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ABSTRACT 1 

Single neurons in the primate lateral prefrontal cortex (LPFC) encode information about 2 

the allocation of visual attention and the features of visual stimuli. However, how this 3 

compares to the performance of neuronal ensembles at encoding the same information 4 

is poorly understood. Here, we recorded the responses of neuronal ensembles in the 5 

LPFC of two macaque monkeys while they performed a task that required attending to 6 

one of two moving random dot patterns positioned in different hemifields and ignoring 7 

the other pattern. We found single units selective for the location of the attended 8 

stimulus as well as for its motion direction. To determine the coding of both variables in 9 

the population of recorded units, we used a linear classifier and progressively built 10 

neuronal ensembles by iteratively adding units according to their individual performance 11 

(best single units), or by iteratively adding units based on their contribution to the 12 

ensemble performance (best ensemble). For both methods, ensembles of relatively 13 

small sizes (n<60) yielded substantially higher decoding performance relative to 14 

individual single units. However, the decoder reached similar performance using fewer 15 

neurons with the best ensemble building method compared to the best single units 16 

method. Our results indicate that neuronal ensembles within the LPFC encode more 17 

information about the attended spatial and non-spatial features of visual stimuli than 18 

individual neurons. They further suggest that efficient coding of attention can be 19 

achieved by relatively small neuronal ensembles characterized by a certain relationship 20 

between signal and noise correlation structures. 21 

  22 
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SIGNIFICANCE STATEMENT 23 

 24 

Single neurons in the primate lateral prefrontal cortex (LPFC) are known to encode the 25 

spatial location of attended stimuli as well as other visual features. Here, we investigate 26 

how these single neuron coding properties translate into how ensembles of neurons 27 

encode information. Our results show that LPFC neuronal ensembles encode both the 28 

allocation of attention and the direction of motion of moving stimuli with higher efficiency 29 

than single units. Furthermore, relatively small ensembles reach the same decoding 30 

accuracy as the full ensembles. Our findings indicate that information coding by neuronal 31 

ensembles within the LPFC depends on complex network properties that cannot be 32 

solely estimated from coding properties of individual neurons. 33 

  34 
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INTRODUCTION 35 

Electrophysiological studies in non-human primates have shown that neural activity in 36 

the lateral prefrontal cortex (LPFC) is strongly modulated by selective visual attention: 37 

the responses of single neurons to attended targets are enhanced relative to responses 38 

to unattended distractors (Rainer et al., 1998; Buschman and Miller, 2007; Bichot et al., 39 

2015). For the case of spatial attention these phenomena translate into the encoding of 40 

attended relative to unattended locations by individual single neurons (Lennert and 41 

Martinez-Trujillo, 2011). However, several studies have suggested that information 42 

coding by neuronal populations cannot be simply determined from measurements in 43 

individual neurons. The amount of information encoded by a population of neurons also 44 

depends on interactions between simultaneously active neurons that generate correlated 45 

firing (Maynard et al., 1999; Averbeck et al., 2006; Seidemann et al., 2009). This is 46 

important to consider in neurophysiological studies since behavior is likely generated by 47 

the activity of neuronal ensembles composed of many individual neurons sharing 48 

connectivity patterns rather than by the activity of single neurons acting in isolation.  49 

Technological advances, such as the emergence of tetrodes and multi-electrode 50 

recording arrays, allow to move beyond the single neuron approach in 51 

electrophysiological studies towards investigating the properties of many neurons 52 

recorded simultaneously (neuronal ensembles) (Yuste, 2015). Many studies in macaque 53 

monkeys using multi-electrode array recordings have examined the encoding of signals 54 

in cortical areas related to motor processing to further the development of neural 55 

prosthetics (Wessberg et al., 2000; Musallam et al., 2004). However, relatively fewer 56 

studies have examined executive control signals related to attention in high order 57 

associative areas using the same techniques (Kiani et al., 2015; Tremblay et al., 2015; 58 

Astrand et al., 2016). For the LPFC, it has been recently demonstrated that ensembles 59 

of neurons encode information about the allocation of spatial attention, and that the 60 
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encoded information is influenced by correlated firing between units (i.e., noise 61 

correlations) (Tremblay et al., 2015). One issue that remains less investigated is whether 62 

LPFC neuronal ensembles can encode other task-relevant (non-spatial) features of 63 

visual stimuli. Furthermore, it remains unclear how the coding of spatial locations and 64 

other features changes as a function of the size and composition of neuronal ensembles. 65 

To address these issues, we simultaneously recorded the activity of neurons in the 66 

LPFCs of two rhesus macaque monkeys while they allocated attention to one of two 67 

moving random dot patterns (RDPs) positioned in opposite hemifields. The monkeys had 68 

to deploy spatial attention but then respond to a change in another feature of the 69 

stimulus – its motion direction. We find that individual units were tuned for both, the 70 

attended location and the motion direction of the stimulus. However, there is little overlap 71 

between the coding of spatial attention and motion direction in the populations of 72 

recorded units. Using a linear classifier, we demonstrate that the performance of 73 

neuronal ensembles at decoding the attended location or the motion direction of the 74 

stimulus is higher than the performance of the best single units. Finally, we compare the 75 

performance of ensembles built using different methods and found that ensembles of 76 

relatively small sizes (<60), that do not necessarily include the best performing individual 77 

units, maximize decoding accuracy. 78 

 79 

MATERIALS & METHODS 80 

Animals 81 

Two adult male monkeys (Macaca mulatta, R: 9.7 kg; S: 10.2 kg) participated in the 82 

experiments. All animal procedures were performed in accordance with the McGill 83 

University animal care committee’s regulations. During the training and testing periods, 84 

the animals received fluids as reward for correctly performing the task. We also gave the 85 

animals fresh fruits and vegetables as supplements when finishing a session. Body 86 
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weight, water intake, and mental and physical well-being were monitored daily. None of 87 

the animals were sacrificed for the purpose of this study. 88 

Visual Stimuli  89 

The stimuli were back projected on a screen using a video projector (NEC WT610, 1024 90 

x 768 pixel resolution, 75 Hz) and custom-made software running on an Apple G4 Power 91 

PC. The animals viewed the screen at a distance of 57 cm (i.e., 1 cm on the screen 92 

corresponded to 1° of visual angle). The stimuli were random dot patterns (RDPs) 93 

generated by plotting colored dots (white, 76.39 cd/m2; grey, 10.83 cd/m2; pink, 22.68 94 

cd/m2; green, 11.26 cd/m2; blue, 10.96 cd/m2; red, 8.92 cd/m2; turquoise, 44.14 cd/m2) 95 

on a dark gray background (0.74 cd/m2) with a density of three dots/deg2 within a circular 96 

stationary virtual aperture. All dots within one random dot pattern (RDP) moved 97 

coherently at a speed of 15°/s and were replotted at the opposite side when they 98 

crossed the border of the aperture. The radius of the aperture was 4°, and it was 99 

centered 8° from the fixation spot. 100 

Task 101 

The animals initiated a trial by keeping gaze within a 2 degrees radius window (4 102 

degrees in monkey S) centered on a small fixation spot (0.24 degrees2). Gaze position 103 

was monitored using an infrared video-based eye tracker (EyeLink 1000, SR Research, 104 

Ontario, Canada). After a 353 ms fixation period, two moving RDPs appeared, one 105 

located to the left and the other to the right of the fixation spot. The patterns were 106 

composed of white dots on a dark background that moved either up (0°) or down (180°) 107 

relative to the vertical. After a variable interval (294, 471, or 647 ms) following the RDPs’ 108 

onset, both patterns changed to different colors (i.e., the left one to green and the right 109 

one to red). The task for the animals was to identify one of the two RDPs as the target 110 

based on its color and covertly attend to it while ignoring the other (the distractor). After 111 

706 ms, the color was removed and the RDPs returned to white. The animals had to 112 



 

 7 

maintain attention on the target and wait between 753 to 1600 ms for a brief motion 113 

direction change in the target stimulus (118 ms duration, change was 32° clockwise from 114 

the current direction) and release the button within 100 - 650 ms. In 50% of the trials, the 115 

distractor changed motion direction before the target. In those trials, the monkey had to 116 

keep holding the lever until the target changed. Which of the two colors indicated a 117 

target was based on an ordinal color-rank rule the monkey had learned over the training 118 

sessions (turquoise > red > blue > green > pink > grey, (Lennert and Martinez-Trujillo, 119 

2011; 2013)). Each correctly performed trial was rewarded with a drop of juice. A 120 

sequence of correct trials yielded a slight increase in reward size. Trials in which the 121 

monkey responded to the distractor change (false alarms), or did not respond to the 122 

target change within the reaction time window (misses), or broke fixation before the end 123 

of a trial (fixation breaks), were terminated without reward. The different trial types were 124 

presented in random sequence. Only correctly performed trials were included in the 125 

analysis unless otherwise indicated.  126 

Surgical Procedures 127 

The surgical operations were carried out under general anesthesia using isofluorane 128 

administered through endotracheal intubation. The animals were implanted with titanium 129 

head posts used to restrain head motion during training and recording sessions. We 130 

chronically implanted a 10x10 multi-electrode array (96 channels, Blackrock 131 

Microsystems LLC, Utah, USA) in each monkey’s left LPFC. The array was positioned 132 

on the cortical surface anterior to the knee of the arcuate sulcus and caudal to the 133 

posterior end of the principal sulcus, known as area 8A in the macaque monkey 134 

(Petrides, 2005).  135 

Electrophysiological Recordings 136 

We recorded from all 96 channels from the left LPFC of both animals. Data were 137 

recorded using a Cerebus Neuronal Signal Processor (Blackrock Microsystems LLC, 138 
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Utah, USA) via a Cereport adapter. After 1x amplification in the head stage (ICS-96), the 139 

neuronal signal was band-pass filtered (0.3 Hz- 7.5 kHz) and digitized (16 bit) at a 140 

sample rate of 30 kHz. For each channel, spike waveforms were detected by manually 141 

thresholding (~4 times the root mean square of the noise amplitude) the digitally high-142 

pass filtered (250 Hz, 4 pole) raw voltage trace. The extracted spikes and associated 143 

waveforms were sorted offline using both manual and semi-automatic techniques using 144 

OfflineSorter (Plexon Inc, TX, USA) and Matlab (MathWorks, Natick, MA, USA).  145 

Data Analysis 146 

Analysis of spike data (firing rates) and statistical tests were performed using MATLAB 147 

