloured as forward (green) and backward (red) generalization. (B) The upper display indicates which fields of a generalization matrix
correspond to forward and backward generalizations (as displayed in A). The generalization matrix represents testing periods on the x-axis and
training periods on the y-axis. According to this schema, the lower display shows three temporal generalization matrices, each corresponding to a
brain region that showed above-chance decoding. These matrices display cross-regression accuracy values for the peak-activity voxel in the vmPFC,
I-IPS, and 1-PMd (as identified in the main decoding analysis). Sixteen cross-regression accuracy values (reflecting the full range of tests across time-
periods; see Method section) are represented within each heatmap. Brighter colours represent higher cross-regression accuracy values. The contours
represent above-chance cross-regression decoding, as revealed by t-contrasts on the peak voxel. Overall, the three generalization matrices indicate
that prediction accuracy values are similar for both generalization directions (e.g., whether training is conducted on S and testing on ED, or vice
versa). All brain regions exhibit relatively stable brain activity patterns between the two delay periods (i.e., when generalization tests are conducted
between ED and LD).

non-maintained grip-force intensities revealed no above-chance
decoding at an uncorrected threshold of p <0.001. Finally, label-
permutation testing demonstrates that prediction accuracies of
the main analyses are based on the specific parametric coding
of grip-force intensities. In particular, the computation of para-
metric contrasts on prediction accuracy maps, which resulted

from label permutation testing, strongly corroborates the re-
sults of the main analysis, since it shows very similar clusters
to the main analysis across the time periods (at p<0.05 FWE
corrected). Taken together, these control analyses and null find-
ings indicate a high specificity and sensitivity of the reported
findings.
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4.2 | The ED Period: Action Selection in
the Ventromedial Prefrontal Cortex

During the ED period, our main decoding analysis revealed a
cluster within the vmPFC; specifically, in Brodmann area 10.
This finding is consistent with previous fMRI MVPA studies that
implicated the vmPFC in prospective memory tasks (Haynes
etal. 2007, 2015; Soon et al. 2008, 2013; Gilbert 2011; Momennejad
and Haynes 2012). In these studies, participants were instructed
to memorize actions that had to be performed upon the presenta-
tion of a relevant cue or event (Haynes et al. 2015). Notably, these
time-resolved MVPA studies showed that the contribution of the
vmPFC to action-selection is limited to an initial processing phase
right after cue presentation (Soon et al. 2008; Soon et al. 2013).

Alternatively, the vmPFC may have contributed to the mainte-
nance of either a motor intention, that is, the action-selection stage
that precedes movement planning (Ruiz et al. 2024); also referred
to as motor decision stage (Soon et al. 2008; Tecilla et al. 2022) or
a prospective intention, that is, a mental operation regarding the
motor details of an intended action (Soon et al. 2013). The en-
coding of prospective intentions is typically tested in prospective
memory tasks and operationalized as an abstract, future-oriented
memory process involved in the representation and selection of
non-motor actions (Soon et al. 2013). In contrast, the coding of
a motor intention underlies a motor-decision process focused on
representing an action outcome and initiating motor planning
(Soon et al. 2008). While both cognitive processes could explain
above-chance decoding in the vmPFC (Soon et al. 2008, 2013), the
vmPFC's involvement in coding prospective intentions is unlikely
due to a key difference between our delayed grip-force task and
traditional prospective memory tasks. Specifically, prospective
memory tasks require maintaining intentions while simultane-
ously performing unrelated secondary tasks during a delay period
(Burgess, Scott, and Frith 2003; Gilbert 2011), an absent feature
in our task. This distinction complicates direct comparisons with
our findings. Conversely, the similarity of our task with those of
previous MVPA studies (Soon et al. 2008; Ruiz et al. 2024) renders
above-chance decoding in the vimPFC more likely explained by a
contribution to selecting a motor action (Soon et al. 2008; Chatham
et al. 2014, 2015; Tecilla et al. 2022) or the (prospective) motor in-
tentions (Hogeveen et al. 2022; Ruiz et al. 2024).

