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Abstract 38 

The primary motor cortex (M1) is strongly engaged by movement planning and execution. 39 
However, the role of M1 activity in voluntary grasping is still not completely understood. Here 40 
we analyze recordings of M1 neurons during the execution of a delayed reach-to-grasp task, 41 
where monkeys had to actively grasp an object with either a side or a precision grip, and 42 
then pull it with a low or high amount of force. Single cell and neural populations analyses 43 
showed that grip type was robustly and specifically encoded by a large population of 44 
neurons, while force level was weakly and transiently encoded within mixed-selective 45 
neurons that also encoded grip type. Notably, the grip type was stably decoded from motor 46 
cortical populations during the preparation and execution epochs of the task. Our results are 47 
consistent with the idea that planning and performing specific grasping movements are high-48 
level skills that strongly engage M1 neurons, while the execution of pulling force might be 49 
prominently encoded at lower stages of the motor system.  50 

 51 

Significance statement 52 

Grasping behavior requires precise motor coordination exerted by multiple brain areas, 53 
including the primary motor cortex (M1), but the exact role of M1 in grasping preparation 54 
and execution remains elusive. Here, we analyzed the neural activity of M1 while two 55 
monkeys performed a delayed reach-to-grasp task. We found that two parameters of 56 
grasping: grip type and pulling-force level were encoded in the activity of single neurons and 57 
the neural population, although with important differences. While grip coding was stronger 58 
and more temporally stable, force encoding was weaker and short lived. Our results suggest 59 
that grip planning and execution is a high-level neural process that takes place 60 
independently of force control in M1.  61 

eNeuro Acce
pted M

an
uscr

ipt



3 
 

Introduction 62 

Primates, including humans, often manipulate objects using their sophisticated prehensile 63 
hands. After determining an object’s position in space, we must estimate object features like 64 
size, shape, texture, and weight. This information is then used by the brain to plan and 65 
execute precise movements to hold it appropriately. These movements comprise two main 66 
phases: a reaching phase in which the hand approaches the object, and a grasping phase 67 
that occurs once contact is made. During the reaching phase, as the hand moves, the 68 
position of the fingers changes, adapting to features of the object we intend to grasp 69 
(preshaping). During the grasping phase, the position of the hand keeps adapting as the 70 
brain receives feedback from tactile and proprioceptive inputs (Jeannerod et al., 1995). 71 
Human and monkey hands are capable of different types of grips, including a highly 72 
controlled precision grip, in which an object is held between the palmar aspects of the fingers 73 
and the opposing thumb (Almécija & Sherwood, 2016). Besides controlling hand position 74 
and its derivatives, it is also crucial to regulate the amount of grasping force. If we apply too 75 
little force, the object may slip out of our hands, whereas if we apply too much, it may break 76 
or become damaged. Throughout the years, efforts have been made to determine how the 77 
brain gives rise to this highly precise and controlled behavior.  78 

Due to M1’s spinal projections, which include direct monosynaptic connections to 79 
spinal motoneurons, earlier studies aimed to find correlations between M1 neural activity 80 
and muscle activation (Strick et al., 2021). Surprisingly, the responses of M1 neurons 81 
showed to be highly diverse. While the firing rates of some neurons do correlate with muscle 82 
activation during single-joint movements and isometric force control (Cheney & Fetz, 1980; 83 
Evarts, 1968; Maier et al., 1993; T. M. J. Wannier et al., 1991), others seem to carry 84 
information about parametric aspects of reaching kinematics like direction, speed, trajectory 85 
and dynamic force changes  (Georgopoulos et al., 1986, 1992, 2007; Hatsopoulos et al., 86 
2007; Inoue et al., 2018; Merchant et al., 2004; Naselaris et al., 2006a, 2006b). In addition, 87 
recent studies have revealed that M1 neural populations can be described as a dynamical 88 
system in which internally generated temporal patterns generate motor commands that are 89 
sent to the spinal motoneurons and eventually, effector muscles (Churchland et al., 2012; 90 
Russo et al., 2018). In addition, it has been shown that M1 activity correlates with movement 91 
preparation, with population responses that converge to a particular state space when the 92 
system has encoded all the properties of the upcoming reaching movement (Afshar et al., 93 
2011; Churchland et al., 2006; Riehle & Requin, 1993).  94 

The motor cortex is also part of a cortical network that controls the visuomotor 95 
transformations for goal related grasping movements. This network includes, in hierarchical 96 
order: the anterior intraparietal area, areas 7a and 7ab of the posterior parietal cortex, ventral 97 
premotor cortex (F5p), and M1. Neurons in this network encode the visual features of the 98 
objects to be grasped, as well as the movement parameters associated with the type of grip 99 
needed for grasping (Brochier & Umilta, 2007). Indeed, M1 neurons are not only tuned to 100 
different types of grips (Lemon et al. 1986; Mason et al. 2002) but also to the force exerted 101 
to grasp an object (Intveld et al., 2018).  Nevertheless, grasping type recruits motor cortical 102 
activity to a larger degree as compared to grasping force, with a mostly independent control 103 
of the two parameters (Hendrix et al., 2009; Rastogi et al., 2021). In addition, M1 is also 104 
involved in the preparatory phase of grasping commands, where the population dynamics 105 
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adopt different state trajectories during the preparation for different types of grasping 106 
movements (Meirhaeghe et al., 2023).  107 

Here, we performed encoding and decoding analyses on the activity of 108 
simultaneously recorded M1 neurons from two monkeys performing a delayed reach-to-109 
grasp task (Brochier et al., 2018). As shown before, we corroborate that at the single-unit 110 
and population levels, grip type had a profound effect on motor cortical activity, while force 111 
level explained less variance of the neural responses. We found that this was achieved 112 
through a combination of more neurons representing grip, as well as enhanced grip coding 113 
at the single-unit level. Notably, our analyses show that several neurons were modulated 114 
only by grip type, while force was encoded by neurons selective for both grip and force. 115 
Furthermore, the neural signals linked to grip type emerged right after grip instruction and 116 
were maintained after movement onset, forming a long-lasting and stable preparatory signal 117 
for precision or side grip that extended through movement execution. Importantly, even while 118 
pulling the object, when force level and grip type are simultaneously executed, force level 119 
transiently engaged fewer neurons and accounted for a small proportion of activity variance.  120 

