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Supplementary Figure 1: A drift-diffusion model can model the discrimination 2 
behavior of the monkeys. 3 
 4 
a: A schematic illustration of a sample path in the drift-diffusion model of a perceptual decision. On 5 
every trial, the evidence for one of the choices (say red) over the other choice (i.e., green) is 6 
accumulated over time. Different mean rates of accumulation (v) parameterize the evidence for each 7 
of the stimulus strengths. When the process reaches one of the bounds (0 or A), the decision is 8 
made. The DDM only models the decision process. The complete reaction time is described as the 9 
decision time estimated from the DDM plus an additive non-decision time (t0) that is thought to 10 
reflect processes such as stimulus encoding and motor preparation. Other factors such as slightly 11 
different non-decision times for different responses (d), variability in drift rates (sv), and variability in 12 
non-decision times (st0) are included to fit RT variability. 13 

b: Fits of the DDM to the percent of red choices (left panel) and RTs (right panel) as a function of 14 
signed color coherence for monkey T. In the left panel, the black filled dots depict proportion 15 
responded red measured from the experimental data, the magenta dots depict the fits from the 16 
DDM. The predicted points in magenta are obtained by simulating 10000 trials from the DDM for 17 
each data point. Magenta line segments are drawn in between model predicted points to guide the 18 
eye. Psychometric curves and RT curves are obtained by pooling over 75 sessions for monkey T 19 
(128989 trials).  In the right panel, the magenta points show the predicted mean RTs from the DDM 20 
simulation (10000 simulated trials with the estimated parameters) along with the measured RT in 21 
black filled dots. Magenta line segments are again drawn in between the predicted points to guide 22 
the eye. Error bars in the right panel denote 3*SEM estimated over trials (measured RTs) or 23 
simulations (for the DDM). X-axes in both panels depict signed color coherence. Y-axes depict 24 
either percent responded red (left panel) or RT (in ms) in the right panel. The proportion of variance 25 
explained is computed over 14 points for each curve. 26 

c: Fits of the DDM to behavior from monkey O. The fits to the RT data for monkey O are again 27 
excellent albeit not as good those for monkey T. Conventions as in b. Data are fits from pooled 28 
trials over 66 sessions for monkey O (108344 trials). Proportion of variance is computed over 14 29 
points. 30 

d: Mean and upper bound (95th percentile) of the decision time estimated by subtracting the 31 
estimated non-decision times from the mean and 95th percentile of the RT distributions for each 32 
level of signed color coherence in the stimulus. We estimated the range of decision times by fitting 33 
the model to pooled data and subtracting non-decision time from the mean and 95th percentile of 34 
the pooled RT distribution. An increase in color coherence results in shorter decision times. X-axes 35 
depict signed color coherence; Y-axes depicts decision time in ms.  36 

  37 
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Supplementary Figure 2:  Modeling RT and accuracy of the monkeys using both a 39 
DDM and UGM 40 
 41 
a: Fits of either the DDM (left panel), the UGM (middle panel), or the UGM with an intercept (right 42 
panel) to the behavior of monkey T and monkey O. RT and accuracy are depicted using quantile 43 
probability plots 1, 2. The crosses show the real data with correct trials shown in blue and the 44 
incorrect trials shown in orange. The gray dots and lines show the predictions. The gray lines are 45 
again provided to guide the eye. A goodness of fit statistic termed quantile maximum products 46 
estimate (QMPE) is also provided 3. Values closer to zero are better for this statistic. Note that the 47 
DDM can replicate the shape of the plot but overinflates the RTs for the highest quantiles. The 48 
UGM without an intercept term misses on shape but does not predict very large RTs. Finally, the 49 
UGM with an intercept term (an additional parameter over the models shown in the center and left 50 
panels) provides the best description of the behavior of the monkeys as provided by the QMPE 51 
statistic. The green ticks and shading denote the model that provided the better fit. 52 
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Supplementary Figure 3 – Visuomotor indices and dependence on coherence shown 54 
separately for each monkey 55 
 56 
a: Box plot showing the distribution of visuomotor index for the three broad neural categories of 57 
interest. X-axes depict category. Y-axes depict visuomotor index. Whiskers show the 5th and 95th 58 
percentile confidence intervals. 59 

b: Left panel, Histogram of log10(BayesFactor) for the visuomotor index. Log Bayes Factors larger 60 
than 10 were included in the final bin of the histogram. A Kolmogorov Smirnov test which 61 
examined the overlap between the distributions of Bayes Factors for the increased vs. perimovement 62 
and increased vs. decreased units was robustly significant. The right panel shows a box plot of the 63 
Bayes Factor for the three different conditions. Very little overlap exists between the Bayes factors 64 
for these populations suggesting that our method of separation was reliable and very rarely classified 65 
perimovement units as increased or decreased units.  66 

c,d: Histogram of the visuomotor index demonstrating broad unit categories in PMd shown 67 
separately for monkey T (a) and monkey O (b). Figure conventions as in Fig. 3a. 68 

e: Average population level choice selective signal (|left – right|) in PMd for the population of 69 
increased units as a function of the color coherence aligned to checkerboard cue onset. All trials are 70 
included and sorted by the choice of the monkey. Figure conventions as in Fig. 3a. Monkey T is 71 
shown in the left panel and Monkey O in the right panel. 72 

f, g: Dependence of the rate of rise of the choice selective signal in the 150–350 ms epoch after 73 
checkerboard cue onset on color coherence for the three broad unit classes (rate of rise of the 74 
curves shown in Fig. 3c or in Supp Fig. 3e). Increased units are modulated the strongest by the color 75 
coherence of the checkerboard cue. X-axes depict different categories. Y-axes depict the slope of the 76 
curve in Fig. 3c or in Supp Fig. 3e and is measured in Spks/s/s/100% coherence. The correlation 77 
coefficient between the rate of rise and the visuomotor index is shown in the figures. Panel f shows 78 
it for the pooled data, panel g shows it for each monkey separately.  79 

 80 

 81 

  82 
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Supplementary Figure 4: Summary statistics for the population of units and per 85 
monkey 86 
 87 
a: Population level discrimination time as a function of RT for each monkey separately for each of 88 
the broad unit categories. This figure complements Fig. 3e and shows that activity related to choice 89 
emerges at the population level earlier in the increased compared to the decreased and 90 
perimovement units.  91 

b: Slopes of the discrimination time vs. RT lines shown in Fig. 3e when aligned to checkerboard cue 92 
onset. For increased units, the slope is smaller suggesting that regardless of eventual RT, choice 93 
related signals begin to appear in PMd approximately 150 ms after checkerboard cue onset. In 94 
contrast, for the perimovement and decreased units, information about choice is only available close 95 
to the movement onset and changes with RT. X-axes depict unit category. Y-axes depict slope in 96 
ms/1 ms of RT. 97 

c:  Same as b but with slopes computed for each monkey separately for the plots shown in Supp. 98 
Fig. 4a. 99 

d: Top panel shows the average discrimination time as a function of RT bin estimated on a neuron by 100 
neuron basis and then averaged for each of the three broad unit categories. The middle panel shows 101 
the average discrimination time for all RTs ranging from 300 to 1000 ms for each broad unit 102 
category. The bottom panel shows a scatter plot of the visuomotor index vs. the discrimination time 103 
colored by the category of the unit. There is a significant negative correlation between the index and 104 
the time of discrimination. 105 

e, f : Same as d for monkey T (e) and monkey O (f). Figure conventions as in d. 106 

g: By 100 ms before movement onset, the slope of the choice selectivity signal only modestly 107 
depends on color coherence. Slopes are estimated on the lines shown in Fig. 3h and compared to a 108 
control slope estimated by shuffling FR across the color coherences. X-axes depict unit category. Y-109 
axes depict slope of curves in Fig. 3h and is measured in Spks/s/s/100% coherence. The bottom 110 
panels show this separately for monkeys T and O.  111 

h: Choice selectivity is distributed in the population. The left panel shows the correlation between 112 
choice probability estimated at each time point for the population of 996 units and the visuomotor 113 
index. X-axes depict time in ms. Y-axes depict the correlation coefficient. The right panel shows a 114 
scatter plot between choice probability and visuomotor index for three different time points (-400, -115 
300, -200 ms before movement onset). In all three cases, it appears to be more consistent with a 116 
continuum than discrete clusters. 117 