(MathWorks, Natick, MA, USA). Unless indicated otherwise, our analyses were 148 

computed for a 500 ms window during a post-cue/sustained attention period (150 ms 149 

after color offset – 650 ms after color offset). For further details on the results of the 150 

statistical analyses please refer to Table 1. 151 

From the recordings, we extracted a total of 1,081 units (556 in monkey S over 5 152 

sessions (156, 103, 107, 102, 88), 525 in monkey R over 4 sessions (151, 107, 127, 153 

140)) with a firing rate higher than 0.1 Hz. We used a Wilcoxon rank-sum test to 154 

determine whether units had significantly different (p<0.05) firing rates in the post-cue 155 

period or in a 500 ms window during the color cue presentation compared to “baseline”, 156 

which was a 700 ms window centered around stimulus onset. This resulted in 391 units 157 

in monkey S (70%) and 462 units in monkey R (88%). 158 

Neuronal Selectivity. We determined neuronal selectivity by performing a 2-way analysis 159 

of variance (ANOVA) using the factors target location and motion direction. For units with 160 

a significant main effect, we determined which of the stimulus parameters yielded the 161 

highest mean firing rate (i.e., a unit that showed a main effect of location was considered 162 

ipsi-selective when its mean firing rate was higher for targets presented ipsilaterally to 163 

the recording site than for contralaterally presented targets).  164 
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Spike Density Functions. The activity of single selective units and the selective 165 

populations were plotted as trial-average spike density functions, generated by 166 

convolving the spike train with a Gaussian kernel (width 25 ms) and normalizing by the 167 

maximum firing rate in each unit’s preferred stimulus condition. We determined the 168 

latency and magnitude of the difference in response to preferred and non-preferred 169 

features by comparing the mean activity of the selective units in 20 ms bins using a 170 

paired t-test (p < 0.05). Once five consecutive bins were significant, we took the first of 171 

those as the latency of the selectivity. We used the mean T-value across all 20 ms bins 172 

to quantify the magnitude of the difference. 173 

Significant proportions of selective units. We investigated whether our proportions of 174 

selective units found in each animal were significantly different from chance by 175 

determining the proportions in a randomized population. For this, we randomly permuted 176 

the entire trial order and re-computed the ANOVA. We repeated this permutation and re-177 

computation 1000 times and compared the mean proportions of the shuffled populations 178 

to the actual proportions in the data using a Chi-square ( 2) test (p<0.05) and calculated 179 

95% confidence intervals using the “Wilson” score interval. 180 

Anatomical Clustering: We determined whether location- and direction-selective units 181 

were significantly organized or clustered in space across the array using Moran’s I, a 182 

metric of spatial autocorrelation (Moran, 1950). Moran’s I ranges from -1 to +1 with 183 

negative values indicating that similar feature values are spatially repellant and positive 184 

values indicating that similar values are spatially clustered. We compared our values to 185 

chance, obtained by shuffling each electrode’s feature label 1000 times and then taking 186 

the 95th percentile range of values. 187 

Decoding stimulus features. We used a L2-regularized linear support vector machine 188 

(SVM, liblinear v2.1 (Fan et al., 2008)) to decode the stimuli’s features (specifically, 189 

target location and motion direction) from the task-related units during the post-cue 190 
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epoch when both RDPs had the same color and direction. The regularization parameter 191 

was the optimal penalty parameter C (refer to Eq. 1 in Fan et al., 2008), identified by 192 

conducting a grid search. To assess the accuracy of the decoder, we used a cross-193 

validation technique: The decoder was trained on 90% of the trials for a given neural 194 

ensemble and then tested on the remaining 10% (10-fold cross-validation). The SVM 195 

was iteratively trained and tested on different subsamples of the trials until each trial was 196 

at least once in the test set and used for training nine times. Furthermore, we balanced 197 

the number of trials between the conditions by identifying the minimum number of trials 198 

for the unique conditions. Of the other conditions, a random subsample equal to the 199 

minimum number of trials was selected. We repeated the subsampling procedure ten 200 

times. 201 

We used two different procedures to determine decoding performance for neuronal 202 

ensembles of various sizes. First, we sorted the units from highest to lowest by their 203 

individual performance in decoding attended location and motion direction, respectively. 204 

To build an ensemble of size n+1, we iteratively added the next best performing unit to 205 

the ensemble of size n, i.e., the highest performing unit was considered an ensemble of 206 

size 1 and to build the n+1 ensemble we added the second best performing unit, and so 207 

forth to build increasingly larger ensembles. We refer to the resulting ensemble from this 208 

method as the best single unit ensemble (BSU). We also used a second procedure, best 209 

ensemble (BE), by again starting with the best single unit but then paired it with all 210 

remaining units to find the pair that maximized the decoder’s performance. Then we 211 

used this pair and combined it iteratively with each of the remaining units to find the best 212 

trio that maximized decoder’s performance. The procedure was repeated for the best 213 

quartet and so on. Note, that the BE method optimizes ensemble performance and 214 

allows for the possibility that the best single units do not necessarily make up the best 215 

ensembles. Because we recorded a different number of units each day, we only 216 
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performed this analysis for the minimum ensemble size across all recording sessions for 217 

each animal (94 for monkey R and 61 for monkey S). We used unpaired t-tests (p<0.05) 218 

to compare the decoder’s performances for the different ensemble types between 219 

monkeys. In order to assess the contribution of correlations in the ensemble, we shuffled 220 

trial order within the same condition to destroy shared trial-by-trial variability and re-221 

computed the SVM classification analysis on those shuffled ensembles. This procedure 222 

was repeated 100 times. We used paired t-tests (p<0.05) to assess differences in 223 

decoding accuracy with and without correlations. Furthermore, we used exact tests to 224 

compare the obtained decoding performance at each ensemble size to chance 225 

performance, which we obtained by randomizing the entire trial order and rebuilding the 226 

ensembles for each surrogate data set. We repeated this shuffling procedure 10 times. 227 

Lastly, we compared the maximum decoding performance and the ensemble size at 228 

which it was reached with Wilcoxon signed-rank tests (p<0.05). 229 

Decoding Behavior. We predicted target location and motion direction from the activity of 230 

the BE yielding the maximal decoder performance under various behavioral conditions. 231 

Specifically, we compared decoding accuracy between all trials 1) considering correct 232 

trials only, 2) considering error trials only, and 3) narrowing included error trials down to 233 

false positives (i.e., responses to the distractor) only. Because of only a small number of 234 

error and false positive trials, we were unable to balance the number of trials between 235 

the different outcome conditions. Thus, we restricted statistical analyses to use exact 236 

tests (p<0.05) for comparing the decoding performance and chance performance, 237 

obtained by shuffling trial labels 100 times and re-computing the decoding accuracy.  238 

 239 

RESULTS 240 

Behavioral Performance 241 
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We trained two adult monkeys (Macaca mulatta), “R” and “S” to maintain their gaze on a 242 

central fixation point while covertly attending to one of two white, peripherally presented, 243 

moving random dot patterns (RDPs) presented on a dark background. In a given trial the 244 

RDPs appeared simultaneously and moved in the same direction, changing colors after 245 

a variable time. Based on a color rule (Lennert and Martinez-Trujillo, 2011; 2013) the 246 

monkeys had to identify and attend to the target RDP while ignoring the other RDP 247 

(distractor). Briefly, we taught the animals an arbitrarily arranged ordinal hierarchy of six 248 

isoluminant colors. In each trial, the higher-ranking colored RDP was the target. The 249 

animals were rewarded for releasing a button after correctly detecting a brief motion 250 

direction change in the target, ignoring distractor changes (Fig. 1A and Methods). 251 

 Both monkeys learned the task and performed above chance level (50%) in all 252 

experimental sessions (Fig. 1B left panel; 87.6% correct trials in monkey R and 64.97% 253 

correct trials in monkey S, respectively). Most error trials of both monkeys were 254 

responses to the distractor (false alarms) rather than failures to respond (misses) (Fig. 255 

1B middle panel). The latter indicates that the animals indeed attended to the target 256 

and ignored the distractor but also that the task was challenging for the animals. Monkey 257 

R had a better performance and faster reaction times than monkey S (Fig. 1B right 258 

panel, 327 ms and 436 ms, respectively). Unless stated otherwise, we considered only 259 

correct trials for our analyses of neuronal responses.  260 

 261 

Neuronal Selectivity 262 

While the animals performed the task, we recorded the responses of a total of 556 units 263 

(single units and multiunits) in monkey S (5 sessions) and 525 in monkey R (over 4 264 

sessions) using 96-channel microelectrode (Utah) arrays chronically implanted in the left 265 

area 8A, located on the cortical surface between the posterior end of the principal sulcus 266 

and the knee of the arcuate sulcus (Petrides, 2005). Our arrays were located slightly 267 
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dorsal to the principal sulcus (Fig. 2A). 853 units (79% of those recorded) showed 268 

significantly different firing rates during the color cue presentation and/or the post-cue 269 

epoch compared to a window of 700 ms centered at stimulus onset (Wilcoxon rank-sum 270 

test; pa < 0.05). The variables of interest in the following analyses were the allocation of 271 

spatial attention and the direction of the stimuli, therefore we concentrated on the post-272 

cue or attentional period in which the stimuli on the screen did not change color or 273 

direction.  274 

In order to examine the tuning of single units, we used a 2-way ANOVA with target 275 

location and motion direction as factors (pb < 0.05). Figure 2B shows an example unit 276 

(recorded from monkey R) that responded more strongly when the target location was 277 

contralateral to the recording site (left panel), or when the RDP’s motion direction was 278 

down (right panel). Similarly, Figure 2C shows an example unit (recorded from monkey 279 

S) responding more strongly on trials when the target stimulus was presented 280 

ipsilaterally (left panel), or when the RDPs’ motion direction was up (right panel). These 281 

units were recorded from different electrodes in the array (see schematics in Fig. 2A) 282 

and they encode the target location (red squares) and motion direction (green squares) 283 

respectively. 284 

We next examined the proportions of selectivity for the attended location (location 285 

selective) and the stimulus’ motion direction (direction selective) in the entire population 286 

(Fig. 3A). In monkey R (left panel), we identified 56% of the units (285 out of 462) to be 287 

selective for at least one of the two variables, attended location and motion direction. Of 288 

those, 59% (36% ± 4.38% of the total population) were location selective, 28% (17% ± 289 

3.45%) were direction selective, and 13% (8% ± 2.52%) showed selectivity for both, 290 

attended location and direction. In order to determine whether these proportions were 291 

different from those expected by chance, we compared them to those obtained using a 292 

randomization procedure (chance estimate). For the randomization procedure we used 293 
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the same trials and units as in the original data but shuffled the trial labels. In monkey R, 294 

the proportion of location selective cells predicted by chance was 4.94%, which was 295 

significantly smaller than that found in the real population ( 2-test, pc = 8.29 ×10-10). 296 

