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Abstract 34 

 35 

Intracortical microstimulation in human primary somatosensory cortex has been used to successfully 36 

evoke naturalistic sensations. However, the neurophysiological mechanisms underlying the evoked 37 

sensations remain unknown. To understand how specific stimulation parameters elicit certain 38 

sensations we must first understand the representation of those sensations in the brain. In this study we 39 

record from intracortical microelectrode arrays implanted in primary somatosensory cortex, pre-motor 40 

cortex and posterior parietal cortex of a male human participant performing a somatosensory imagery 41 

task. The sensations imagined were those previously elicited by intracortical microstimulation of primary 42 

somatosensory cortex, in the same array of the same participant. In both spike and local field potential 43 

recordings, features of the neural signal can be used to classify different imagined sensations. These 44 

features are shown to be stable over time. The sensorimotor cortices only encode the imagined 45 

sensation during the imagery task, while posterior parietal cortex encodes the sensations starting with 46 

cue presentation. These findings demonstrate that different aspects of the sensory experience can be 47 

individually decoded from intracortically recorded human neural signals across the cortical sensory 48 

network. Activity underlying these unique sensory representations may inform the stimulation 49 

parameters for precisely eliciting specific sensations via intracortical microstimulation in future work. 50 

  51 
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Significance Statement  52 

 53 

Electrical stimulation of human cortex is increasingly more common for providing feedback in neural 54 

devices. Understanding the relationship between naturally evoked and artificially evoked 55 

neurophysiology for the same sensations will be important in advancing such devices. Here we 56 

investigate the neural activity in human primary somatosensory, pre-motor, and parietal cortices during 57 

somatosensory imagery. The sensations imagined were those previously elicited during intracortical 58 

microstimulation of the same somatosensory electrode array. We elucidate the neural features during 59 

somatosensory imagery that significantly encode different aspects of individual sensations and 60 

demonstrate feature stability over almost a year. The correspondence between neurophysiology elicited 61 

with or without stimulation for the same sensations will inform methods to deliver more precise 62 

feedback through stimulation in the future. 63 

  64 
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Introduction 65 

 66 

In recent studies, intracortical microstimulation (ICMS) in primary somatosensory cortex (S1) has been 67 

successfully used to elicit somatosensory sensations in quadriplegic humans below the level of spinal 68 

cord lesion (Flesher et al., 2016; Salas et al., 2018). Many parameters of the electrical stimulus, such as 69 

amplitude, frequency, duration, and electrode location, have been found to manipulate the qualitative 70 

experience of elicited sensory responses in both non-human primates and humans (Kim et al., 2015a, 71 

2015b; Flesher et al., 2016; Salas et al., 2018; Callier et al., 2019; Sombeck and Miller, 2019). It is 72 

therefore important to develop our understanding of the correspondence between stimulation 73 

parameters and the sensations they elicit if we are to further understand the mode of action of ICMS 74 

and elicit specific sensations more reliably via ICMS. To begin, we seek to uncover the neurophysiology 75 

underlying those sensations previously elicited by ICMS.  76 

 77 

In previous work (Salas et al., 2018) we found the top five most elicited somatic sensations with ICMS in 78 

S1 of a human participant. These were naturalistic sensations which the subject had not experienced in 79 

deafferented locations since being injured. We seek to examine for the first time the intracortical 80 

electrophysiological behavior of human sensorimotor circuits while experiencing these same sensations. 81 

Since it is not possible to use normal touch to elicit a sensation below the level of paralysis in a 82 

quadriplegic individual, we performed our experiment using ‘somatosensory imagery’—the vivid 83 

recollection of a somatosensory experience—to evoke activity in these circuits specific to the same 84 

sensations experienced during electrical stimulation. We chose to use sensations that were previously 85 

elicited by ICMS, rather than any sensation the subject was able to imagine, because these sensations 86 

were elicited with known stimulation parameters in the same cortical area we record from during 87 

somatosensory imagery. 88 
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 89 

Somatosensory imagery has previously been shown in functional magnetic resonance imaging (fMRI) 90 

studies to activate the somatosensory system (Hodge et al., 1996; Fitzgibbon et al., 2012). Both primary 91 

and secondary somatosensory areas are activated by tactile imagery (Yoo et al., 2003) in areas that 92 

respond to actual touch. Imagined movements after amputation of the fingers have also been shown to 93 

produce neural activation in somatosensory cortex. (Rosén et al., 2001). We record intracortically from 94 

three areas of human cortex (Figure 1A); primary somatosensory cortex (S1), ventral premotor cortex 95 

(PMv) and the supramarginal gyrus (SMG). Each of these areas is involved in somatosensory processing. 96 