The time course of the prediction accuracy in the vmPFC, which
immediately increases and peaks during the ED period (similarly
to an evoked BOLD response), further suggests that the informa-
tion processing underlying action-selection begins during the cue
period and extends into the ED period. This finding aligns with
our cross-decoding analysis, which indicates stable brain activity
patterns in the vmPFC throughout these periods. Consequently,
this activity can be viewed as the initial stage of action planning,
reflecting the selection of an intended action that is subsequently
transformed into a more detailed motor plan (Boettcher et al. 2021).

4.3 | The LD Period: Motor Planning
and Grip-Force Anticipation

Analysis of the LD period revealed distinct regions compared
to the ED period, namely: the 1-PMd, I-IPS, and SMA; that is,
regions that are well-known for their role in motor planning.

The most pronounced cluster was within the -PMd. This finding
is in agreement with the results of previous fMRI and TMS stud-
ies, which reported the involvement of the PMd in the anticipatory
scaling of grip-force (Cole and Rotella 2002; Chouinard, Leonard,
and Paus 2005; Nowak et al. 2009; Van Nuenen et al. 2012). In an
fMRI TMS study, van Nuenen et al. (2012) performed univariate
analysis, which revealed BOLD signal covariation with the cued
grip-force intensities during a delay period. The additional appli-
cation of low-frequency repetitive TMS (trTMS) over the 1-PMd
corroborated its involvement in grip-force intensity anticipation
(Chouinard, Leonard, and Paus 2005; Nowak et al. 2009; Van
Nuenen et al. 2012). Specifically, rTMS modulated the impact of
an incorrect predictive cue on subsequent grip-force execution
only when rTMS was applied over the PMd, but not over M1 (Ward
et al. 2010; Van Nuenen et al. 2012). This demonstrated that the
covariation of the PMd activity with the cued grip-force intensity is
essential for accurately anticipating a to-be-executed grip force. A
similar contribution of the PMd is suggested by another fMRIstudy
(Mizuguchi, Nakata, and Kanosue 2014), which showed brain ac-
tivity covariation with three imagined grip-force intensities. Our
fMRIMVPA study extended these works by employing a multivar-
iate rather than a univariate approach, and by showing parametric
modulation of the 1-PMd before motor execution. By applying an
SVR approach, we directly tested for multivariate codes that map
onto a continuous variable, namely, the four anticipated grip-force
intensities. Using label-permutation tests, we demonstrated the
specificity of the activation patterns within PMd for the particu-
lar retained intensity. This code within the PMd is plausible when
considering its functional contribution to the representation of an-
ticipating the outcome of a motor movement (Gallivan et al. 2011a;
Gallivan et al. 2011b; Gallivan et al. 2013; Ariani, Oosterhof,
and Lingnau 2018; Errante et al. 2021; Ariani, Pruszynski, and
Diedrichsen 2022), an effector-independent, action-specific
motor plan (Gallivan et al. 2011a; Gallivan et al. 2011b; Gallivan
et al. 2013; Gallivan and Culham 2015; Ariani, Wurm, and
Lingnau 2015; Ariani, Oosterhof, and Lingnau 2018), and the
maintenance of motor movement plans (Hoshi and Tanji 2006;
Van Nuenen et al. 2012; Langner et al. 2014).