  118 
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Supplementary Figure 5 – The index is consistent with other indices proposed for 120 
characterizing a sensorimotor processing chain 121 
 122 
a: A schematic of the analysis technique proposed in 4 to characterize this visuomotor continuum. 123 
The objective of this technique is to estimate the position and slope of a rate change line 124 
parameterized by two terms λ and β so that the mean FRs on each side of the line (over all trials) is 125 
most different. λ is a normalized latency measure (defined as 𝜇𝑁𝑁

𝜇𝑅𝑅
 ). This parameter is the location of 126 

the center of the rate-change line. β is a parameter that deforms the line between complete vertical 127 
to entirely match the shape of the RT distribution and is a constant of proportionality that shifts 128 
each trial in time according to the RT on that trial so that the spikes from all trials are brought into 129 
optimal alignment. We used the least squares error technique described in 4 to find the rate change 130 
line that yields the smallest error for the rates over the surfaces on either side of the line. This figure 131 
is redrawn from Fig. 2 of Ref. 4.   132 
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 133 
b: A hypothetical neuron simulated with a modest λ (0.32) and β=0. This hypothetical neuron is 134 
consistent with a classical “visual” neuron that shows minimal covariation with RT and only 135 
responds to the onset of the visual stimulus. The estimated values of λ and β are very close to the 136 
simulated values. Magenta tick marks depict RT. The red line depicts the estimated line for each trial. 137 
The dashed line shows the simulated latency for the hypothetical neuron. 138 
 139 
c: A hypothetical neuron simulated with a slightly higher λ (0.53) and almost perfect covariation 140 
with RT (β=1). Figure conventions as in b. 141 
 142 
d: λ and β estimated for every increased (left), decreased (middle), and perimovement (right) unit in 143 
our database. The increased units appear to span the entire continuum whereas the perimovement 144 
units are generally closer to β=1. The decreased units are somewhere in between. The plotted values 145 
of λ and β are averaged over both left and right reach choices. 146 
 147 
e: Probability densities of λ and β for the increased, decreased and perimovement units. Lines show 148 
the median values for each of the different units. The y-axes depict probability density in arbitrary 149 
units so that the integral of the probability density function is equal to 1. 150 
 151 
f: Median λ and β for each of the broad unit categories. The increased units have the lowest medians 152 
of λ and β and these are significantly different from the λ and β values for the decreased and 153 
perimovement units. X-axes depict broad unit category. Y-axes show the median value.  154 
  155 



Supplementary Materials – Chandrasekaran et al. 2017 
 

Page 10 
 

 156 



Supplementary Materials – Chandrasekaran et al. 2017 
 

Page 11 
 

Supplementary Figure 6 – The index is tightly correlated with a more sophisticated 157 
measure of correlation between neural responses and RT 158 
 159 

a: Left panel. PMTH for left reaches for the neuron shown in Fig. 2a aligned to movement onset for 160 
all trials. X-axes depict time in ms. Y-axes the trials sorted from fast to slow RTs. This is the input to 161 
the iterative algorithm developed in ref. 5 for relating complex neural responses to RT. Right, same 162 
trials now shifted according to the offset method. Note the better alignment of the peak of the FRs 163 
by adjusting each trial according to an appropriate offset. 164 

b: Mean PMTH aligned to movement onset in the first iteration of the algorithm and the 5th 165 
iteration of the algorithm. 166 

c: The offset for each trial sorted by the RT. Responses for faster RTs need to be shifted away from 167 
movement onset (by adding a negative offset here). The slower RT responses are shifted towards 168 
movement onset (by adding a positive offset). 169 

d: Plot of RT vs. temporal offset. There is a significant positive correlation between the offset and 170 
RT for the increased unit shown in Fig. 2a. 171 

e: Same plot as in Fig. 2d but for the perimovement unit shown in Fig. 2c. Conventions as in Fig. 172 
2d. The points show RT and offset for the right reach trials) 173 

f: Plot of a sign corrected correlation coefficient (averaged over both reach directions) estimated 174 
from the technique and the visuomotor index. Red circles depict putative increased neurons; green 175 
predicts decreased neurons, and blue depicts perimovement neurons. The sign correction was 176 
performed because the offset method does not take into account whether the neuron increases or 177 
decreases its FR. Note the strong correlation between the simple visuomotor index and this more 178 
sophisticated correlation between RT and neural responses. 179 

  180 
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Supplementary Figure 7 – Analysis of the dependence of discrimination time on RT 183 
supports a visuomotor continuum. 184 
 185 
a: A schematic illustrating the values of mcue and mmove for hypothetical purely visual and purely 186 
motor neurons. The parameter of interest is the slope of the curve between discrimination time and 187 
RT when aligned to either checkerboard cue onset or movement onset. The perfect visual neuron 188 
would have a near zero slope (mcue) when aligned to checkerboard cue onset and a slope almost 189 
equal to -1 when aligned to movement onset (mmove). 190 

b:Scatter plot of mcue and mmove for the population of units in PMd. The ellipse is drawn to guide the 191 
axis along which variation is expected. There seems to be a weak tendency for the neurons identified 192 
by the visuomotor index to be increased as having lower values of mcue and more negative mmove. The 193 
more “motor” neurons appear to have slightly higher values of mcue and mmove slopes closer to 0. 194 

c: Median mcue for the population of neurons sorted by broad unit category. X-axes show broad unit 195 
category. Y-axis the median value for the slope aligned to checkerboard cue onset. 196 

d: Median mmove for the population of neurons sorted by broad unit category. X-axes show broad 197 
unit category. Y-axis the median value for the slope of the discrimination time function aligned to 198 
movement onset.  199 
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Supplementary Figure 8: Principal component analysis suggests that increased PMd 201 
neurons show the strongest projection on an axis strongly selective for choice and 202 
also support the broad separation into increased, decreased, and perimovement 203 
neural populations 204 
 205 
a: 1st and 2nd principal component estimated from PCA on the population of FRs (50 ms boxcar) 206 
aligned to checkerboard onset and organized by coherence. X-axes depict time in ms. Y-axes depict 207 
the magnitude of the PC in normalized units. Colors denote different levels of coherence. Solid lines 208 
depict left reaches, dashed lines depict right reaches. PC1 involves a general change in FR with 209 
modest separation by choice and coherence. PC2 involves a lawful organization by choice and 210 
stimulus coherence. 211 

b: Variance explained by each principal component. The top 4 PCs explain the majority of the 212 
variance. The dashed line depicts 1% of variance explained and is provided as a reference. 213 

c: Difference in left vs. right for the top 5 PCs that explain ~ 71% of the FR variance in PMd during 214 
a decision-making task. 215 

d: Loading on the first and second PCs obtained from the principal component analysis. Individual 216 
markers denote different units colored according to their broad unit category identified by the 217 
visuomotor index.  Both the PAIRS statistic and a chi-square test rejected the hypothesis that 218 
loadings are uniformly distributed. 219 

e: Plot of the visuomotor index vs. projection on PC1 for the population of PMd units that we 220 
examined. Again different markers are colored by their different unit categories. Note the robust 221 
spearman’s correlation between the two metrics. PC1, as seen in panel c, explains ~50% of the 222 
variance and thus by proxy, the simple visuomotor index captures ~50% of the variance.  223 

 224 

 225 

  226 
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Supplementary Figure 9: A clustering analysis reveals that a modest number of 230 
clusters provide an excellent account of many of the FR patterns we observed 231 
 232 
a: PSTHs from 5 different clusters identified by K-means for the preferred (PREF, solid lines) and 233 
nonpreferred (NONPREF, dashed line) directions as a function of time aligned to checkerboard cue 234 
onset. Inputs to the clustering algorithm were PSTHs aligned to checkerboard cue onset for PREF. 235 
and NONPREF directions averaged over all RTs. We included 100 ms before checkerboard cue 236 
onset and 600 ms after checkerboard cue onset sorted by tuning direction for the clustering analysis. 237 
We used a correlation measure as a distance metric and thus did not need any normalization. X-axes 238 
depict time in ms. Y-axes depict FR in Hz. Different colored lines denote different RTs as in Fig. 2a. 239 
Dashed black line denotes the onset of the checkerboard cue. The number of units in the cluster 240 
along with the average visuomotor index for these units is shown in the top of each panel. In each 241 
figure, we also include the λ and β indices that were developed in ref. 4 242 

b: Discrimination time as a function of RT bins for each of the clusters identified in a. Note that the 243 
units which increase their FRs after checkerboard cue onset discriminate the choice earlier than the 244 
perimovement and decreased neurons.  245 

c: Same as a but for all RTs from 300-1000 ms. Note that cluster 5 that is the furthest into the 246 
increased part of the continuum shows the earliest covariation with the choice. 247 

d: Plot of the gap statistic as a function of the number of clusters. We chose 5 as the number of 248 
clusters to show because it was the first cluster after the “elbow” in the plot. The chosen value of 249 
K=5 clusters was within within 2*SE of the max in the gap statistic as our estimate of the number of 250 
clusters that could best explain this dataset. A higher number of clusters provided similar results to 251 
what is observed in this figure. 252 