Similarly, the proportion of direction selective units was significantly smaller in the 297 

randomized population than in the real data (5.04%, 2-test, pd = 0.002), as well as the 298 

proportion of units encoding both variables (0.23%, 2-test, pe = 0.004).  299 

In monkey S (Fig. 3A right panel), 49% of the units (191 out of 391) were classified 300 

as selective for the attended location or direction. The majority of cells, 77% (38% ± 301 

4.8% of the total population), were direction selective, 17% (8% ± 2.75%) were location 302 

selective, and 6% (3% ± 1.71%) were both, location and direction selective. The 303 

proportion of direction selective units was significantly higher than expected by chance 304 

(5.21%, 2-test, pg = 4.13 ×10-10), whereas the proportion of location selective units was 305 

not significantly different from that found in a randomized population (9.39%, 2-test, pf = 306 

0.6972). The proportion of units selective for both features was also not different from 307 

chance (0.21%, 2-test, ph = 0.1016). To assess whether the (non-significant) proportion 308 

of units that did have location selectivity showed a true effect, we compared the size of 309 

the isolated effect in the original data with that in the shuffled data by computing an 310 

index of sensitivity (d-prime). The magnitude of the effect was similar in both groups of 311 

units (Wilcoxon rank-sum test, p=0.553). Thus, it is unclear whether the effect isolated in 312 

the original data was a true effect of attention that is present in a small number of units 313 

or it reflects noise in our data. With the current analysis we cannot fully reject the latter 314 

scenario.  315 

The distributions of selectivities were different in the two animals. While animal R 316 

had a larger proportion of units selective for the attended location than units selective for 317 

motion direction, animal S showed an inverse pattern. One possible explanation for this 318 
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result is that both animals had different training histories and because selectivity in the 319 

LPFC for different features may be affected by experience, exposure to different tasks 320 

may have shaped neuronal selectivities in a different manner for each animal. In order to 321 

investigate this issue, we plotted the training history of the animals (Fig. 3B). Monkey R 322 

was extensively trained and participated in other experiments using a similar color-rank 323 

order task shown in Figure 1. In this task although motion direction is important in order 324 

to detect the response cue, the spatial location of the target is of primary importance, 325 

i.e., the animals had to decide whether the right or left RDP was the target. On the other 326 

hand, monkey S had first been trained in the same task, but before undergoing testing in 327 

the current experiments, it was extensively trained in various match-to-sample tasks that 328 

required matching the direction of two moving RDPs or Gabor patches. In those tasks, 329 

location was an irrelevant variable for determining what the target was – only motion 330 

direction was important (Mendoza-Halliday et al., 2014). Using an ANOVA with the 331 

factors target location and motion direction on the averaged activity recorded on each 332 

electrode, we tracked the distribution of selective channels over the recording sessions 333 

in each animal (Fig. 3C). Our goal was to examine whether the proportions of selective 334 

cells were relatively stable over time. Interestingly, from one session to the next, there 335 

were only few channels with significant tuning in common, but overall there were very 336 

similar distributions of selectivities (see color bars). This suggests that the selectivity was 337 

stable over recording time and the difference between animals was not due to an outlier 338 

session. Thus, it is possible that the differences in neuronal selectivities are due to 339 

differences in training history between animals. However, another equally possible 340 

explanation is that the area we recorded from was slightly different in both animals and 341 

the proportion of units may change depending on the relative location of the arrays. To 342 

test this hypothesis we wanted to assess whether there was significant spatial clustering 343 

and/or even a difference therein. We mapped the preferred location or motion direction 344 
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of an electrode onto its cortical position (the left panels in Fig. 3D & E show 345 

representative example sessions for each monkey). To examine whether neurons with 346 

similar preferences were anatomically clustered (Fig. 3D & F, right panels), we utilized 347 

Moran’s I, a metric of spatial autocorrelation and compared it to the 95th percentile range 348 

of chance values obtained by shuffling the electrodes’ preference labels 1000 times. 349 

Although some neurons with similar preferences were isolated from nearby electrodes, 350 

in general the analysis revealed no significant clustering neurons selective for attended 351 

location or stimulus motion direction in the areas covered by the arrays in the two 352 

monkeys. The lack of spatial clustering as well as the similar position (i.e., position of the 353 

arrays relative to the sulci) lead us to favor the training history hypothesis to explain the 354 

differences in neuronal selectivity between animals. 355 

To examine the population activity profiles, we pooled the responses of units 356 

selective for the attended location and motion direction. Because units could be selective 357 

for one location (i.e., ipsilateral or contralateral) or motion direction (i.e., up or down), we 358 

pooled units after aligning their responses to their preferred direction or location. In order 359 

to gauge the latency and magnitude of the difference in response to preferred and non-360 

preferred stimuli, we performed a paired t-test on the responses of the selective units 361 

using time bins of 20 ms. The latency was determined as the first of five consecutive 362 

significant bins (p < 0.05) and the magnitude as the mean T-value across all bins. The 363 

difference between responses to the preferred (red) and non-preferred (blue) target 364 

location is more pronounced in monkey R than in monkey S (Ti = 12.36 ± 5.09 and Ti = 365 

4.15 ± 1.61, respectively; Fig. 4A & B, left panels). On the other hand, the difference in 366 

the responses to the preferred (orange) and non-preferred (green) direction seems to be 367 

less distinct between the two animals (Tj = 7.14 ± 2.98 and Tj = 11.41 ± 3.57 for monkey 368 

R and S, respectively; Fig. 4A & B, right panels). One detail in this figure is that in the 369 

two animals, the discrimination between motion directions (time when the responses to 370 
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the preferred and non-preferred directions diverge; Fig. 4A & B, left panels, black arrow; 371 

320 ms and 260 ms after stimulus onset for monkey R and S, respectively) appears to 372 

start earlier than the discrimination between the attended and unattended locations (time 373 

where responses to attended and unattended locations start diverging; Fig. 4A & B, right 374 

panels, black arrow; 228 ms and 48 ms after color cue onset in monkey R and S, 375 

respectively). This is likely due to the fact that information about the stimulus direction 376 

was available to the animal earlier than the information about the target location. In other 377 

words, the animals probably identified the motion direction earlier and then directed their 378 

attention to the target and ignored the distractor. 379 

These results indicate that average population responses are modulated by 380 

attended location and the stimulus’ motion direction in both animals. However, the 381 

degree to which the populations do so is different between the animals, particularly for 382 

the case of spatial attention. This is also concordant with the higher behavioral 383 

performance in monkey R relative to monkey S.  384 

 385 

Decoding attended location and motion direction from neuronal ensembles  386 

We used a binary, linear classifier – the support vector machine (Cortes and Vapnik, 387 

1995) (SVM) – to decode spatial attention and the stimuli’s motion direction 388 

independently from ensembles of simultaneously recorded task-related units in each 389 

session. We use the SVM as a proxy to assess the ability of a downstream entity (single 390 

neuron or neuronal ensemble) to read out the information from the recorded LPFC 391 

neuronal ensemble. Decoding accuracy was assessed using a cross-validation 392 

procedure in which 90% of the data were used for training and the remaining 10% for 393 

testing (ten-fold cross-validation, see Methods).  394 

The amount of information encoded by a neuronal ensemble has been shown to 395 

vary with the number of units in the ensemble (Tremblay et al., 2015). In order to 396 
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investigate this issue we used two different procedures of progressively building (adding 397 

units to) neuronal ensembles and obtained a decoder performance value for each 398 

ensemble size and composition. First, we decoded from each single unit independently 399 

and sorted the units based on their performance from highest to lowest. Then, we built 400 

neuronal ensembles (e.g., n = 2, 3, 4, … 94) by iteratively adding the next best 401 

performing unit (Fig. 5A, left, best single unit ensemble or BSU method). Second, we 402 

used a variation of this method: in each iteration, instead of adding the next best 403 

performing single unit to the ensemble, we added the unit that maximized the decoder's 404 

performance when added to the ensemble. In this procedure the existing ensemble of 405 

size n is paired with each one of the remaining units that have not been added and a 406 

value of decoding accuracy for all n+1 ensembles is obtained. The n+1 ensemble that 407 

yielded the highest decoding was chosen. Then we kept this best performing ensemble 408 

of n+1 units and repeated the procedure (Fig. 5A, right). Note that applying this 409 

procedure does not search for the entire space of possible n-size ensembles, which was 410 

computationally unreachable in reasonable time. We refer to this building method as the 411 

best ensemble (BE) (see also Methods).  412 

The difference between these two procedures is that in the BSU procedure, 413 

performance of individual units dictates which unit is added to the ensemble. If the main 414 

factor that determines performance is the coding properties of individual units, this 415 

procedure should yield the best decoding performance with fewer units. On the other 416 

hand, in the BE procedure, the contribution of a unit to information coding by the entire 417 

ensemble determines its ensemble membership. In other words, the BE procedure takes 418 

into account not only the performance of the added unit considered in isolation but how 419 

the added unit interacts with the rest of the ensemble. If the tuning properties of 420 

individual units, and not the interactions, solely determine the ensemble performance, 421 
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these two procedures should lead to identical ensembles of n units in each iteration (for 422 

all ensemble sizes).  423 

Figure 5B & C show the results of two example sessions when decoding 424 

attended location in monkey R and motion direction in monkey S, respectively. The 425 

green lines indicate the decoding performance using the BE building method as a 426 

function of ensemble size and the magenta lines indicate it for the BSU building method. 427 

The black and grey lines denote chance levels, obtained by shuffling the trial labels, for 428 

the BE and BSU ensembles, respectively. The circular markers show the individual units’ 429 

decoding performances in the order in which they were added to the ensembles. 430 

Colored markers indicate whether a unit was selective for either a target (attended) 431 

location (blue) or motion direction (yellow). For the BSU building method, we see, as 432 

anticipated, a steady decline in individual units’ decoding performances (red lines) 433 

whereas for the BE method, sometimes low performing/untuned units were added before 434 

high performing/tuned ones (green lines). Importantly, both ensemble methods are 435 

consistently yielding higher decoding accuracy than the best single unit decoding 436 

accuracy (first unit on the x-axis or ensemble with n=1). Note, that the lines converge at 437 

the maximum ensemble size. This is because for this n, the ensembles are the same 438 

and hence the decoding accuracy should be similar. 439 

Next, we confirmed these results at the population level (Fig. 6). Because the 440 

number of units we recorded varied between sessions, we considered the minimum 441 

ensemble size for our analyses (N = 94 in monkey R and N = 61 in monkey S), truncated 442 

the data accordingly and plotted the average across sessions. We compared the 443 

decoder performance of the different ensemble types (magenta for BSU and green for 444 