Beneath the 1-PMd, activation patterns in the I-IPS were
predictive of grip-force intensities during the LD period.
Previous fMRI MVPA studies have consistently shown that
the IPS is part of a parieto-frontal network involved in plan-
ning grasping actions, even in the absence of fingers pre-
shaping (Johnson-Frey, Newman-Norlund, and Grafton 2005;
Tunik, Frey, and Grafton 2005; Davare et al. 2009; Gallivan
et al. 2011a; Gallivan et al. 2011b; Gallivan et al. 2013; Ariani,
Oosterhof, and Lingnau 2018; Ruiz et al. 2024; Gallivan and
Wood 2009; Cavina-Pratesi et al. 2010). These studies have
found anticipatory brain activity in the IPS and decoded move-
ment properties, such as the grip-type during the delay period
(Gallivan et al. 2011a; Gallivan et al. 2013; Ariani, Oosterhof,
and Lingnau 2018; Gallivan et al. 2011b; Ariani, Wurm, and
Lingnau 2015). Interestingly, time-resolved decoding anal-
yses have also revealed faster increases of prediction accu-
racy in the IPS, as compared to effector-specific brain regions
(e.g., the SMA) (Gallivan et al. 2013; Ariani, Oosterhof, and
Lingnau 2018). These findings implicate the IPS into the
earlier stages of motor planning, which might even precede
motor-preparation (Churchland et al. 2010; Shenoy, Sahani,
and Churchland 2013; Gallivan and Culham 2015; Wong
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and Haith 2017; Ariani, Oosterhof, and Lingnau 2018; Vyas
et al. 2020; Ariani, Pruszynski, and Diedrichsen 2022; Ruiz
et al. 2024). In particular, the posterior IPS (pIPS) has been
shown to represent motor plans in an effector-independent
way and to transform intended motor-action outcomes into
specific movement plans (Gallivan et al. 2011a; Gallivan
et al. 2011b; Gallivan et al. 2013; Barany et al. 2014; Gallivan
and Culham 2015). This transformation is likely guided by
top-down attentional mechanisms, critical for activating and
maintaining motor codes in the PMd and selecting to-be ex-
ecuted movements (Schmidt and Blankenburg 2019; Calton,
Dickinson, and Snyder 2002; Beurze et al. 2009; Szczepanski
etal. 2010; Chapman et al. 2011; Gallivan et al. 2011a; Gallivan
et al. 2011b). According to this framework, the pIPS acts as a
hub for information processing, where it may transform ab-
stract action outcomes (i.e., the intended action selected in
the vinPFC) into detailed movement plans (maintained in the
PMd) (Gallivan and Culham 2015). These findings align with
our results, suggesting that the 1-IPS may specify intended
grip-force intensity in motor plans and support the anticipa-
tion and maintenance of motor parameters in the I-PMd by
abstractly coding and transforming the intended grip-force in-
tensity into a movement plan (Gallivan et al. 2011a; Gallivan
et al. 2011b; Gallivan et al. 2013; Gallivan and Culham 2015).

The functional contribution of the IPS (and PMd) in the
maintenance of grip-force intensities is further supported
by neurophysiological studies focused on motor-WM
(Passingham 1988, 1989; Hoshi and Tanji 2000; Hoshi and
Tanji 2006; Passingham et al. 2007; Nakayama et al. 2008;
Langner et al. 2014; Formica et al. 2021). In particular, it
has been shown that anatomical and functional connections
between the IPS and the PMd facilitate the maintenance of
motor information during a delay period (Matelli et al. 1986;
Johnson-Frey, Newman-Norlund, and Grafton 2005; Wise,
Di Pellegrino, and Boussaoud 1996; Wise et al. 1997; Toni,
Rushworth, and Passingham 2001; Hoshi and Tanji 2004a;
Hoshi and Tanji 2004b; Hoshi and Tanji 2006; Pardo-Vazquez
et al. 2011). While the IPS contributes to the early specifi-
cation of the to-be executed motor plan (Heed et al. 2016;
Klautke et al. 2023; Ruiz et al. 2024), the PMd contributes
to the maintenance of effector-specific movement param-
eters (Passingham 1988, 1989; Kurata and Hoffman 1994;
Riehle and Requin 1989; Requin and Riehle 1995; Hoshi and
Tanji 2006; Heuer et al. 2020).

The network of brain regions from which grip-force intensity
can be decoded during the delay period showed a third peak
in the SMA. The involvement of the SMA in motor prepara-
tion has been extensively demonstrated (Marsden et al. 1996;
Passingham 1996; Picard and Strick 1996; Rizzolatti et al. 1996;
Petit et al. 1998; Lee, Chang, and Roh 1999; Sreenivasan and
D'Esposito 2019; Bonicalzi and Haggard 2019), including the
preparation of grip-force intensity (Van Nuenen et al. 2012). It
appears plausible that the 1-PMd, in interaction with SMA, is in-
volved in generating ready-to-use movement codes (Mizuguchi
et al. 2011, 2013; Van Ede and Nobre 2023). This is supported by
the presence of catch trials requiring rapid and precise grip-force
execution, which presuppose the anticipation and maintenance
of the intended grip-force in a ready-to-use format (Boettcher
et al. 2021).

