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 10 
Abstract 11 
Decisions are accompanied by a degree of confidence that a selected option is correct. A 12 
sequential sampling framework explains the speed and accuracy of decisions and extends 13 
naturally to the confidence that the decision rendered is likely to be correct. However, 14 
discrepancies between confidence and accuracy suggest that confidence might be supported by 15 
mechanisms dissociated from the decision process. Here we show that this discrepancy can arise 16 
naturally because of simple processing delays. When participants were asked to report choice 17 
and confidence simultaneously, their confidence, reaction time and a perceptual decision about 18 
motion were explained by bounded evidence accumulation. However, we also observed revisions 19 
of the initial choice and/or confidence. These changes of mind were explained by a continuation 20 
of the mechanism that led to the initial choice. Our findings extend the sequential sampling 21 
framework to vacillation about confidence and invites caution in interpreting dissociations 22 
between confidence and accuracy. 23 
 24 
Introduction 25 
Many decisions benefit from the acquisition of multiple samples of evidence acquired 26 
sequentially in time. In that case, a decision maker must decide not only about the proposition in 27 
question but also about when to terminate deliberation. The ensuing tradeoff between speed and 28 
accuracy is explained by sequential sampling with optional stopping models in which evidence is 29 
accumulated to some stopping criterion or bound (Link, 1975; Ratcliff and Rouder, 1998). The 30 
mechanism receives experimental support from human psychophysics and neural recordings in 31 
monkeys and rats (Gold and Shadlen, 2007; Brunton et al., 2013; Shadlen and Kiani, 2013; 32 
Hanks et al., 2015). The same framework also explains the confidence that a decision is correct 33 
(Kiani and Shadlen, 2009; Kiani et al., 2014a). This is because the quantity that is accumulated, 34 
termed a decision variable (DV), when combined with elapsed decision time, maps to the 35 
probability that a decision rendered on its value will be correct (Kiani and Shadlen, 2009; 36 
Drugowitsch et al., 2014). The attribution of confidence is important for guiding subsequent 37 
decisions, learning from mistakes and exploring alternatives. Thus, when the decision maker 38 
terminates deliberation, the choice is accompanied by a degree of certainty (i.e., confidence), 39 
based on the same stream of evidence that supported that decision (Fetsch et al., 2014).  40 
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 41 
This last point remains controversial, however, for there are many instances when the confidence 42 
in a decision and the decision itself are dissociable. For example, human decision makers tend to 43 
overestimate their certainty about choices based on truly ambiguous evidence (Fischoff et al., 44 
1982; Baranski and Petrusic, 1994; Erev et al., 1994; Drugowitsch et al., 2014; Kiani et al., 45 
2014a), and they can perform above chance level yet report they are guessing (Kunimoto et al., 46 
2001). These and other observations have led psychologists to suggest that confidence and 47 
choice may be guided by different sources of evidence (Pleskac and Busemeyer, 2010; 48 
Zylberberg et al., 2012; Moran et al., 2015), or that the evaluation of the same evidence differs 49 
fundamentally in the way that it affects choice and confidence (Fleming and Dolan, 2012; 50 
Maniscalco and Lau, 2012; De Martino et al., 2013; Ratcliff and Starns, 2013). The latter 51 
distinction is captured by the notion of a 1st order confidence that is based rationally on the 52 
evidence in support of the decision and a 2nd order confidence that can depart from this 53 
evidence. As this distinction rests on a proper understanding of the mechanism that supports 54 
choice and confidence, it is possible that some of the observations taken as support for higher 55 
order explanations of confidence are simply accounted for by deficiencies of the theory of 1st 56 
order choices. 57 
  58 
Naturally, if a decision maker acquires additional information after committing to a choice, she 59 
might wish to revise a decision, or the confidence in that decision, or both. Such changes of mind 60 
occur occasionally, even when there appears to be no additional information available after the 61 
initial decision has been rendered. The sequential sampling framework (e.g., bounded evidence 62 
accumulation) offers a natural account of this phenomenon, because the mechanism incorporates 63 
processing delays, which leave open the possibility that the brain might have access to additional 64 
evidence that did not influence the initial decision and which might instead influence a revision. 65 
Evidence for such a process was adduced to explain reversals of perceptual decisions in humans 66 
and monkeys (Rabbitt, 1966; Rabbitt and Vyas, 1981; McPeek et al., 2000; Caspi and Beutter, 67 
2004; Van Zandt and Maldonado-Molina, 2004; Resulaj et al., 2009; Burk et al., 2014; Kiani et 68 
al., 2014b; Moher and Song, 2014). Here, we address the possibility that this same mechanism 69 
can account for a revision in the confidence a decision maker assigns to his or her choice. We 70 
