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Title: Investigation of neural substrates of erroneous behavior in a delayed-response task 29 

Abstract  30 

Motor cortical neurons exhibit persistent selective activities (selectivity) during motor planning. 31 

Experimental perturbation of selectivity results in the failure of short-term memory retention 32 

and consequent behavioral biases, demonstrating selectivity as a neural characteristic of 33 

encoding previous sensory input or future action. However, even without experimental 34 

manipulation, animals occasionally fail to maintain short-term memory leading to erroneous 35 

choice. Here, we investigated neural substrates that lead to the incorrect formation of selectivity 36 

during short-term memory. We analyzed neuronal activities in anterior lateral motor cortex 37 

(ALM) of mice, a region known to be engaged in motor planning while mice performed the 38 

tactile delayed-response task. We found that highly selective neurons lost their selectivity while 39 

originally non-selective neurons showed selectivity during the error trials where mice licked 40 

toward incorrect direction. We assumed that those alternations would reflect changes in 41 

intrinsic properties of population activity. Thus, we estimated an intrinsic manifold shared by 42 

neuronal population (shared space), using factor analysis and measured the association of 43 

individual neurons with the shared space by communality, the variance of neuronal activity 44 

accounted for by the shared space. We found a positive correlation between selectivity and 45 

communality over ALM neurons, which disappeared in erroneous behavior. Notably, neurons 46 

showing selectivity alternations between correct and incorrect licking also underwent 47 

proportional changes in communality. Our results demonstrated that the extent to which an 48 

ALM neuron is associated with the intrinsic manifolds of population activity may elucidate its 49 

selectivity and that disruption of this association may alter selectivity, likely leading to 50 

erroneous behavior.  51 
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Significance Statement 52 

Appropriate retaining of short-term memory can maximize a future reward. During retention, 53 

neurons in frontal cortex show persistent activity encoding a selection of future action, the 54 

collapse of which leads to erroneous behavior. This study addressed the underlying neural 55 

mechanism for changes of selectivity in erroneous behavior by investigating selectivity in 56 

rodent anterior lateral motor cortex (ALM) during the delayed-response task. We found that 57 

the stronger a neuron’s activity was coupled to an intrinsic shared space of ALM, the greater 58 

its selectivity was. Also, changes in selectivity during erroneous behavior were related to 59 

changes in coupling strength. Our work suggests that proper association with the shared space 60 

is key to orchestrating ALM neuronal activities for accurate planning for upcoming movement.  61 
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Introduction 62 

Appropriate motor planning is essential to accurate motor control. Neurons in motor cortex 63 

modulate their activity for motor planning before movement onset (Tanji and Evarts, 1976; 64 

Weinrich et al., 1984). This preparatory activity contains information on forthcoming 65 

movement such as reaction time (Riehle and Requin, 1989; Churchland and Shenoy, 2007). 66 

Similar to motor cortical preparatory activity shown in non-human primates, anterior lateral 67 

motor cortex (ALM), which is a central part of motor planning circuits in mouse, shows 68 

selective firing activities (i.e., termed as selectivity) depending upon the direction of upcoming 69 

movements (Li et al., 2015). Neural circuits involving ALM neurons that generate selectivity 70 

during movement preparation have been investigated using a delayed-response task where a 71 

sensory cue informs animals which direction to lick after delay (Chen et al., 2017; Guo et al., 72 

2017; Gao et al., 2018; Wang et al., 2021). For example, disruption of selectivity in ALM by 73 

photoinhibiting relevant neural circuits leads to failure of short-term memory retention. Thus, 74 

proper maintenance of selectivity is necessary for ALM to link past sensory cue and future 75 

action. 76 

Even after learning a delayed-response task, however, animals often perform the task 77 

incorrectly without external perturbation. Such erroneous behavior is likely to be associated 78 

with error in motor planning, potentially attributed to several hypothetical sources. For instance, 79 

a received sensory cue could be misrepresented in neurons participating in movement 80 

preparation (Panzeri et al., 2017). Or the stochastic nature of the evolution of neural states 81 

underlying motor cortical activity can drive neural states toward a wrong subspace by chance 82 

(Inagaki et al., 2019). While these accounts are plausible and worth exploring, a simpler starting 83 

point to investigate neural substrates of erroneous behavior would be examining possible 84 

sources that underpin changes in the selectivity of neurons, as selectivity has been shown to be 85 
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substantially disrupted when movement error ensues (Li et al., 2015) . 86 

Therefore, the present study aims to investigate neural substrates of erroneous behavior in a 87 

delayed-response task by focusing on neural determinants of the disruption of selectivity during 88 

motor planning. To this end, we analyze ALM activity in three folds. First, at a single neuronal 89 

level, we examine how the selectivity of single ALM neurons is disrupted for erroneous 90 

behavior. Second, at a neuronal population level, we investigate if there is a collective pattern 91 

in the disruption of selectivity by inspecting an intrinsic manifold shared by population (i.e., 92 

the shared space) (Athalye et al., 2017). We employ factor analysis (FA) to infer the shared 93 

space from observed ALM population activity. Third, by integrating both single neuron and 94 

population levels, we associate individual neuronal activities with the shared space and analyze 95 

how these associations are altered during erroneous behavior. As FA allows the decomposition 96 

of individual neuronal activities into shared and private signals (Athalye et al., 2017), where 97 

the shared signal reflects the portion of a neuronal activity generated from latent factors in the 98 

shared space, the analysis of the shared signal would reveal how disruption of population-level 99 

activity connects to that of individual neuronal activity. Specifically, we investigate how the 100 

selectivitiy of a single neuron is related to the shared space and whether such a relationship is 101 

altered for erroneous behavior.  102 

At the single neuronal level, we observed alternations in the selectivity during erroneous motor 103 

planning. We observed a false drive of selective firings of ALM neurons, resulting in increases 104 

in the selectivity of those neurons that were less selective in preparation of correct behavior 105 

and vice versa. At the population level, we confirmed that movement direction information was 106 

inadequately represented in the shared space during erroneous motor planning. Finally, by 107 

associating the selectivity of single neurons with the shared space, we found that the selectivity 108 

of single neurons was positively correlated with the variance of neuronal activity accounted for 109 
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by the shared space (i.e., termed as communality), which showed that neurons more strongly 110 

tied to the shared space tended to exhibit greater selectivity. Such correlations disappeared 111 

when the mice licked to the incorrect direction. We found that changes of selectivity from 112 

correct to incorrect trials were positively correlated with changes of communality from correct 113 

to incorrect trials during the delay period. It suggests that erroneous behavior may be caused 114 

by both the decreased selectivity of originally more selective neurons and the increased 115 

selectivity of originally less selective neurons, which seems to occur in relation to changes in 116 

those neurons’ coupling to the shared space, especially during motor planning. 117 

  118 
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Materials and Methods 119 

 120 

Datasets 121 

In this study, we analyzed two open datasets (Li et al., 2014; Chen et al., 2016) that contained 122 

the same experimental data in a total of 38 mice (26 males and 12 females, ages > P60). Action 123 

potentials (spikes) were simultaneously recorded in left ALM with silicon probes (part# A4x8-124 

5mm-100-200-177, NeuroNexus). The datasets are publicly available online at the 125 

Collaborative Research in Computational Neuroscience website (http://crcns.org), contributed 126 

by the Svoboda laboratory. A detailed description of the procedure to collect data can be found 127 

in Li et al. (Li et al., 2015; Li et al., 2016). In brief, the mice were trained to sense the contact 128 

position of a pole (anterior or posterior) in their whiskers to perform a tactile delayed-response 129 

task (Fig. 1A). At the beginning of each trial of the task, a pole touched the whisker of the mice 130 

for 1.3 seconds (sample period), cueing the direction of an upcoming reward (left or right). 131 

After the pole was detached from the whisker, the mice waited for another 1.3 seconds (delay 132 

period), then executed a licking movement (response period) (Fig. 1A). The mice received a 133 

water reward if they licked to the right provided that the pole had touched the posterior part 134 