 121 

Materials and methods 122 

Behavioral task 123 

We analyzed the online database generously made public by Brochier et. al (2018), who 124 
designed and performed all the experiments shown here. The task and recording methods 125 
are explained in detail elsewhere (Brochier et al., 2018). Briefly, two macaque monkeys 126 
(macaca mulatta): N (male) and L (female), were trained in a delayed reach-to-grasp task, 127 
in which they were visually instructed to grasp an object using either a side grip or a precision 128 
grip. After grasping, the monkeys had to pull the object for at least 500 ms with either a low 129 
or a high force level. From now on, we will refer to the amount of force required to pull the 130 
object as ‘force’. Monkeys were rewarded with a drop of apple sauce at the end of the trial 131 
if they followed the grip and force instructions correctly. Figure 1 shows the sequence of 132 
events that defined each trial of the reach-to-grasp task. Note that grip type and force level 133 
cues were temporally separated. The monkeys were first instructed about grip type, and 134 
after a 1 s delay, they were given an additional visual cue to indicate force magnitude. The 135 
force level cue also served as the go-cue to initiate the hand movement. Thus, monkeys 136 
had an established time window of 1 s (delay period) for grip preparation, while no explicit 137 
epoch was designated for force preparation, forcing the animals to prepare force level ‘on 138 
the go’, as the arm was moving. This also meant that, while grip preparation could be 139 
temporally isolated, grip execution as well as force planning and execution overlapped 140 
during the movement period of the task. Reaction time (RT) was defined as the time elapsed 141 
between the go-cue and the start of the reaching movement. Movement time (MT) was 142 
calculated as the time from movement onset until the object was touched.   143 

Neural recordings 144 

Neural recordings were collected and preprocessed by Brochier et al. (2018). Briefly, a 10-145 
by-10 Utah electrode array (Blackrock Microsystems, Salt Lake City, UT, USA) was 146 
chronically implanted in the primary motor (M1) and premotor cortex (dorsally in monkey L 147 
and more ventrally in monkey N) on the right hemisphere of each monkey, contralateral to 148 
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the working hand. Neural signals from a total of 96 electrodes were amplified, high pass 149 
filtered (0.3 Hz – 7.5 kHz) and digitized with a sampling rate of 30 kHz. Raw signals were 150 
online high-pass filtered at 250 Hz and spike waveforms were detected by threshold 151 
crossing (manually set). To isolate single-unit activity, both online and offline sorting were 152 
performed. Manual online sorting was performed first for inspection, using Central Suite 153 
(Blackrock Microsystems, Salt Lake City, UT, USA). For all the analyses shown here, we 154 
considered only isolated units resulting from the offline sorting performed by the data 155 
providers (Brochier et al., 2018). Offline sorting was performed using Plexon Offline Sorter 156 
(Plexon Inc, Dallas, Texas, USA). Cross-threshold unsorted waveforms were split into 157 
clusters in a 2- or 3-dimensional principal component space. K-Means and Valley Seeking 158 
algorithms were used to sort waveforms coming from different units. Further inspection using 159 
inter-spike (ISI) distributions and auto-correlation and cross-correlation plots was performed 160 
to differentiate single-unit from multi-unit activity. Since we focused only on motor cortical 161 
activity, we considered neural signals coming only from electrodes located posterior to the 162 
putative border between M1 and the premotor cortex (61 sites for monkey N and 68 sites 163 
for monkey L). In total, we analyzed neural data coming from 110 isolated units in the case 164 
of monkey N and 97 units for monkey L. We analyzed a total of two sessions (one session 165 
per animal) consisting of 137 trials for monkey N, and 135 trials for monkey L. We considered 166 
only correct trials for all the analyses shown.  167 

Single-unit analysis 168 

To study activity at single-unit level, we calculated the firing rate of each neuron as a function 169 
of time by using a causal exponential filter with a decay rate of 100 ms displaced every 20 170 
ms. For each neuron, firing rates were averaged across trials and aligned to the onset of the 171 
reaching movement.  172 

To characterize firing rate modulations of individual neurons in response to grip and 173 
force conditions, we calculated the area under the curve of the receiver operating 174 
characteristic (auROC) as a function of time. The auROC estimates the overlap between 175 
two distributions. For each neuron, the distributions compared are the firing rates of one 176 
condition versus its counterpart condition (side grip trials vs precision grip trials; and high 177 
force trials vs low force trials). An auROC value of 0.5 indicates that distributions completely 178 
overlapped and thus, firing rates are not useful to differentiate the two conditions. We 179 
calculated each neuron’s auROC as a function of time and then performed a non-parametric 180 
permutation test to identify time points at which auROC was different from 0.5 (p < 0.001). 181 
In addition, if a neuron had a significant auROC for at least two consecutive time bins 182 
(permutation test for multiple comparisons, p < 0.001), then it was considered to significantly 183 
encode the tested parameter (de Lafuente & Romo, 2006; Merchant et al., 1997).  184 

To determine whether single cell grip and force encoding were independent from 185 
each other, we first measured whether their modulation directionality was dependent on 186 
each other. For this, we performed a X2 test that compared the expected versus the 187 
observed marginal distributions of the grip and force auROC values for all cells and for each 188 
time bin (Figure 4, middle panels) throughout the entire time series of the task. The expected 189 
marginal is the product of the observed probability of grip type (Figure 4A-D, right scatter 190 
yellow distribution on the right) by the observed probability of pulling force (Figure 4A-D, 191 
right scatter purple top distribution), while the observed marginal corresponds to the 192 
probability of observing both parameters in the actual data (computing the 2D histograms of 193 
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the combined distributions (yellow and purple). In addition, we computed the 2D normal 194 
distribution on this data, obtaining ellipses whose angle can reveal dependency between 195 
parameters, where an angle close to 90 degrees would indicate independence.  196 