Neurons in S1 respond to cutaneous and proprioceptive stimuli (Hyvärinen and Poranen, 1978; Iwamura 97 

et al., 1993; Taoka et al., 2000; Seelke et al., 2012) and electrical stimulation in this area produces 98 

naturalistic somatosensory percepts (Flesher et al., 2016; Salas et al., 2018). The SMG array, on the 99 

supramarginal gyrus near the anterior end of the intraparietal sulcus (Figure 1A), is in a region of cortex 100 

often studied in the context of grasp for both human (Binkofski et al., 1998; Culham et al., 2003) and 101 

non-human primate (Dong et al., 1994; Baumann et al., 2009) studies. There is not yet enough evidence 102 

in this literature and our study to make exact homological assignments between the two species. 103 

Similarly, this same region of cortex responds to somatosensory stimuli in both species (Leinonen et al., 104 

1979; Dong et al., 1994) and has reciprocal connections to other sensorimotor regions such as BA1, BA2, 105 

BA5, S2 (Neal et al., 1990) and premotor cortex (Gregoriou et al., 2006). Broadly, posterior parietal 106 

cortex is a higher order area in sensorimotor and somatosensory processing (Romo et al., 1998; Romo 107 

and de Lafuente, 2013; Aflalo et al., 2015). PMv neurons respond to tactile and proprioceptive 108 

somatosensory stimuli (Fogassi et al., 1996; Graziano et al., 1997; Graziano, 1999). Given the role of 109 

these areas in somatosensory processing, we expect to observe neurophysiological modulation due to 110 

somatosensory imagery.  111 

 112 
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In this work we investigated the neural correlates of imagined sensations and how this representation is 113 

distributed across different sensorimotor cortical areas. We used the sensations previously experienced 114 

by our participant during ICMS (Salas et al., 2018) and sought to demonstrate a discriminable 115 

representation of the sensations in the brain. We examined neurophysiological responses to 116 

somatosensory imagery from intracortical human recordings across three brain areas, each implanted 117 

with recording microelectrode arrays (Utah Array, Blackrock Microsystems): S1, SMG and PMv. We 118 

found a highly significant classification accuracy between sensations was attainable using both threshold 119 

crossing spiking activity and spectral power of various common frequency bands in the continuous brain 120 

signal.  121 

 122 

Our results demonstrate that unique sensory experiences can be classified from human neural signals 123 

during somatosensory imagery and explore how the encoding of different aspects of sensation are 124 

distributed across different brain areas. The correspondence between the neural signal during 125 

somatosensory imagery and the stimulation parameters that elicit the same sensations may inform the 126 

choice of stimulation parameters for eliciting novel and robust sensations via ICMS in future work. 127 

  128 
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Methods 129 

 130 

Participant 131 

 132 

We recruited and consented a male participant with C5-level complete spinal cord injury, (34 years old, 133 

three years and six months  post injury, and one year and eight months post implant, at the time of the 134 

first experiment) to participate in a clinical trial of a Brain-Machine Interface (BMI) system with 135 

intracortical recording and stimulation. All data were recorded through electrode arrays that were 136 

implanted in three locations of the left hemisphere (Figure 1A): supramarginal gyrus (SMG), ventral 137 

premotor cortex (PMv) and primary somatosensory cortex (S1). One 96-channel, platinum tipped 138 

Neuroport microelectrode recording array (Blackrock Microsystems, Salt Lake City, UT) was implanted in 139 

each of SMG and PMv. Two 48-channel SIROF-tipped (sputtered iridium oxide film) microelectrode 140 

arrays were implanted in S1. Further information regarding specific surgical planning and implantation 141 

details are described in (Salas et al., 2018). All procedures were approved by the Institutional Review 142 

Boards (IRB) of the California Institute of Technology, University of Southern California and Rancho Los 143 

Amigos National Rehabilitation Hospital. 144 

 145 

Task 146 

 147 

Based on the outcome of S1 only stimulation mapping we identified the five most commonly elicited 148 

sensations with ICMS: ‘squeeze,’ ‘tap,’ ‘rightward movement,’ ‘vibration,’ and ‘blowing’. These 149 

sensations represented 24.9%, 17.3%, 9.7%, 8.1% and 6.6% respectively of 381 total ICMS elicited 150 

sensations (for full details of ICMS mapping see (Salas et al., 2018)). These sensations were experienced 151 

in the same body locations of the contralateral forearm and upper arm. In our somatosensory imagery 152 
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experiment, each trial consisted of an inter-trial interval (ITI), a cue, a delay, and an imagery phase. 153 

During the ITI, a black screen with a gray circle (1 cm diameter) in the middle was shown for 4 seconds 154 

during which time the participant was instructed to rest and fixate gaze on the circle, although gaze was 155 

not measured. In the cue phase, one of the sensations listed above was presented as a written word for 156 

2 seconds, then in the 2-second delay phase, only a black screen with the fixation circle was shown. In 157 

the final 5-second imagery phase of the task, the fixation circle changed to green and the participant 158 

began somatosensory imagery. The instruction for the imagery phase given at the beginning of each 159 

experiment was to ‘imagine the sensation as you experienced it during electrical stimulation as vividly as 160 

possible’ (Figure 1B). The participant confirmed to us that the sensations were all imagined in the same 161 

location at the forearm, thus controlling for the inadvertent classification of location rather than 162 

sensation. In each run of the task, each individual sensation was imagined 10 times (total 50 trials per 163 

run), pseudo-randomly shuffled. The full dataset consists of 400 trials with N=80 repetitions of each 164 

imagined sensation. 165 

 166 

Experiment design and data collection 167 

 168 

Data was collected from each array site using a 128-channel Neural Signal Processor (Blackrock 169 