hypothesized that such revisions might account for an apparent dissociation between degree of 71 
confidence and choice.  72 
 73 
We asked humans to decide about the net direction of motion in a dynamic random dot display, 74 
using a variety of difficulty levels. They simultaneously indicated both their choice and the 75 
confidence in that choice by moving a handle with their arm. We show that choice, confidence 76 
and reaction times are explained by a sequential sampling mechanism operating on a common 77 
evidence stream. On a small fraction of trials, subjects changed their initial decision about the 78 
direction of motion and, more frequently, about their confidence. We show that confidence and 79 
choice are informed by the same evidence, both at the initial choice and on any subsequent 80 
revision. However, changes of confidence arising through post-decision processing can 81 
contribute to an apparent dissociation between confidence and decision. 82 
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Results 83 
Four subjects performed the motion direction discrimination task illustrated in Figure 1a. The 84 
stimulus duration was controlled by the subjects (Figure 1b), who were trained to make fast but 85 
accurate decisions (see Materials and methods). Whenever ready, the subject moved a handle 86 
from the home position to one of four choice targets, thereby indicating simultaneously the 87 
direction decision and confidence level. On most trials subjects made an approximately straight-88 
line movement to one of the choice targets. However, although the random dot stimulus was 89 
extinguished on movement onset, on a proportion of trials subjects changed their choice or 90 
confidence rating or both, initially reaching towards one target but deviating to reach another 91 
(Figure 1c). Our central hypothesis is that a common mechanism explains the rate of these 92 
occurrences, as well as the speed, accuracy and confidence in the subjects’ initial decisions.  93 
 94 
Initial decisions 95 
We wish to account for the effect of stimulus difficulty on the initial direction choice, the 96 
confidence level associated with the choice and the time taken to make the decision. Not 97 
surprisingly, stronger motion supported more accurate (Figure 2a) and faster decisions 98 
(Figure 2b), that tended to be assigned the higher confidence (Figure 2c). The interplay between 99 
confidence, accuracy and RT can be appreciated from the breakdown of the data within the 100 
panels of Figure 2 (indicated by color). When subjects were more confident, they tended to be 101 
more accurate (Figure 2a; P<0.0001 for all subjects) and faster (Figure 2b; P<0.0001 for all 102 
subjects). In addition, subjects reported high confidence more often on correct choices than on 103 
errors (Figure 2c), and they tended to be more confident on those errors associated with stronger 104 
motion (P<1e-5 for 3 subjects and P=0.50 for S3).  105 
 106 
These regularities are consistent with a common mechanism of bounded evidence accumulation 107 
to support choice, RT and confidence (Kiani et al., 2014a). The process involves a race between 108 
a mechanism that accumulates evidence for right, and against left, and a process that integrates 109 
evidence for left, and against right)(Usher and McClelland, 2001; Mazurek et al., 2003). Since 110 
these processes obtain evidence originating in the same stimulus, they will tend to accumulate 111 
noisy evidence of opposite sign (i.e., anticorrelated). However, the neural noise associated with 112 
the accumulations need not be perfectly anticorrelated, so they are depicted separately (Figure 113 
3a). The first process to reach an upper bound determines the choice and decision time.  114 
 115 
The state of both the winning and losing processes as well as decision time (Figure 3b shows the 116 
races on the same plot) confer an expectation that a decision rendered on the evidence is likely to 117 
be correct, what we term confidence or belief. Since the winning process is at a fixed bound, the 118 
confidence is adequately summarized by the height of this bound, decision time, and the state of 119 
the losing accumulator. Thus the degree of belief is based on the balance of evidence (i.e. 120 
difference) between winning and losing DVs, as well as the decision time. This model has been 121 
tested in neurophysiology and a previous report in humans (Kiani et al., 2014a) which extends 122 
ideas from signal detection theory, race, and Bayesian models (Vickers, 1979; Kepecs et al., 123 
2008; Maniscalco and Lau, 2012; Drugowitsch et al., 2014). Its main distinction is the 124 
recognition that the time to decision influences confidence (Fetsch et al., 2014; Kiani et al., 125 
2014a). For example, this explains why confidence associated with errors increases with stronger 126 
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coherences: stronger motion induces faster decision times for correct and errors alike. For 127 
simplicity, we assumed that subjects adopt a consistent criterion on “degree of belief” (log odds, 128 
Figure 3b) to decide in favor of high or low confidence. 129 
 130 
The smooth curves in Figure 2 are fits of the model (4 parameters; see Materials and methods), 131 
which capture the main features of the subjects’ choices. Naturally, subjects differed in their 132 