BE) to the average performances based on surrogate data in which the trial labels were 445 

randomized 10 times and new ensembles for each shuffle were built (grey for shuffled 446 

BSU and black for shuffled BE) and to ensembles for which the trial labels had been 447 
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permutated within condition 100 times, i.e., removing the simultaneity of recordings and 448 

effectively removing noise correlations (dashed lines). The lines inside the table on top of 449 

the plots indicate ensemble sizes that were significantly different from each other for the 450 

different comparisons (BE vs. shuffled, BSU vs. shuffled, BE vs. decorrelated BE, and 451 

BSU vs. decorrelated BSU).  452 

When we decoded target location, the performance of all BSU sizes for monkey 453 

R (Fig. 6A) was significantly higher than chance performance (exact test, pk < 0.01). 454 

Similarly, the performance of 93 out of 94 BE ensemble sizes was also higher than 455 

chance (exact test, pl < 0.01). Removing noise correlations from the ensembles reduced 456 

decoding accuracy for smaller ensembles (n<40) using the BE method (paired t-test, 457 

0.0091 < pm < 0.0489) and had no effect on BSU ensembles (pn > 0.2074). As for 458 

monkey S (Fig. 6B), we found the same trend across all BE ensemble sizes although 459 

the exact tests failed to reach statistical significance (pp > 0.08). The same was true for 460 

the BSU ensembles (po > 0.2400). Removing noise correlations had similar effects as in 461 

monkey R: it decreased decoding performance in the majority of BE ensembles (57/61, 462 

paired t-test, 1.59 × 10-4 < pq < 0.0495) and only in few BSU ensembles (2/61, 0.0373 < 463 

pr < 0.0499). One reason why we did not see a statistically significant difference between 464 

the data-based ensembles and those built on random data, may be that the ensembles 465 

had different compositions which might have affect the comparison negatively. 466 

Nonetheless, our data indicate that even in monkey S there is the systematic trend that 467 

relatively small and heterogeneous neuronal ensembles can encode stimulus 468 

information - even when the proportion of single units tuned for that feature in the 469 

ensemble is low. This may be due to the linear classifier weighing the contribution of 470 

different neurons to information coding unequally, as well as to the ability of the classifier 471 

to use information about the correlation structure of the neuronal ensemble. Note, that 472 

the curve corresponding to the BE method in monkey S (green) reaches a maximum and 473 



 

 21 

then decreases as more neurons are added. This is likely due to the finite number of 474 

trials we have in our sample and the relatively low selectivity of neurons for the attended 475 

location. A small number of trials yield a too high feature-to-instance ratio (i.e., neuron-476 

to-trial). This leads to overfitting and consequently a decay in mean decoding accuracy 477 

(Trunk, 1979; Guyon and Elisseeff, 2003; Kanitscheider et al., 2015). In fact, the average 478 

decoding performance for the maximum possible BE ensemble size per recording 479 

session is not significantly different from chance (Fig. 6B, right ordinate, exact test, ps = 480 

0.8000). 481 

When examining decoding of motion direction, almost all BSU ensemble sizes for 482 

monkey R were significantly above chance (Fig. 6C, 89/94, exact test, pt < 0.01) 483 

whereas all ensemble sizes in monkey S were (Fig. 6D, exact test, pu < 0.01. The BE 484 

also yielded significantly above chance performances across 91 out of 94 all ensemble 485 

sizes in monkey R and across 60 out of 61 ensemble sizes in monkey S (exact tests, pv 486 

< 0.01 and pw < 0.01, respectively). Removing noise correlations again had a decreasing 487 

effect on most of the BE ensembles in both animals (paired t-test, 1.43 × 10-4 < px < 488 

0.0469 and 6.19 × 10-5 < py < 0.0458 for monkeys R and S, respectively) and yielded 489 

mostly no change in the BSU ensembles.  490 

When decoding attended location using the BE method we found higher 491 

decoding accuracy across all ensemble sizes in monkey R than in monkey S (unpaired t-492 

test, 5.69 ×10-7 ≤ pz ≤ 2.99 ×10-4). Contrastingly, when decoding motion direction using 493 

the BE, performance was better in monkey S relative to monkey R (unpaired t-test, 2.74 494 

×10-6 ≤ pbb ≤ 0.0080). The same is true when examining the BSU ensembles (unpaired t-495 

test, 1.05 ×10-5 ≤ paa ≤ 4.02 ×10-4 for location decoding and 1.46 ×10-5 ≤ pcc ≤ 0.0191 for 496 

direction decoding). These results follow the same trend as the differences in proportions 497 

of selective cells between animals (Fig. 3A). Notably, we were able to decode more 498 
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information from either ensemble type than from the best single units (dots in all panels). 499 

This corroborates that ensembles encode substantially more information that the best 500 

single units and therefore than any measurement derived from statistics based on single 501 

unit performance (e.g., average, median, or maximum performance across single units). 502 

In order to more closely examine the differences in decoding performance between 503 

the BSU and BE ensemble-building methods, we assessed the maximum performances 504 

linked to each ensemble building method for both features (see Tables 2 and 3). It is 505 

important to note that in this analysis the maximum performance is not necessarily 506 

equivalent to the performance of the full ensemble (see right ordinate axis in Figure 6A-507 

D). Here, we defined maximum decoding performance as the average maximum 508 

decoding accuracy across recording sessions in the plotted ensemble sizes. The full 509 

ensemble does not necessarily yield the highest decoding performance because our 510 

training/testing set has a finite number of trials. As mentioned earlier, training on finite 511 

data can lead to overfitting and suboptimal decoding accuracy (Trunk, 1979, Guyon & 512 

Elisseeff, 2003; Kanitscheider et al., 2015). The maximum performance can be 513 

considered as a low boundary estimate in the information encoded by the neuronal 514 

ensemble we recorded from.  515 

When decoding target location in monkey R (Fig. 6E), the best BE returned slightly 516 

higher median decoding accuracy than the best BSU (89.19% ± 3.07 and 88.00% ± 517 

5.26, respectively), yet this difference was not statistically significant (Wilcoxon signed-518 

rank, pdd = 0.1250). Similarly, when decoding motion direction, the best BE yielded a 519 

higher median accuracy (72.62% ± 3.42) than the best SU (70.10% ± 4.57), but this 520 

difference again did not reach statistical significance (Wilcoxon signed-rank, pff = 521 

0.1250).  522 

 When decoding target location in monkey S (Fig. 6F), the best BE generated 523 

higher median decoding accuracy than the best BSU (60.93% ± 2.05 and 57.32% ± 524 
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2.26, respectively). This difference did not reach statistical significance (Wilcoxon 525 

signed-rank, pee = 0.0625). The same was true for the decoding of motion direction 526 

(median best BE = 89.38% ± 1.66, median best BSU = 87.10% ± 2.21; Wilcoxon rank-527 

sum, pgg = 0.0625). In summary, when we analyzed each animal separately we found a 528 

small trend for the median decoding accuracy to be higher when using the BE ensemble 529 

building method but it did not reach statistical significance.  530 

 However, when pooling data across animals (N = 9, Tables 2 and 3, compare 531 

second and fourth columns) we found that BE method yielded significantly higher 532 

maximum performance than the BSU method for both attended location and motion 533 

direction (Wilcoxon signed-rank test, phh = 0.0039 for target location and pii = 0.0039 for 534 

motion direction). 535 

 536 

Effect of ensemble size on decoding performance 537 

One interesting observation in Figure 6A-D is that as ensembles increase in size, there 538 

is a fast increase in performance for small sizes that seems to reach an asymptote for 539 

ensembles of about 20 units or less. This suggests that maximum classification 540 

performance can be achieved with ensembles that are substantially smaller than the 541 

largest possible ensemble size. It also suggests that the information brought about by 542 

adding more neurons to an ensemble can be negligible. In order to closely examine this 543 

issue, we computed the ensembles sizes at which the maximum performance was 544 

achieved, as well as the ensemble size at which 90% of that maximum performance was 545 

achieved for both, the BE and the BSU methods (Tables 2 and 3).  546 

Observe that in some ensembles the number of neurons needed to achieve 547 

maximum performance is smaller than the number of neuron needed to achieve 90% of 548 

that performance (Table 2, monkey Sd5). This is because the best decoding 549 

performance as achieved by a single neuron, and adding more neurons lowered the 550 
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performance. These ensembles were more the exception than the rule. They usually 551 

have lower performance than the rest of the ensembles, which can be explained by the 552 

progressive addition of noisy neurons that are poorly tuned, and detrimental to the 553 

correlation structure. 554 

We pooled the indices across monkeys and across direction and location 555 

ensembles (Tables 2 and 3) and compare ensemble sizes for maximum performance 556 

and 90% of the maximum performance. The latter was done to have a second estimate 557 

that does not depend on a single measurement that could be due to a peak in 558 

performance at a given ensemble size. The BE method reached maximal decoding 559 

accuracy at smaller ensemble sizes than the BSU method (Wilcoxon signed-rank, pjj = 560 

0.0198). The BE method also yielded 90% of the maximum decoding accuracy at 561 

smaller ensemble sizes compared to BSU method (Wilcoxon signed-rank, pkk = 0.0293). 562 

Overall, our results indicate that BE ensembles reach their best decoding performances 563 

at smaller ensemble sizes. This is also in line with our previously mentioned result (Fig. 564 

6B) which indicated that significant differences between BE and their shuffled 565 

counterparts were found at relatively small ensemble sizes. 566 

 567 

Decoding accuracy and behavior 568 

One important question is whether the information encoded by neuronal ensembles in 569 

the LPFC contributes to task performance. If it does, one would anticipate that 570 

fluctuations in ensemble performance correlate with fluctuations in the animals’ 571 

performance. We decoded the attended location using the neuronal activity from the BE 572 

ensembles that had generated the maximal decoding performance for different trial 573 

outcomes: all trials, hit trials only, relevant error trials (misses (no response) and false 574 

positives (response to change in distractor stimulus)), and false positives only. In 575 

monkey R, the average decoding performance across all trials was 83.11% (SD: 4.79, 576 
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Fig. 7A, black bar which was significantly higher than chance decoding (exact test, pll < 577 

0.01), but slightly lower than the performance using hit trials only (87.40% ± 4.27, white 578 

bar; exact test to compare to chance, pnn < 0.01) and whereas the decoder performed at 579 

chance level when using error trials (50.72% ± 7.80, exact test, ppp = 0.4300, dark grey 580 

bar) or only false positive trials (47.09% ± 10.24, exact test, prr = 0.4600, light grey bar). 581 

 When we decoded target location from the data obtained from monkey S, we 582 

actually did not reach higher than chance performance when considering all trials 583 