Microsystems, Salt Lake City, UT). Broadband signals were recorded at 30,000 samples/sec. Spectral 170 

power was computed for each phase of each trial using MATLAB’s ‘pspectrum’ function (Mathworks 171 

Inc., Natick, MA). Unsorted threshold crossings (Christie et al., 2015; Oby et al., 2016; Dai et al., 2019), 172 

extracted from the broadband signal using a threshold of -3.5 times the noise RMS of the continuous 173 

signal voltage, were used as spike activity. The first full data set (herein referred to as experiment 1) was 174 

collected across 10 days. The second full data set was collected 11 months later, across 24 days (herein 175 

referred to as experiment 2). This time delay allowed us to explore the stability of the representations 176 
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initially observed. ICMS sensory mapping (Salas et al., 2018) that produced the percepts used for 177 

imagery in this study were collected 16 months before experiment 1 began.  178 

 179 

Statistics and Analysis Methods 180 

 181 

Classification was performed independently for each array and each phase of the somatosensory-182 

imagery task using linear discriminant analysis (LDA) with the ‘fitcdiscr’ function in MATLAB. For analysis 183 

using spike firing rates, the average threshold crossing rates from each channel, calculated from the 184 

entirety of each phase in 50ms time bins, were passed as features to the classifier. For analysis of the 185 

spectral power data, power in the 4-8Hz (theta), 8-12Hz (alpha), 12-30Hz (beta), 30-70Hz, 70-150Hz and 186 

150-300Hz (gamma) bands, computed for each channel, were used as features. Classification was 187 

performed separately for each frequency band. We note that in these very high frequency bands the 188 

signal is likely to reflect the spiking activity of local neurons. 189 

 190 

For both threshold crossings and spectral power, LDA was performed over 1000 repetitions. In each 191 

repetition, all 400 trials were randomly divided in a 50/50 cross-validation training and testing paradigm. 192 

Following 1000 repetitions, mean classification accuracy and 95% confidence intervals were computed. 193 

This procedure was repeated in a null condition where class labels were randomly shuffled during each 194 

repetition to generate a chance-level distribution of classification accuracies. Significance for 195 

classification performance was calculated by comparison of the overlapping percentile values of the 196 

actual and null data set. The full results are available in Table 1.  197 

 198 

In order to test the ability of our datasets to generalize to one another, a decoder was trained on all of 199 

experiment 1 data and tested on all of experiment 2 data (another decoder was trained using the 200 
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opposite train/test regime). This analysis yielded only one accuracy for each phase and electrode array 201 

as opposed to a distribution over 1000 iterations, because of the nature of testing which used one 202 

specific split of the data. However, the null condition was calculated as before, by shuffling the trial 203 

labels of both train and test datasets randomly over 1000 iterations. For this reason, in the 204 

generalization analysis, for each phase and electrode array, a single accuracy value was compared to the 205 

percentiles of the null distribution. For instance, we report p<0.05 if the accuracy was greater than the 206 

value at the 97.5 percentile of the null distribution. 207 

 208 

Initially we performed LDA without preprocessing (e.g. without performing dimensionality reduction) as 209 

this allows for a direct analysis of the relationship between the neural activity recorded on each channel 210 

and imagined sensations. However, since the absence of preprocessing results in a small trade-off in 211 

classification accuracy, we separately repeated the classification using singular value decomposition 212 

(SVD) feature selection prior to model fitting. For threshold-crossing features, SVD was computed on 213 

mean-centered firing rates averaged within each task phase (‘svd’ function in MATLAB). Average firing 214 

rate data was projected onto the top N features that represent the dimensions of greatest variance in 215 

the data. N was determined by examining accuracy scores across phases and electrode arrays in 216 

experiment 1. N was calculated separately for spike decoding and for each frequency band in spectral 217 

power decoding. N was initially set to 5 features, and then increased in increments of 5. Each run 218 

yielded a mean accuracy across phases (cue, delay, imagery) and arrays (SMG, PMv, S1) over 1000 219 

iterations. For each of these accuracies, the current run was compared to the previous run with N-5 220 

features. In all cases, accuracies as N increased followed a curve with a single peak or plateau at some N 221 

greater than 0 and smaller than the original number of features. The run with the greater number of 222 

superior accuracies was chosen as the “better” run. In the case of a tie, the lower number of features 223 

was chosen. The number of features N is given in Table 1 - Dimensions. The number of features 224 
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determined to be best for experiment 1 data was also used to decode experiment 2 data, and to 225 

perform the cross-experiment decoding (i.e. training on experiment 1 and testing on experiment 2 and 226 

vice versa). The best number of features was recomputed with the combined data from experiment 1 227 

and experiment 2 following the same procedure. For spectral-power classification, the same approach 228 

was used to determine the optimal number of features for each frequency band individually.  229 