(called a hit right (HR) trial), or to the left provided that it had touched the anterior part of the 135 

whisker (called a hit left (HL) trial). A trial ended with no reward if the mice licked either to 136 

the left given the posterior cue (called an error right (ER) trial) or to the right given the anterior 137 

cue (called an error left (EL) trial) (Fig. 1B). On average, each mouse performed 4.84 sessions 138 

for multiple days, where each session consisted of 100.43 trials of HR, HL, ER and EL. 139 

Extracellular traces were recorded from left ALM and band-pass filtered (300 – 6,000 Hz). A 140 

spike was extracted from the filtered trace by visual inspection with a spike width calculated 141 

as a trough-to-peak interval in the average spike waveform (Guo et al., 2014). Units with spike 142 
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width < 0.35ms were defined as fast-spiking GABAergic (FS) neurons (196/2,420) and units 143 

with spike width > 0.45ms as putative pyramidal neurons (2,135/2,420). Units with 144 

intermediate values (0.35-0.45ms) were excluded from our analyses (89/2,420). 145 

 146 

Neuronal firing rates 147 

The firing rate of a neuron was calculated by counting spikes within a non-overlapping 100-148 

ms bin. We also defined a firing rate change for each period (sample, delay, and response) as 149 

the mean firing rate in each period divided by the mean firing rate in baseline (0.3~0 s before 150 

tactile cue onset) (Fig. 1E). Note that no firing rate change was calculated for those neurons 151 

which did not fire during baseline. 152 

 153 

Selectivity 154 

ALM neurons reveal selectivity that characterizes differential firing rates depending on licking 155 

directions (Li et al., 2015; Li et al., 2016; Guo et al., 2017; Economo et al., 2018; Gao et al., 156 

2018; Inagaki et al., 2018; Inagaki et al., 2019). We classified a neuron as ipsi-preferring if its 157 

firing rate was significantly higher in the HL than in the HR trials, contra-preferring if vice 158 

versa, or non-selective if no significant difference was found (p < 0.01, one-tailed Mann-159 

Whitney test). We conducted this classification of neurons independently within each period.  160 

We defined the selectivity of an ipsi-, or contra-preferring neuron in a given similar to the 161 

previous study (Inagaki et al., 2018): 162 

 
Selectivity =  2 x 

𝑓𝑟𝐻𝑅  −  𝑓𝑟𝐻𝐿

𝑀𝑎𝑥(𝑓𝑟𝐻𝑅)  +  𝑀𝑎𝑥(𝑓𝑟𝐻𝐿)
  

(1) 

where frHR (frHL) and Max(frHR) (Max(frHL)) denote the mean and maximum firing rates across 163 

the HR trials (HL trials), respectively. From eq. (1), contra-preferring neurons should have 164 
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positive selectivity whereas ipsi-preferring neurons should have negative one. Normalization 165 

in eq. (1) was necessary for generalizing and comparing the selectivity across neurons 166 

regardless of sessions. In normalization, we divided the difference in firing rates between HR 167 

and HL trials by maximum firing rate during HR and HL trials. Most of the selectivity had 168 

value between -0.5~0.5, we multiplied two to set the selectivity value between -1~1. Note that 169 

the maximum values are only for the period under consideration (sample, delay and respond 170 

period each), and we used mean firing rate in the period (averaged across time points) and 171 

calculated the selectivity. 172 

Then, we estimated the selectivity of a neuron from data in the same way as the previous studies 173 

(Li et al., 2015; Inagaki et al., 2018). Specifically, we randomly sampled firing rates from 30% 174 

of the HR and HL trials and calculated 𝑓𝑟𝐻𝑅  −  𝑓𝑟𝐻𝐿  in each period. We repeated this 175 

calculation in eq. (1) 1,000 times and obtained the mean value, which was applied to eq. (1) to 176 

compute selectivity. We also estimated the selectivity of a neuron in the error trials with the 177 

same procedure, but by replacing the HR and HL with ER and EL trials, respectively (i.e., 178 

Neurons selective in ER: 𝑓𝑟𝐸𝑅 >  𝑓𝑟𝐻𝐿). Note that we used Mann-Whitney test instead of t-179 

test to classify an ipsi-, or contra-preferring neuron in the error trials. 180 

 181 

Factor analysis 182 

We used factor analysis (FA) to infer a shared space, an intrinsic manifold shared by neuronal 183 

population activity (Churchland et al., 2010; Everett, 2013; Athalye et al., 2017; Athalye et al., 184 

2018; Wei et al., 2019). Unlike other dimensionality reduction techniques such as principal 185 

component analysis (PCA), FA focuses on finding latent variables (i.e., factors) that best 186 

describe covariance between neurons (Byron et al., 2009; Athalye et al., 2017; Athalye et al., 187 



 

 11 

2018). Moreover, FA decomposes the firing activity of a neuron into a shared signal, which is 188 

accounted for by population-shared latent variables, and a private signal, which is independent 189 

of latent variables. 190 

Before applying FA to population activity, we first trimmed firing activity data. So, to detect 191 

and remove those neurons which did not exhibit action potentials due to unstable recordings, 192 

we excluded neurons that were silent for more than 50% of the trials. After this process, the 193 

data of 63 sessions in 22 mice out of 184 sessions in 38 mice were used for FA. We applied FA 194 

to the firing rate data of a neuronal population in each period. As the previous study on the 195 

same data showed that ALM neuronal firing activities during the delay period could be well 196 

represented on a two-dimensional space (Inagaki et al., 2018), we also determined the number 197 

of factors as two in our analyses. The previous study on the same task paradigm showed that 198 

two modes capture over 60% across-trial variance in ALM activities. (Inagaki et al., 2018). We 199 

calculated the mean variance explained by principal components after 100 random subsampling 200 

of hit trials to match the number of hit trials and the number of error trials. We observed two 201 

principal components explained similar level of variance of our data both in the hit and error 202 

trials (hit trials, sample: 62.22 ± 0.0069%, delay: 65.35 ± 0.0056%, response: 64.34 ± 203 

0.0067% mean ± SEM across subsampling iterations; error trials, sample: 61.55 ± 1.40%, 204 

delay: 64.19 ± 1.50%, response: 62.84 ± 1.35%; mean ± SEM across sessions). Note that 205 

mean variance explained in the hit trials is mean of variance explained across iterations of 206 

subsampling the hit trials. Because mean variance explained is over 60% regardless of 207 

behavioral results (hit and error) and periods (sample, delay and response), we decided to fix 208 

K as two.  209 

A specific procedure to conduct FA on ALM data is as follows. Let 𝑥 ∈ 𝑅𝑁 be a vector of the 210 

firing rates of N neurons and 𝑧 ∈ 𝑅𝑘 be a K-dimensional random vector (K < N) following a 211 
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multivariate normal distribution such as: 212 

 𝑧 ~ 𝑁(0, 𝐼)  (2) 

FA assumes that 𝑥 is generated from z by a linear model:  213 

 𝑥~ 𝑁(𝜇 + 𝑈𝑧, 𝑈𝑈𝑇 + 𝜓)  (3) 

where 𝜇 ∈ 𝑅𝑁 is a vector of the mean firing rates of N neurons, 𝑈 ∈ 𝑅𝑁×𝑘 is a factor loading 214 

matrix illustrating a generative relationship from z to x and 𝜓 ∈ 𝑅𝑁×𝑁 is a covariance matrix 215 

of residuals. We form a vector of the shared signals of N neurons, 𝑥𝑠ℎ𝑎𝑟𝑒𝑑 = Uz, and that of 216 

the private signals of N neurons 𝑥𝑝𝑟𝑖𝑣𝑎𝑡𝑒 = 𝑥 − 𝜇 − Uz . Each vector follows a multivariate 217 

normal distribution: 218 

 𝑥𝑠ℎ𝑎𝑟𝑒𝑑 ~ 𝑁(0, Σ𝑠ℎ𝑎𝑟𝑒𝑑) (4) 