(52.84% ± 1.44, exact test, pmm = 0.2840, Fig. 7B, black bar). However, when 584 

considering hit trials only, the decoder’s performance was slightly but significantly better 585 

than chance (white bar, 56.28% ± 1.92; exact test, poo = 0.0160, white bar). When 586 

decoding from error trials, the performance was again at chance level (48.95% ± 3. 68, 587 

exact test, pqq = 0.3760 and 50.44% ± 3.19, pss = 0.6600 for error trials (dark grey bar) 588 

and false positives only (light grey bar), respectively).  589 

 We repeated this analysis for the feature motion direction. In monkey R, the 590 

decoder’s performance was above chance when considering all trial outcomes (Fig. 7C, 591 

black bar) and correct trials only (white bar; 66.68% ± 3.71 and 69.01% ± 4.15, 592 

respectively, exact test, ptt,vv< 0.01). When considering all error trials (dark grey bar), the 593 

performance dropped to chance level (53.38% ± 4.17, exact test, pxx = 0.5500). Similarly, 594 

when decoding from false positive trials, performance was at chance level (52.01% ± 595 

13.23, exact test, pzz = 0.3850). 596 

 In monkey S, the decoding accuracy remained high regardless of behavioral 597 

performance (Fig. 7D). When decoding from all trials, the mean performance was 598 

86.03% ± 2.16 (black bar). When using hit trials only (white bar), there was a slight 599 

increase to 86.98% ± 1.79 and when using error trials (dark grey bar), it dropped to 600 

82.52% ± 3.61, which is very similar to the decoding performance when considering 601 
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false positives only (83.08% ± 4.82, light grey bar). In all cases, the decoder performed 602 

above chance level (exact test, puu,ww,yy,aaa,< 0.01). 603 

 These results indicate that in both animals there is a similar relationship between 604 

the behavior of the monkey and the encoding efficiency of LPFC neuronal ensembles, 605 

with the effect being more pronounced for the allocation of spatial attention. 606 

 607 

DISCUSSION 608 

Our data demonstrate that individual neurons and neuronal ensembles in the LPFC 609 

encode information regarding the attended spatial location and the motion direction of a 610 

stimulus. Using linear classifiers, we demonstrate that neuronal ensembles in the LPFC 611 

encode more information about these two variables than individual single units. The size 612 

and composition of the neuronal ensembles influence the amount of encoded 613 

information. Finally, our data show that the performance of neuronal ensembles at 614 

encoding information on a single trial basis is correlated with the animals’ behavioral 615 

performance. 616 

 617 

Encoding of spatial attention and stimulus features in LPFC 618 

Single neurons in the LPFC encode the location of visuospatial attention (Lennert and 619 

Martinez-Trujillo, 2011; 2013). However, how this translates into the ability of neuronal 620 

ensembles to encode the spatial location as well as non-spatial features of visual stimuli 621 

during an attentional task has not yet been extensively investigated. In our study, rhesus 622 

monkeys directed their attention to one of two moving RDPs based on a color cue and 623 

then maintained attention on the target location (spatial attention) until they detected a 624 

motion direction change in the target, ignoring any changes in the distractor.  625 

Our data show that the encoding of attended location and stimulus motion direction 626 

(two task-relevant variables) is stronger in neuronal ensembles than in single units. This 627 
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may appear a trivial results since neuronal ensembles can average noise and perform 628 

better than their individual components. However, this is not necessarily true if single 629 

units have perfect classification performance (e.g., 100%). Additionally, the firing of units 630 

in the ensembles is not uncorrelated, in fact, it has been shown that in visual cortices the 631 

correlation structure of an ensemble can impair performance and that attention reduces 632 

this effect by decorrelating neuronal firing (Cohen and Maunsell, 2009; Mitchell et al., 633 

2009). Interestingly, in monkey S, for the encoding of the attended location, when 634 

removing correlations the ensemble performance drops below the performance of the 635 

best single unit for some ensembles sizes (dashed lines drop below the first circular 636 

marker in the y axis). This agrees with a recent report of noise correlation improving the 637 

coding of working memory in the lateral prefrontal cortex (Leavitt et al., 2017). This 638 

suggests that the coding properties of LPFC neuronal ensembles and the amount of 639 

encoded information cannot be simply estimated from the information obtained from 640 

measurements of single unit activity alone (e.g., averaging the performance of single 641 

units or choosing the maximum performance across units). 642 

Attention is the enhanced processing of behaviorally relevant information at the 643 

expense of distractors (Treue and Trujillo, 1999; Martinez-Trujillo and Treue, 2004; 644 

Patzwahl and Treue, 2009). Spatial attention involves the allocation of attention to a 645 

relevant visual location in our environment (Posner, 1980). The effects of visual attention 646 

on neuronal responses appear to get stronger as one moves up the processing 647 

hierarchy (Treue, 2001). By the time visual signals reach the LPFC, attentional filtering is 648 

strong and arises early after a cue onset (Everling et al., 2002; Buschman and Miller, 649 

2007; Lennert and Martinez-Trujillo, 2011; Squire et al., 2013). To guide the allocation of 650 

attention, information about visual stimuli and their behavioral relevance must be 651 

integrated somewhere in the brain. We hypothesize that area 8A of the LPFC is a likely 652 

candidate based on its anatomical and functional properties, e.g. bilateral representation 653 
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of the visual field (Lennert and Martinez-Trujillo, 2011; 2013; Tremblay et al., 2015; 654 

Bullock et al., 2017), selectivity for stimulus features (Hussar and Pasternak, 2009; 655 

Mendoza-Halliday et al., 2014), and connectivity to other prefrontal areas and sensory 656 

cortices (Petrides, 2005). In our study, we are able to corroborate previous reports of an 657 

involvement of area 8A in spatial attention (Reser et al., 2013; Tremblay et al., 2015) 658 

while also demonstrating that other task-relevant parameters such as the direction of 659 

motion of a stimulus are encoded as well. Indeed, a recent report has provided evidence 660 

of a contribution of area 8A to the coding of attended non-spatial features (Bichot et al., 661 

2015). Our study does not specifically address coding of non-spatial attention by 662 

neurons in area 8A but it does show that task-relevant stimulus features are encoded, 663 

which is likely necessary for coding of signals related to feature-based attention (such as 664 

to motion direction). 665 

Specifically, we show that single units encode both the attended location and 666 

motion direction of stimuli. Furthermore, the populations of neurons encoding these two 667 

variables seem at least partially segregated within the LPFC, with a small proportion of 668 

units representing both types of information. 669 

 670 

Single unit selectivity in LPFC 671 

There is ample evidence that a large proportion of prefrontal neurons show task-related 672 

activity, ranging from ~40% (Fusi et al., 2016) to almost 100% (Duncan, 2001). 673 

Specifically, many prefrontal neurons encode task-relevant parameters (Rao et al., 1997; 674 

Miller, 2013; Donahue and Lee, 2015), such as information about the stimulus 675 

properties, memory components, or reward size. These neurons may not show classical 676 

sensory neural tuning but could selectively respond to the most relevant information for 677 

the current task (Yantis, 2008; Fusi et al., 2016).  678 
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In our study, a large proportion of neurons preferentially responded when the 679 

attended stimulus was presented in the ipsilateral or the contralateral hemifield relative 680 

to the recording site. We also found many neurons to respond more strongly to one 681 

motion direction than the opposite motion direction. In general, our results agree with 682 

previous findings of large proportions of prefrontal neurons exhibiting task-related activity 683 

and many single units having preferences for pertinent motion parameters (Hussar and 684 

Pasternak, 2009; Mendoza-Halliday et al., 2014). Although we did not explore the full 685 

range of tuning, the selectivity of our single LPFC neurons does not seem to 686 

substantially differ from the one found in visual neurons in area MT for similar 687 

parameters (e.g., motion direction).  688 

 Previous studies have reported that single units in the LPFC show mixed 689 

selectivity (Rigotti et al., 2013; Fusi et al., 2016). This is thought to increase the 690 

computational power of neuronal ensembles (Miller, 2013) by increasing the 691 

dimensionality of the neural representations. We did not find a substantial number of 692 

units selective for both attended location and the stimuli’s motion direction, the relevant 693 

parameters in our task. One possibility for this discrepancy is that in we did not employ a 694 

large enough number of parameters and our task may not have been complex enough in 695 

that respect. Furthermore, our animals were extensively trained in the task, which may 696 

have biased the selectivity of neurons towards the relevant task variables. In favor of this 697 

hypothesis we find that the differences in selectivity between the recorded populations in 698 

the two animals correspond to their training history. The latter also suggest that although 699 

LPFC neuronal representations seem to be flexible; prolonged exposure to certain tasks 700 

and stimuli may leave a “permanent blue print” in those selectivities. This may be the 701 

basis for specialization after prolonged training. However, clarifying this issue needs 702 

further investigation. 703 

 704 
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Coding properties of single units vs. neuronal ensembles 705 

One interesting result of our study is that we are able to decode certain stimulus features 706 

even when the majority of single units showed no selectivity for such features. 707 

Specifically, in monkey S, the proportion of units selective for the attended location was 708 

not different from chance yet we were able to decode the attended location from 709 

neuronal ensembles above chance level (albeit not statistically significantly higher). One 710 

likely explanation is that a small proportion of selective single units is driving the 711 

classifier’s performance. Classifiers do not represent the mean performance of a 712 

population of single units, or the maximum across units (Averbeck et al., 2006; Tremblay 713 

et al., 2015). They provide a linear estimate of the maximum amount of information 714 

encoded by the population of “simultaneously active” neurons. For the case of binary 715 

classifiers, this linear estimate is a function of the differences between the mean firing 716 

rate between conditions (or center of the cluster in a multidimensional space where each 717 

unit represents one axis), and the correlation structure of the ensemble of 718 

simultaneously active units. This second variable is complex and it is difficult to estimate 719 

its contribution in populations of neurons with correlated firing (Moreno-Bote et al., 2014; 720 

Arandia-Romero et al., 2016; Leavitt et al., 2017). Importantly, our results show that the 721 

exact amount of encoded information about stimulus features cannot be merely deduced 722 

from individual single units encoding properties.  723 

We found that the best ensemble (BE) method yielded better decoding accuracy 724 

than the best single unit ensemble (BSU) method for small ensemble sizes. The support 725 

vector machine (SVM) was more accurate when we did not constrain the ensembles to 726 

be composed of the best performing single units (BSU method). This result can be easily 727 

explained if one considers that classifiers can use information regarding the correlation 728 

structure of an ensemble. So, a given unit may be highly selective for a given feature 729 