 230 

As appropriate, p-values were corrected for multiple comparisons using the Bonferroni-Holm method. 231 

  232 
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Results 233 

 234 

In this study, a human quadriplegic participant with intracortical microelectrode arrays in the 235 

supramarginal gyrus (SMG), ventral premotor area (PMv) and primary somatosensory cortex (S1) 236 

performed somatosensory imagery – the vivid recollection of sensory experiences – of five sensations. 237 

These sensations were the most common ones that the same participant experienced in a previously 238 

published sensory mapping of S1 by intracortical microstimulation (ICMS) (Salas et al., 2018). We 239 

investigated the hypothesis that somatosensory imagery would generate unique representations for 240 

each sensation, which could be classified from the neural signal. 241 

 242 

Classifying Sensations 243 

 244 

Using unsorted threshold crossings recorded during experiment 1 (see Methods), we trained a LDA 245 

classifier to identify the five sensations we tested. We trained the classifier on half of the trials (see 246 

methods) at a single phase of the task and on data from a single array, using the average firing rate 247 

during the phase at each channel as features. We tested the classification on the other half of the trials 248 

in the same phase and array. We found a significant classification accuracy for the cue, delay and 249 

imagery phases of the task in SMG and in the imagery phase in S1 (Figure 2A and Table 1). To improve 250 

the classification accuracy, we applied SVD feature preprocessing before the LDA was trained (see 251 

Methods). We found significant classification for the cue, delay and imagery phases of the task in SMG 252 

and in the imagery phase in both S1 and PMv (Figure 2B – experiment 1, Table 1). In all cases 253 

classification accuracy was compared to that of a null distribution (Figure 2B – null), where the 254 

classification was performed identically but the trial labels were randomly shuffled. LDA analysis 255 

determines discriminability across the population activity of the whole array; however, we also observed 256 
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individual channel firing activity capable of significantly discriminating between two or more sensations 257 

(exemplary channels shown in Figure 3A). The total percentage of channels, 96 in each brain area, 258 

whose activity significantly discriminated between two or more sensations in the imagery phase only 259 

(p<0.05) was 49% in SMG, 22% in PMv and 20% in S1. This metric was calculated per channel, pooling 260 

across all trials, using a Kruskal-Wallis test with the averaged firing rate in the imagery phase of the task. 261 

Data was corrected for multiple comparisons with the Bonferroni-Holm method. To compare the 262 

correspondence between results from both stimulation (in previous work) and imagery for all individual 263 

channel-sensation pairs (96 channels x 5 sensations, N=480), we identified tuning of the channel to the 264 

sensation by looking for a significant difference in firing rate across all trials of a pair between the ITI and 265 

imagery phase of the task, using a Wilcoxon signed rank test (p<=0.05). We identified responses to ICMS 266 

for each channel-sensation pair by looking for at least one instance of the pair during ICMS mapping in 267 

the previous study (Salas et al., 2018). We found 89 (18.5%) pairs (38/96 unique channels, 5/5 unique 268 

sensations) which had both neurophysiological tuning and a response to ICMS. 269 

 270 

We also used the same method as above to perform a classification using the spectral power in various 271 

frequency bands of the raw neural signal as features (see Methods, Figure 2C and Table 1). In SMG we 272 

found significant classification accuracy in the cue phase across several frequency bands. We also found 273 

significant classification accuracy in the delay phase in higher frequency bands only. In the imagery 274 

phase we saw significant classification accuracy across several frequency bands. In PMv we found 275 

significant classification accuracy only in the imagery phase at high and low frequencies. Likewise, in S1 276 

we found significant classification accuracy only in the imagery phase and only in the highest frequency 277 

band (150-300Hz). 278 

 279 
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During the ITI phase of the trial, while the subject was at rest, we never achieved classification 280 

performance different to chance level with any method or neural signal used. This confirms that the 281 

discriminable activity in other task phases is related specifically to the somatosensory imagery task.   282 

 283 

Longitudinal representation of sensations 284 

 285 

We have demonstrated above that different sensations can be uniquely represented in distributed 286 

cortical areas. However, to what extent are the representations stable over time? Recordings of the 287 

human neural signal can be unstable over time (Aflalo et al., 2015), so in order to assess longitudinal 288 

stability, the participant performed experiment 2, repeating the imagery task approximately 11 months 289 

after the initial experiment 1. We found that sensations could be classified from threshold crossings in 290 

SMG during cue, delay, and imagery phases as in the earlier data (Figure 2B, Table 1). We found a 291 

significant classification in the delay and imagery phase in PMv. Using spectral power features from 292 

experiment 2 only to examine longitudinal stability, as above with threshold crossings, showed a similar 293 

trend. In SMG significant classification was observed in all frequency bands during the cue but in the 294 

delay phase was only observed in higher frequency bands (Figure 2C middle row, Table 1). Additional 295 

lower bands became significant in the imagery phase. In PMv, significant classification accuracy was only 296 

achieved in the cue phase at a single high frequency band and in the imagery phase across a range of 297 

bands. No significant classification using spectral power was achieved in S1 during experiment 2.  298 