 𝑥𝑝𝑟𝑖𝑣𝑎𝑡𝑒 ~ 𝑁(0, Σ𝑝𝑟𝑖𝑣𝑎𝑡𝑒) (5) 

where Σ𝑠ℎ𝑎𝑟𝑒𝑑 = 𝑈𝑈𝑇 and Σ𝑝𝑟𝑖𝑣𝑎𝑡𝑒 = Ψ. We can decompose x and its covariance as: 219 

 𝑥 = 𝜇 +  𝑥𝑝𝑟𝑖𝑣𝑎𝑡𝑒 +  𝑥𝑠ℎ𝑎𝑟𝑒𝑑 (6) 

 Σ𝑡𝑜𝑡𝑎𝑙 = Σ𝑝𝑟𝑖𝑣𝑎𝑡𝑒 + Σ𝑠ℎ𝑎𝑟𝑒𝑑 (7) 

where Σ𝑡𝑜𝑡𝑎𝑙 denotes the covariance matrix of x. The factor loading matrix U is estimated by 220 

the expectation-maximization (EM) algorithm (Dempster et al., 1977; Athalye et al., 2017; 221 

Athalye et al., 2018). 222 

 223 

Representation of licking directions in the shared space 224 

We evaluated the representation of licking directional information in the shared space. Let Z 225 
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be the matrix of the factor scores from every hit trial, Z ∈ RTxK, where T is the number of the 226 

hit trials, including both the HR and HL trials and K is the number of factors. We assigned a 227 

factor score vector of each trial (i.e., each row of Z) to one of the two clusters corresponding to 228 

the licking direction. Then, we measured how well the two clusters were separated using the 229 

Fisher ratio (FR) given by: 230 

 FR(LV1HR, LV1HL) = (𝐸[𝐿𝑉1]𝐻𝑅−𝐸[𝐿𝑉1]𝐻𝐿)2 
𝑉𝑎𝑟[𝐿𝑉1]𝐻𝑅+𝑉𝑎𝑟[𝐿𝑉1]𝐻𝐿

 (8) 

where LV1 is the first latent variable (i.e., the first factor) and E[∙]HR/HL and Var[∙]HR/HL represent 231 

its expected value and variance over the HR/HL trials, respectively. We also calculated the 232 

FR(LV2HR, HV2HL) for the second latent variable (LV2, the second factor) in the same way. 233 

The higher the FR is, the more the two clusters are separated. We repeated the same separability 234 

analysis for the error trials, where we assigned each factor score vector to one of the two 235 

clusters corresponding to the tactile cue instead of actual licking direction.  236 

To establish a statistical criterion for determining if the latent variables contained licking 237 

directional information, we calculated a random FR by randomizing directional information. 238 

We shuffled directional information of all the hit trials, clustered latent variables accordingly, 239 

and measured the FR between the clusters. We repeated this procedure multiple times to 240 

establish a distribution of the random FR (Fig. 3B). 241 

We validated the reliability of licking directional representations in the shared space via a train-242 

and-test scheme. In this scheme, we first built a shared space using the first half of the hit trials 243 

such that the first half was used as training data. Then, we projected the firing rate data of the 244 

second half of the hit trials or those of the error trials onto that shared space such that these 245 

remaining data were used as testing data. The projection of a testing firing rate vector of the 246 

second half of the hit trials or the error trials, x, onto the shared space was conducted by 247 
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estimating a corresponding shared signal (�̂�𝑠ℎ𝑎𝑟𝑒𝑑) and a factor score vector (�̂�) as (Athalye et 248 

al., 2017): 249 

 �̂�𝑠ℎ𝑎𝑟𝑒𝑑 = 𝐸[𝑥𝑠ℎ𝑎𝑟𝑒𝑑|𝑥] = 𝐸[𝑈𝑧|𝑥] = 𝑈𝑈𝑇(𝑈𝑈𝑇 + ψ)−1(𝑥 − 𝜇) (9) 

 �̂� = (𝑈𝑇𝑈)−1𝑈𝑇�̂�𝑠ℎ𝑎𝑟𝑒𝑑 (10) 

where 𝜇, 𝑈 and 𝜓 were estimated from the training data. Here, we denote a set of estimated 250 

factor score vectors from the second half of the hit trials as HITtest and that from the error trials 251 

as ERRtest. We also repeated the same projection using the training data and denote a set of 252 

factor score vectors from the first half of hit trials as HITtrain.  253 

Then, we measured a similarity between HITtrain and HITtest or between HITtrain and ERRtest to 254 

assess the reliability of directional representations in the shared space. To this end, we divided 255 

the factor score vectors in each of HITtrain, HITtest, and ERRtest into two clusters, respectively, 256 

according to the cue information (i.e., cued direction) (Fig. 3C). Then, we calculated the FR 257 

between the two clusters of HITtrain and HITtest or HITtrain and ERRtest, that were assigned to 258 

the same cue (Fig. 3C, left). Similarly, we calculated the FR between the clusters assigned to 259 

the opposite cue (Fig. 3C, right). If the shared space remained consistent between training and 260 

testing, HITtrain and HITtest would form similar clusters and the two clusters assigned to the 261 

same cue would be overlapped, resulting in a smaller FR. On the other hand, the two clusters 262 

assigned to the opposite cue would be apart from each other with a larger FR. We also examined 263 

whether this examination was held for ERRtest. For reference, we calculated the FR between 264 

the two clusters of HITtrain and compared other FR values to it. Pairwise comparisons between 265 

the reference and the other four FR values were performed: 1) FR(HITtrain, HITtest) for same 266 

cue, 2) FR(HITtrain, HITtest) for opposite, 3) FR(HITtrain, ERRtest) for same and 4) FR(HITtrain, 267 

ERRtest) for opposite. 268 
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 269 

Selectivity of shared signals 270 

To investigate whether the shared signal of each ALM neuron exhibited selectivity, we 271 

estimated selectivity of shared signals in the same way as firing rates (see above), by replacing 272 

firing rates in eq. (1) with shared signals, 𝑥𝑠ℎ𝑎𝑟𝑒𝑑. Hereafter, we denote the selectivity of the 273 

shared signal of a neuron as SelSH. 274 

 275 

Reversed firing modulation with erroneous behavior 276 

We assessed whether the selectivity of ALM neurons vanished or was reversed for erroneous 277 

behavior by comparing individual neuronal firing activities between the error trials and the hit 278 

trials. Among ipsi-, or contra-preferring neurons, we examined if there existed neurons that 279 

reversed their firing modulation with erroneous behavior by showing significantly higher firing 280 

rates in a non-preferred cue trial than in a preferred cue trial during the erroneous behavior 281 

(Mann-Whitney test, p < 0.05).  282 

Then, we examined whether such neurons reversed their firing rates together with other 283 

neurons or independently during the task. To this end, we calculated trial-by-trial correlations 284 

between the firing rates of all possible pairs of those neurons which showed reversed firing 285 

modulation, in each of the error trials and the hit trials. Then, we evaluated whether correlations 286 

were different or not between the hit and error trials using Wilcoxon signed-rank test. If the 287 

correlations in the error trials remained unchanged compared to the hit trials, it would indicate 288 

that the neurons reversed firing modulation collectively during the error trials. 289 

 290 
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Analysis of generative relations from latent variables to shared signals 291 