(e.g., attended location) but when added to the ensemble it may shape the correlation 730 
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structure in a manner that deteriorates the classifier’s performance (Moreno-Bote et al., 731 

2014). On the other hand, a unit that is less selective for the same feature may shape 732 

the correlation structure in a different direction and positively contribute to the classifier’s 733 

performance (Averbeck et al., 2006; Leavitt et al., 2017). This may explain why in the 734 

example sessions shown in Figure 5 the BE method adds units to an ensemble that are 735 

not the most selective based on their individual classification performance in order to 736 

maximize ensemble performance.  737 

Lastly, we would like emphasize that the BE method uses the best units in the 738 

population taking into account their signal and noise correlation structures. From this 739 

point of view, it does not reflect the computations performed by ensembles of average 740 

units in the population, but by ensembles of units that maximize the performance of the 741 

classifier. Whether the brain performs computations using average units or the best 742 

performing units, is unclear. Thus, our results must be interpreted taking this into 743 

account. 744 

In general, these results illustrate that information coding by neuronal ensembles 745 

is complex and cannot be solely derived from the tuning properties of single neurons.  746 

 747 
Effect of training history on information coding by LPFC ensembles 748 

We found that although there were units selective for the location of spatial attention in 749 

monkey S, the proportion was not significantly different from chance level. In fact, when 750 

examining the data from both animals we found an inverse relationship between the 751 

proportions of units selective for the attended location relative to the proportions of units 752 

selective for the motion direction. One possible explanation for this result is that the 753 

animals’ training history shaped the neuronal selectivities: Monkey S had been 754 

extensively trained in various tasks involving motion direction as the relevant stimulus 755 

feature (e.g., Mendoza-Halliday et al., 2014), whereas monkey R had, at the time of 756 
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recording, been exclusively trained on a spatial attention task involving a color hierarchy 757 

(Lennert and Martinez-Trujillo, 2011; 2013). 758 

Previous studies have shown the emergence of selectivities for stimulus features 759 

or categories in lateral prefrontal cortex neurons due to training (Antzoulatos and Miller, 760 

2011), as well as in the parietal cortex (Freedman and Assad, 2006) and in the 761 

inferiortemporal cortex (Srihasam et al., 2012). Similarly, it has been suggested that 762 

training and the expertise derived from it can lead to increased tuning of neurons for 763 

certain objects (Riesenhuber and Poggio, 2002). Our results are in agreement with these 764 

reports corroborating that neuronal selectivities in the LPFC are shaped by experience. 765 

 Our results are unlikely due to systematic behavioral idiosyncrasies (e.g., biases 766 

in response patterns) in monkey S. It is possible that this animal tried convoluted 767 

strategies to perform the task (e.g., always responding to the first motion direction 768 

change if green was on the left vs. always responding to the change in the red stimulus) 769 

and even that its strategies changed from day to day. However, such strategies would 770 

have likely resulted in chance performances. 771 

Another possibility is differences in the anatomical locations of the array implants. 772 

It is possible that in monkey S we did not record from the LPFC regions with high 773 

proportion of neurons selective for the attended location, but from regions where 774 

neurons were predominantly selective for the attended direction. In monkey R, the 775 

inverse may be true. An analysis examining whether location- and feature-selective units 776 

are significantly organized or clustered across the array suggested that there was no 777 

topographical organization of selectivity in either animal (Fig. 3E & F). However, it is 778 

possible that the arrays were implanted in different regions with different proportions of 779 

units selective for our task variables. Indeed, a recent study has shown a degree of 780 

topographical organization for visual signals and saccadic eye movements in area 8A 781 

(Bullock et al. 2017). Although we tend to favor the experience/training dependent 782 
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explanation we cannot fully rule out the latter explanation with our dataset and 783 

considering the lack of knowledge of this area’s topographical organization. 784 

One question arising from these results is whether and how the proportion of 785 

selective neurons in LPFC area 8A could change with training, as well as how long it is 786 

needed for this to happen. Unfortunately, microelectrode array recordings are not 787 

identical from session to session; therefore we could not track most neurons over 788 

different sessions. However, we did not find the proportion of selectivities to change 789 

dramatically over recording sessions. One possibility is that the electrodes penetrate the 790 

surface orthogonally, and thus parallel to cortical columns; so for a single electrode even 791 

if the depth position and therefore the recorded neurons vary from day to day, the tuning 792 

of the neurons likely remains the same. 793 

In summary, LPFC neuronal ensembles encode attended spatial locations as well 794 

as non-spatial visual features (motion direction) with significantly higher accuracy than 795 

individual neurons. This result suggests that the LPFC contains activity maps of these 796 

two variables that can be read-out by downstream or upstream areas; it also highlights 797 

that the information contained in such maps cannot be inferred from the selectivity of 798 

individual units alone. Overall, our results emphasize the importance of simultaneous 799 

measurements of neural activity in behaving animals. 800 

  801 



 

 34 

REFERENCES 802 

 803 

Antzoulatos, E.G., Miller, E.K. (2011) Differences between neural activity in prefrontal 804 

cortex and striatum during learning of novel abstract categories. Neuron 71:243-805 

249. 806 

Arandia-Romero, I., Tanabe, S., Drugowitsch, J., Kohn, A., Moreno-Bote, R. (2016) 807 

Multiplicative and Additive Modulation of Neuronal Tuning with Population Activity 808 

Affects Encoded Information. Neuron 89:1305-1316. 809 

Astrand, E., Wardak, C., Baraduc, P., Ben Hamed, S. (2016) Direct Two-Dimensional 810 

Access to the Spatial Location of Covert Attention in Macaque Prefrontal Cortex. 811 

Curr Biol 26:1699-1704. 812 

Averbeck, B.B., Latham, P.E., Pouget, A. (2006) Neural correlations, population coding 813 

and computation. Nat Rev Neurosci 7:358-366. 814 

Bichot, N.P., Heard, M.T., DeGennaro, E.M., Desimone, R. (2015) A Source for Feature-815 

Based Attention in the Prefrontal Cortex. Neuron 88:832-844. 816 

Bullock, K.R., Pieper, F., Sachs, A.J., Martinez-Trujillo, J.C. (2017) Visual and 817 

presaccadic activity in area 8Ar of the macaque monkey lateral prefrontal cortex. 818 

J Neurophysiol. 819 

Buschman, T.J., Miller, E.K. (2007) Top-down versus bottom-up control of attention in 820 

the prefrontal and posterior parietal cortices. science 315:1860-1862. 821 

Cohen, M.R., Maunsell, J.H. (2009) Attention improves performance primarily by 822 

reducing interneuronal correlations. Nat Neurosci 12:1594-1600. 823 

Cortes, C., Vapnik, V. (1995) Support-vector networks. Mach Learn 20:273-297. 824 

Donahue, C.H., Lee, D. (2015) Dynamic routing of task-relevant signals for decision 825 

making in dorsolateral prefrontal cortex. Nat Neurosci 18:295-301. 826 



 

 35 

Duncan, J. (2001) An adaptive coding model of neural function in prefrontal cortex. Nat 827 

Rev Neurosci 2:820-829. 828 

Everling, S., Tinsley, C.J., Gaffan, D., Duncan, J. (2002) Filtering of neural signals by 829 

focused attention in the monkey prefrontal cortex. Nat Neurosci 5:671-676. 830 

Fan, R.-E., Chang, K.-W., Hsieh, C.-J., Wang, X.-R., Lin, C.-J. (2008) LIBLINEAR: A 831 

library for large linear classification. Journal of machine learning research 9:1871-832 

1874. 833 

Freedman, D.J., Assad, J.A. (2006) Experience-dependent representation of visual 834 

categories in parietal cortex. Nature 443:85-88. 835 

Fusi, S., Miller, E.K., Rigotti, M. (2016) Why neurons mix: high dimensionality for higher 836 

cognition. Curr Opin Neurobiol 37:66-74. 837 

Guyon, I., Elisseeff, A. (2003) An introduction to variable and feature selection. J Mach 838 

Learn Res 3:1157-1182. 839 

Hussar, C.R., Pasternak, T. (2009) Flexibility of sensory representations in prefrontal 840 

cortex depends on cell type. Neuron 64:730-743. 841 

Kanitscheider, I., Coen-Cagli, R., Kohn, A., Pouget, A. (2015) Measuring Fisher 842 

information accurately in correlated neural populations. PLoS Comput Biol 843 

11:e1004218. 844 

Kiani, R., Cueva, C.J., Reppas, J.B., Peixoto, D., Ryu, S.I., Newsome, W.T. (2015) 845 

Natural grouping of neural responses reveals spatially segregated clusters in 846 

prearcuate cortex. Neuron 85:1359-1373. 847 

Leavitt, M.L., Pieper, F., Sachs, A.J., Martinez-Trujillo, J.C. (2017) Correlated variability 848 

modifies working memory fidelity in primate prefrontal neuronal ensembles. 849 

PNAS 114:E2494-E2503. 850 



 

 36 

Lennert, T., Martinez-Trujillo, J. (2011) Strength of response suppression to distracter 851 

stimuli determines attentional-filtering performance in primate prefrontal neurons. 852 

Neuron 70:141-152. 853 

Lennert, T., Martinez-Trujillo, J.C. (2013) Prefrontal neurons of opposite spatial 854 

preference display distinct target selection dynamics. J Neurosci 33:9520-9529. 855 

Martinez-Trujillo, J.C., Treue, S. (2004) Feature-based attention increases the selectivity 856 

of population response in primate visual cortex. Curr Biol 14:744-751. 857 

Maynard, E.M., Hatsopoulos, N.G., Ojakangas, C.L., Acuna, B.D., Sanes, J.N., 858 

Normann, R.A., Donoghue, J.P. (1999) Neuronal interactions improve cortical 859 

population coding of movement direction. J Neurosci 19:8083-8093. 860 

Mendoza-Halliday, D., Torres, S., Martinez-Trujillo, J.C. (2014) Sharp emergence of 861 

feature-selective sustained activity along the dorsal visual pathway. Nat Neurosci 862 

17:1255-1262. 863 

Miller, E.K. (2013) The “working” of working memory. Dialogues Clin Neurosci 15:411-864 

418. 865 

Mitchell, J.F., Sundberg, K.A., Reynolds, J.H. (2009) Spatial attention decorrelates 866 

intrinsic activity fluctuations in macaque area V4. Neuron 63:879-888. 867 

Moran, P.A.P. (1950) Notes on Continuous Stochastic Phenomena. Biometrika 37:17-868 

23. 869 

Moreno-Bote, R., Beck, J., Kanitscheider, I., Pitkow, X., Latham, P., Pouget, A. (2014) 870 