 299 

To determine how similar activity was between experiments 1 and 2 within each task phase and each 300 

array, we performed a split training and testing using all trials of experiment 1 to train and all trials of 301 

experiment 2 to test (and vice versa). A null distribution was created using shuffled labels over N=1000 302 

repetitions of the classification. Using threshold crossings, significant classification accuracy was only 303 
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observed in SMG during the imagery phase when testing on experiment 2. When testing on experiment 304 

1, significant classification accuracy was observed only in SMG during the cue, delay and imagery phases 305 

of the task (Figure 4).  306 

 307 

To evaluate the longitudinal stability of spectral power representations, we trained and tested on both 308 

the experiment 1 and 2 data sets, as described above for threshold crossing features. When training on 309 

experiment 1 and testing on experiment 2, SMG showed significant classification accuracy in the cue and 310 

imagery phase across a broad range of bands and significance in one band in the delay phase. In PMv, 311 

significant classification accuracy also occurred in the cue and imagery phase. In S1, significant 312 

classification accuracy was observed in the imagery phase at only a low frequency band (Figure 4A). 313 

When training on experiment 2 and testing on experiment 1 significant classification accuracy was 314 

observed in SMG during the cue, delay and imagery phase. In PMv, significant classification accuracy 315 

occurred during the delay and imagery phase. In S1 significant classification accuracy only occurred 316 

during the imagery phase (Figure 4B and Table 1). Longitudinal classification from both spike and LFP 317 

signals performs well especially where the signal has a high decoding accuracy within either experiment 318 

1 or 2 alone. In the longitudinal analysis, taking all brain regions together, there are some additional task 319 

phases and array locations with significant classification accuracy in the spectral power data compared 320 

to the spike data. This indicates a tendency toward more general stability in the spectral power.  321 

 322 

To ensure that classification accuracy could not be further improved with more data we combined 323 

threshold crossing data sets from both experiment 1 and experiment 2 in order to utilize all trials 324 

recorded (N=800) in the same classifier, with the same LDA and SVD method as before. Note, here data 325 

across the two experiments is combined in this model. The significant classification accuracies in this 326 

result corroborate stability over time as in the longitudinal analysis above. However, combining data 327 
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does not take into consideration changes in signal or noise over time as addressed specifically in the 328 

longitudinal analysis above. This analysis yielded significant classification accuracy for the cue, delay, and 329 

imagery phases of the task in SMG, in the imagery phase in S1 and in the imagery phase of PMv (Figure 330 

2B – combined, Table 1). Finally, we combined the full spectral power data set as above (Figure 2C 331 

bottom row) and found significant classification accuracy for SMG in the cue phase across a broad range 332 

of frequency bands, in the delay phase in only the higher frequency bands and imagery phase again 333 

across a broad range of bands. In PMv and S1, significant classification accuracy was achieved in the 334 

imagery phase only. For PMv, this was achieved in a broad range of frequency bands, while for S1 this 335 

was only achieved in the highest frequency band. 336 

  337 
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Discussion 338 

 339 

As cortical stimulation methods are becoming more widely used it is increasingly important to 340 

understand the relationship between intervention (i.e. ICMS) and evoked perception/behavior (i.e. 341 

sensations). In order to achieve the goal of restoring sensation in humans, we need to produce 342 

consistent effects across participants and robustly deliver specific sensations relevant to the task. We 343 

believe understanding this begins with exploring the neural representation of the sensations that we are 344 

able to elicit, for example, uncovering the neural features that represent unique sensations. In the work 345 

presented here, we demonstrate that different sensations are uniquely represented in the neural 346 

activity of human cortex. We measured spiking activity and spectral power during somatosensory 347 

imagery with intracortical recording arrays in the supramarginal gyrus (SMG), ventral premotor area 348 

(PMv) and primary somatosensory area (S1) of a single human participant with a high-level spinal cord 349 

injury (see Methods). We demonstrate that individual sensations can be accurately classified using these 350 

signals (Figure 2, Table 1). 351 

 352 

Here we observe activity through somatosensory imagery, a powerful tool to elicit sensation-relevant 353 

neural activity, as physical interaction with the environment is not possible due to the nature of the 354 

injury in the quadriplegic patient population. We explore sensations that the participant had 355 

experienced both naturally before the injury and reported during ICMS mapping. Previously, individual 356 

aspects of somatosensation have been studied in isolation such as responses to different textures, the 357 

frequency of vibration, individual forces, etc. In somatosensory imagery, all these components are 358 

combined as a naturalistic sensation. With recordings across human cortical areas we can further 359 

characterize the distributed response in the brain to somatosensation (Delhaye et al., 2018). We show 360 

sensations can be classified in S1 during somatosensory imagery with threshold crossing activity, when 361 
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the participant vividly recalls a previously experienced sensation (Figure 2A, Table 1). Additionally, in S1 362 