sensitivity, speed/accuracy and confidence which was accounted for by the parameters of the fits 133 
(Table 1). They also differ in their criteria for categorizing degree of belief into high and low, 134 
which can be appreciated by the separation of choice functions by confidence report. To 135 
maximize the number of points, given the reward structure (see Materials and methods), subjects 136 
should choose high confidence if they believe the probability of a correct choice is greater than 137 
two-thirds. Interestingly the inferred criteria for all the subjects were close to this optimal 138 
criterion, although all subjects were somewhat risk-averse (probability thresholds of 0.71, 0.78, 139 
0.71 and 0.75). There are some noteworthy discrepancies between model and data (e.g., 140 
proportion of high confidence choices at 0% coherence for 3 of 4 subjects), but the model 141 
captures the trend in the confidence ratings on error trials, mentioned above (3 of 4 subjects; 142 
Figure 2c), even though the fits themselves are dominated by the more numerous correct choices. 143 
The model is vastly superior to two alternative formulations, which would explain confidence on 144 
balance of evidence or deliberation time but not both (compared to the original model, log 145 
likelihood is reduced by 63-1180 and 2301-3749 across participants for these models, 146 
respectively; see Materials and methods).  147 
 148 
Importantly, the fits of the initial choices allow us to characterize the state of the DV—including 149 
decision time—leading to the subjects’ choice and the mapping of this DV to confidence. This is 150 
the starting point to address the possibility of revising the initial choice and/or confidence rating 151 
afterwards. The critical assumptions are (i) the same information was used to reach an initial 152 
choice about direction and confidence, and (ii) there is additional information available to the 153 
decision maker after committing to a choice and confidence category, despite the disappearance 154 
of the random dot motion upon response initiation.  155 
 156 
Both assumptions are supported by the model-free analyses depicted in Figure 4. We calculated 157 
psychophysical kernels using the information from the stochastic motion displays to determine 158 
the time frame over which information in the stimulus affected both components of the choice. 159 
To do this we used only weak motion strengths and examined the residual motion energy after 160 
removing the means associated with motion direction and strength (see Materials and methods). 161 
The traces in Figure 4a show the averages of these residuals grouped by choice (Figure 4a, top) 162 
and grouped by confidence rating (Figure 4a, bottom). The similar time course of the confidence 163 
and choice kernels implies that the initial direction and confidence choices were supported by a 164 
common evidence stream. Moreover, by discounting the lag and smoothing introduced by the 165 
motion filter (inset), it is apparent that subjects relied on information from the beginning of the 166 
display until ~400 ms before movement onset (arrows; see Materials and methods and Figure 167 
1—figure supplement 1) to guide both their direction choices and their confidence. These values 168 
are consistent with the estimates of non-decision time (tnd) obtained from the model fits to the 169 
initial choices and RTs (Table 1). We next evaluate our hypothesis that some of the additional 170 
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~400 ms of information, which did not inform the initial direction and confidence choices, 171 
affects changes of mind about direction, confidence or both. 172 
 173 
Changes of mind  174 
After indicating their initial choices, subjects occasionally changed the direction of their hand 175 
movement to indicate a different direction or level of confidence or both (Table 2 & Figure 5). 176 
The frequency of these changes of mind varied between subjects, from 2.0 to 8.8% of trials. 177 
Changes of decision were more likely if the initial decision was an error than if it was correct 178 
(Figure 5a). These corrections were more likely if the motion information was stronger. Of 179 
course, errors were less frequent with stronger motion and less frequent than correct responses 180 
(Figure 2a). For three of the four subjects, changes of decision corrected an initial error more 181 
often than they spoiled an initially correct choice (P<0.001, P<0.001, P=0.084, P<0.001), 182 
consistent with previous reports (Resulaj et al., 2009; Burk et al., 2014).  183 
 184 
The novel insights from the present study derive from the changes in the confidence ratings 185 
(Figure 5b). For all subjects, changes of confidence were more frequent than changes of decision 186 
(Table 2 & Figure 5c; p<1e-4 for all participants). Further, changes of confidence were more 187 
likely if the initial decision was low confidence than if it was high confidence (Figure 5b). These 188 
changes to high confidence were more likely when the initial low confidence accompanied a 189 
stronger motion. Note that Figure 5a shows the conditional probability of changing the decision 190 
about direction, given the initial choice was correct or incorrect (the actual proportions are 191 