Information-limiting correlations. Nat Neurosci 17:1410-1417. 871 

Musallam, S., Corneil, B.D., Greger, B., Scherberger, H., Andersen, R.A. (2004) 872 

Cognitive control signals for neural prosthetics. science 305:258-262. 873 

Patzwahl, D., Treue, S. (2009) Combining spatial and feature-based attention within the 874 

receptive field of MT neurons. Vision Res 49:1188-1193. 875 



 

 37 

Petrides, M. (2005) Lateral prefrontal cortex: architectonic and functional organization. 876 

Philos Tran R So of Lond B Biol Sci 360:781-795. 877 

Posner, M.I. (1980) Orienting of attention. Q J Exp Psychol 32:3-25. 878 

Rainer, G., Asaad, W.F., Miller, E.K. (1998) Selective representation of relevant 879 

information by neurons in the primate prefrontal cortex. Nature 393:577-579. 880 

Rao, S.C., Rainer, G., Miller, E.K. (1997) Integration of what and where in the primate 881 

prefrontal cortex. science 276:821-824. 882 

Reser, D.H., Burman, K.J., Yu, H.-H., Chaplin, T.A., Richardson, K.E., Worthy, K.H., 883 

Rosa, M.G. (2013) Contrasting patterns of cortical input to architectural 884 

subdivisions of the area 8 complex: a retrograde tracing study in marmoset 885 

monkeys. Cereb Cortex 23:1901-1922. 886 

Riesenhuber, M., Poggio, T. (2002) Neural mechanisms of object recognition. Curr Opin 887 

Neurobiol 12:162-168. 888 

Rigotti, M., Barak, O., Warden, M.R., Wang, X.-J., Daw, N.D., Miller, E.K., Fusi, S. 889 

(2013) The importance of mixed selectivity in complex cognitive tasks. Nature 890 

497:585-590. 891 

Seidemann, E., Chen, Y., Geisler, W. (2009) Encoding and decoding with neural 892 

populations in the primate cortex. In: The Cognitive Neurosciences (Gazzaniga 893 

MS, ed), pp 419-434. Cambridge, MA: MIT Press. 894 

Squire, R.F., Noudoost, B., Schafer, R.J., Moore, T. (2013) Prefrontal contributions to 895 

visual selective attention. Annu Rev Neurosci 36:451-466. 896 

Srihasam, K., Mandeville, Joseph B., Morocz, Istvan A., Sullivan, Kevin J., Livingstone, 897 

Margaret S. (2012) Behavioral and anatomical consequences of early versus late 898 

symbol training in macaques. Neuron 73:608-619. 899 



 

 38 

Tremblay, S., Pieper, F., Sachs, A., Martinez-Trujillo, J. (2015) Attentional filtering of 900 

visual information by neuronal ensembles in the primate lateral prefrontal cortex. 901 

Neuron 85:202-215. 902 

Treue, S. (2001) Neural correlates of attention in primate visual cortex. Trends Neurosci 903 

24:295-300. 904 

Treue, S., Trujillo, J.C.M. (1999) Feature-based attention influences motion processing 905 

gain in macaque visual cortex. Nature 399:575-579. 906 

Trunk, G.V. (1979) A problem of dimensionality: a simple example. IEEE TAMPI PAMI-907 

1:306-307. 908 

Wessberg, J., Stambaugh, C.R., Kralik, J.D., Beck, P.D., Laubach, M., Chapin, J.K., 909 

Kim, J., Biggs, S.J., Srinivasan, M.A., Nicolelis, M.A.L. (2000) Real-time 910 

prediction of hand trajectory by ensembles of cortical neurons in primates. Nature 911 

408:361-365. 912 

Yantis, S. (2008) The neural basis of selective attention: cortical sources and targets of 913 

attentional modulation. Curr Dir Psychol 17:86-90. 914 

Yuste, R. (2015) From the neuron doctrine to neural networks. Nat Rev Neurosci 16:487-915 

497. 916 

 917 

  918 



 

 39 

FIGURE LEGENDS 919 

 920 

Figure 1: Behavioral Task and Performance. (A) Example trial of color scale task and 921 

hierarchy of colors used (inset). The monkeys initiated a trial by fixating on the central 922 

point while pressing a button. After this initial fixation period, two white moving RDPs 923 

appeared peripherally of the fixation point and changed to two different colors after a 924 

random interval. The animals had to identify the higher-ranking color (the target) and 925 

allocate their attention to it before the color cue was extinguished and the RDPs returned 926 

to white. The monkeys had to maintain central fixation and covert attention until there 927 

was a brief motion direction change in the relevant stimulus. In 50% of the trials, the 928 

distractor changed before the target, in those cases, the monkeys had to keep pushing 929 

the button as only a release after the target change was rewarded with juice. (B) 930 

Percentage of hits, errors, and mean response time for monkey R (black bars) and 931 

monkey S (white bars). Averaged across all color combinations. Errorbars denote 932 

standard deviation across sessions. 933 

 934 

Figure 2: Implantation Sites of the Arrays and Single Unit Activity. (A) Schematic 935 

macaque brain with area 8 a highlighted according to Petrides (2005) and implantation 936 

sites. Photographs were taken during the implantation procedure. Principal and arcuate 937 

sulci are indicated. (B) Single cell examples obtained from monkey R illustrating mean 938 

normalized responses (ordinate) to different stimulus conditions as a function of time 939 

from stimulus onset (left abscissa) and color change onset (right abscissa). Schematic 940 

shows the position of the units on the array. Prominent landmarks are indicated. (C) 941 

Single cell examples obtained from monkey S for the same conditions. Shading 942 

represents SEM (±) at each time point. 943 

 944 
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Figure 3: Proportions of Selective Single Units. (A) Proportions of selective units 945 

were obtained using a 2-way ANOVA with the factors target location and motion 946 

direction in monkey R (right) and monkey S (right) during the post-cue period. The 947 

markers represent the proportions of selective units found in the population (blue: 948 

location, yellow: direction, orange: selectivity for both); the errorbars represent 95% 949 

confidence intervals. Shaded data indicates proportion found in data with shuffled trial 950 

labels. Asterisks mark significant differences in proportions compared to chance 951 

proportions (*** p < 0.001; ** p < 0.05, 2-test). The majority of selective cells found in 952 

monkey R were location selective and the majority of selective cells found in monkey S 953 

were direction selective. (B) Timeline of the monkeys’ training. At the time of recording 954 

the task presented in this paper (ColorScale Task 2), monkey R had received exclusive 955 

training on a spatial attention task involving a color scale (Lennert and Martinez-Trujillo, 956 

2011; 2013). Despite a 2.5-year pause between the two tasks, monkey R performed the 957 

task very well. After its initial training, monkey S was extensively trained on delayed-958 

match-to-sample tasks involving motion directions (for on example see (Mendoza-959 

Halliday et al., 2014)). Monkey S had a >4 year break from a color scale task, during 960 

which it became an expert for motion direction tasks. (C) We tracked the proportion of 961 

selective electrodes/channels per recording session in each animal to see whether the 962 

distributions were approximately stable over time. To test the spatial clustering 963 

hypothesis, each electrode’s categorical selectivity of on example session was mapped 964 

into the array for monkey R (D) and monkey S (E). Left panels: colors indicate if units on 965 

an electrode were selective. White channels had no activity, black channels indicate 966 

unwired electrodes. Right panels: Magnitude of spatial clustering of preferred stimuli in 967 

monkey R (D) and S (E). Black line depicts Moran’s I (metric of spatial autocorrelation) 968 

calculated over increasing spatial scales. Gray shaded area represents chance values. 969 

 970 
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Figure 4: Population Selectivities. Mean normalized population responses (ordinate) 971 

as a function of time from trial event onsets (abscissas) in monkey R (A) and monkey S 972 

(B). Left: The population of location selective cells (N = 167 and N = 32) shows an 973 

increased response when the target is in the preferred location (red) after color cue 974 

onset (left dashed line) compared the trials in which the target is in the non-preferred 975 

location (blue). Right: The population of direction selective cells (N = 80 and N = 147) 976 

shows an increased response in trials with the preferred motion direction (orange) 977 

compared to the response in trials with the non-preferred direction (green). Shading 978 

represents SEM (±) at each time point. Arrows indicate the onset of separability between 979 

the two curves, determined as the time point when the data in at least 5 consecutive bins 980 

of 20 ms were significantly different from each other (paired t-test, p<0.05).  981 

 982 

Figure 5: Ensemble Building Procedure. (A) We ranked individual units based on their 983 

information content, as assessed by SVM and then – starting with the most informative 984 

unit – either iteratively added the next best unit to the ensemble (BSU procedure), or 985 

looped through the remaining units to identify which pair yielded the highest 986 

performance, then looped through the remaining units to identify the best trio, etc. (BE 987 

procedure). (B) Example session from monkey R when decoding target location. The 988 

decoding accuracy in percent is shown as a function of ensemble size for both building 989 

procedures (BE: green, BSU: magenta). Decoding accuracy expected by chance is 990 

shown in grey for BSU and in black for BE. Circular markers indicate the individual units’ 991 

decoding accuracy and the order in which they get added to the ensemble. Colored 992 

markers mark selectivity for the decoded feature. The red line connects the markers that 993 

make up the BSU ensemble and the green line connects those that make up the BE 994 

ensemble. (C) Example session from monkey S when decoding motion direction.  995 

 996 
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Figure 6: Decoding from Neuronal Ensembles using SVM. We decoded target 997 

location (A, B) and motion direction (C, D) during the post-cue epoch from monkey R 998 

and S, respectively. The SVM’s performance (left ordinate) is shown as a function of 999 

ensemble size (abscissa). We truncated the plots to only show the performance for the 1000 

minimum number of units across sessions. Green lines indicate decoding from BE 1001 

ensembles and magenta indicates BSU ensembles. Average decoding performance 1002 

from ensembles built out of shuffled data is shown in black (BE) and grey (BSU). Dashed 1003 

lines represent decoding from BE and BSE ensembles when noise correlations had 1004 

been removed by shuffling trials within the same condition. Shading over the lines 1005 

indicates SEM (±) for each ensemble size. The lines in the table on top indicates which 1006 

ensemble sizes were significantly different from each other (p < 0.05) for the indicated 1007 

comparisons. Circular markers indicate the individual units’ decoding performance once 1008 

they got added to the ensembles. The right ordinate indicates decoding performance for 1009 

the maximum ensemble sizes averaged across sessions. We compared median SVM 1010 

performance of the ensembles that had produced the highest decoding accuracy for 1011 

each stimulus class independently in monkey R (E) and monkey S (F). Errobars 1012 

represent standard deviations across recording sessions.  1013 

 1014 

Figure 7: Relationship between Decoding Accuracy and Monkeys’ Behavior. We 1015 

used the BE ensemble with the highest decoding accuracy to decode target location 1016 

from the neuronal activity during different trial outcomes (averaged across all trials 1017 

(black), correct trials only (white), error trials (dark grey), and false positives only (light 1018 

grey)) independently for monkey R (A) and monkey S (B). Errorbars represent standard 1019 

deviations across recording sessions. Asterisks mark significant differences in mean 1020 

accuracy compared to chance decoding accuracy (*** p < 0.001 * p < 0.05; exact test). 1021 

We repeated this analysis for motion direction in monkey R (C) and monkey S (D).  1022 
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TABLE LEGENDS 1023 

 1024 

Table 1: Superscript letters refer to the statistical tests in Figures, Results, and Tables 2 1025 

& 3. 1026 

 1027 

Table 2: A detailed list of what the maximum decoding accuracy was and at which 1028 

ensemble size it was achieved, measured separately for the BE and BSU methods. 1029 

Because the estimates are noisy and the decoding performance saturates, the ensemble 1030 

sizes at which 90% of the maximum performance were achieved are also listed. The 1031 

data are divided up into the individual sessions recorded from each animal. Decoding 1032 

performances between ensemble types as well as ensemble sizes were compared 1033 

across the nine sessions using Wilcoxon signed-rank tests (p < 0.05).  1034 

 1035 

Table 3: Same as Table 2 but for the feature motion direction. 1036 
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Table 1: Statistical Table. 