  253 
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Supplementary Figure 10: Color of the target chosen is a poor predictor of FR in 255 
PMd, and instantaneous eye-position and hand position cannot entirely explain 256 
patterns of FRs. 257 
 258 
a: The proportion of increased units with significant beta values for choice, RT, color coherence and 259 
color of target chosen when aligned to movement onset. This regression was performed while 260 
including the factors shown in b. X-axes depict time in ms aligned to movement onset. Y-axes 261 
depict the proportion of increased units for each predictor of interest. The FR of a unit at a time 262 
point was considered to be explained by a predictor if the 95% confidence intervals did not overlap 263 
with zero. 264 

b: Same as a, except for hand position, reach speed, horizontal and vertical eye position. The 265 
proportion of units with significant beta values for choice, RT, and color coherence were computed 266 
from a regression where these nuisance covariates were included as predictors. X-axes depict time in 267 
ms. Y-axes depict the proportion of units with significant beta values for the covariates of interest. 268 

c, e: Same as a for increased units from each monkey separately. 269 

d, f: Same as b for increased units from each monkey separately. 270 
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Supplementary Figure 11: An additional example suggesting a laminar organization 272 
in PMd during decisions 273 
 274 
a: PSTHs from 8 different units recorded in the same session sorted as a function of RT and choice 275 
and ordered from superficial to deep electrodes. This is a different session from the one shown in 276 
Fig. 4. Figure conventions as in Fig. 4a. This single session example and the other single session 277 
example in Fig. 4a support the hypothesis that superficial electrodes have a greater tendency to 278 
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record from increased units (positive indices) whereas the deeper electrodes record more from 279 
perimovement and decreased units (negative and insignificant indices). For this session, PSTHs and 280 
PMTHs reflect FR averaged over more than 100 trials per condition. 281 

b: Average visuomotor index as a function of cortical depth for the session whose examples are 282 
shown in Supp. Fig. 11a. Figure conventions as in Fig. 4b. 283 

c: Average visuomotor index for monkey T and Monkey O as a function of cortical depth along 284 
with the best fit cubic line that describes the dependence of the visuomotor index on cortical depth. 285 
The coefficients along with the confidence intervals are as follows (Monkey T: a=134.7 (82.4, 187), 286 
b = -44.2 (-62, -26), c = 3.0 (1.38, 4.79), d = 0.10, (0.06, 0.14); Monkey O: a=-26.9 (-71.9, 18.2), b = 287 
14.17 (-2.25, 30.6), c = -2.19 (-3.91, -0.46), d = 0.14, (.098, .19)). We used this higher order fit 288 
because of the nonmonotonicity in the data that involve both increases and decreases.  P-values for 289 
the r2 reported here are based on shuffling the index as a function of cortical depth and calculating 290 
the surrogate r2 values and identifying the number of shuffled r2 that exceeded the measured r2. 291 

d: The average discrimination time increases with cortical depth. Figure conventions as in Fig. 4d.  292 

  293 
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Supplementary Figure 12 – Caudal recordings and classification accuracy for PMd 295 
 296 
a: Average visuomotor index as a function of cortical depth over 12 sessions recorded in a caudal 297 
location in monkey T’s recording chamber (putatively M1). There is no systematic decrease as a 298 
function of cortical depth. X-axes depicts cortical depth in mm. Y-axes depicts the visuomotor 299 
index. 300 

b: Choice classification accuracy for superficial (electrodes 1-8) and deep (9-16) as a function of time 301 
for all RTs when aligned to checkerboard cue onset for monkey T(top panel) and monkey O 302 
(bottom panel). The classification was performed on a session-by-session basis, and the number of 303 
units used for superficial and deep electrodes was equalized by setting the number of units used in 304 
the classifier to be the same. We only used sessions where we had greater than 10 units recorded 305 
from the U-probes in this classification analysis (19 sessions for T, 12 sessions for O). We used 50 306 
ms bins stepped by 2 ms bins and used a linear classifier. 307 

  308 
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Supplementary Figure 13 – Main results are preserved even when analysis is 310 
restricted to the single units 311 
 312 
a: Slope of the choice selectivity signal (as shown in b) in the 150 – 350 ms epoch (for e.g. 313 
demarcated by the shaded grey region in b) after checkerboard cue onset for increased ( 398 314 
neurons), decreased (124 neurons) and perimovement neurons (279 neurons) in PMd for the seven 315 
different color coherence levels.  Red color denotes increased neurons. Blue and green colors denote 316 
the perimovement and decreased neurons. Error bars are SEM estimated over units. We compared 317 
the slopes of these curves to a slope estimated through shuffling across color coherences. Please also 318 
see Fig. 3c which plots it for both single neurons and multiunits we recorded. 319 

b: The population response of increased neurons (shown in red) begins to signal the eventual choice 320 
~100-150 ms after checkerboard cue onset regardless of RT. Conventions as in Supp. Fig. 4d which 321 
shows the same analysis when including both single neurons and multiunits. 322 

c: Scatter plot of the visuomotor index vs. the discrimination time colored by the category of the 323 
neuron. There is a significant negative correlation between the index and the time of discrimination. 324 
Please see bottom panel of Supp. Fig. 4d for the same analysis that includes both single- and multi-325 
units 326 

d:Average discrimination time for all RTs ranging from 300 to 1000 ms for each broad neuronal 327 
category. Please see middle panel of Supp. Fig. 4d for the same analysis that includes both single and 328 
multiunits.  329 

e: The visuomotor index estimated only for single neurons by pooling over sessions from both 330 
monkeys T and O decreases as a function of depth (68 sessions). X-axes depict depth in mm. Y-axes 331 
depict the index. Error bars denote SEM. Figure conventions as in Fig. 4c. Both single neurons and 332 
multiunits are shown in the figure. Results are very similar for both single neurons and multiunits. 333 

f: Average discrimination time as a function of cortical depth for the population of PMd neurons. X-334 
axis depicts depth in mm. Y-axis the discrimination time in ms. Errorbars denote SEM estimated 335 
over sessions. Both single neurons and multiunits are shown in the figure. Results are very similar 336 
for both single neurons and multiunits. 337 

 338 

 339 

 340 

 341 

 342 
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Supplementary Note 1: Testing candidate computational models to describe 344 
the behavior of the monkeys 345 

The behavior of the monkeys can be explained by both the DDM and the UGM 346 
 347 
To assist in the interpretation of decision-related neural responses in PMd, we examined the 348 
behavior of the monkeys using two different behavioral models proposed for decision-making, the 349 
drift-diffusion model (DDM)1, 6 and the urgency gating model (UGM)7, 8, 9. The first model, the 350 
DDM is a well established model that was initially proposed in landmark psychophysical studies to 351 
explain choice and RT1, 6 especially in tasks where the evidence provided by a sensory stimulus was 352 
constant over time (such as our static visual checkerboard). The DDM has since then been advanced 353 
as a candidate framework to understand FRs in many brain regions during perceptual decision-354 
making10, 11, 12, 13, 14, 15, 16. The second model, the UGM was recently proposed to provide a better 355 
description of both behavior and PMd responses in decision-making tasks with dynamically 356 
changing stimuli7, 8, 9, 17. Subsequent studies have suggested that the UGM can explain behavior even 357 
in tasks with constant evidence stimuli18. Both models predict lawful but different structures for RT 358 
and behavioral accuracy and we examined if the behavior of the monkeys were better described by 359 
one or the other model. 360 

We first fit the monkeys’ RT distributions and accuracy with a full variant of the DDM. The 361 
assumption of the DDM is that choice behavior and RTs arise from a process of deliberation that 362 
involves the integration of evidence (e.g. noisy spike trains in sensory areas in response to the red 363 
and green squares in the checkerboard cue) to one of two predefined bounds19, 20, 21.  This DDM 364 
incorporates both variability in the drift-rate as well as the non-decision time parameter (Supp. Fig. 365 
1a)19, 20, 22, 23, 24. Comparison models that did not incorporate variability in these parameters were 366 
substantially poorer fits to the behavior. The goodness of fit statistics for the different variants of 367 
the DDM that we fit to the data are shown in Supp. Table 1.  368 