shown in Figure 5—figure supplement 1a; and change of confidence shown in Figure 5—192 
supplemental figure 1b). 193 
 194 
Changes of mind were beneficial to the participants in that on changes of mind trials (either 195 
decision, confidence or both) the gain in points over not changing one’s mind ranged from 0.72-196 
1.12 points across the subjects (Table 2). Changes of both decision and confidence were less 197 
common (0.4-1.6%), which may be partly due to an energy cost associated with crossing the 198 
workspace (Burk et al., 2014; Moher and Song, 2014). Those double changes that did occur 199 
tended to move from high to low confidence (1.03, 0.35, 0.12, 1.36%) compared to trials from 200 
low to high (0.26, 0.04, 0.04, 0.26%; p<0.0001 for three subjects and p<0.05 for S3).  201 
 202 
We hypothesized that a change of confidence, like a change of decision, can be explained by 203 
continuation of the processing of visual information that arrived after the subject had committed 204 
to her initial choice (Figure 3b). We first evaluated this hypothesis by elaborating the model-free 205 
analysis of motion energy (Figure 4), described above. This analysis implies that ~400 ms of 206 
stimulus information, which did not affect the initial decision, might be available to revise the 207 
initial decision about confidence and direction. Indeed, when subjects changed their confidence 208 
rating from low to high, the motion information in the post-decision period supported the initial 209 
choice (Figure 4b, bottom), whereas changes from high to low confidence were associated with 210 
motion information in support of the direction opposite to the one chosen (Figure 4b, middle), 211 
and this trend was amplified for changes of mind about direction (Figure 4b, top). 212 
  213 
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A simple extension of the bounded accumulation model explains the frequency of these changes 214 
as well as their dependency on features of the stimulus and the subject’s initial report. The model 215 
scheme is illustrated in Figures 3b. We assumed that evidence was accumulated past the point of 216 
the initial decision for a fixed amount of time (a free parameter, tpip) that is less than the non-217 
decision time. The state of the belief at tpip determines the final confidence and choice (see 218 
Materials and methods). As shown in Figure 3b, we allowed for the possibility that subjects 219 
might not apply the identical criteria for confidence and choice in the pre- and post-initiation 220 
epoch (the δθ parameters; see Materials and methods). The settings of tpip and the δθ parameters 221 
capture aspects of the energetic costs, by suppressing changes that would occur with small 222 
fluctuations in the evidence or very late in the movement. The trace in Figure 3b illustrates an 223 
initial high-confidence, rightward choice. Evidence that arrived in the post initiation period (i.e., 224 
too late to affect the initial choice) tended to favor leftward, detracting enough from the belief to 225 
support a change of confidence but not enough to support a change of decision in favor of 226 
leftward. The example shows a resistance to change because the total evidence actually favors 227 
leftward, but the model asserts a change of decision bound that is somewhat below the neutral 228 
evidence level.  229 
 230 
The curves in Figure 5 are fits of the model, which capture the main features of the subjects’ 231 
revisions of both choice and confidence. Note that all parameters of these fits are fixed from the 232 
fits to the initial choice and confidence, except for the three δθ parameters and tpip (fit values in 233 
Table 1). The variations in the participants’ behavior are accounted for by the different settings 234 
of the model parameters, which are illustrated graphically in Figure 6 for an initial low and initial 235 
high confidence rightward decision. Although the relation between the precise values of the δθ 236 
parameters and behavior are hard to intuit, the trends are consistent. After an initial low 237 
confidence decision (Figure 6, top row), all subjects required more belief to change to a high 238 
confidence decision than would have been required for an initial high confidence decision 239 
(δθ1>0). Similar hysteresis is seen for initial high confidence decisions (Figure 6, bottom row). 240 
Moreover, all subjects required more evidence to change their initial decision about direction 241 
than a simple reversal in sign of the evidence (δθ2>0). Finally, all participants relaxed their belief 242 
criterion when they changed their direction decision while either maintaining or changing to high 243 
confidence (δθ3<0). Because most initial choices were high confidence, this strategy would 244 
reduce motor effort by avoiding changes of both direction and confidence, as this requires 245 
crossing the workspace with a complete reversal of the initial movement. 246 
 247 
We wish to emphasize that confidence and direction reports remain coupled via a common 248 
mechanism at the time of both the initial and final decision. The observation supports a 249 
parsimonious account of decision confidence which is somewhat at odds with recent literature on 250 
meta-cognition (see Discussion). Evidence for a meta-cognitive process is adduced from a 251 