Next, we performed a correlation analysis to determine whether the modulation 197 
strengths of both parameters covaried. For this, we first estimated the ∆auROC, which is the 198 
absolute value of the difference between each neuron’s auROC and 0.5. We then performed 199 
a non-parametric correlation test, in which we shuffled ∆auROC data across both time and 200 
neurons (1000 times, without replacement). We obtained the Pearson correlation coefficient 201 
of each shuffle (between shuffled ‘force’ ∆auROCs and shuffled ‘grip’ ∆auROC values at 202 
each time point). We considered these null distributions and then estimated the true Pearson 203 
correlation coefficient between grip ∆auROCs and force ∆auROCs as a function of time and 204 
considered it significant when p < 0.001 for at least two consecutive time bins (permutation 205 
test for multiple comparisons, p < 0.001).  206 

In addition to these tests, we also performed a cross-temporal correlation analysis, 207 
in which we compared grip ∆auROCs at each time point vs lagged force ∆auROC values 208 
(ranging from -400 ms to 400 ms, relative to the tested grip bin). The obtained Pearson 209 
correlation coefficients were tested against a shuffled (null) distribution (1000 repetitions, no 210 
replacement, p < 0.001), for each time bin and lag. Correlations were considered significant 211 
if at least two consecutive time bins were significantly correlated (permutation test for 212 
multiple comparisons, p < 0.001). 213 

Neural population analysis 214 

To determine whether the neural population of M1 encodes grip type and force level, we 215 
performed a demixed principal component analysis (Kobak et al., 2016). Similarly to 216 
principal component analysis (PCA), dPCA is a dimensionality-reduction method that allows 217 
to extract the neural population components that explain most variance (Gámez et al., 218 
2019a). In dPCA these components are referred to as ‘demixed’ because they explain 219 
variance attributed to specific task variables. In our case, the demixed principal components 220 
(dPCs) were associated with grip type, force level, and temporal events within the task 221 
(referred to as condition-independent activity). Additionally, to detect the time points at which 222 
task parameters were significantly encoded by the neural population at the single-trial level, 223 
three linear classifiers were constructed using the first dPCs (i.e., that explained most 224 
variance) associated to each variable of interest (grip, force and interaction) to decode task 225 
conditions. For each classifier, a stratified Monte Carlo leave-group-out cross-validation was 226 
performed. Monte Carlo chance distribution was set to 100 and time periods when the actual 227 
classification accuracy exceeded shuffled decoding accuracies in at least 10 consecutive 228 
time bins, were considered significant. 229 

Neural population decoding 230 

A decoding analysis was implemented using a methodology developed by Crowe et al., 231 
(Crowe et al., 2014), and Merchant and Averbeck (Merchant & Averbeck, 2017). For each 232 
neuron, the discharge rate was computed in 100 ms time bins within -2000 to 2000 ms 233 
relative to movement onset, resulting in 51 time-bins, across the 30 trials of the two grip and 234 
two force conditions. For each time bin, we built an SVM classifier with a 10-fold cross-235 
validation. The procedure was repeated 50 times using different training (n = 25) and testing 236 
(n = 5) trials each time, and the prediction results were averaged between repetitions. 237 
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Accuracy thus estimated classifier’s ability to discriminate the experimental conditions and 238 
corresponds to the total correctly predicted trials divided by the total number trials for each 239 
tested condition (2 for grip type or 2 for pulling force). A 50% accuracy corresponds to a 240 
random classification performance for the two levels of each parameter.   241 

We carried out a cross-temporal decoding analysis in which we trained and tested 242 
the SVMs using all possible combinations of 100-ms time bins to establish the temporal 243 
evolution of grip and force coding (Mohan et al., 2021; Pearl et al., 2024). This analysis 244 
results in a classification accuracy matrix where the values along the diagonal are calculated 245 
by performing training and testing on equivalent time bins (Figures 6B, 7B). In contrast, 246 
different time bins are used for training and testing and calculating the off-diagonal accuracy 247 
values. The off-diagonal accuracy allows us to determine how stable in time is a neural 248 
population signal when compared with the on-diagonal values. In fact, we considered an off-249 
diagonal accuracy bin-pair combination as static, namely, a bin combination that shows 250 
decoding generalization from the on-diagonal bin classification model, when the three 251 
following conditions were met. The off-diagonal accuracy was significantly higher than 252 
chance (cluster-based permutation test, p < 0.01), was above the 99% of the bootstrapped 253 
null distribution (1000 iterations with shuffled classification labels), and that the two 254 
corresponding time bins on-diagonal showed a classification accuracy above chance level 255 
(permutation test, p < 0.01, Bonferroni corrected for the number of on-diagonal time bins). 256 
Next, we computed a binary matrix of the same size as the cross-temporal decoding matrix, 257 
where we assigned 1 to at least two consecutive time bins resulting as static and 0 for all 258 
remaining time bins. Then, we quantified the magnitude of cross-time decoding between 259 
and within the two main task epochs using the generalization index. The generalization index 260 
provides information about the proportion of SVM tested bins during the preparation and 261 
execution that were classified as static during the trained bins of either the preparation or 262 
execution epoch.  263 

Code accessibility 264 

The dataset analyzed in this paper was collected, described and made public by Brochier et 265 
al. (Brochier et al., 2018), and can be freely accessed using the following link: 266 
https://doi.gin.g-node.org/10.12751/g-node.f83565/. The custom MATLAB code used to 267 
perform the analyses shown here is also freely available 268 
(https://github.com/MerchantLabINB/GraspForce2025).  269 

 270 

Results 271 

Monkeys were able to use two grip types and two force levels to grasp and pull an object 272 

In the delayed reach-to-grasp task monkeys were instructed to grasp a cubic object using 273 
either a side or a precision grip. Once grasped, the monkeys had to pull and hold the object 274 
for at least 500 ms with a low or high amount of force. Figure 1A shows the main events of 275 
the task. Each trial started with the monkey placing its left hand over a table switch. After 276 
800 ms, a visual cue was displayed for 300 ms, instructing the monkey about grip type. After 277 
a 1000 ms delay, an additional visual cue indicated the required force level to pull the object. 278 
This cue also served as a go cue for the monkey to start the reaching movement. Thus, this 279 
task was designed to determine the neural underpinnings of movement preparation and 280 
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execution of multijoin complex hand movements, and the neural signals related with the 281 
execution of two types of grasping movements combined with two levels of pulling force.   282 