We further analyzed how a generative relation from latent variables to the shared signals of 292 

individual neurons was altered between the hit and error trials. Since this generative relation, 293 

described by the factor loading matrix (𝑈), could be altered by changes in U, changes in latent 294 

variables (𝑧), or changes in both U and z, we examined the effect of 𝑈 or 𝑧 on the selectivity 295 

of shared signals (SelSH). To this end, we reconstructed shared signals in two ways. First, we 296 

reconstructed shared signals through 𝑥𝑠ℎ𝑎𝑟𝑒𝑑 = Uz with 𝑈 estimated using the data in the 297 

hit trials and z inferred using the data in the error trials. Second, we repeated the same 298 

reconstruction with 𝑈 estimated using the error trials and z inferred using the hit trials. In each 299 

session, we calculated selectivity of shared signals reconstructed in either the first or the second 300 

way above (reconstructed SelSH). We also calculated selectivity of shared signals originally 301 

generated using the data in the hit trials (original SelSH). Collecting these selectivity values 302 

from all sessions, we calculated correlations between original SelSH and reconstructed SelSH 303 

for each way of reconstruction. If reconstructed SelSH in the first way was positively correlated 304 

with original SelSH, it would indicate that z remained similar across the hit and error trials and 305 

possible changes in selectivity of neurons might be attributed to changes in 𝑈. On the other 306 

hand, if reconstructed SelSH in the second way was positively correlated with original SelSH, it 307 

would indicate that 𝑈 remained relatively similar across the hit and error trials and possible 308 

changes in selectivity of neurons might be attributed to changes in z. 309 

 310 

Communality 311 

We employed communality as a metric to measure how much the firing activity of a single 312 

neuron was explained by the shared space. Specifically, the communality of a neuron was 313 
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calculated as the sum of squared factor loadings associated with the neuron, thus representing 314 

how much variance of the neuron’s firing rate was accounted for by the latent variables. The ith 315 

neuron’s communality was calculated by: 316 

 𝐶𝑜𝑚𝑚𝑢𝑛𝑎𝑙𝑖𝑡𝑦𝑛𝑒𝑢𝑟𝑜𝑛𝑖
 = 𝑢𝑖1

2 + 𝑢𝑖2
2  (12) 

where ui1 and ui2 constitute the ith row of the factor loading matrix U in eq. (3).  317 

After calculating the communality of every neuron, we assessed a relationship between the 318 

selectivity and communality of individual neurons using the linear regression analysis, where 319 

a dependent variable and an independent variable were the selectivity and communality of each 320 

neuron, respectively. Statistical significance of linear regression was evaluated by the F-test.  321 

  322 
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Results 323 

 324 

ALM neuronal selectivity changed when mice licked to wrong direction 325 

We first verified that a success rate of the tactile delayed-response task was not different 326 

between licking directions across the sessions selected for FA (63 sessions): the mean and 327 

standard error of the success rate was 79.17 ± 0.08 % for the HR trials and 75.18 ± 0.15 % for 328 

the HL trials, respectively (Fig. 1C, p = 0.28, two-tailed paired t-test).  329 

During the task, many ALM neurons showed selectivity in specific periods (see examples in 330 

Fig. 1D). While the firing rates of selective neurons were obviously higher for their preferred 331 

cue than non-preferred ones in the hit trials (Fig. 1E, left), such differences were largely absent 332 

in the error trials (Fig. 1E, right). Notably, the firing rates of ipsi-preferring neurons were even 333 

higher in the ER than in the EL trials during the response period (Fig. 1E, right). 334 

Next, we inspected changes of selectivity between the hit and error trials. The Kolmogorov-335 

Smirnov test (K-S test) revealed no significant difference in the overall distributions of 336 

selectivity between the hit and error trials (Fig. 2A, ps > 0.05 for every period). Thus, it 337 

confirmed that selectivity did not disappear during the error trials. Rather, we observed that 338 

neurons with higher selectivity in the hit trials tended to show reduced selectivity in the error 339 

trials whereas those with lower selectivity in the hit trials tended to show increased selectivity 340 

in the error trials (Fig. 2A). To examine these observations, we selected neurons showing 341 

selectivity within the top (showing high selectivity in HR trials) and bottom (showing high 342 

selectivity in HL trials) 5% of the selectivity distribution in the hit trials and tracked their 343 

selectivity in the error trials. The absolute values of selectivity of these neurons significantly 344 

decreased from the hit to error trials (Fig. 2B, ps < 10-6 for every period, one-tailed paired t-345 

test). Similarly, we conducted the same analysis in the opposite direction – selecting neurons 346 
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with the top (showing selectivity in ER trials) and bottom (showing selectivity in EL trials) 5% 347 

selectivity in the error trials and tracking their selectivity in the hit trials – and observed 348 

significant decreases of the absolute selectivity from the error to hit trials (Fig. 2C, ps < 0.01 349 

for every period, one-tailed paired t-test). We found that neurons selective during the hit trials 350 

decreased their selectivity in the error trials (ps < 0.01 for every period, one-tailed paired t-test) 351 

and neurons selective during the error trials also decreased selectivity in the hit trials (ps < 0.05 352 

for every period, one-tailed paired t-test). Thus, relatively less selective neurons during the hit 353 

trials could gain more selectivity during the error trials, indicating that those neurons that were 354 

significantly selective during the hit trials decreased selectivity during the error trials, and those 355 

neurons that were significantly selective during the error trials also decreased selectivity during 356 

the hit trials. We explored this pattern in terms of neuronal relations to the shared space in the 357 

following analyses.  358 

 359 

Reversed firing modulation with erroneous behavior 360 

We inspected if there was a set of neurons collectively showing reversed firing modulation 361 

between the error and the hit trials (see the definition of reversed firing modulation in Methods), 362 

as conceptually illustrated in Fig. 3A (e.g., contra-preferring neuron in the hit trials changes to 363 

ipsi-preferring neuron in the error trials). In effect, among selective neurons, some neurons 364 

jointly showed reversed firing rate modulation in the error trials and such joint reversal of firing 365 

modulation disappeared when directional information was shuffled across the neurons (see Fig. 366 

3B for example). We calculated pairwise correlations between neurons showing reversed firing 367 

modulation in contra- and ipsi-preferring neurons respectively. Note that we pooled the 368 

correlation coefficients of contra- and ipsi-preferring neurons together and conducted statistical 369 

test due to small number of sample size. As a result, we found that the correlation coefficients 370 
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of neurons showing reversed remained unchanged or even greater in the error trials (p < 0.05 371 

in sample; ps > 0.05 in delay and response period, sign rank-test) (Fig. 3C). These results 372 

support that the selectivity was reversed in a number of ALM neurons followed by behavioral 373 

error. 374 

 375 

Representation of licking directions in the shared space was disrupted for erroneous 376 

behavior 377 

To investigate if ALM neuronal population represents task-related information together, we 378 

estimated a 2D shared space of the firing rates of ALM neuronal populations using FA. We 379 

could identify latent variables (i.e., factors) that best describe covariance matrix between 380 

population of neurons through FA. Since two principal components capture over the majority 381 

of variance (>60%) of data in every period of the hit and error trials, the number of latent 382 

variables was fixed to two. Although the shared space was estimated solely from neuronal data 383 

in an unsupervised way, we observed that task-related information (i.e., cued licking direction) 384 

was present in the shared space (Fig. 4A, top). The Fisher ratio (FR) between the two clusters 385 

in the shared space formed based on the cue information (i.e., HR vs. HL, or ER vs. EL) showed 386 

a significant difference between the hit, error, and shuffled trials (ps < 0.05 for every period 387 

and latent variable, one-way ANOVA, Fig. 4B). A post-hoc analysis showed that the FR of the 388 

hit trials was greater than that of the shuffled trials in every period for both latent variables 389 

except in the sample period for the second latent variable. However, the FR of the error trials 390 

was greater than that of the shuffled trials only in the sample period (p < 0.01, Bonferroni-391 

corrected post-hoc t-test, Fig. 4B). Besides, it showed that the FR of the hit trials was greater 392 

than that of the error trials in the response period on the first latent variable (p < 0.01). Thus, 393 

in the hit trials, the cue information was separately represented in the shared space, which 394 
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became less distinguishable in the error trials. 395 