dissociation between the signal-to-noise properties of the evidence that would support a level of 252 
choice accuracy versus the level associated with a degree of confidence (e.g., meta-d′; see 253 
Fleming and Lau, 2014; Maniscalco and Lau, 2012). The meta-d′ statistic is not well behaved in 254 
the sequential sampling framework, but the basic logic remains applicable (see Materials and 255 
methods). In Figure 7, we compare two odds ratios (OR). Both express the relative probability of 256 
a high-confidence rating, given a correct or error choice. Along the abscissa, we base the OR on 257 
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the initial confidence ratings, whereas on the ordinate, we use the final confidence ratings, thus 258 
accommodating the change of confidence. In essence, we are pretending that the subject 259 
indicated her choice and subsequently told us her confidence. Clearly, there is a systematic 260 
discrepancy between the OR pairs (P<1e-4, sign test). All but one of the points are above the 261 
main diagonal, and the difference in OR is statistically reliable for 13 of the 19 individual points 262 
(4 subjects ⨉ 5 non-zero motion strengths with at least 1 error; P<0.05, bootstrap; see Materials 263 
and methods). This discrepancy might be regarded as a sign of 2nd order confidence, whereas it 264 
is simply the result of a continuation of the 1st order process that couples choice and confidence, 265 
via bounded evidence accumulation. 266 

Discussion 267 
Amongst the three manifestations of choice behavior, confidence is perhaps the most important 268 
and the least understood—compared to speed and accuracy—because in the world outside the 269 
laboratory, we do not always receive immediate feedback about our choices. Often, all we know 270 
about the accuracy of a choice is a degree of confidence. The attribution of confidence is 271 
important for guiding subsequent decisions, learning from mistakes and exploring alternatives. 272 
The present study establishes that this assessment evolves in time and, like the choice itself, can 273 
undergo revision with additional evidence. The study of perceptual decision-making offers 274 
insight into the process because the stream of evidence can be controlled experimentally. This is 275 
especially so in the present study using random dot kinematograms because the temporal stream 276 
of evidence is effectively a sequence of independent, statistically stationary samples. In other 277 
types of decisions—and most perceptual ones as well—the samples of evidence are derived from 278 
internal evaluations and memory processes, which are less well characterized, but which also 279 
evolve as a function of time. 280 
 281 
When the timing of a choice is under the control of the decision-maker, a common strategy is to 282 
terminate deliberation upon a sufficient level of evidence. The class of bounded sequential 283 
sampling models, including many variants (Wald, 1947; Stone, 1960; Laming, 1968; Link, 1975; 284 
Good, 1979; Luce, 1986; Ratcliff and Rouder, 1998) explains the tradeoff between speed and 285 
accuracy, and many of the essential steps have correlates in neurophysiology (Romo et al., 2002; 286 
Heekeren et al., 2004; Ploran et al., 2007; Heitz and Schall, 2012; White et al., 2012; Kelly and 287 
O'Connell, 2013; Hanks et al., 2014; Hanks et al., 2015). The mechanism (and models) also 288 
expose a discrepancy between the information supplied to the decision maker and the 289 
information that is actually used to make the decision. Specifically, there are processing delays 290 
between the arrival of information from the environment and updating its representation in 291 
working memory as a decision variable bearing on a proposition, and there are delays between 292 
commitment to a decision and communicating this decision through the motor system. Even in 293 
relatively fast perceptual decisions, this so-called non-decision time typically exceeds 300 ms.  294 
 295 
In previous studies, we showed that the motor system receives a continuous updating of the state 296 
of the evidence leading to a choice (Gold and Shadlen, 2000; Selen et al., 2012) and can utilize 297 
the late arriving information to revise an initial choice by continuing the process of deliberation 298 
(Resulaj et al., 2009; Burk et al., 2014). The present study extends these observations to the 299 
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metacognitive operation of assigning a degree of belief that the decision is correct. The finding is 300 
important for several reasons. First, it establishes that deliberation in the post-initiation epoch is 301 
as rich a process as the deliberation preceding initiation. This implies that termination has a kind 302 
of specificity; it marks the end of deliberation for purposes of response initiation, but it does not 303 
actually terminate all deliberation. We suspect that this is just one aspect of a more general 304 
property. For example, the same information can bear on a variety of potential actions and 305 
cognitive operations, which need not share identical speed-accuracy tradeoffs and thus deliberate 306 
for different amounts of time. 307 
 308 
Second, the finding explains a potential dissociation between the information that decision 309 