The behavioral results show that monkey L performed the task faster, with shorter 283 
and less variable reaction times (Figure 1B; mean ± SD: 150 ms ± 48 ms) compared to 284 
monkey N (mean ± SD: 251 ms ± 190 ms). Movement times were also shorter and less 285 
variable in monkey L as compared to monkey N (Figure 1C; mean ± SD; monkey L: 123 ms 286 
± 80 ms, monkey N: 343 ms ± 125 ms). Both parameters were significantly different between 287 
animals (reaction time: z = -11.51, p = 1.07x10-30; movement time: z = -14.01, p = 1.29x10-288 
44, Mann Whitney U-test). 289 

Grip type has a larger influence in M1 neurons compared to force level  290 

We analyzed a total of 110 units for monkey N and 97 units for monkey L. Figure 2A shows 291 
the raster plot and firing rate of a neuron from monkey N that increased its activity after 292 
movement onset, with a preference for side over precision grip trials. Note that, as the 293 
monkey’s hand approached the object (object touch), activity started to become modulated 294 
also by force level. Figure 2B shows a neuron that fired strongly during precision grip trials. 295 
Figure 2C illustrates a neuron that fired more during the preparation and execution of a side 296 
grip and a low force level. Finally, Figure 2D depicts a neuron that is more active during 297 
preparation and execution of a precision grip and a high force level.  298 

To determine whether single-unit activity contained information about task 299 
parameters, we computed the area under the curve of the receiver operating characteristic 300 
(auROC), comparing side vs precision grip trials (grip), and low vs high force trials (force) 301 
(see Methods). Neural activity was aligned to movement onset. The heatmaps in Figure 3A-302 
B show the absolute value of the difference between auROC values and 0.5 (∆auROC), for 303 
neurons with significant firing rate modulations for either grip type (left panel) or force level 304 
(right panel; permutation test, p < 0.001). Neurons were sorted by the time of their maximum 305 
∆auROC value. In monkey N, the average ∆auROC peaked after movement onset for most 306 
neurons, while maximum force ∆auROC occurred later, after object touch. It is worth noting 307 
that grip- and force-encoding peaks span large temporal windows, and this can be 308 
interpreted as a dynamic activation chain in which neurons successively encode movement 309 
parameters, with especially brief selective periods for force level. This type of population 310 
dynamics has been reported in numerous cortical areas during different behavioral tasks 311 
(Crowe et al., 2014; Gámez et al., 2019; Mendoza et al., 2018, 2024; Merchant et al., 2015). 312 
In addition, the time profile of ∆auROC clearly indicates that individual neurons were less 313 
modulated by force as compared to grip (Figure 3C-D). Note also that monkey L reached 314 
higher ∆auROC values for both parameters and exhibited a stronger preparatory signal for 315 
grip type, compared to monkey N.  316 

Next, we identified and grouped neurons according to the modulations in their firing 317 
rates by both parameters. In monkey N, we found 57 neurons that were significantly 318 
modulated by grip type, while 21 were tuned to both grip and force. We found similar 319 
proportions in monkey L, with 47 units being modulated only by grip, while 33 were mixed-320 
selective for both parameters. In both animals, only a small number of neurons (n = 2, for 321 
each monkey) were significantly modulated by force only, indicating that most of the force 322 
encoding in M1 occurs through neurons that are also modulated by grip. Figure 4A (right) 323 
shows the average ∆auROC for grip and force as a function of time, across neurons that 324 
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were modulated only by grip type, in monkey N (left). The middle panel shows each neuron’s 325 
grip auROC values as a function of force auROCs, 400 ms after movement onset for the 326 
same subpopulation. Notice how the rotation angle of the 95%-confidence interval (blue 327 
ellipse) is close to 90°. This indicates that, while the firing of most of these neurons is 328 
modulated by grip type (auROC values uniformly distributed along the y-axis), the 329 
directionality of these modulations does not covary with force’s (i.e. neurons that have 330 
preference for one grip do not necessarily have preference towards a specific force level). 331 
To formally test this, we performed an independence test, comparing the two marginal 332 
distributions of grip and force auROCs throughout the entire time series (see Methods). We 333 
did not find a significant dependence between the directionality of grip and force encoding 334 
at any time bin (permuted X2 test, p < 0.001). The same analysis was performed using units 335 
that encoded both grip and force and we found similar results (Figure 4B). The absence of 336 
dependence between grip and force encoding was also observed in monkey L (Figure 4, 337 
middle panels C and D).  338 

It is possible that, even when the directionality of firing rate modulations is 339 
independent between parameters, a correlation between the strength of these modulations 340 
exists. Therefore, we performed a correlation analysis between grip and force modulations, 341 
now comparing the absolute changes in auROC (∆auROC) instead of their raw values. We 342 
did not find significant correlations between the strength of grip and force-related 343 
modulations at any time point in any of the neural subpopulations analyzed (permutation 344 
test, p < 0.001). Figure 4 (right panels) shows grip ∆auROC as a function of force ∆auROC 345 
values for each neuron during a time point close to the mean time when each monkey 346 
touched the object (400 ms for monkey N and 160 ms for monkey L). Lastly, we performed 347 
the same correlation analysis ‘cross-temporally’, comparing grip vs lagged force ∆auROC 348 
values (ranging from -400 ms to 400 ms). We found sparse and brief correlations (for 3 bins 349 
or less) in the mixed-selective subpopulations of both monkeys  (data not shown).  350 

These findings suggest that grip and force might be encoded as separate entities in 351 
motor cortical cells, even when individual units are modulated by both parameters. Although, 352 
this effect may be partially affected by temporal differences between both signals, given that 353 
force encoding emerges later in the task. 354 