the sensations are only classifiable in the imagery phase in high frequency spectral power of 150-300Hz, 363 

again likely reflecting spiking activity (Figure 2C top row, Table 1). This finding suggests S1 does not 364 

encode the planning or anticipation of sensation during imagery with no significant classification 365 

occurring in the cue or delay phase. In PMv, we found activity in the imagery phase similar to S1, but 366 

with additional low frequency components of 4-8 Hz and 8-12 Hz, which may be responsible for driving 367 

coordinated networks over a larger area (Canolty et al., 2006). In experiment 2 we were able to classify 368 

sensations from threshold crossing activity in PMv during the delay phase. This result reinforces the 369 

trend seen in experiment 1 for PMv (Figure 2B), suggesting that it encodes the planning or anticipation 370 

of the sensation in addition to the sensation itself (Fogassi et al., 1996). In SMG, we saw the highest 371 

classification performance of any area tested during the cue, delay and imagery phases of the task, both 372 

in threshold crossing activity and the spectral power in high frequency bands. This finding demonstrates 373 

SMG contains somatosensory information, both during imagery and in the planning/anticipation of 374 

somatosensory imagery (Delhaye et al., 2018). Classification during the cue phase, which uniquely 375 

included theta band activity, suggests a representation of the semantic aspect of the cued sensation 376 

within SMG, which further supports the higher order cognitive encoding of sensorimotor control in 377 

posterior parietal cortex (Andersen and Buneo, 2002; Aflalo et al., 2015; Zhang et al., 2017). We observe 378 

a large difference in the decoding performance between SMG and S1/PMv. A hypothesis for this 379 

difference may be that since somatosensory imagery is a top-down cognitive process, without 380 

somatosensory input, the representation is stronger in SMG as this is a higher order, cognitive area in 381 

somatosensory processing. Our results show imagery produces discriminable activity in S1 and PMv; 382 

however, the reduced decoding accuracy may reflect the primary role of this neural population to 383 

process input from the somatosensory system. 384 

 385 
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We explicitly test somatosensory imagery to determine if neural activity encodes the imagined 386 

sensation. This is motivated entirely because of the nature of injury in our patient population. We do not 387 

assume that these areas would represent the sensations in exactly the same way if they were 388 

experienced through interaction with the environment in the absence of injury. Indeed, the 389 

representations found from somatosensory imagery have intrinsic value to efforts aimed at restoring 390 

sensation in injured people. However, it is likely that there would be a high degree of correspondence 391 

between the neural representation of sensations during somatosensory imagery and actual 392 

somatosensation (Hodge et al., 1996; Rosén et al., 2001; Yoo et al., 2003; Fitzgibbon et al., 2012). As 393 

seen in the motor system (Jeannerod, 1994; Hardwick et al., 2018), research into motor control, motor 394 

learning and motor brain-machine interfaces have shown a high degree of similarity between the neural 395 

activity of imagined and executed behavior.  396 

 397 

In the longitudinal comparison of the neural representation of sensation (Figure 4), classification 398 

accuracy decreased in most phases and locations compared to testing within the experiments (Figure 2), 399 

with the biggest decrease in performance observed in S1. While it is unclear what caused this change in 400 

classification accuracy, it is interesting to note that it was accompanied by the participant’s comments 401 

during experiment 2 that the passage of time between the two experiments “made it much harder to 402 

imagine the sensation [evoked by ICMS] because I have not felt them in a while”. This anecdotal 403 

evidence might suggest a link between the strength of responses in S1 to the clarity with which the 404 

sensations could be recalled, as may be intuitively expected in a somatosensory imagery task. 405 

Nevertheless, threshold crossing S1 activity was still able to yield significant longitudinal classification 406 

accuracy after 11 months, comparable to that measured initially. In SMG, the presence of significant 407 

classification across experiments may suggest a stronger representation of the task than PMv or S1. The 408 

cross-classification performance across the two experiments suggests that while each of these areas 409 
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encode the sensations after 11 months, the representation over all brain areas differs over time. While 410 

physiological changes in the representation of the sensations or the quality of the imagery could 411 

contribute to this, there are many additional factors unrelated to the neurophysiology of the task that 412 

likely contribute as well. For example, small movements in the array, degradation of the array over time 413 

and changes at the electrode-tissue interface may all account for the reduced performance.  414 

 415 

Identifying a stable relationship between aspects of the neural signal representing sensations during 416 

somatosensory imagery and features of stimulation that evoke those sensations could allow us to 417 

efficiently identify protocols for artificially eliciting sensation. This is relevant to closed loop brain-418 

machine interfaces where during robotic or computer control, task-relevant sensations must be 419 

identified and delivered via ICMS. It remains to be investigated whether correspondence between 420 

features of the neural signal during imagery and evoked during stimulation could reduce the time to 421 

map the relationship between sensations and stimulation. If so, somatosensory imagery could be used 422 

to improve sensory mapping by stimulation and potentially elicit more varied responses in future work. 423 