Next, we tested the reliability of this representation of task-related information in the shared 396 

space via a train-and-test scheme (see Methods). We constructed the shared space using the 397 

first half of the hit trials. The second half of the hit trials and the error trials were projected on 398 

the built shared space and measured FR to test if the directional information is still separated 399 

on the shared space. If emergent shared space has consistent axes across trials, then FR of test 400 

data would show FR values similar to those projected by the train data. The shared space built 401 

from the first half of the hit trials consistently maintained a discriminative spatial pattern for 402 

the second half of the hit trials projected onto that shared space (Fig. 4D, middle). In contrast, 403 

the projection of the error trials onto the same shared space did not show a discriminative spatial 404 

pattern clearly (Fig. 4D, bottom). Using the FR, we assessed the similarity of clustering patterns 405 

in the shared space across the hit and error trials (see Methods). Between the two clusters across 406 

the first and second halves of the hit trials corresponding to the same cue (Fig. 4C, left), the FR 407 

was significantly reduced compared to original FR of the first half of the hit trials for every 408 

period (ps < 0.05, one-tailed paired t-test), showing that the clusters assigned to the same cue 409 

remained largely unchanged across the hit trials (Fig. 4E). In contrast, the FR with the opposite 410 

cue (Fig. 4C, right) showed no difference from the reference value except for the second latent 411 

variable during the sample period, showing that distinct representations of licking directions 412 

were maintained across the hit trials. Between the hit and error trials (HITtrain - ERRtest), the FR 413 

was largely reduced in the error trials with both the same and the opposite cue (p < 0.05, one-414 

tailed paired t-test) (Fig. 4E), showing that task-related information in the error trial was not 415 

represented as clearly as in the hit trials. Moreover, the FR reduced more with the opposite cue 416 

than with the same cue in the delay and response periods of the error trials (p < 0.01, one-tailed 417 

paired t-test), which indicated that clustering patterns in the error trials appeared to be relatively 418 
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closer to those in the hit trials if licking directions were switched.  419 

 420 

ALM neurons showed selectivity in the shared signals 421 

In this section, we investigated how the selectivitiy of individual neurons was related to the 422 

shared space and whether such a relationship was altered for erroneous behavior. By 423 

decomposing the firing rate of a neuron into shared signals and private signals using FA (see 424 

Methods), we analyzed the shared signals that reflected how the neuronal firing rate was 425 

modulated by the shared space (see Methods). Of a total of 634 recorded ALM neurons, we 426 

observed 220 contra-preferring neurons and 271 ipsi-preferring neurons (FR+, Fig. 5A). 427 

Among these selective neurons, 107 contra-preferring neurons (48.6%) and 159 ipsi-preferring 428 

neurons (58.7%) also showed selectivity in their shared signals (FR+SH+, Fig. 5A). We 429 

focused on these FR+SH+ neurons, in which task-related information in the shared space was 430 

reflected on the firing rate. Next, we compared the magnitudes of selectivity between the firing 431 

rates and shared signals of the FR+SH+ neurons. We found that the selectivity of shared signals 432 

(SelSH) was significantly greater than that of firing rates (Fig. 5B, top, ps < 0.05 for every period, 433 

one-tailed paired t-test). A linear regression analysis with SelSH as an independent variable and 434 

that of firing rates as a dependent variable showed a significant linear relationship with slopes 435 

less than 1 (Fig. 5B, bottom, ps < 0.01). The result supports our assumption on a generative 436 

relation of firing rates from latent variables that the selectivity of a single neuron may be related 437 

to the shared space composed by population activity.  438 

From the observed changes in firing rates (Fig. 2A, B) and latent variable patterns (Fig. 4A, D) 439 

across the hit and the error trials, we examined how firing modulation of selective neurons was 440 

altered during the error trials. In the perspective of a generative model (FA), if latent variables 441 

in the error trials represent licking direction contrary to the direction that they should have 442 
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represented while the generative relationship described in the factor loading matrix remains 443 

unchanged, the shared signal of selective neurons that are generated from the latent variables 444 

should also exhibit selectivity in an opposite way to the hit trials.  445 

Since this collectively reversed firing modulation indicated that the altered selectivity of ALM 446 

neurons in the error trials might be driven by changes in the shared space, rather than an 447 

independent change of modulation in individual neurons, we analyzed the possible changes in 448 

the generation of shared signals from latent variables during the error trials. On one hand, when 449 

we generated shared signals from latent variables using the error trials while keeping the factor 450 

loading matrix (𝑈), their selectivity became uncorrelated with their original selectivity obtained 451 

from the hit trials in the sample and response periods, or even negatively correlated in delay 452 

period (r = -0.33) (Fig. 6A). On the other hand, if we generated shared signals using 𝑈 453 

estimated from the error trials while keeping latent variables, their selectivity was positively 454 

correlated with their original selectivity in every period (r = 0.68 for the sample, r = 0.68 for 455 

the delay, and r = 0.79 for the response period) (Fig. 6B). Hence, we confirmed that latent 456 

variables were altered during the error trials rather than overall generative relationships from 457 

latent variables to shared signals.  458 

 459 

ALM neuronal selectivity is correlated with communality 460 

For each neuron, we measured communality to determine how well the neuron’s firing rate was 461 

accounted for by the first two latent variables. Then, we examined a correlation between the 462 

magnitude of selectivity and that of communality of the FR+SH+ neurons. For the hit trials, 463 

we found significant positive correlations between communality and selectivity in every period 464 

(sample: r = 0.39; delay: r = 0.47; response: r = 0.47; ps < 0.01 for every period) (Fig. 7A-B). 465 
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It revealed that the ALM neurons tended to be more selective when their firing rate modulation 466 

contributed more to the shared space. However, such linear relationships disappeared in the 467 

error trials (sample: r = 0.06; delay: r = -0.11; response: r = 0.14; ps > 0.05 for every period) 468 

(Fig. 7C-D), implying that selective modulation of firing rates in the ALM neurons became 469 

irrelevant to their dependency on the shared space in erroneous behavior especially during 470 

movement preparation. 471 

 472 

Changes in selectivity between the hit and error trials were correlated with changes in 473 

communality  474 

To understand why correlations between selectivity and communality present in the hit trials 475 

disappeared in the error trials, we first compared overall distributions of communality between 476 

the hit and error trials. The K-S test showed that cumulative density function of communality 477 

in the hit trials was smaller than that in the error trials (Fig. 8A, ps < 10-4 for every period). 478 

However, we observed a similar pattern in communality changes between the hit and error 479 

trials (Fig. 7B) as in selectivity (Fig. 2B) – neurons with higher communality in the hit trials 480 

tended to reduce their communality in the error trials whereas those with lower communality 481 

in the hit trials increased their communality in the error trials. To examine these observations, 482 

we examined neurons with the top 10 % communality in the hit trials and found that they 483 

significantly decreased communality in the error trials and vice versa (Fig. 8B-C, ps < 0.01 for 484 

every period, one-tailed paired t-test).  485 

Upon finding this similarity between selectivity and communality, we further investigated 486 

whether neuron-level alterations in selectivity were related to those in communality. Although 487 

we did not directly estimate the shared space from the selectivity, the task-related activities 488 

would be captured in the shared space through covariance structure. Therefore, to identify a 489 
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specific aspect of dependency related to behavior in the shared space, we evaluated if each 490 

neuronal engagement on the shared space could explain the selectivity and accounted for the 491 

change in the selectivity in the error trials by changes in engagement on constructing the shared 492 

space. Specifically, we tested if the amount of change of selectivity from the hit to error trials 493 

would be explained by that of communality. To this end, we defined a change in communality 494 

and selectivity of a neuron between the hit and error trials as ∆com = communalityHit – 495 

communalityError and ∆sel = selectivityHit – selectivityError, respectively, and performed a 496 

correlation analysis between ∆sel and ∆com in each period. The result showed relatively weak 497 

but significant linear relationships between ∆sel and ∆com across individual neurons (sample: 498 

r = 0.29, p < 0.05; delay: r = 0.27, p < 0.01; response: r = 0.33, p < 10-6). However, when we 499 

performed the correlation analysis at the population level, where ∆com (or ∆sel) was averaged 500 

over a population of ALM neurons within each session, we found a stronger correlation 501 

between ∆com and ∆sel in the delay period (r = 0.57, p <10-3), but not in other periods (sample: 502 

r = 0.15, p = 0.52; response: r = 0.03, p = 0.81) (Fig. 9A, B). The results suggest that changes 503 

in single neurons’ selectivity underlying erroneous behavior – i.e., the decreased selectivity of 504 

originally more selective neurons and the increased selectivity of originally less selective 505 

neurons – might occur in relation to changes in those neurons’ communality, especially during 506 

a motor planning period.  507 
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Discussion 508 