Population encoding of grip type and force level 355 

We performed a population analysis using demixed principal components (dPCs) which 356 
estimated the percentage of variance associated with (1) condition-independent 357 
modulations (related to the temporal structure of the task), (2) grip type, and (3) force level 358 
Figure 5A shows the normalized firing rates of all M1 neurons projected onto dPC #1 for 359 
monkeys N (left) and L (right). We found that the largest proportion of population variance is 360 
explained by condition-independent activity that is related to the temporal structure of the 361 
task, i.e. to the moment at which the monkeys initiate and release the grasp on the object.  362 

It is interesting to note that dPC #1 in monkey N showed a less pronounced slope in 363 
the increase of activity associated with movement onset, and this might be related to the 364 
slower reaction and movement times of the animal compared to monkey L. This increase 365 
was maintained during the entire movement period, with activity decreasing after object 366 
release. Conversely, neural temporal dynamics on monkey L were overall faster, with a more 367 
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pronounced slope during the peri-movement period and a sudden drop after object touch. 368 
This was followed by a small increase in activity in response to object release.  369 

The dynamics of the dPCs related to grip type are shown in Figure 5B. It must be 370 
noted that the amount of variance associated with grip type in both animals is an order of 371 
magnitude smaller compared to that related to the temporal structure of the task. In the case 372 
of monkey N, dPC #8 explained 1.9% of total variance, but this was enough to decode hand 373 
grip at the single-trial level, before movement onset. For monkey L, dPC #5 explained 3.5% 374 
of total variance and allowed to predict the monkey’s hand grip hundreds of milliseconds 375 
before the animal received the go cue. Grip encoding was maintained until the monkey 376 
released the object and was not held any further, as opposed to what we observed in 377 
monkey N.  378 

The dynamics of the activity related to force level are shown in Figure 5C. In monkey 379 
N, dPC #17 explained 0.2% of total variance, and it allowed to decode force level later in the 380 
trials and for shorter time windows, compared to grip type. For monkey L, dPC #12 allowed 381 
to predict force trials more consistently, from movement onset until hundreds of milliseconds 382 
before object release. Figure 5D and 5E show the total explained variance for each task 383 
variable in monkey N and monkey L, respectively. In both cases, condition-independent 384 
components explained about 90% of total neural variance. This was followed by grip that 385 
explained 6% and 7% of total variance in monkey N and L, respectively. Force explained 386 
only 2% of variance in the case of monkey N and 1% for monkey L. The interaction of grip 387 
and force explained less than 2% of total variance and interestingly, none of its associated 388 
dPCs allowed above-chance decoding of task condition at the single-trial level, hence they 389 
were not considered to be significant.  390 

Relation between behavior and neural decoding 391 

To assess whether the neural population encoding captured by the main dPCs correlated 392 
with the actual pulling force, we measured the correlation between the exerted pulling force 393 
as a function of time and condition-independent and force-related dPCs from M1 neurons. 394 
First, it is evident that both monkeys performed the task properly, applying force only after 395 
the go signal and with no force changes during the delay period (Figure 5-1A). As expected, 396 
the exerted force level was higher during the high force trials. However, as evidenced by the 397 
dPCA analysis, the time profiles of force and time decoding varied between monkeys. While 398 
monkey N exhibited more tonic neural modulations that resembled the sustained application 399 
of force, neural decoding of time and force was more phasic, differing from the tonic pulling-400 
force signal. This comes in agreement with previous studies describing diverse time profiles 401 
of force-related neural responses that do not necessarily equal force application time 402 
(Cheney & Fetz, 1980; Hendrix et al., 2009; Wannier et al., 1991). Furthermore, the 403 
correlations between the applied force and the force dPCs were smaller than those between 404 
the applied force and the condition-independent (time) dPCs for both animals (Figure 5-1, 405 
panels D and E). 406 

Population activity allows decoding grip type and force level during single trials 407 

Given that the neurons were simultaneously recorded, we used SVM classifiers to test 408 
whether population activity allowed the decoding of grip type and force during single trials. 409 
Figures 6A and 7A show the decoding accuracy of the grip type and grip-force classifiers as 410 
a function of time in monkeys N and L, respectively. For both animals, the above-chance 411 
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decoding for grip type started almost immediately after the onset of the grip cue and 412 
continued during movement execution. In contrast, significant decoding of force level was 413 
present only during movement execution and its magnitude was smaller than for grip. Next, 414 
to assess how stable grip and force encoding were throughout time, we performed a cross-415 
temporal decoding analysis. Specifically, we trained and tested both classifiers using all 416 
possible pairs of time bins during the peri-movement period of the task. This method 417 
produces a classification accuracy matrix where the off-diagonal values are a measure of 418 
how generalizable the neural encoding of grip type or force at a particular time bin is, when 419 
directly compared with the corresponding diagonal values, where the training (x-axis) and 420 
testing (y-axis) of the classifier are over the same time bin. Hence, the level of generalization 421 
across time bins tells us how consistently a set of neurons encode grip type or force across 422 
time during task performance. Figures 6B and 7B show the heatmaps of the cross-temporal 423 
decoding accuracies for grip and force classifiers using neural activity from monkeys N and 424 
L, respectively. For monkey L, grip decoding was more stable in time (static), with two 425 
generalization clusters, one during movement preparation, and another during grip 426 
execution. This is more evident in the binary matrix of Figure 7D, where the significant static 427 
off-decoding bins are depicted in yellow.  428 

In contrast to grip type, force decoding was temporally less stable (dynamic), with 429 
only a few significant off-diagonal time bins, all of them close to the on-diagonal time bins, 430 
and that occurred only during the movement execution (Figure 7D). In the case of monkey 431 
N, grip type decoding was also more temporally stable than force (Figure 6B). However, 432 
stable time bins were distributed more sparsely across preparation and execution periods, 433 
with more static bins clustered within the execution period of the task. 434 