As color coherence decreases, the DDM predicts poorer discrimination accuracy and longer 369 
RTs (Supp. Figs. 1b-c)—observations consistent with measured behavior shown in Figs. 1d, e. In 370 
Supp. Figs. 1b, c the magenta points denote the DDM fits and the black filled points either show the 371 
measured proportion responded red or measured RTs. Magenta line segments are drawn in between 372 
the predicted points from the DDM to guide the eye.  373 

Consistent with prior studies in humans and monkeys using similar stimuli23, 24, 25, 26, 27, the 374 
model fits from the DDM, estimated using choice behavior and RT distributions pooled all sessions, 375 
were excellent for both monkeys (>100,000 trials per monkey, Supp. Figs. 1b-c, Psychometric curve: 376 
R2=0.99 for T and R2=0.99 for O; Pooled RT: R2=0.98 for T; R2=0.91 for O). The model fits to the 377 
mean RT were better for the easier coherences than the harder coherences. The DDM, as previously 378 
noted, overestimates the RTs for the hardest coherences26. Differences in discrimination behavior 379 
and RT of the monkeys were explained by smaller bound height parameters for monkey O (A=0.65) 380 
compared to monkey T (A=1.02) suggesting that monkey T integrated evidence for a longer 381 
duration to make his decision. The parameters of this best fit model are provided in Supp. Tables 2, 382 
3.  383 

We used the mean estimate of non-decision times from the DDM fit and subtracted it from 384 
the measured RT to arrive at a rough estimate of decision time ranges (Supp. Fig. 1d, mean of the 385 
non-decision time estimate from the model (t0): 332 ms for monkey T, 364 ms for monkey O). 386 
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These non-decision time estimates are quite high. However, we note that in the variant of the DDM 387 
that provides the best fit to the behavior, the non-decision times are also modeled as a uniform 388 
distribution, and this introduces a trial-to-trial variability for non-decision times28. Incorporating this 389 
variability in non-decision times in behavioral models is also consistent with the many 390 
neurophysiological studies that find that baseline FRs of neurons before stimulus onset in decision-391 
related structures covary with RT29, 30, 31. This variability range was ~140 ms for monkey T and ~120 392 
ms for monkey O. So non-decision times could be in principle as low as ~256 ms for monkey T and 393 
~290 ms for monkey O. These non-decision time estimates are similar to reports of mean RTs of 394 
~245 to ~335 ms from simple delayed-reach tasks where the assumption is that these tasks provide 395 
access to these non-decision times uncontaminated by other factors17, 32.  396 

After subtracting out the mean non-decision time, mean decision time estimates from the 397 
DDM fit for the hardest checkerboard cues are ~220 ms for monkey T and ~93 ms for monkey O. 398 
For monkey T, decision times for a significant proportion of the trials (~35-40%) for the hardest 399 
color coherence lie between 220 ms (mean decision-time) to 510 ms (estimated from 95th percentile 400 
of the RT distribution). The corresponding range is ~92-227 ms for monkey O. Overall, these 401 
estimates of decision time using the DDM for our monkeys overlap with or exceed decision times 402 
observed in monkeys performing static visual stimulus discrimination tasks32, 33 or an RT auditory 403 
discrimination task20, and overlap with estimated decision times for monkeys performing variable 404 
duration random-dot discrimination tasks19, 34. Our decision time estimates are lower than some 405 
estimates of decision times of some monkeys performing RT random-dot motion discrimination 406 
tasks12.  Lower decision times as estimated by the DDM in our task, especially for monkey O, may be 407 
due to factors such as the static nature of the stimulus (in comparison to the time-varying nature of 408 
the random-dots stimulus which in principle encourages greater amounts of temporal integration), 409 
use of arm movements as a behavioral report, and differences in behavioral training.  410 

The DDM is not the only model which has been proposed to explain the behavior of 411 
monkeys performing discrimination tasks. The second candidate computational model recently used 412 
to describe RTs and accuracy of participants in discrimination tasks is the Urgency Gating Model 413 
(UGM)7, 17, 29. In the UGM, sensory evidence is not temporally integrated to a bound. Instead, novel 414 
sensory evidence is low pass filtered (a fixed time constant of 100 ms was used here) and then 415 
multiplied by an urgency signal that grows with time35. A response is initiated when a sample exceeds 416 
a decision threshold7, 17, 29. Using the framework described in ref. 26, we quantitatively examined 417 
whether the RT and accuracy of the monkeys were better fit by the UGM or the DDM.  418 

Supp. Fig. 2a shows the fits from a DDM (left panel), a UGM with a time constant of 100 419 
ms (urgency signal = βt, middle panel, β=1), and another UGM with the same 100 ms time constant 420 
but also including an additional intercept term for the urgency signal (urgency signal = α + βt, right 421 
panel, β=1). In this framework, the number of free estimated parameters for the DDM and one of 422 
the UGMs is the same (7 different drift rates, a non-decision time and an upper bound and trial-by-423 
trial variability in the drift rates).  The other UGM also included an additional parameter because of 424 
the intercept used for the urgency signal. A closer analysis of the plots presented in the left panel of 425 
Supp. Fig. 2a suggests that the DDM is an excellent fit to the lower quantiles of RT (10, 30, 50th 426 
percentiles) but overestimates the 70th and 90th percentiles relative to the data (consistent with the 427 
inflated mean RTs for the harder coherences shown in Supp. Fig. 1). Although the UGM without an 428 
intercept term did not overestimate the RTs for the highest quantiles it demonstrated inflated mean 429 
RT s for the error trials and suggested a shape for the RT distribution inconsistent with the behavior 430 
of the monkeys. The best model fit of the three models was achieved by the UGM with a 100 ms 431 
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time constant and an urgency signal with an intercept term (right panel). The addition of an intercept 432 
term to the urgency signal provided it with the flexibility to generate early decisions and thus better 433 
model RT distributions. This model provides a shape for the RT distribution which is more 434 
consistent with the behavior of the monkeys albeit with one additional parameter. Crucially, the 435 
UGM does not over predict the RTs for the highest quantiles and begins to show shapes that are 436 
consistent with the shapes for the real data.  437 

These analyses suggest that incorporation of an urgency signal might be needed to explain 438 
the behavior of monkeys performing this checkerboard discrimination task 7, 9, 36, 37 and that the 439 
UGM with both a slope and intercept term for the urgency signal provides a modestly better 440 
description of the behavior of the monkeys performing this checkerboard discrimination task 18.  441 

Supplementary Discussion: Drift diffusion vs. Urgency Gating Model of Decision-442 
making 443 
 444 
Our results from the model fitting analysis suggested that the behavior of the monkeys are 445 
consistent with some of the predictions from the DDM23, 24 as well as some predictions of the 446 
UGM8, 17, 18, 38. However, the DDM consistently predicted longer RTs than what was observed in the 447 
behavior — a problem recognized previously in models attempting to describe the behavior of 448 
human subjects performing this task39. The UGM with an intercept and slope term was the best fit 449 
to the RT data of the monkeys. 450 

This analysis first reiterates the well-known value of examining RT distributions to fit 451 
computational models of decision-making rather than just the mean RTs and accuracy1, 26. Moving 452 
forward, incorporating a collapsing threshold for the DDM, different time courses (exponential, 453 
parabolic, etc.) for the urgency signals, and adjustments of time constants used in the UGM are 454 
elaborations that will likely improve the fits to the RTs and accuracy of the monkeys in this task25, 36, 455 
37, 39, 40, 41, 42. Such analyses might help pin down the degree to which monkeys integrate or not the 456 
sensory evidence in this checkerboard discrimination task. Consistent with this observation, a recent 457 
study showed a threefold improvement in fits to the behavior when using a DDM with collapsing 458 
bounds to model the behavior of human subjects performing a variant of the checkerboard 459 
discrimination task39. Rigorous model comparison by elaborating all of these different model 460 
variants and tests of a wide range of parameter regimes is needed if modeling methods are used to 461 
resolve this debate about mechanisms underlying perceptual decisions1, 26. 462 