In conclusion, the involvement of pre- and supplementary
motor cortices during the LD period reinforces the view that
information is stored in a format—or by the same neuronal
populations—as motor movements themselves (Mizuguchi
et al. 2011, 2013). This hypothesis is corroborated by our
cross-regression decoding analysis, which revealed over-
lapping clusters in the 1-IPS and 1-PMd during both the LD
period and motor execution. Since executing a motor move-
ment requires transforming action-specific information into
a motor code, and a similar code is found during the LD pe-
riod, it is likely that information about motor movements was
coded well before execution. Interestingly, while generaliza-
tion to the cue period only showed above-chance decoding in
the vmPFC, the LD period also showed the 1-PMd and I-IPS.
This difference is likely due to privileged anatomical connec-
tions among prefrontal, premotor, and parietal brain regions
(Ridderinkhof et al. 2004; Huang et al. 2019; Loffler, Haggard,
and Bode 2020; Ruiz et al. 2024), with the 1-PMd serving as
a central hub in motor planning and movement preparation
(Ruiz et al. 2024). This suggests that, once motor decisions
are made in the vimPFC, intended grip-force intensities are
transformed in the I-IPS and maintained in motor codes of the
I-PMd, which is where movement planning occurs. The late
increase in prediction accuracy observed in the SMA (at 9s
from cue presentation), combined with below-chance cross-
regression decoding accuracy in this area may suggest the
SMA's contribution to initiating motor movements (Gallivan
and Culham 2015; Wong and Haith 2017; Ariani, Oosterhof,
and Lingnau 2018; Vyas et al. 2020).

4.4 | Motor Execution

During the motor execution period, our parametric decoding
showed above-chance decoding in several brain regions: bilat-
eral primary motor cortices (M1), the I-IPS, -PMd, SMA, and S1
(at p<0.05 FWE-corrected). These results are consistent with
previous fMRI studies, showing covariation of M1, SMA, and
1-S1 activity with the executed grip-force intensity (Dettmers
et al. 1995; Thickbroom et al. 1998; Dai et al. 2001; Ehrsson,
Fagergren, and Forssberg 2001; Cramer et al. 2002; Andrushko
et al. 2021). The involvement of the M1 and S1 during motor
execution, alongside brain-regions found during the LD pe-
riod (i.e., the I-IPS, 1-PMd, and SMA), is expected. The M1 is
well-known for its role in generating motor output (Dechent,
Merboldt, and Frahm 2004), while S1 plays a crucial role in pro-
cessing sensory feedback essential for motor control (Wolpert
and Flanagan 2001).

Interestingly, while movement-specific information can be de-
coded from secondary motor regions during both planning and
motor execution, above-chance decoding in the M1 is typically
limited to the execution period (Ruiz et al. 2024). This finding
aligns with the results of our main and cross-regression de-
coding analyses, which did not reveal significant involvement
of M1 before motor execution (at p<0.05 FWE-corrected).
However, this is only partially consistent with previous fMRI
cross-decoding findings (Ariani, Oosterhof, and Lingnau 2018).
Specifically, Ariani, Oosterhof, and Lingnau (2018) observed
above-chance decoding in both PMd and M1 by cross-decoding
between delayed and non-delayed reach-to-grasp tasks. Their
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delayed condition involved planning and controlling finger kine-
matics during hand pre-shaping and grasping. Since many neu-
rons in M1 are selective for hand kinematics, this may explain
why M1 was engaged in both planning and execution in their
study. In contrast, our isometric grip-force task, which does not
require finger kinematics planning, could explain the absence
of significant M1 involvement until actual execution. The dif-
ferences between their findings and ours, particularly the lack
of above-chance decoding in M1 during motor planning, may be
attributed to the distinct task demands in each study (Monaco
et al. 2020).

In conclusion, results from our parametric analyses corrobo-
rate the hypothesis that grip-force anticipation primarily in-
volves the PMd, and not M1 or SMA (Van Nuenen et al. 2012),
indicating a separation of planning and execution functions
(Ruiz et al. 2024). This differentiation further supports the no-
tion that M1 is more engaged in generating the actual motor
output rather than maintaining anticipatory codes (Ruiz
et al. 2024).