We developed a generalization index that corresponds to the proportion of SVM bins 435 
that were classified as static when cross-temporally decoding grip and force across the 436 
preparation and execution epochs of the task. Hence, these indexes summarize how the 437 
significant decoding during the preparation epoch generalizes within the preparation and for 438 
the execution, or how the significant decoding during execution generalizes for the 439 
preparation and execution epochs. Figures 6C and 7C show the generalization index as a 440 
function of test time when the classifier was trained during preparation (blue line) and 441 
execution (red) for monkeys N and L, respectively. It is evident that there is a generalization 442 
of grip type decoding from preparation to execution and vice versa, suggesting that the motor 443 
cortical populations possessed information about the type of grip across task epochs, 444 
although there is a clear bias for a larger number of static bins when training and testing the 445 
classifier in the same epoch. Interestingly, grip type generalization was more pronounced 446 
during preparation for monkey N, whereas decoding during execution generalized more in 447 
monkey L.  448 

Discussion 449 

In this study we aimed to explore the role of primate’s cortical area M1 during a reach-to-450 
grasp behavioral task that required the precise regulation of two parameters: grip type and 451 
force level. Our findings support three conclusions. First, we found that at the single-unit and 452 
population levels, grip type had a larger effect on motor cortical activity, while the force level 453 
was weak and transiently encoded by single units and explained less neural variance. 454 
Second, grip type was encoded through movement preparation and execution, while force 455 
encoding was brief and emerged later during movement execution. Importantly, grip type 456 
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was encoded by both grip-selective and mixed-selective cells, while force was encoded 457 
mostly by mixed-selective cells. Analyzing the marginal probabilities in the selectivity of cells 458 
we found no interaction between the two parameters, supporting the notion that grip type 459 
and pulling force are coded as separate entities in the motor cortex. The lack of significant 460 
interaction between grip type and pulling force in the demixed PCA corroborated this finding 461 
at the neural population level. Third, the neural modulations linked to grip type emerged right 462 
after grip instruction and were maintained after movement onset, forming a long lasting and 463 
stable signal for precision or side grip during the preparation and execution epochs of the 464 
task. Thus, the categorical grip signal was more static compared to force, which occurred 465 
later and was more phasic. Our findings support the notion that M1 is strongly engaged in 466 
encoding grip type, with neural populations distinguishing between the two grips across the 467 
preparation and execution epochs of the task. In contrast, force was encoded transiently 468 
during movement execution and was mostly independent of grip type.  469 

Grip type is encoded at both single-unit and population levels in M1 470 

For both animals, most neurons were strongly modulated by grip. Neural coding of grip 471 
emerged during the delay period and peaked near movement onset. Since monkeys had to 472 
perform either a side or a precision grip, it is important to highlight the differences between 473 
them, especially in the motor coordination required for each. While a side grip demands the 474 
coordination of the thumb and the rest of the fingers as a group, a precision grip is a finer, 475 
and therefore a more controlled movement, that requires independent coordination of the 476 
fingers to grasp an object using only the thumb and the index finger (Almécija & Sherwood, 477 
2016; Edin et al., 1992; Jeannerod et al., 1995). A previous study has shown that M1 478 
neurons fire more during a precision grip compared to a power grip (Muir & Lemon, 1983). 479 
This neural modulation does not seem to represent muscle engagement exclusively, since 480 
there is not an absolute correlation between net force and the firing rate of individual neurons 481 
of the pyramidal tract in M1 (Maier et al., 1993; Muir & Lemon, 1983). A possibility is that 482 
action complexity and therefore, the level of motor control needed, could modulate neural 483 
activity, and send specific motor commands to the spinal cord related to different hand grips 484 
(Muir & Lemon, 1983). Whether neural activity in M1 represents muscles or movements has 485 
been a topic of debate for years. Evidence supports the notion that both can be equally 486 
represented in M1 neural activity (Kakei et al., 1999; Wang et al., 2022). Our results show 487 
that grip type was encoded at the neural population level and dPCA analysis of population 488 
activity demonstrated that, in both animals, grip encoding emerges during the delay period, 489 
while the animals prepare the movement. Similar to what we found at the single-unit level, 490 
significant decoding of grip was possible earlier in monkey L, almost immediately after the 491 
grip cue. In addition, our findings at the neural population-level are consistent with what has 492 
been previously reported in the literature for M1 and other grasping-related areas like the 493 
anterior intraparietal area (AIP) and the anterior portion of the ventral premotor cortex (area 494 
F5), in which time is the most represented task parameter, followed by grip and lastly, force 495 
(Intveld et al., 2018; Rastogi et al., 2021).  496 

Force level is weakly encoded at both single-unit and population levels in M1 497 

We found that force level elicited weaker modulations in the firing rate of individual neurons 498 
compared to grip type. Moreover, we found fewer force-coding neurons, compared to grip-499 
coding neurons. Interestingly, most of these cells were co-modulated by grip, which 500 
implicates that the coding of force in M1 occurs through mixed-selective neural 501 
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subpopulations mostly (Kobak et al., 2016; Rigotti et al., 2013). At the population level we 502 
found that force also explained less neural variance than grip, consistent with what we found 503 
in single units.  504 

At first, we considered that a possible explanation for the differences between grip 505 

and force coding could reside on the time the animals had to prepare both. We thought of 506 

the possibility that having less time to prepare the appropriate force level could impact on 507 

the amount of explained variance within the neural population of M1. However, other studies 508 

using an extended version of this dataset found that, even when the monkeys are instructed 509 

first on the load force level (reverse condition), classification accuracy of force using local-510 

field potentials (LFPs) remains lower than grip (Milekovic et al., 2015). Moreover, a previous 511 

study using dPCA to characterize the population coding of grip type and grip force in 512 

grasping-related areas, including M1, also showed that grip force explained less neural 513 

variance than grip type, even when both grip and force were simultaneously planned within 514 

the same time window (Intveld et al., 2018). Therefore, our results agree with such previous 515 

findings. 516 

Remarkably, the force-encoding subpopulations showed brief activation profiles 517 

with selectivity for the low-force and others for the high-force conditions, suggesting that 518 

force might not be encoded linearly in M1 neural activity. These M1 neural properties 519 

contrast with the steady pulling force exerted by the monkeys after movement onset, which 520 

was by task design, larger for the high force condition. Therefore, the transient and non-521 

linear encoding of force suggests that M1 might generate categorical signals that are read 522 

and transformed downstream to control the actual hand pulling force. 523 

Grip and force might be encoded as independent parameters in M1 at both single-unit and 524 
population level 525 