The present study investigated neural substrates of erroneous behavior in rodents’ ALM 509 

populations during the tactile delayed-response task. Compared to correct behavior, the 510 

selectivity of individual ALM neurons was reversed. Licking direction was inadequately 511 

represented in the shared space by population, and connections of the selectivity of individual 512 

neurons to the shared space, measured by correlations between selectivity and communality, 513 

was disrupted, during erroneous behavior. Notably, average selectivity in animals changed 514 

more between correct and erroneous behavior when the corresponding average communality 515 

changed more, during the delay period. Our results suggest neural substrates of erroneous 516 

behavior in the tactile delayed-task as joint changes in the selectivity of ALM neurons at both 517 

single neuron and population levels, as well as alternation of the neuronal coupling assignment 518 

to the shared space.  519 

One of the intriguing findings of the present study was that the single neuron-level change in 520 

selectivity between correct and erroneous behavior was highly correlated with the population-521 

level change in communality, which was observed only in the delay period. Also, we 522 

demonstrated that highly selective neurons for correct behavior decreased their selectivity for 523 

erroneous behavior whereas less selective neurons for correct behavior became more selective 524 

for erroneous behavior. Together, significant alterations in selectivity of ALM neurons that 525 

underlie erroneous behavior were tightly linked to changes in communality during the delay 526 

period. Considering that changes of communality mean changes of the degree to which a 527 

neuron’s activity is coupled to the shared space, our results suggest that incorrect modulation 528 

of ALM neurons that are less selective during movement preparation would be engaged in 529 

causing behavioral error as supported by changes in selectivity.  530 

Individual neuronal activities vary in part with those of other neurons, which creates “common 531 
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variance” shared among a number of neurons. Existence of such shared variance among 532 

neurons enables us to find a low-dimensional space mathematically in which each dimension 533 

represents co-varying activity of a subset of neurons in the population. If the shared variance 534 

changes with the task, the task-related information would also be represented on the shared 535 

space. In this study, we confirmed that future licking direction was discriminately represented 536 

on the shared space for correct behavior but not for erroneous behavior. This implied that co-537 

varying activity of a subset of neurons in the population was not correctly coordinated for 538 

erroneous behavior, indicating a possible error in the interaction between those neurons.  539 

Moreover, stronger coupling of a single neuron to the shared space means that the neuron’s 540 

activity is explained more by co-varying activity of a set of neurons that share variance. It 541 

implies that a strongly coupled neuron might participate more in generating co-varying activity 542 

pattern in the shared group. As it is known that selectivity is key to movement preparation, we 543 

can assume that tight coupling of highly selective neurons sharing the same preferred direction 544 

(i.e., contra-, or ipsi-preferring) would be important to make correct movements. We observed 545 

that highly selective neurons showed stronger coupling to the shared space for correct behavior 546 

and that these neurons reduced their coupling as well as selectivity for erroneous behavior. 547 

Interestingly, we rather found that a different group of neurons that showed low selectivity for 548 

correct behavior became more selective for erroneous behavior along with stronger coupling. 549 

It indicates that a wrong set of neurons became more interactive during movement preparation 550 

for erroneous behavior while the originally selective neurons were not properly coordinated. 551 

Note that this wrong set of neurons partially involved selective neurons of opposite preferred 552 

direction but mostly included neurons that had been non-selective if behaved correctly. It 553 

implies that erroneous behavior might not be a consequence of wrong sampling of tactile cue, 554 

which would have increased coupling of neurons of opposite preferred direction, but rather 555 
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involve more complicated processes of neuronal interactions in the ALM circuit which remains 556 

vague and needs further in-depth investigations. 557 

Although much more work should be needed to answer why changes in selectivity were 558 

correlated with changes in communality only during the delay period, we speculate possible 559 

explanations for this as follows. Firstly, ALM neurons are involved in retaining working 560 

memory related to future licking information in the delay period. When a tactile cue is given, 561 

primary somatosensory cortex (vS1) encodes the tactile information and subsequently transfers 562 

it to ALM (Guo et al., 2014). Also, medial motor cortex (MM) is activated in the sample period, 563 

followed by the activation of ALM neurons in deep layers in the early delay period (Chen et 564 

al., 2017). Hence, ALM neurons might become more coordinated as the delay period begins, 565 

which would be likely to tighten the coupling of population activity of ALM neurons with the 566 

shared space. Secondly, preparatory activities of motor cortical neurons stay on the null space 567 

of movement execution to prevent muscle from evoking overt movements, thus coupling with 568 

the shared space would also be changed after go cue (Guo et al., 2014; Stavisky et al., 2017; 569 

Economo et al., 2018). 570 

In this study, we showed that the selectivity of individual ALM neurons in mice varied with 571 

the extent to which the neurons’ firing activities were coupled to an intrinsic manifold shared 572 

by the neurons. Our finding is in line with a recent computational study, which reported that a 573 

latent state model based on recurrent neural networks could generate virtual neurons with 574 

selectivity, suggesting that the selectivity of motor cortical neurons could be the result of latent 575 

dynamics under which a population of neurons modulates their firing activities to perform a 576 

task (Michaels et al., 2016). Yet, different from in-silico studies elucidating selectivity by latent 577 

dynamics with synthetic neurons, the present study revealed that coupling to the intrinsic 578 

manifold elucidated selectivity of biological ALM neurons. 579 
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Wei et al. showed similar dynamical structures underlying correct and erroneous behavior at 580 

ALM population level (Wei et al., 2019). In their study, neural representations of population 581 

activity in an intrinsic manifold reached toward the opposite direction during the error trials 582 

but also hovered over intermediate areas between two possible licking directions. Consistent 583 

with these results, we found less separable representations of population activities in the error 584 

trials. However, different from this previous study’s account of licking behavior based only on 585 

neural representations of population activity in the intrinsic manifold, the present study 586 

explains behavioral outcomes produced by individual neuronal firing characteristics 587 

(selectivity) in association with latent structure (shared space). 588 

The present study showed that the selectivity of individual ALM neurons could be partially 589 

explained by the extent to which their firing activities were coupled to the intrinsic manifold 590 

where the task-relevant information (i.e., licking direction) was manifested (see Figs. 7, 9). 591 

This new account of selectivity may be applied to other similar neuronal activities found in 592 

many brain areas such as preferred directions (Georgopoulos and Ashe, 2000; Omrani et al., 593 

2017) as well as other types of selectivity associated with various sensorimotor and cognitive 594 

tasks (Rigotti et al., 2013; Amedi et al., 2017; Banerjee and Long, 2017).  595 

Although biological implications of the shared space in the motor cortex remain elusive, many 596 

studies have attempted to gain insights from the analysis of the shared space regarding task-597 

relevant neuronal population dynamics. For instance, studies have shown that the alignment of 598 

an intrinsic manifold of wide-scale motor cortical neurons occurs in the course of task learning, 599 

and the latent space becomes consolidated across neurons after learning (Ganguly et al., 2011; 600 

Koralek et al., 2012; So et al., 2012; Koralek et al., 2013; Wander et al., 2013; Clancy et al., 601 

2014; Gulati et al., 2014). Also, a recent study suggests that anatomically separated cortical 602 

areas interact with each other through the latent spaces (Semedo et al., 2019). Multiple brain 603 
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regions are reportedly involved together with ALM in the performance of the tactile delayed-604 

response task, including vS1, MM, thalamus, and cerebellum, implying that a large-scale 605 

shared variance may emerge across multiple brain regions after learning to perform the task 606 