Besides advances in the mathematical modeling of behavior from decision-making tasks, an 463 
important complementary approach to distinguish between the DDM and the UGM will come from 464 
using dynamically changing stimuli and also incorporating task designs that involve speed accuracy 465 
tradeoffs8, 17, 18, 38. The DDM and the UGM make different predictions for dynamically changing 466 
stimuli, and thus stimulus manipulations provide a powerful tool to dissociate between these models. 467 
A recent set of studies provided an important illustration of the power of these dynamically 468 
changing stimuli17, 29, 35 by adopting a novel “tokens” task where the sensory evidence dynamically 469 
changed over time17. The behavior of the monkeys and humans in this task were consistent with the 470 
UGM and not the DDM17, 29, 35. Paralleling this behavioral finding, neural responses in PMd do not 471 
appear to integrate sensory samples. Instead, activity in PMd quickly tracks sensory information and 472 
combines it with a growing urgency signal17, and this is consistent with the predictions of UGM. 473 
One purported limitation of the “tokens” task design is that the stimulus by itself provides the 474 
integral of the sensory evidence38. This is in comparison to the random-dots stimuli where only the 475 
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momentary evidence is available and not the integral of the sensory evidence. However, recent 476 
efforts in humans have addressed this issue by using a variant of the random dot motion 477 
discrimination task and suggesting that the UGM might apply in other stimulus contexts as well18. 478 

Finally, understanding which model describes the neurophysiological responses in PMd and 479 
other structures may also emerge from an explicit examination of the recurrent nonlinear dynamics 480 
either at the single-neuron single-trial level43 or at the population level44, 45. In addition, examining the 481 
same neurons in monkeys trained to perform two different tasks, one with constant evidence (e.g., 482 
the static checkerboard, the random dot motion stimuli) and the other with dynamically changing 483 
evidence (e.g. the tokens stimuli, or random dot stimuli with shaped stimulus statistics for each set 484 
of frames) might provide a way to identify whether there is a universal decision-making mechanism 485 
adopted regardless of task context and stimulus46. 486 

 487 
  488 
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Supplementary Note 2: Discrimination time differences are preserved on a 489 
neuron-by-neuron basis 490 
 491 
We also performed the discrimination time analysis on a neuron-by-neuron basis and observed the same 492 
result (Supp. Figs. 4d-f, for the comparisons between increased vs. decreased as well as increased vs. 493 
perimovement, all p values for permutation tests for each RT bin over 10000 shuffles were < .009).  494 
The average discrimination time for the increased units over all RTs (300-1000 ms) was significantly 495 
faster for the increased compared to both the decreased and perimovement units (Wilcoxon 496 
ranksum comparing median discrimination time for Increased vs. Decreased, Pooled: p=2.28e-09, 497 
Monkey T: 8.97e-05; Monkey O: 5.51e-07; Increased vs. Perimovement: Wilcoxon ranksum, Pooled 498 
p=3.457e-14; Monkey T:  4.45e-11, Monkey O: 1.68e-04).  Finally, the discrimination time estimated 499 
over all RTs (300-1000 ms) was negatively correlated with the visuomotor index (Spearmans’s rank 500 
correlation pooled r=-0.32, p=2.67e-24, Monkey T: r=-0.36, p=9.188e-18, Monkey O: r=-0.36, p 501 
=3.073e-14, bottom panels of Supp. Figs. 4d-f).  502 

  503 
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Supplementary Note 3: Choice selectivity is distributed in the PMd neural 504 
population 505 
 506 

We also examined the relationship between visuomotor index and choice selectivity to understand if 507 
choice selectivity is distributed or clustered in this PMd neural population. The left panel of Supp. 508 
Fig. 4h shows the correlation between choice probability and the visuomotor index when aligned to 509 
movement onset. The right panel of Supp. Fig. 4h shows a scatter plot of the visuomotor index vs. 510 
choice probability for time points 400, 300 and 200 ms before movement onset. At 300 ms before 511 
movement onset, there is a strong covariation between the visuomotor index and choice probability. 512 
For all three time points, choice probability is largely consistent with a continuum and less with 513 
distinct clusters of high and low choice selectivity.  514 

  515 
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Supplementary Note 4: Additional metrics for characterizing a visuomotor 516 
continuum are consistent with temporal heterogeneity in decision-related PMd 517 
responses 518 
 519 
We first used the method developed in Ref. 4 to characterize a visuomotor continuum (a schematic 520 
is provided in Supp. Fig. 5a). In this approach, for every neuron, a parameter λ that denotes 521 
normalized latency (defined as 𝜇𝑁𝑁

𝜇𝑅𝑅
, where 𝜇𝑁𝑁 is mean neuronal latency, 𝜇𝑅𝑅 is mean reaction time) 522 

and a parameter β that describes the dependence of FRs on RT is estimated. These parameters are 523 
estimated using a technique that does not involve solving the difficult problem of estimating single-524 
trial latencies from Poisson spike trains. Simulations of a hypothetical pure visual neuron (a modest 525 
λ, β=0) and a hypothetical pure movement neuron (higher λ, β=1) are shown in Supp. Figs. 5b and 526 
5c respectively. Reassuringly, the estimated parameters from applying the algorithm to the spike 527 
trains from the hypothetical neurons are close to the generative parameters we used.   528 

Our prediction was that increased neurons should have the lowest λ, β  values and the 529 
perimovement units would have the largest λ, β  values. Our results were largely consistent with this 530 
prediction (Supp. Fig. 5d-f). Both λ and β (averaged over both choice directions for each unit) were 531 
negatively correlated with the visuomotor index (Spearman’s correlation coefficient; pooled: r=-0.26, 532 
p=2.99e-17; β: r=-0.30, p=5.59e-22, Monkey T: λ: r=-0.37, p=3.42e-19; β: r=-0.36, p=1.25e-18, 533 
Monkey O: λ: r=-0.25, p=7.09e-08; β: r=-0.30, p=5.14e-11). As expected and in part by definition, 534 
these values of λ and β were also positively correlated with the discrimination time of the neurons 535 
(λ, r=0.21, p=1.44e-11; β: r=0.19, p=2.63e-10)—neurons with lower values of λ (or β) signaled the 536 
choice earlier than neurons with higher values of λ (or β).  Together these results using the method 537 
from4 are consistent with our findings using the visuomotor index. 538 

 539 
Our second approach was to use a novel analysis method developed in ref. 5 to relate 540 

neuronal responses to RT. This method uses an iterative method to identify for each trial, an offset 541 
that would best align that trial with the average over all the other trials (Supp. Fig. 6a-c). A 542 
correlation coefficient is then estimated between these offsets and the RTs (Supp. Figs. 6d, e). In our 543 
case, the units that show sustained patterns of FR (either increases or decreases) when aligned to 544 
movement onset should show a significant correlation (Supp. Fig. 6d for example). The 545 
perimovement units, in contrast, should need minimal shifts as a function of RT (Supp. Fig. 6e). We, 546 
therefore, performed this analysis and estimated for each unit the set of offsets needed to maximally 547 
align the responses and correlated this trial-by-trial offset to the RT on different trials. Note that this 548 
method, unlike our visuomotor index, will estimate significant positive correlations for units that 549 
decrease their FRs as well as units that increase their FRs. To estimate a sign for this correlation, we 550 
added an additional “directionality” term by measuring whether the difference in FR in the 100 ms 551 
epoch before movement onset was higher or lower than the FR in the -800 to -700 ms epoch before 552 
movement onset. We multiplied the correlation estimated from the method and this directionality 553 
term. This sign corrected correlation (averaged over both choice directions for each unit) and the 554 
visuomotor index we proposed are closely related to one another (Supp. Fig. 6f, Spearman’s r = 555 
0.37, p = 1.36e-33).  556 