Several studies have found that motor-related areas like the posterior parietal cortex (PPC), 526 
AIP, the dorsal and ventral premotor cortices (PMd and PMv, respectively) and M1 actively 527 
participate in grip and force control during grasping (Chib et al., 2009; Davare et al., 2006; 528 
Intveld et al., 2018). However, whether these aspects of grasping behavior are part of the 529 
same neural process, or if they are driven by different neural mechanisms, has been a topic 530 
of debate (Cheney et al., 1980; Churchland et al., 2012; Evarts, 1968; Georgopoulos et al., 531 
1986; Taira et al., 1996; Tanji & Evarts, 1976). While some studies have pointed to a 532 
common neural substrate for grip and force control in M1 (Hepp-Reymond et al., 1999; Maier 533 
et al., 1993), more recent findings suggest that these parameters might be represented 534 
independently of each other in motor and premotor areas in both single units and the neural 535 
population (Hendrix et al., 2009; Intveld et al., 2018). Accordingly, our findings demonstrate 536 
that the neurons that were selective for both grip type and pulling force covered the four 537 
possible encoding scenarios (side/precision grip, low/high force) with no correlation in both 538 
the modulation directionality and strength of the two parameters across motor cortical 539 
neurons. Furthermore, a lack of dependence between grip and force encoding could also 540 
be seen at the population level, with no significant interaction between grip and force 541 
encoding, as evidenced by the dPCA. Taken together, our results support the idea that the 542 
motor cortex may maintain the neural signals for grip and force as separate entities mostly. 543 
However, to fully corroborate this, further observations regarding this feature should be 544 
made in tasks in which grip type and force level planning times are similar.  545 

eNeuro Acce
pted M

an
uscr

ipt



14 
 

Grip encoding is more stable than force in M1 546 

Lastly, we evaluated the temporal stability of grip and force encoding. We found that grip 547 
coding was stable in time (hence, static) during the preparation and execution epochs of the 548 
task. The cross-temporal decoding analysis suggests that similar populations of neurons 549 
maintained information about the grip type for hundreds of milliseconds in both epochs of 550 
the task. In addition, since the analysis of the applied force revealed that monkeys only 551 
exerted grasping force after the go cue, this analysis supports the notion that grasping- 552 
selective responses during the delay period are linked to movement preparation. The neural 553 
mechanisms behind the static coding scheme are still being studied. However, it has been 554 
proposed that neural representations are sustained in time by reverberating connections 555 
between pyramidal neurons (Merchant et al., 2003; Romo et al., 1996) through activation of 556 
NMDA receptors (Wang et al., 2013). To further explore the static coding of grip in M1, we 557 
developed a generalization index as a measure of the temporal generalization of grip 558 
encoding across preparatory and executive periods of the task by the same neural 559 
population (Crowe et al., 2010; Crowe et al., 2014; Gámez et al., 2019). We found that grip 560 
encoding generalizes across both periods of the task despite the temporal differences in 561 
movement timing between animals. Therefore, our results indicate that M1 neural 562 
populations can keep a sustained coding of grip type during preparation and execution of 563 
movement. We did not observe this during force coding, which was more dynamic. We 564 
expected dynamic force coding, since the cueing of the pulling force magnitude did not allow 565 
for explicit force preparation. In addition, the lack of temporal generalization in force 566 
decoding might be related to the limited modulation strength in M1 by the pulling force 567 
magnitude. Taken together, these results suggest that the encoding of task-relevant 568 
movement parameters in M1 can be embedded in distinct coding schemes that change 569 
flexibly, according to task demands. A previous study has shown that static and dynamic 570 
coding schemes can coexist within the same cortical area (i.e. the prefrontal cortex) and it 571 
is possible to switch from one to another according to the task requirements and learning 572 
(Ceccarelli et al., 2023).  573 

In summary, we found that grip type and force level are encoded as independent 574 
parameters in M1 neural activity during grasping at both single-unit and population levels. 575 
Coding of grip type was carried by both mixed-selective and grip-selective neurons, while 576 
force was encoded by mixed-selective neurons mostly. These neural modulations do not 577 
seem to be associated with stereotyped muscle activation patterns of each movement. In 578 
both animals, grip type was more strongly encoded than force and such coding scheme was 579 
static, engaging similar neural populations across task epochs. On the other hand, force 580 
encoding was short lived. This indicates that M1, like some associative areas such as the 581 
prefrontal cortex (Ceccarelli et al., 2023; Merchant et al., 2011) can switch from a static to a 582 
dynamic coding scheme in response to task demands. Furthermore, we consider it important 583 
to remark that for this study, we used a public database, generously shared to the scientific 584 
community by the laboratory of Dr. Alexa Riehle. This promotes data analyses that employ 585 
a variety of metrics and advances our knowledge of the neural bases of grasping behavior 586 
in non-human primates. This practice is becoming more popular and will enormously 587 
potentiate systems neuroscience (Hartig et al., 2023; Messinger et al., 2021; Milham et al., 588 
2020).  589 
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Figure legends 790 

Figure 1. Delayed reach-to-grasp task. A: Monkeys are instructed to grasp and pull an 791 
object using a specific hand grip and force level. Each trial starts with the monkey placing 792 
its working hand over a table switch (Switch on). After 800 ms, a visual cue indicates the 793 
type of grip (precision grip or side grip). After a 1000 ms delay, another visual cue (Go) 794 
instructs the monkey to start the reach movement, as well as the amount of force (low or 795 
high) needed to pull the object. Reaction time (RT) was measured as the time between the 796 
Go cue and the movement onset (Movement on). Movement time (MT) was defined as the 797 
time between the movement onset and the object touch (Touch). Once grasped, the monkey 798 
must pull the object (Pull On) for at least 500 ms with the instructed force level. If the monkey 799 
performs correctly, it is rewarded with a drop of apple sauce (Reward). B: Reaction times 800 
during correct trials for monkey N and monkey L, respectively. C: Movement times for both 801 
monkeys, displayed as in B. 802 