 Comparison Data 
Structure 

Type of 
Test Observed Power 

a Task-relatedness in monkey R 
and S 

Normally 
Distributed 

Wilcoxon 
Rank-Sum 

R: 2.89x10-206 – 0.0481 
 

S: 3.79x10-102 – 0.0498 

b Single unit selectivity in monkey 
R 

Normally 
Distributed 

2-Factor 
ANOVA 

Location: 
2.08x10-58 – 0.0486 

Direction: 
1.16x10-12 – 0.0496 

 Single unit selectivity in monkey 
S 

Normally 
Distributed 

2-Factor 
ANOVA 

Location: 
3.13x10-5 – 0.0496 

Direction: 
7.54x10-38 – 0.0445 

c 
 
f 

Location selectivity vs. chance 
in monkey R (c) and S (f) 

Normally 
Distributed 

χ2Test 
R: 8.29 x10-10 

 

S: 0.6972 

d 
 

g 

Direction selectivity vs. chance 
in monkey R (d) and S (g) 

Normally 
Distributed χ2 Test 

R: 0.0019 
 

S: 4.13 x10-10 

e 
 

h 

Overlapping selectivity vs. 
chance in monkey R (e) and S 

(h) 

Normally 
Distributed χ2 Test 

R: 0.0040 
 

S: 0.1016 

i 

Latency of sig. difference in 
responses to preferred and non-
preferred location in monkey R 

and S 

Normally 
Distributed 

Student’s t-
test 

R: T = 12.36 ± 5.09 
p = 2.46x10-45 – 0.0235 

S: T = 4.15 ± 1.61 
p = 2.98x10-8 – 0.0486 

j 
Latency of difference in 

responses to directions in 
monkey R and S 

Normally 
Distributed 

Student’s t-
test 

R: T = 7.14± 2.98 
p = 4.63x10-21 – 0.0461 

S: T = 11.41± 3.57 
p = 4.79x10-37 – 0.0253 

k 
 

o 

Decoding attended location 
using BSU approach vs. chance 

in monkey R (k) and S (o) 

Normally 
Distributed 

exact test 
R: < 0.01 

 
S: > 0.2400 

l 
 

p 

Decoding attended location 
using BE approach vs. chance 

in monkey R (l) and S (p) 

Normally 
Distributed exact test 

R: < 0.01 
 

S: > 0.08 

m 
 

n 

Decoding location from 
decorrelated BE (m) and BSU 
(n) ensembles in monkey R 

Normally 
Distributed paired t-test 

BE: p = 0.0091 – 0.0489 
 

BSU: p = 0.2074 
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q 
 
r 

Decoding direction from 
decorrelated BE (q) and BSU (r) 

ensembles in monkey S 

Normally 
Distributed paired t-test 

BE: p = 1.59x10-4 – 0.0495 
 

BSU: p = 0.0373 – 0.0499 
 

s 
Comparing BE Nmax decoding 

performance in monkey S to 
chance 

Normally 
Distributed exact test 0.8000 

t 
 

u 

Decoding motion direction using 
BSU approach vs. chance in 

monkey R (t) and S (u) 

Normally 
Distributed 

exact test 
R: < 0.01 

 
S: < 0.01 

v 
 

w 

Decoding motion direction using 
BE approach vs. chance in 

monkey R (v) and S (w) 

Normally 
Distributed exact test 

R: < 0.01 
 

S: < 0.01 

x 
 

y 

Decoding location from 
decorrelated BE ensembles in 

monkey R (x) and S (y) 

Normally 
Distributed paired t-test 

R: p = 1.43x10-4 – 0.0469 
 

S: p = 6.19x10-5 – 0.0458 

z 
 

aa 

Comparing location decoding 
between animals using BE (z) 

and BSU (aa) 

Normally 
Distributed 

Unpaired t-
Test 

BE: 5.69x10-7 – 2.99x10-4 

 

BSU: 1.05x10-5 – 4.02x10-4 

bb 
 

cc 

Comparing motion direction 
decoding between animals 
using BE (bb) and BSU (cc) 

Normally 
Distributed 

Unpaired t-
Test 

BE: 2.74x10-6 – 0.0080 

 

BSU: 1.46x10-5 – 0.0191 

dd 
 

ee 

Comparing max. location 
decoding performance between 

ensemble types in monkey R 
(dd) and S (ee) 

Normally 
Distributed 

Wilcoxon 
Signed-

Rank 

R: 0.1250 
 

S: 0.0625 

ff 
 

gg 

Comparing max. direction 
decoding performance between 

ensemble types in monkey R 
(ff) and S (gg) 

Normally 
Distributed 

Wilcoxon 
Rank-Sum 

R: 0.1250 
 

S: 0.0625 

hh 

Comparing max. location 
decoding performance between 

ensemble types for each 
recording session 

Normally 
Distributed 

Wilcoxon 
Signed-

Rank 
0.0039 

ii 

Comparing max. direction 
decoding performance between 

ensemble types for each 
recording session 

Normally 
Distributed 

Wilcoxon 
Signed-

Rank 
0.0039 

jj 
Comparing ensemble sizes with 

max. decoding performance 
across stimulus features 

Normally 
Distributed 

Wilcoxon 
Signed-

Rank 
0.0198 
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kk 

Comparing ensemble sizes with 
90% of max. decoding 

performance across stimulus 
features 

Normally 
Distributed 

Wilcoxon 
Signed-

Rank 
0.0293 

ll 
 

mm 

Decoding attended location 
across all trial outcomes vs. 

chance in monkey R (ll) and S 
(mm) 

Normally 
Distributed exact test 

R: < 0.01 
 

S: 0.2840 

nn 
 

oo 

Decoding location across all hit 
trials vs. chance in monkey R 

(nn) and S (oo) 

Normally 
Distributed 

exact test 
R: < 0.01 

 
S: 0.0160 

pp 
 

qq 

Decoding location across all 
error trials vs. chance in 

monkey R (pp) and S (qq) 

Normally 
Distributed exact test 

R: 0.4300 
 

S: 0.3760 

rr 
 

ss 

Decoding location across all 
false positive trials vs. chance in 

monkey R (rr) and S (ss) 

Normally 
Distributed exact test 

R: 0.4600 
 

S: 0.6600 

tt 
 

uu 

Decoding motion direction in 
across all outcomes vs. chance 

in monkey R (tt) and S (uu) 

Normally 
Distributed exact test 

R: < 0.01 
 

S: < 0.01 

vv 
 

ww 

Decoding motion direction 
across all hit trials vs. chance in 

monkey R (vv) and S (ww) 

Normally 
Distributed exact test 

R: < 0.01 
 

S: < 0.01 

xx 
 

yy 

Decoding motion direction 
across all error trials vs. chance 

in monkey R (xx) and S (yy) 

Normally 
Distributed exact test 

R: 0.5500 
 

S: < 0.01 

zz 
 

aaa 

Decoding motion direction in 
false positive trials vs. chance in 

monkey R (zz) and S (aaa) 

Normally 
Distributed 

exact test 
R: 0.3850 

 
S: < 0.01 
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Table 2: Ensemble decoding performance and ensemble size when decoding target 
location for each recording session in both animals. 

 

Recording 
Session 

Max. BE 
perf. (%) 

BE size at 
max. perf. 

BE size at 
90% of max. 
performance 

Max. BSU 
perf. (%) 

BSU size at 
max. perf. 

BSU size at 
90 % of max. 
performance 

Total N 

Monkey R 

- d1 
86.67 55 8 80.00 103 3 116 

Monkey R 

- d2 
87.55 52 6 86.12 27 11 94 

Monkey R 

- d3 
90.83 98 3 89.88 52 7 116 

Monkey R 

- d4 
93.34 69 4 92.01 122 8 136 

Monkey S 

- d1 
60.69 11 1 55.65 30 47 112 

Monkey S 

- d2 
60.93 4 59 59.48 5 61 73 

Monkey S 

-d 3 
63.41 12 1 59.30 70 31 77 

Monkey S 

- d4 
61.57 15 48 57.32 11 57 61 

Monkey S 

- d5 
57.73 15 61 54.30 1 55 68 
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Table 3: Ensemble decoding performance and ensemble size when decoding motion 
direction for each recording session in both animals. 
 

Recording 
Session 

Max. BE 
perf. (%) 

BE size at 
max. perf. 

BE size at 
90% of max. 
performance 

Max. BSU 
perf. (%) 

BSU size at 
max. perf. 

BSU size at 
90 % of max. 
performance 

Total N 

Monkey R 

- d1 
75.33 18 2 73.67 98 6 116 

Monkey R 

- d2 
67.31 30 92 62.80 79 27 94 

Monkey R 

- d3 
71.87 88 6 69.95 93 17 116 

Monkey R 

- d4 
73.36 98 7 70.26 134 23 136 

Monkey S 

- d1 
91.29 33 3 90.11 95 5 112 

Monkey S 

- d2 
89.38 41 3 87.10 32 18 73 

Monkey S 

-d 3 
89.51 48 14 86.61 76 49 77 

Monkey S 

- d4 
87.10 34 3 83.89 49 2 61 

Monkey S 

- d5 
87.64 42 5 87.33 66 35 68 

 