4.5 | Task-Demand-Dependent WM Codes:
Prospective Versus Retrospective Working Memory

WM representations adapt to the task demands, which employ
different neural codes depending on whether the task requires
the storage of sensory information (for future comparison with
test stimuli) or the transformation of action-specific informa-
tion into motor movements (Lee et al. 2013; Myers, Stokes, and
Nobre 2017; Christophel et al. 2017; Nobre and Stokes 2019).
While sensory-WM tasks are used to test the retention of sen-
sory information (Schmidt, Wu, and Blankenburg 2017; Ulug
et al. 2018; Wu et al. 2018; Ulug et al. 2020), the present study
provides critical insights into how WM content is translated
into a motor output. In particular, our parametric analyses re-
veal that information about grip-force intensities is encoded
and maintained in distinct brain activity patterns and repre-
sentational formats across different time-periods of the task.
Notably, the presence of similar motor codes during the LD and
motor execution periods supports our hypothesis that intended
grip-force intensities were transformed and maintained in a
ready-to-use motor format. The presence of WM codes in sec-
ondary motor regions corroborates the prospective and action-
oriented nature of the undergone task performance.

The action-oriented, prospective nature of our delayed grip-force
task allow an interesting comparison with previous research
on parametric WM representations, which typically investi-
gate retrospective WM (see Burgess et al. 2011; Mackey and
Curtis 2017; Christophel et al. 2017; Van Ede and Nobre 2023
for further discussion of retrospective and prospective WM
functions). Building on the seminal work of Romo et al. (1999)
in non-human primates, a series of human WM studies have
explored different types of parametric WM content. This work
has confirmed the relevance of the right inferior frontal gyrus
(r-IFG) for the retention of parametric vibratory (Spitzer, Wacker,
and Blankenburg 2010; Spitzer et al. 2014a; Schmidt, Wu, and
Blankenburg 2017), auditory (Spitzer and Blankenburg 2012;
Spitzer et al. 2014b; Ulug et al. 2018) as well as visual flicker
frequency (Spitzer and Blankenburg 2012; Wu et al. 2018). The

functional role of the r-IFG in parametric WM is typically in-
terpreted as a reflection of abstract codes of supramodal quan-
tity (Walsh 2003; Cohen Kadosh and Walsh 2009). Interestingly,
we did not find significant above-chance decoding in the IFG
(at p<0.05 FWE), even when using more liberal thresholds (at
p<0.001 uncorrected). This is a noteworthy difference when
aiming to distinguish between retrospective and prospective
WM functions. Indeed, it suggests that parametric content rep-
resentations in the r-IFG are characteristic of retrospective WM,
thereby acting as an information buffer for previously perceived
data. This information is then maintained in a format suited for
abstract processing rather than being directly translated into a
motor code. Vice-versa, the reported involvement of the vmPFC
in a time-period that precedes transformation into a motor code
(and the above-chance decoding in secondary motor regions)
may suggest that the vmPFC contributes to the maintenance
of parametric, action-specific information for direct translation
into motor plans. After translation, this code may be maintained
in the PMd. Therefore, our study complements existing literature
by revealing that parametric WM codes can retain action-specific
information before, and after translation into a motor-code.

5 | Conclusion

In this study, we used MVPA to identify a network of brain re-
gions that encodes parametric WM for the selection, planning
and anticipation of to-be executed grip-force intensities. We
showed that, after action selection, information on the intended
grip-force is transformed into a motor code during a motor
planning phase. Specifically, the vmPFC is likely involved in
action selection (Soon et al. 2008), while the I-IPS contributed
to converting this information into a motor code (Gallivan
and Culham 2015; Wong and Haith 2017; Errante et al. 2021;
Klautke et al. 2023). This motor code is then maintained in the
PMd, for the anticipation of grip-force execution in interaction
with the SMA. Consistently, cross-regression decoding shows
similar activation patterns in the 1-PMd and 1-IPS during both
the LD period and motor execution, which indicates that action-
specific information is retained in a format akin to the motor
movement itself (i.e., a motor format; Butterfill and Sinigaglia
2014; Mylopoulos and Pacherie 2019).

Our findings align with the view that different types of WM
codes are used depending on the task demands (Christophel
et al. 2017). While much of WM research is focused on
sensory-type information in retrospective WM (Schmidt, Wu,
and Blankenburg 2017; Ulug et al. 2018; Wu et al. 2018; Ulug
et al. 2020), the study at hand is an important step to distinguish
and characterize how WM content is translated into prospective
motor output.
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