Furthermore, S1 was originally chosen as a stimulation site because of its known neurophysiological 424 

relationship to sensation. Here we confirm a relationship between imagined sensations and S1 425 

neurophysiology for sensations previously elicited with S1 stimulation in the same array. Somatosensory 426 

imagery of the sensations shows an even stronger relationship between neurophysiological activity and 427 

imagined sensation in SMG. Therefore, SMG may also be a potential target for ICMS to elicit sensation. 428 

Stimulation in parietal cortex has previously been shown to have connections with (Baldwin et al., 2017) 429 

and relate to behavior of (Hanks et al., 2006; Mirpour et al., 2010; Desmurget et al., 2018) the 430 

sensorimotor system. 431 

 432 
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In conclusion, we present evidence that human somatosensory imagery can be uniquely and robustly 433 

encoded in the activity of distributed cortical areas. In future work it would be essential to identify the 434 

evoked neurophysiology from certain stimulation parameters and compare this, instead of stimulation 435 

parameters alone, to the evoked sensations and representation of the sensations during imagery or 436 

experience. Such information would likely elucidate further the relationship between the stimulation 437 

parameters, their ability to elicit certain sensations, and the representation of the sensations elicited in 438 

the brain.  439 

  440 
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Figures 542 

 543 

 544 

 545 

Figure 1. Methods. A) Array implant locations B) Task paradigm: 1) Inter-trial Interval (ITI), 4 seconds; 2) 546 

Cue phase displaying the sensation to be imagined, 2 seconds; 3) Delay phase, 2 seconds; 4) Imagery 547 

phase during which time the participant recalls as vividly as possible the sensation presented during the 548 

cue, 5 seconds. 549 
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Figure 2. Sensation Classification. A) Classification accuracy of sensations with a LDA using the spike 554 

activity on all channels as features from experiment 1. B) Improved classification accuracy when 555 

classifying the sensations using LDA with the spike activity and SVD feature selection from experiment 1 556 

(red), experiment 2 (blue) and the combined experiment 1 and 2 data (black). Each with their own null 557 

distribution. C) Classification using spectral power in different frequency bands for experiment 1 (top 558 

row), experiment 2 (middle row) and combined experiment 1 and 2 (bottom row). In all subplots error 559 

bars show 95% confidence interval, asterisks denote classification significantly above null distribution. 560 

Grey dotted line shows the classification chance level. 561 
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 563 

 564 

 565 

Figure 3. A) Mean firing rates across all trials for each sensation on exemplary channels in each recording 566 

location. B) Mean power in the 150-300Hz LFP band across all trials for each sensations on exemplary 567 

channels in each recording locations. Channels show significantly different activity for multiple individual 568 

sensations. In all subplots error bars show 95% confidence interval. 569 
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 571 

 572 

 573 

Figure 4. Longitudinal decoding. Classification accuracy calculated per phase and per brain region. A) An 574 

LDA with SVD model was trained on all trials in experiment 1 and tested on all trials in experiment 2. B) 575 

The same method was used to train on all trials in experiment 2 and test on all trials in experiment 1. 576 

Different colors indicate different frequency bands. Grey dotted line shows the classification chance 577 

level. Stars indicate significance calculated with respect to the null distribution (see methods). 578 
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 582 

Table 1. Classification accuracy and significance. Table showing the classification accuracy as a 583 

percentage and significance (n/s = not significant, * = p<0.05, ** = p<0.01 and *** = p<0.001) from each 584 

of the experiments in which the five sensations tested were classified with LDA and SVD. Classification 585 

was performed separately for each data type, (spike or spectral power band), each trial phase (cue, 586 

delay and imagery) and for each brain area (SMG, PMv and S1). The number of features used for each 587 

classification is listed in the Dimensions column (see Methods). 588 

SMG PMv S1
Cue Delay Imagery Cue Delay Imagery Cue Delay Imagery Dimensions

Experiment 1 Spikes 78%, *** 69%, *** 82%, *** 24%, n/s 30%, n/s 37%, ** 18%, n/s 23%, n/s 38%, *** 35
4-8Hz 33%, * 22%, n/s 24%, n/s 23%, n/s 21%, n/s 24%, n/s 19%, n/s 19%, n/s 20%, n/s 45
8-12Hz 32%, n/s 21%, n/s 34%, ** 20%, n/s 22%, n/s 33%, * 19%, n/s 22%, n/s 20%, n/s 20
12-30Hz 31%, * 21%, n/s 28%, n/s 17%, n/s 16%, n/s 27%, n/s 17%, n/s 20%, n/s 23%, n/s 15
30-70Hz 35%, ** 27%, n/s 60%, *** 18%, n/s 19%, n/s 24%, n/s 16%, n/s 17%, n/s 27%, n/s 30
70-150Hz 57%, *** 44%, *** 75%, *** 20%, n/s 22%, n/s 28%, n/s 19%, n/s 22%, n/s 28%, n/s 40
150-300Hz 63%, *** 46%, *** 77%, *** 22%, n/s 21%, n/s 32%, * 19%, n/s 20%, n/s 34%, * 45