 557 
 The third approach we used to characterize this neural population was to examine the slope 558 
of the regression line between the discrimination latency and the RT curve measured on a neuron-559 
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by-neuron basis when aligned to checkerboard cue onset and to movement onset. This analysis is 560 
based on the method proposed in refs.47, 48. The assumption of this analysis is that a neuron in the 561 
“visual” side of the continuum, when aligned to checkerboard cue onset, would show only modest 562 
changes in the discrimination time as a function of RT (red line in upper panel of Supp. Fig. 7a). In 563 
contrast, the response of a perimovement neuron would closely follow the RT this would lead to a 564 
systematic increase in discrimination time with RT (blue line in the upper panel of Supp. Fig. 7a). 565 
The slope of these curves aligned to checkerboard cue onset (mcue) would provide an estimate of the 566 
position of this neuron along this visuomotor continuum. Similarly, when aligned to movement 567 
onset, the opposite pattern should be observed. A hypothetical neuron in the visual portion of the 568 
continuum should show earlier discrimination time relative to movement onset for longest RTs (red 569 
line in the lower panel of Supp. Fig. 7a). The hypothetical movement neuron should show the same 570 
discrimination time as a function of RT (blue line in the lower panel of Supp. Fig. 7a). The slope of 571 
these curves as a function of RT when aligned to movement onset also provides yet another 572 
description of the position of neurons along the continuum. For a canonical visual neuron, we 573 
would have mcue~0 and mmove~-1. A canonical movement neuron should have mcue~1, mmove~0. 574 
Intermediate values shown in the figure in gray lines are meant to depict different neurons in the 575 
visuomotor continuum. Supp. Fig. 7b shows the distribution of the mcue and mmove slopes for the 576 
population of units investigated here. Supp. Figs. 7c, 7d show the median slopes for mcue and mmove 577 
for the population of increased, decreased, and perimovement units. The increased units are the 578 
ones with the lowest mcue and negative mmove, whereas both the perimovement and decreased 579 
neurons are more in the motor end of the continuum with larger mcue and positive mmove values 580 
(ranksum test, mcue: Increased vs. Decreased: p = 3e-4, Increased vs. Perimovement: p =6.69e-4; 581 
mmove: Increased vs. Decreased: p=3.16e-10, Increased vs. Perimovement: p=6.31e-06, shuffle tests, 582 
p < 0.005 for all Increased vs. Decreased and Increased vs. Perimovement comparisons). These 583 
pairwise comparisons were also consistent with significant negative correlations between the 584 
visuomotor index and the slopes suggesting that the increased neurons had lower mcue slopes and 585 
more negative mmove slopes (mcue vs. visuomotor index, Pooled: r=-0.15, p = 3.33e-6; Monkey T: r = 586 
-0.17,p=8.55e-5; r=-0.15, p=0.003; mmove vs. visuomotor index , Pooled:, r = -0.22, p = 2.87e-12; 587 
Monkey T: r = -0.14, p = 5.39e-4; Monkey O: r=-0.25, p=6.05e-8).  588 

  589 
Thus, all of these different analyses that characterize different aspects of the responses 590 

bolster the view that a continuum of responses is involved in the decision-formation process in 591 
PMd. 592 

Principal component analysis of neural signals suggests that increased units 593 
demonstrate stronger covariation with the decision formation process 594 
 595 
Our analysis thus far has heavily relied on analysis on a neuron-by-neuron basis to separate out the 596 
patterns of FRs in PMd during this decision-making task. However, all of the indices could be 597 
clumping together patterns of FRs that were different and thus underestimating the diversity of 598 
neural responses during this task. A recent, alternative approach is to use principal component 599 
analysis (PCA) to understand the diversity of neural responses and to describe the population level 600 
structure in a brain region46, 49, 50. 601 

 Supp. Figs. 8a, b show the first two components extracted by PCA on the population FRs. 602 
The first PC involves a general increase in FR after checkerboard cue onset with a modest amount 603 
of separation by choice and stimulus coherence. The second principal component has a stronger 604 
separation by choice as well as coherence. A plot of the variance vs. the number of dimensions 605 
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suggests that a majority of the variance in these PMd FRs is well captured by the first few principal 606 
components. The distance in FR between left vs. right reaches for the top 5 PCs that capture ~70% 607 
of the variance shows an ordered structure as a function of stimulus coherence (Supp. Fig. 8c).  608 

 The loadings on the first two principal components shown in Supp. Fig. 8d provide 609 
additional credence to our claim that there are broad unit populations in PMd with different roles in 610 
the decision-formation process. If there was a random ensemble of units that we had separated 611 
artificially by our index and the other metrics we used above, a plot of the loadings on the first two 612 
PCs would be uniformly distributed in this two dimensional space (in that gray shaded circle shown 613 
in Supp. Fig. 8d). Instead, we find a non-uniform distribution for the loadings. Both a chi-square test 614 
and the more sophisticated PAIRS test51 developed in a recent study rejected the null hypothesis that 615 
the loadings are uniformly distributed on the circle (null hypothesis is that PAIRS index=0, PAIRS 616 
index=0.31, p~0, bootstrap test, χ2 =306.98, p=1.77e-51). We found that the median for the absolute 617 
value of the loading on PC2 (|PC2|), a component that strongly covaries with choice is larger for 618 
the increased compared to the decreased and perimovement units (Ranksum, Increased vs. 619 
Decreased, p =0.0013, Increased vs. Perimovement: p=2.38e-13, correlation between absolute 620 
loading on PC2 and the visuomotor index: r=0.26, p =1.51e-16). The principal components analysis 621 
argues that neurons with increases in FR (projection on PC1) are also the ones that are more likely 622 
to have a stronger covariation with choice and coherence (projection on PC2) — a result consistent 623 
with the findings from the simple visuomotor index in Fig. 3 (in the main text). 624 

Performing the principal component analysis also provided us with an opportunity to 625 
quantify the amount of variance the simple visuomotor index can capture in the data. We found that 626 
the visuomotor index was tightly correlated to the loading on the first principal component, the 627 
vector that by definition explains the maximal variance. This correlation between the visuomotor 628 
index and the first principal component was very large (Supp. Fig. 8e, r=0.83, p~0, spearman’s 629 
correlation). This first principal component explained ~ 50% of the variance of the FRs and thus 630 
our simple index obtained by a regression analysis can account for at least close to half of the 631 
variance of the FRs in PMd. Thus, when designing this index, our visual inspection was identifying a 632 
property of the FR profile that explained a dominant portion of the FR variance. 633 

Clustering analysis suggests that increased units covary earlier with the decision-634 
formation process 635 
 636 
We also adopted a clustering technique as an alternative method to partition with minimal 637 
supervision, the patterns of FRs observed in PMd during the decision-making process 52. Our 638 
prediction was that if the increased, decreased and perimovement neurons were meaningful broad 639 
populations in PMd, then this should again emerge in the clustering analysis. 640 

Supp. Fig. 9a shows 5 clusters identified through a k-means clustering algorithm. Each panel 641 
shows the average FRs of the neurons within a cluster organized by RT, aligned to checkerboard cue 642 
onset and separated by the preferred and nonpreferred direction reaches. The size of the cluster and 643 
the average visuomotor index and average λ, β values are also provided for each panel. As Supp. 644 
Fig. 9a shows, the mean FR for the different clusters is in good agreement with what is predicted by 645 
our simple visuomotor index as well as the metrics proposed in ref. 4. As predicted, the unsupervised 646 
clustering technique identifies the decreased units as a cluster (with a negative visuomotor index). It 647 
also identifies a “perimovement” like cluster with a visuomotor index that hovers around zero. 648 
Finally, the remaining three clusters it identifies appear to involve increases in FR (and have positive 649 
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visuomotor indices). Supp. Fig. 9b shows the average discrimination time as a function of RT for the 650 
different clusters. These latencies are obtained from the neuron-by-neuron estimates of the 651 
discrimination time previously plotted in Supp. Fig 4. Supp. Fig. 9c shows the average discrimination 652 
time for these neurons across all RTs. Clusters 3 – 5, that are the most consistent with the increased 653 
units again show the earliest selectivity for choice. 654 

 The question with any clustering analysis is whether the chosen number of clusters is 655 
meaningful. To identify the number of clusters, we used the gap statistic method53. The gap statistic 656 
quantifies the change in within-cluster dispersion with that expected under an appropriate reference 657 
null distribution53. The number of clusters is chosen to be the minimal value of k that involves the 658 
largest separation between the dispersion computed for the true distribution and the reference 659 
distribution. With very small numbers of clusters, the difference between the within group 660 
dispersion and the reference distribution is low and thus the gap statistic is low. At some point, this 661 
difference increases and the first such value is a good indication of a reasonable clustering of the 662 
data53. A plot of the gap statistic as a function of the number of clusters is shown in Supp. Fig. 9D. 663 
As expected for 1 cluster this gap statistic is small. As the number of clusters increases the within 664 
group variance begins to decrease, and after ~4-5 clusters the gain in explanatory power by adding a 665 
new cluster is modest. If there were really say 100 distinct FR patterns in our population of ~1000 666 
units recorded in PMd during this decision-making task, this gap statistic plot would have no such 667 
elbow at ~4-5 clusters. It would smoothly rise until K = 100 and then level out or fall off. This 668 
clustering analysis again suggests that neurons are consistent with a visuomotor continuum from 669 
decreased to increased responses.  670 