(Li et al., 2016; Allen et al., 2017; Chen et al., 2017; Guo et al., 2017; Gao et al., 2018). 607 

Dynamics underlying ALM selectivity can be described by a network model such as a discrete 608 

attractor model (Inagaki et al., 2019) and possibly elucidate how erroneous behavior occurs 609 

more precisely. But it is difficult to extend the network model to incorporate all inputs to ALM. 610 

On the other hand, low-dimensional projection can effectively represent the task-relevant 611 

variance of ALM neurons driven by input signals to ALM, because the projection methods such 612 

as FA capture shared variance across neurons evoked by recurrence and input signals. For 613 

example, the trajectory on the low-dimensional space of ALM showed ramping patterns similar 614 

to those elicited by a ramping input from thalamus (Li et al., 2016; Inagaki et al., 2019). Thus, 615 

in future studies, additional investigations are required to understand what aspect of neural 616 

network dynamics is manifested the shared space. FA captures latent variables using covariance 617 

among neurons, thus prominent inputs to ALM would be reflected on the covarying activities 618 

of many ALM neurons, which is represented by latent factors. Considering that VM/VAL of 619 

thalamus drives ALM dynamics, the shared space of ALM populations inferred by FA might 620 

represent a subspace in which neuronal dynamics temporally evolve by strong thalamic inputs 621 

(Guo et al., 2017). If thalamic feedback through the thalamocortical loop falsely draws 622 

temporal growth of ALM activities to the fixed points corresponding to opposite licking 623 

direction, then neural representation in the shared space would also change accordingly. In this 624 

scheme, the selectivity of each ALM neuron would be altered depending on how much each 625 

neuron is weighted by thalamic inputs, which would be described by communality in FA. 626 

  627 
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Figure 1. Disruption of selective ALM activity tuned to the licking direction during 725 

erroneous behavior 726 

A. A schematic diagram for the tactile delayed-response task. In the sample period, a 727 

tactile cue represented as a pole position at either anterior or posterior whiskers was 728 

given for 1.3 s to indicate the upcoming reward (water) direction. The anterior cue was 729 

associated with the left direction whereas the posterior cue was with the right. Mice 730 

should not move but wait during a 1.3-s delay period and began to lick toward either 731 

the left or right direction after hearing an auditory go cue.  732 

B. Four possible behavioral results from the delayed-response task depending on the 733 

match between the tactile cue (anterior vs. posterior) and licking direction (left vs. 734 

right): hit left (HL); error right (ER); error left (EL); and hit right (HR). Error right (left) 735 

denotes erroneous movement to the left (right) given a right-directing (left-directing) 736 

cue. 737 

C. No significant difference in the behavioral performance of the tactile delayed-response 738 

task between licking directions (p > 0.1, two-tailed paired t-test, n = 22). Error bars, 739 

s.e.m. across the mice.  740 

D. Examples of the selective firing activities (i.e., selectivity) of three representative ALM 741 

neurons when mice performed the tactile delayed-response task, for each of the four 742 

cases of behavioral outcomes (HL, HR, ER and EL). Each neuron showed peak activity 743 

in a particular period when the task goal (left or right direction) agreed with its 744 

selectivity (left or right) and when mice behaved correctly (HL and HR). This selective 745 

firing activity became more ambiguous when mice behaved wrongfully (ER and EL). 746 

Also, differences in activities between HR and HL in a particular period were large in 747 

the hit trials (top), which was less apparent in the error trials (bottom). 748 
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E. Differences in the firing activity of the ALM neurons showing selectivity between 749 

licking directions. Contra-preferring neurons denote the ALM neurons with selectivity 750 

to the right direction (note: left ALM neurons were recorded) and ipsi-preferring 751 

neurons do for the left direction. Differences in firing activities of these neurons 752 

between licking directions were shown in the hit and error trials, based on the fold 753 

changes from baseline activity (*p < 0.05, **p < 0.01, Bonferroni-corrected post-hoc 754 

test). While the neurons exhibited significant differences between the directions for 755 

every period in the hit trials (left), such differences mostly disappeared in the error 756 

trials (right). Error bars, s.e.m. across the neurons.  757 

  758 
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Figure 2. Changes in selectivity of ALM neurons between correct and erroneous behavior 759 

A. Distributions of selectivity in the correct (hit) and erroneous (error) trials for each 760 

period (sample, delay and response). Black dots represent individual neuronal 761 

selectivity in the hit and the error trials. Gray lines connecting each pair of the black 762 

dots indicate the selectivity change of the corresponding neuron between the hit and 763 

error trials. The vertically oriented shadings indicate the sample distributions of 764 

selectivity for hit (gray) or error (pink) trials, respectively. While individual neuronal 765 

selectivity was decreased or increased across the hit and error trials, there was no 766 

significant difference in the distribution of the selectivity between the hit and error 767 

trials (K-S test, p > 0.05) for every period. 768 

B. 10% of the ALM neurons, marking the top 5% contra-preferring and the top 5% ipsi-769 

preferring selectivity in the hit trials (black dots), significantly decreased their 770 

selectivity in the error trials (red dots) for every period (one-tailed paired t-test, p < 10-771 

6). The gray lines indicate selectivity changes between hit and error trials of each 772 

neuron. 773 

C. 10% of the ALM neurons, marking the top 5% contra-preferring and the top 5% ipsi-774 

preferring selectivity in the error trials (black dots), significantly decreased their 775 

selectivity in the hit trials (red dots) for every period (one-tailed paired t-test, p < 0.01). 776 

The gray lines indicate selectivity changes between hit and error trials of each neuron. 777 

  778 
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Figure 3. Reversed firing modulation of ALM neurons 779 

A. The schematic diagram illustrating reversed firing modulation (see Methods). If 780 

(hypothetic) neurons decrease firing rates in the error trials in response to a preferred cue 781 

that originally increases the firing rates in the hit trials and vice versa, neurons are deemed 782 

to exhibit reversed firing modulation. For example, with reversed firing modulation, 783 

neurons that show higher firing rates for correct right licking (HR) than for correct left 784 

licking (HL) would decrease firing rates in response to a right directional cue for erroneous 785 

left licking (ER) (left) while increase firing rates in response to a left directional cue (EL) 786 

(middle). If two neurons with similar selectivity exhibit reversed firing modulation, their 787 

firing rates would be correlated even over the error trials as well as over the hit trials (right). 788 

B. Examples of correlated firing rates of two ALM neurons showing reversed firing 789 

modulation. In the hit trials, two contra-preferring neurons (neurons #3 and #10, session 790 

ALM219031) similarly increased firing rates when the posterior cue was given, showing a 791 

high correlation (r = 0.85) between their firing rates over the hit trials (left). But in the error 792 

trials, both neurons increased firing rates when the anterior cue was given, such as ipsi-793 

preferring neurons, showing again a high correlation (r = 0.81) over the error trials (middle). 794 

Yet, such a correlation disappeared in the error trials when the trial order was shuffled 795 

(right).  796 

C. Correlations between neurons showing reversed firing modulation. Pearson correlation 797 

coefficient was calculated between all pairwise combinations of the neurons showing 798 

reversed firing modulation (see Methods for the criterion to determine a neuron with 799 

reversed firing modulation) for the hit and error trials, respectively, in each period. The 800 

average correlation coefficient was not significantly different between the hit and error 801 

trials (two-tailed paired t-test, p > 0.1) in the delay and response periods, or greater over 802 
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the error trials than over the hit trials in the sample period (one-tailed paired t-test, sample: 803 

p < 0.05). N denotes the total number of neurons showing reversed firing modulation 804 

summed over the sessions. Pair denotes the sum of the number of all possible pairs of such 805 

neurons calculated session-wise (e.g., if N=2 in Session 1 and N=3 in Session 2, then Pair 806 