Experiment 2 Spikes 92%, *** 62%, *** 75%, *** 27%, n/s 35%, ** 54%, *** 21%, n/s 20%, n/s 31%, n/s 35
4-8Hz 34%, * 24%, n/s 25%, n/s 21%, n/s 20%, n/s 25%, n/s 18%, n/s 18%, n/s 21%, n/s 45
8-12Hz 37%, ** 23%, n/s 27%, n/s 20%, n/s 22%, n/s 32%, * 18%, n/s 19%, n/s 20%, n/s 20
12-30Hz 31%, * 20%, n/s 30%, n/s 20%, n/s 18%, n/s 25%, n/s 18%, n/s 17%, n/s 21%, n/s 15
30-70Hz 36%, ** 28%, n/s 53%, *** 24%, n/s 26%, n/s 38%, ** 17%, n/s 16%, ** 20%, n/s 30
70-150Hz 62%, *** 39%, *** 71%, *** 35%, * 30%, n/s 51%, *** 19%, n/s 19%, n/s 25%, n/s 40
150-300Hz 64%, *** 43%, *** 69%, *** 31%, n/s 28%, n/s 52%, *** 21%, n/s 20%, n/s 25%, n/s 45

Combined 1 & 2 Spikes 75%, *** 59%, *** 73%, *** 23%, n/s 27%, n/s 31%, ** 19%, n/s 21%, n/s 33%, *** 60
4-8Hz 31%, ** 22%, n/s 24%, n/s 19%, n/s 20%, n/s 27%, n/s 19%, n/s 18%, n/s 19%, n/s 10
8-12Hz 31%, ** 21%, n/s 32%, *** 20%, n/s 21%, n/s 31%, ** 18%, n/s 21%, n/s 20%, n/s 25
12-30Hz 30%, * 20%, n/s 29%, * 19%, n/s 18%, n/s 26%, n/s 17%, n/s 19%, n/s 21%, n/s 25
30-70Hz 35%, *** 28%, n/s 52%, *** 21%, n/s 21%, n/s 30%, * 17%, n/s 17%, n/s 22%, n/s 75
70-150Hz 53%, *** 37%, *** 68%, *** 24%, n/s 23%, n/s 36%, *** 20%, n/s 20%, n/s 27%, n/s 75
150-300Hz 57%, *** 37%, *** 67%, *** 23%, n/s 22%, n/s 37%, *** 19%, n/s 19%, n/s 29%, * 60

2 trained on 1 Spikes 21%, n/s 23%, n/s 30%, *** 19%, n/s 23%, n/s 16%, n/s 20%, n/s 17%, n/s 21%, n/s 35
4-8Hz 24%, n/s 20%, n/s 20%, n/s 23%, n/s 18%, n/s 18%, n/s 21%, n/s 19%, n/s 22%, n/s 45
8-12Hz 27%, *** 21%, n/s 29%, *** 22%, n/s 23%, n/s 26%, *** 21%, n/s 22%, n/s 25%, * 20
12-30Hz 32%, *** 20%, n/s 26%, *** 17%, n/s 20%, n/s 22%, n/s 21%, n/s 23%, n/s 22%, n/s 15
30-70Hz 27%, *** 22%, n/s 24%, * 24%, ** 19%, n/s 24%, *** 20%, n/s 19%, n/s 21%, n/s 30
70-150Hz 24%, * 30%, *** 20%, n/s 20%, n/s 23%, n/s 21%, n/s 18%, n/s 20%, n/s 21%, n/s 40
150-300Hz 27%, *** 22%, n/s 22%, n/s 21%, n/s 21%, n/s 20%, n/s 19%, n/s 19%, n/s 20%, n/s 45

1 trained on 2 Spikes 29%, *** 33%, *** 35%, *** 19%, n/s 23%, n/s 23%, n/s 18%, n/s 18%, n/s 21%, n/s 35
4-8Hz 26%, ** 20%, n/s 21%, n/s 22%, n/s 23%, n/s 26%, ** 22%, n/s 20%, n/s 24%, * 45
8-12Hz 27%, *** 22%, n/s 31%, *** 22%, n/s 23%, n/s 29%, *** 18%, n/s 22%, n/s 22%, n/s 20
12-30Hz 23%, n/s 21%, n/s 23%, n/s 21%, n/s 21%, n/s 23%, n/s 19%, n/s 21%, n/s 21%, n/s 15
30-70Hz 26%, ** 26%, ** 25%, ** 23%, n/s 19%, n/s 22%, n/s 20%, n/s 21%, n/s 19%, n/s 30
70-150Hz 20%, n/s 23%, n/s 20%, n/s 22%, n/s 23%, ** 20%, n/s 19%, n/s 18%, n/s 18%, n/s 40
150-300Hz 24%, * 21%, n/s 29%, *** 20%, n/s 22%, n/s 19%, n/s 23%, n/s 19%, n/s 21%, n/s 45