Figure 2. Four example neurons of M1 during the delayed reach-to-grasp task. A-B 803 
(top): Raster plot of two example neurons from monkey N. Trials are grouped according to 804 
the instructed grip type and force level, as indicated by the legends on the left (from bottom 805 
to top: side grip and low force, side grip and high force, precision grip and low force, precision 806 
grip and high force). Activity is aligned to movement onset (grey solid line). Colored markers 807 
indicate task events around movement onset: Go cue (dark red), object touch (red), pull 808 
onset (lilac). A-B (bottom): Trial-averaged firing rate across task conditions. Line color 809 
indicates grip type (red for side grip and yellow for precision grip). Line style indicates force 810 
level (dashed line for high force and solid line for low force). Blue shading indicates the mean 811 
reaction time and green shading indicates mean movement time. C-D: Activity of two 812 
example neurons from monkey L (same conventions as in A and B).  813 

Figure 3. M1 single units are modulated by grip type and force level. A: Heatmaps of 814 
grip (left) and force (right) coding in single units, using the area under the curve of the 815 
Receiver-Operating-Characteristic (auROC) for monkey N. Only neurons with significant 816 
tuning for each parameter are shown (auROC significantly away from 0.5; permutation test, 817 
p < 0.001). B: Same as in A, for monkey L. C: Average grip (left) and force (right) ∆auROC 818 
across neurons as a function of time for monkey N. Grey shading indicates the duration of 819 
the grip cue. Blue and green shadings indicate mean reaction and movement times, 820 
respectively. Black solid line indicates movement onset. The grey dashed line indicates the 821 
mean object release time. D: Same as in C, for monkey L. 822 

Figure 4. Grip and force neural modulations are not correlated. A (left): Average 823 
∆auROC related to grip (yellow solid line) and force (purple solid line) as a function of time 824 
for neurons that showed significant tuning for grip type only (only grip), in monkey N 825 
(permutation test, p < 0.001, n = 57 neurons). A (middle): grip as a function of force auROC 826 
values, for only-grip coding neurons, 400 ms after movement onset (object touch). Each 827 
blue dot represents a neuron. Blue ellipse represents the 95%-confidence interval of the 2-828 
D distribution. θ is the angle of rotation of the ellipse. Purple and yellow histograms at top x 829 
and right y axes are the distributions of the auROC values for force and grip, respectively. 830 
A (right): grip as a function of force ∆auROCs for only-grip selective neurons, 400 ms after 831 
movement onset. Red solid line is the simple linear regression model fitted to the data. The 832 
correlation coefficient (R) and the p-value (p) are indicated at the top right. B: Same as in A, 833 
for neurons that coded both grip and force significantly (permutation test, p < 0.001, n = 21 834 
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neurons) in monkey N. C: same as in A, for monkey L (160 ms after movement onset, only-835 
grip neurons, n = 47. Permutation test, p < 0.001). D: same as in B, for monkey L (160 ms 836 
after movement onset, grip-and-force neurons, n = 33. Permutation test, p < 0.001).  837 

Figure 5. Population-level coding of grip type and force level in M1 using dPCA. Firing 838 
rates were projected onto the demixed principal component (dPC) that explains the most 839 
variance associated with each task parameter (condition-independent, grip and force). A: 840 
First condition-independent component (component #1) for monkey N (left) and monkey L 841 
(right). B: First significant grip component for monkey N (component #8, left) and monkey L 842 
(component #5, right). C: First significant component associated with force for monkey N 843 
(component #17, left) and monkey L (component #12, right). Activity was aligned to 844 
movement onset (vertical black solid line). Grey shading indicates the duration of the grip 845 
cue. Blue and green shadings indicate mean reaction and movement times respectively. 846 
Vertical dashed line corresponds to the average time of object release. Component number 847 
and percentage of explained variance are shown at the top right corner of each panel. Black 848 
solid line at the bottom indicates time points at which the task parameter could be decoded 849 
from the neural activity at single-trial level using its associated dPC as a classifier. D: 850 
Percentages of total explained variance by each task parameter for monkey N. E: Same as 851 
in D, for monkey L. Correlations between main dPCs (condition-independent and force-852 
related) and pulling-force signals were measured and are shown in Figure 5-1. 853 

Figure 6. Temporal stability of grip and force encoding in M1 (monkey N). A: Decoding 854 
accuracy of grip type (yellow solid line) and force level (purple solid line) as a function of 855 
time using an SVM classifier. Solid lines at the top indicate the times at which accuracy was 856 
significantly above chance (p < 0.01). Neural activity was aligned to movement onset, 857 
indicated by the black vertical line. Gray shading indicates display of the grip cue. Blue and 858 
green shadings indicate mean reaction and movement times, respectively. The vertical 859 
dashed line corresponds to the average time of object release. B: Cross-temporal decoding 860 
of grip (left) and force (right) during the peri-movement period of the task. C: Generalization 861 
index, estimated as the proportion of static bins resulting from the cross-temporal decoding 862 
of grip as a function of time when training and testing the classifier during preparatory and 863 
executive periods of the task. D: Stable time points of the cross-temporal decoding of grip 864 
(left) and force (right). Yellow squares indicate significantly stable time bins.  865 

Figure 7. Temporal stability of grip and force encoding in M1 (monkey L). A: Decoding 866 
accuracy of grip type (yellow solid line) and force level (purple solid line) as a function of 867 
time using an SVM classifier. Solid lines at the top indicate the times at which accuracy was 868 
significantly above chance (p < 0.01). Neural activity was aligned to movement onset, 869 
indicated by the black vertical line. Gray shading indicates display of the grip cue. Blue and 870 
green shadings indicate mean reaction and movement times, respectively. The vertical 871 
dashed line corresponds to the average time of object release. B: Cross-temporal decoding 872 
of grip (left) and force (right) during the peri-movement period of the task. C: Generalization 873 
index estimated as the proportion of static bins resulting from the cross-temporal decoding 874 
of grip as a function of time when training and testing the classifier during preparatory and 875 
executive periods of the task. D: Stable time points of the cross-temporal decoding of grip 876 
(left) and force (right). Yellow squares indicate significantly stable time bins.  877 
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