= 2C2+ 3C2=5). Note that N and Pair should remain the same across the hit and error trials 807 

in a given period. Error bars, s.e.m. across pairs. 808 

  809 
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Figure 4. Neural representations of task-relevant information in the shared space of ALM 810 

neurons 811 

A. Examples of the task-related information representation in the shared space composed 812 

of the latent variables 1 and 2 (LV1 and LV2) (top: hit trials, bottom: error trials). Each 813 

dot represents the 2D values of the latent variables resulting from the factor analysis of 814 

the firing rates of ALM population at each trial. In the hit trials, the latent variables 815 

(especially LV1) distinctly represented the target direction information (HR or HL) in 816 

all the periods, which became less apparent in the error trials. 817 

B. The Fisher ratio between the two groups of the values corresponding to each target 818 

direction was calculated for each latent variable (LV1 and LV2), and compared among 819 

the hit, error and randomly shuffled trials (ANOVA, *p < 0.05, **p < 0.01, Bonferroni-820 

corrected post-hoc t-test). Randomly shuffling was performed for the hit trials. Error 821 

bars, s.e.m. across sessions. 822 

C. The schematic diagram for illustrating the testing of consistent emergence of task-823 

related information in the shared space (see Methods for detailed descriptions). A 824 

shared space is first built using HITtrain data, followed by the projection of HITtest data 825 

onto that shared space (HITtrain data: ALM neurons’ firing rate data from a part of the 826 

hit trials used for training the factor analysis model; HITtest: ALM neurons’ firing rate 827 

data from the remaining hit trials not used for training). Whether the representation of 828 

task-related information in the shared space is consistent throughout the trials is 829 

evaluated by two distances: 1) same-cue distance (left; between the same cues) and 2) 830 

opposite-cue distance (right; between the different cues). Distance is measured by the 831 

Fisher ratio between the two groups of the latent variable values corresponding to the 832 

train and test data, respectively (for LV1 and LV2 each). If the shared space consistently 833 
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represents the target direction information across trials, then the same-cue distance 834 

would remain small while the opposite-cue distance would remain large between 835 

HITtrain and HITtest. This test is also applied between HITtrain and ERRtest, where ERRtest 836 

indicates ALM neurons’ firing rate data from the error trials. 837 

D. Examples of the task-related information represented in the shared space. As a standard, 838 

HITtrain was projected onto the shared space built using the same data of HITtrain(top). 839 

Each dot represents the projection outcome in each trial. HITtest and ERRtest were 840 

projected onto the shared space constructed by HITtrain, respectively (middle and 841 

bottom). 842 

E. The same-cue and opposite-cue distances measured by the Fisher ratio for each latent 843 

variable (LV1 and LV2) in each period. First, the opposite cue distance using HITtrain 844 

only was measured as the standard distance value (black). Then, the same-cue and 845 

opposite-cue distances were measured for HITtest (grey) and ERRtest (red), respectively. 846 

Note that the opposite-cue distance using HITtrain only was measured by the Fisher ratio 847 

of HITtrain on the shared space built using the same HITtrain. Each of the same-cue and 848 

opposite-cue distances was compared with the standard distance value (one-tailed 849 

paired t-test), *p < 0.05, **p < 0.01). Error bars, s.e.m. across sessions. 850 

  851 
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Figure 5. Selectivity in firing rates and shared signals of ALM neurons 852 

A. Venn Diagrams of the number of neurons showing selectivity in each period. FR+ 853 

denotes the neurons that have selectivity in firing rates (top: contra-preferring neuron; 854 

bottom: ipsi-preferring neuron). FR+SH+ denotes then neurons that have selectivity in 855 

both firing rates and shared signals (see Methods for the description of the shared 856 

signal of a neuron). 857 

B. For the FR+SH+ neurons, selectivity in shared signals (SelSH) is greater in magnitude 858 

than selectivity in firing rates (Selectivity) in every period (top, one-tailed paired t-test, 859 

ps < 0.05 for every period). Linear regression of Selectivity against SelSH yielded 860 

significant linear fits (bottom, ps < 0.05), with every slope < 1 in each period.  861 

  862 
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Figure 6. Alteration of selectivity in erroneous behavior is related to alteration of latent 863 

variables while relations between firing rates and latent variables are unchanged 864 

A. The scatter plots of reconstructed SelSH and original SelSH in the hit trials. Each dot 865 

denotes each session. Reconstructed SelSH was the selectivity of the shared signals 866 

reconstructed by the loading matrix (𝑈) obtained from the hit trials and latent variables 867 

(𝑧 ) obtained from the error trials. A significant correlation was observed between 868 

reconstructed SelSH and original SelSH only in the delay period (p < 0.01), where the 869 

correlation coefficient was negative (r = -0.33). The negative correlation indicates that 870 

z in the error trials were reversely formed, thus generating altered selectivity (see the 871 

text for more details).  872 

B. The scatter plots of reconstructed SelSH and original SelSH in the hit trials. Different 873 

from A, the shared signals were now reconstructed using 𝑈 obtained from the error 874 

trials and 𝑧 from the hit trials. For every period, reconstructed SelSH and original SelSH 875 

were positively correlated (ps < 0.01). 876 

  877 
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Figure 7. Selectivity of individual neurons is positively correlated with their communality 878 

to the shared space 879 

A. Correlations between communality and selectivity in the hit trials. The communality 880 

and selectivity across individual neurons were positively correlated in every period (r, 881 

Pearson’s correlation coefficient, **p < 0.01).  882 

B. The scatter plots of communality and selectivity across individual neurons in the hit 883 

trials. The dashed lines indicate significant regression lines obtained from linear 884 

regression (ps < 0.01). Each circle reflects a single neuron. Note that selectivity was 885 

normalized before calculating correlations to compare the differences between neurons 886 

regardless of the session. 887 

C. Correlations between communality and selectivity in error trials. No significant 888 

correlation was observed in any period (ps > 0.1). 889 

D. The scatter plots of communality and selectivity across individual neurons in the error 890 

trials. Linear regression revealed no significant linear relationships between 891 

communality and selectivity (ps > 0.1). Each circle reflects a single neuron.  892 

  893 
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Figure 8. Changes in communality between correct and incorrect behavior 894 

A. Distributions of communality in the correct (hit) and erroneous (error) trials for each 895 

period (sample, delay and response). Black dots reflect the communality of single 896 

neurons in the hit and the error trials. Gray lines connecting each pair of dots between 897 

the hit and error trial indicates communality change of the corresponding neuron 898 

between the hit and error trials. The vertically oriented shadings indicate sample 899 

distributions of selectivity for hit (gray) or error (pink) trials, respectively. The K-S test 900 

showed that the cumulative density function of communality in the hit trials was 901 

significantly smaller than that in the error trials (ps < 10-4 for every period). 902 

B. Neurons with the top 10 % highest communality in the hit trials significantly decreased 903 

their communality in the error trials for every period (one-tailed paired t-test, p < 0.01). 904 

Gray lines indicate communality changes from the hit to the error trials of single 905 

neurons.  906 

D. Neurons with the top 10% highest communality in the error trials significantly 907 

decreased their communality in the hit trials for every period (one-tailed paired t-test, 908 

p < 0.01). Gray lines indicate communality changes from the hit to the error trials of 909 

single neurons.  910 



 

 45 

Figure 9. Altered selectivity of ALM neurons with motor planning error is related to 911 

altered communality 912 

A. Correlations between the mean communality change and the mean selectivity change 913 

from the hit to the error trials, where the mean was estimated over the population of 914 

neurons in each session, were calculated across sessions (r, Pearson’s correlation 915 

coefficient). A significant correlation was observed only in the delay period (*** p < 916 

10−3).  917 

B. The scatter plots of the mean communality differences and the mean selectivity 918 

differences in each period. Each dot reflects each session. The dashed regression line 919 

was obtained from linear regression (p < 0.01). 920 




