There is a modest increase again in the gap statistic for higher numbers of clusters (e.g. K = 671 
10-12). This gap statistic is within 2 standard errors of the gap statistic for K=5 suggesting only a 672 
modest improvement. We also examined the results from a clustering analysis with 12 clusters and 673 
again observe a strong negative correlation between the visuomotor index and the average 674 
discrimination time estimated for each of these clusters (Spearman’s r=-0.88, p=1.92e-4). 675 

  676 



Supplementary Materials – Chandrasekaran et al. 2017 
 

Page 35 
 

Supplementary Note 5: Controls for color of target chosen and hand/eye 677 
movement profiles 678 
 679 
One potential concern with using selective averaging to show that the FRs of increased units are 680 
consistent with a decision variable is that it is circular.  Circularity could arise if we only selected 681 
units with strong choice selectivity and then performed a statistical test to contend that the selected 682 
units are on average strongly choice selective. However, we designed our index to identify units as 683 
increased or decreased by only testing if FRs before movement onset increased or decreased as a 684 
function of RT.  The index did not utilize any information about choice selectivity to separate out 685 
units. In support of this assertion, the presence or the absence of covariation with RT before 686 
movement onset was the key identifying factor for both increased and decreased units. However, 687 
only the increased units had properties consistent with a candidate decision variable. 688 

 We also used a regression analysis to examine if there were any relationships between the 689 
increased unit FRs and the color of the target chosen by the monkey while controlling for other 690 
factors. We built a single regression model in which we included choice, color coherence, and RT as 691 
predictors. In the model, we also included the color of the target chosen as a factor as well as other 692 
nuisance covariates such as eventual arm movement speed, instantaneous hand position, and eye 693 
position on single trials. Choice, RT, and color coherence were again robust and reliable predictors 694 
of FRs in increased units (we assessed significance by comparing if confidence intervals of model 695 
predictors overlapped with zero). The effects of choice, RT, and coherence were good predictors of 696 
FRs in both monkeys. Choice and RT had similar explanatory power for FRs of increased neurons 697 
from both monkeys (Supp. Fig. 10c, e). Effects of coherence were stronger in Monkey T than 698 
Monkey O. 699 

In contrast, the number of units that significantly covaried with the color of the target 700 
chosen was largely at chance levels (~5%) in the epoch before movement onset (Supp. Fig. 10a, c, 701 
e). Thus, FRs of increased neurons in PMd do not appear to covary with the color of the target that 702 
was chosen—a result consistent with previous observations32, 54.  Again, this effect was observed in 703 
both monkeys (Supp. Fig. 10c, e). 704 

The regression analyses also allowed us to exclude explanations, which propose that 705 
response modulations observed in Fig. 3, are due to differences in the kinematics of the eventual 706 
arm movement (e.g. speed). For the increased units, the regression analysis showed that nuisance 707 
covariates can explain some proportion of FR variance (Supp. Fig. 10b, d, f). However, these 708 
nuisance covariates are insufficient to entirely explain the FR variance observed in increased units. 709 
Even when these nuisance covariates are included in the regression, choice, color coherence, and RT 710 
are still significant predictors of the FRs of increased units (compare Supp. Figs. 10a and 10b). 711 
These patterns were again observed in both monkeys. These nuisance covariates explained a more 712 
significant fraction of the FR variance in monkey T (Supp. Fig. 10d) than in monkey O (Supp. Fig. 713 
10f). 714 

  715 
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Supplementary Note 6: Conclusions do not change when examining just 716 
isolated single neurons 717 
 718 
We also confirmed that our results were not influenced by the inclusion of the multi-units in the 719 
database. We examined these effects in four different key analyses that we report in the main results. 720 
We focused on the results describing the dependence of slopes on coherence, discrimination time, 721 
laminar distribution of the index and discrimination time as a function of cortical depth. None of 722 
the conclusions change when only considering the isolated single neurons (Supp. Fig. 13a-f).  723 

First, the dependence on coherence was stronger for the increased compared to the 724 
decreased and perimovement neurons (Supp. Fig. 13a, Increased: 45.29 (3.59), Decreased: 25.38 725 
(3.33), Perimovement: 19.09 (1.99), Increased vs. Decreased: Wilcoxon ranksum p = 5.62e-726 
03,increased vs. perimovement: Wilcoxon ranksum p= 2.69e-07, decreased vs. perimovement: 727 
Wilcoxon ranksum p = 0.2, correlation between visuomotor index and slope: Spearman’s r = 0.33, p 728 
< 4.77e-22). Second, increased neurons in PMd signaled the choice earlier than the decreased 729 
neurons and perimovement neurons (Supp. Figs. 13b-d, correlation between visuomotor index and 730 
discrimination time for all RTs from 300 ms to 1s: Spearman’s r=0.36, p < 3.47e-25; Increased vs. 731 
Decreased: ranksum p=1.23e-10, increased vs. perimove: p < 8.91e-12). Third, the visuomotor 732 
index again showed the same dependence as a function of cortical depth for both single neurons and 733 
multi-units (Supp. Fig. 13e, goodness of fit for single neurons: R2 = 0.88, p < 2e-3, 1000 shuffles). 734 
Finally, the discrimination time also increases as a function of cortical depth for only the single 735 
neurons (Supp. Fig. 13f, r=0.69, p < 0.0042). Together, the results for single neurons are largely 736 
consistent with the results reported including both single neurons and multiunits in PMd. 737 

Supplementary Discussion:  738 

The majority of the electrophysiological data reported in this manuscript were single neurons 739 
(~80%) recorded in PMd during the decision-making task. However, we also included a substantial 740 
fraction of multiunits in the data (~20%). The multiunits certainly provided us with additional power 741 
for the analyses presented here, but it may have also lead to spurious misclassification of units in the 742 
continuum. First, in the worst case, there is the possibility of combining the FRs of an increased 743 
neuron with a decreased neuron and a perfect cancelling in the decision-formation period could 744 
result in a spurious perimovement unit. Fortunately, as our laminar recordings show, the increased, 745 
decreased and perimovement like FRs appear to be roughly segregated as a function of cortical 746 
depth, so this type of spurious mixing will be minimized due to this topographic organization. 747 
Second, because a multiunit contains additional spikes, there is a slightly greater chance that a 748 
decreased neuron will be misclassified as a perimovement or an increased unit and this will increase 749 
the preponderance of increased units in our dataset. Third, there is also the possibility that some 750 
finer grained temporal patterns are smeared because of combining multiple neurons into a unit. 751 
Finally, inclusion of the multiunits could have resulted in smoother visuomotor continuum than 752 
what is actually present in PMd. Future studies that use a laminar electrode with a tetrode 753 
configuration that will improve isolation or the next generation of silicon electrodes that provide 754 
high-density recordings in combination with automated sorting methods may further illuminate the 755 
microcircuit in PMd and other structures involved in perceptual decision-making55, 56. These 756 
techniques may allow us to derive so-called “electroanatomical” maps of brain regions55.  757 

 758 
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Supplementary Note 7: Recordings in caudal locations of the recording 759 
chamber do not show the same laminar trends observed in PMd 760 
 761 

We also compared these trends observed in PMd to those recorded in one of the monkeys (monkey 762 
T) in more caudal locations of our recording chamber (putative M1, 12 sessions, 95 units). As Supp. 763 
Fig. 12a shows, the visuomotor index did not show the same decrease as a function of cortical depth 764 
as observed in PMd and if anything appears to increase as a function of cortical depth (r=0.42, p = 765 
0.1). Thus, at least in one monkey and for a modest population of neurons, we did not observe the 766 
same preponderance of increased units in the superficial compared to the deeper layers for the 767 
caudal regions of motor cortex. 768 

  769 
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Supplementary Note 8: Causal experiments are needed to better understand 770 
the role of PMd 771 
 772 
We have shown that FRs of some PMd neurons demonstrate a very lawful organization to the 773 
various aspects of the somatomotor decision-formation process. Our results are similar to the 774 
studies that have documented decision-variables in the oculomotor system especially in LIP of 775 
monkeys performing random-dot discrimination tasks12, 19, 34, 36, 57, 58. What is currently unresolved is 776 
the degree of causal involvement of LIP in decision-making 59. Microstimulation of LIP influences 777 
RT and discrimination performance in a visual discrimination task and thus supports a causal role 778 
for LIP in decision-making60. In contrast, the inactivation of LIP has minimal or no impact on 779 
visual-discrimination behavior and these experiments cast doubt on a causal role for LIP in decision-780 
making61. This pattern of results in monkeys is also consistent with inactivation experiments in 781 
rodents performing auditory accumulation of evidence tasks62. FRs of neurons in the posterior 782 
parietal cortex (PPC) of rats performing an auditory evidence accumulation task show all the 783 
properties of a candidate decision-variable13. However, inactivation of the PPC leads to minimal 784 
impact on the auditory discrimination behavior62. In contrast, the frontal cortex of these same rats 785 
show organized FR patterns that covary with various aspects of the decision-formation process and 786 
inactivation of these regions does impact discrimination behavior62. These effects of inactivation also 787 
depend on the stimulus modality used. Inactivation of the posterior parietal cortex can influence 788 
behavior in tasks that involve actions based on visual but not auditory stimuli51, 63.  789 

These discrepancies between correlative physiological experiments and causal inactivation studies in 790 
both monkeys and rodents suggest that our and other demonstrations of decision-related activity in 791 
PMd cannot be used to identify whether the decision computation itself emerges in PMd17, 32. 792 
Additional causal experiments that involve inactivation of PMd during a decision-making task are 793 
necessary to resolve this question. Inactivation of PMd does impact behavior in simple conditional 794 
visuomotor association tasks (e.g. red square means pull a handle, green squares mean push the 795 
handle)64 and in internally generated sequential movement tasks65. However, this inactivation study 796 
provides no evidence for whether the deliberation on the visual stimulus itself occurs in the 797 
microcircuit in PMd. It may be that in contexts that involve ambiguous sensory stimuli (like the 798 
decision-making task used here), deliberation occurs in prefrontal and parietal regions and PMd by 799 
virtue of its anatomical connections to these areas provides a reflection and thus a neural correlate 800 
of these signals19, 66, 67, 68, 69, 70. Inactivation or disruption of PMd during the task presented here and 801 
tasks using stimuli such as the classical random dot motion patterns or the tokens task will be 802 
needed to resolve this question61, 64, 65, 71, 72.  803 

Further insights into the role of PMd and other prefrontal and parietal brain areas might emerge 804 
from inactivation experiments based on the theoretical framework that proposes the existence of a 805 
hierarchy of action and cognitive control instantiated along a rostrocaudal gradient in the frontal 806 
cortex73, 74. In this theoretical framework, neurons in more-anterior regions of the frontal lobe 807 
process abstract action goals and those in more caudal regions (e.g. PMd) are more involved in tasks 808 
that involve concrete actions based on sensory input (similar to the simple conditional visuomotor 809 
association task). Some of the best evidence for this proposal comes from studies that examined the 810 
behavior of human patients with lesions in different brain regions along the rostrocaudal gradient 811 
using carefully designed tasks that incorporate increasing degrees of abstraction and cognitive 812 
control75, 76. The findings from these studies is that a PMd lesion impacts tasks that involve 813 
immediate concrete actions in response to sensory input as well as tasks that involve higher degrees 814 
of cognitive control. In contrast, lesions to regions in the more rostral portion of this gradient (more 815 
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in the frontal cortex) only impacted the behavior in tasks that involve greater degrees of 816 
abstraction75, 76. This asymmetric effect of the lesions suggests an organization for cognitive control 817 
where the more caudal regions are necessary nodes for ascending rostral areas and/or for 818 
descending processing from the more rostral frontal regions.  819 
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Supp. Table 1: Model fit of the DDM to the RT distributions and response accuracy using 821 
the fast-dm toolbox 822 
 823 
Model Monkey T (χ2) Monkey O (χ2) 

No variability in drift rate (sv) or 
non-decision-times (st0) 12778 15339 

No variability in non- decision 
times but variable drift rates (sv) 12673 15339 

No variability in drift rates but 
with variability in non decision-
times  (st0) 

3575.1 2235.4 

DDM with trial-by-trial 
variability for drift-rates and 
non-decision time (best model 
fit) 

2316.9 2064.4 

 824 
  825 



Supplementary Materials – Chandrasekaran et al. 2017 
 

Page 41 
 

 826 
Supp. Table 2: Model parameters for the best fitting DDM (measured using the chi-squared 827 
values from Supp. Table 1) with trial-by-trial variability for drift-rates and non-decision time 828 
are shown below. No variability in start point was assumed. The drift rates for the 14 829 
different signed coherences are shown in Supp. Table 2, and the remaining parameters are 830 
shown in Supp. Table 3. 831 
 832 
Signed 
Coherence 

-90.22 -60 -40.44 -30.67 -20.00 -10.22 -4 4 10.22 20.00 30.67 40.44 60.00 90.22 

Drift rates 
(v) for T -5.40 -5.48 -4.77 -4.30 -3.21 -1.88 -0.88 0.50 1.58 2.91 4.01 4.72 5.44 5.33 

Drift rates 
(v) for O -4.83 -5.28 -4.66 -4.28 -3.40 -2.24 -1.27 0.22 1.29 2.85 4.22 4.98 5.60 5.04 

 833 
  834 
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Supp. Table 3: Parameter names and Interpretations are taken from 835 
(http://www.psychologie.uni-heidelberg.de/ae/meth/fast-dm/). For comparison, the non-836 
decision times of the monkeys from 17 are (mean ± SD: 291±40 ms, 335±93 ms). 837 
 838 
Other Parameters Interpretation Monkey T Monkey O 

Threshold Separation (a) The amount of 
information that is 
considered for a 
decision. Large values 
indicate more 
conservativeness for 
making a decision. 

1.025 0.65 

Relative Starting Point (zr) Indicator of an a 
priori bias in decision 
making. When the 
relative starting point 
zr deviates from 0.5, 
the amount of 
information necessary 
for a decision differs 
between response 
alternatives. 

0.529 0.5 

Non-decision time (t0) This is the average 
duration of all non-
decisional processes 
(encoding and 
response execution). 

332 ms  

 
363.5 ms 

Inter-Trial-Variability of 
Non-Decisional Components 
(st0) 

This parameter 
describes the range of 
a uniform distribution 
with mean t0 
describing the 
distribution of actual 
t0 values across trials. 

142.5 ms 

Leads to non-decision 
times ranging from ~260 

to 403 ms) 

142.3 

Leads to non-decision 
times ranging from 
(~282 to 434 ms) 

Inter-Trial-Variability of 
Drift (sv) 

This quantity provides 
the standard deviation 
of a normal 
distribution with mean 
v describing the 
distribution of actual 
drift rates from 
specific trials. 

1.14 1.34 

 
Differences in Speed of 
Response Execution (d) 

 
Positive values 

indicate that response 
execution is faster for 

 
1.45 ms 

 
1.6 ms 

http://www.psychologie.uni-heidelberg.de/ae/meth/fast-dm/
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responses linked to 
the upper threshold 

(coded as 1 in fast-dm) 
than for responses 
linked to the lower 

threshold. 

 839 
  840 
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Supp. Table 4: Parameters for the UGM and the DDM used in Supp. Fig. 2. For further 841 
details of the behavior models please refer to ref. 25. No variability was assumed in the non-842 
decision time for these variants. 843 

 844 

Parameters Parameters 

DDM • Drift rates for 7 coherences (7), v1-7 
• Upper bound for the model (aU),   
• Lower Bound for the model (constant, 0) 
• z – start point (aU/2) 
• Non decision time (Ter) 
• Trial by trial variability for drift rates (η) 
• Total: 10 estimated parameters, 2 non estimated 

parameters, 

UGM without an intercept term • Drift rates for 7 coherences (7), v1-7 
• Upper bound for the model (aU),   
• Lower bound for the model (-aU) 
• z – start point (0) 
• Non decision time (Ter) 
• Trial by trial variability (η) 
• Time constant: 100 ms 
• Urgency signal U(t) = bt, b = 1 as in 35 
• Total: 10 estimated parameters, 3 non estimated 

parameters.  

UGM with an intercept term • Same as the UGM above and also an estimated intercept term 
for the urgency model. 

• Urgency signal U(t) = a + bt, b = 1 as in 35. 
• Total of 11 estimated parameters and 3 non estimated 

parameters 

  845 

 846 

 847 

 848 

  849 
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