makers might use to guide confidence and choice. We explain the initial choice and confidence 310 
using the identical stream of information, as in a previous study (Kiani et al., 2014a). The model 311 
is by no means perfect (e.g., it overestimates confidence at the lowest motion strength), but it 312 
demonstrates, nonetheless, that on many trials, the final confidence judgments are clearly based 313 
on additional information that did not affect the initial choice. This assertion is supported by the 314 
analysis of motion energy leading to the confidence choices (Figure 4). Just a few hundred 315 
milliseconds of additional evidence led to changes in the confidence associated with the initial 316 
choice, ranging from 1.5-6.3% of trials across our subjects, and this was enough to induce a clear 317 
departure from the level of confidence that ought to be associated with the evidence available at 318 
the time of the initial choice. In other words, had we asked our subjects only for their confidence 319 
rating after they indicated their initial choice—without an opportunity to revise those choices—320 
we would have detected a different relationship between confidence and accuracy (Figure 7). 321 
When confidence is assessed after the initial choice, as it is in most experiments, then it ought to 322 
come as no surprise that choice and confidence are explained by only partially overlapping 323 
sources of information. Importantly, however, this does not imply a dissociation between 324 
confidence and the decision (Pleskac and Busemeyer, 2010), as the latter can also be revised 325 
based on the same additional information.  326 
 327 
Of course, in many settings, it is possible that a decision maker might acquire new information 328 
after an initial choice, either from the environment or from memory (e.g., reconsidering the 329 
evidence, weights and costs), and this could lead to a divergence of choice and confidence. 330 
However, our result invites caution when interpreting such divergence as indicators of 331 
metacognitive processes. Does the divergence necessarily implicate a process of a different 332 
nature, as implied by the distinction between 1st and 2nd order processes (Fleming and Dolan, 333 
2012). Or, is it possible that the mechanism responsible for assigning confidence based on the 334 
additional evidence is compatible with the one that supports a choice—perhaps a different choice 335 
were the decision maker given an opportunity to revise (consistent with the original notion of 336 
type-1 and type-2 decisions; Clarke et al., 1959; Galvin et al., 2003). The evaluation of additional 337 
evidence may explain why confidence ratings are more strongly correlated with accuracy when 338 
they are reported with less time pressure (Yu et al., 2015), and why some individuals appear to 339 
be better than others at discriminating correct from incorrect decisions (e.g. Ais et al., 2016). The 340 
central question is whether this additional information affects confidence in a manner that is 341 
fundamentally different than the process that would tie these attributes together. In our study, the 342 
answer seems to be negative, and we speculate that the interesting aspects of more real-world 343 



9 
 

distinctions involving re-evaluation of evidence using memory, for example, will require better 344 
understanding of the way that memory and decision processes interact but not a fundamentally 345 
different mechanism for associating confidence with the evidence arising from that process.  346 
 347 
We conclude that confidence, choice and RT can be understood in a common framework of 348 
bounded evidence accumulation. By definition, confidence may be regarded as metacognitive, 349 
simply because it is a report about the decision process itself. Yet the operations leading to 350 
confidence seem neither mysterious nor dissociable from the decision process (cf. De Martino et 351 
al., 2013). That said, there are many unknown features of the underlying mechanism. We know 352 
little about the establishment of the mapping between belief and the representation of evidence 353 
and time. Nor do we know how a criterion is applied to this mapping to render the categorical 354 
choices in our study, or in post-decision wagering decisions (Kiani and Shadlen, 2009), or in 355 
confidence ratings (Maniscalco and Lau, 2012; Fleming and Lau, 2014; Kiani et al., 2014a). An 356 
appealing idea is that this also looks like a threshold crossing in the brain with dynamic costs 357 
associated with time (e.g., urgency Thura et al., 2012; Drugowitsch et al., 2012) and dynamic 358 
biases (Hanks et al., 2011). Presumably, downstream structures that represent confidence-related 359 
values such as reward prediction error, must approximate the mapping between decision 360 
variable—represented in LIP and other brain areas—and elapsed time (or number of samples) to 361 
achieve this. Of course, downstream structures that control the arm must have access to the 362 
decision about both direction and confidence to control the initial reach and possibly revise the 363 
movement. To explain our findings, we assumed that choice and confidence are related but 364 
processed as if separate attributes, via a correspondence between decision variable and belief. It 365 
is intriguing to think that the two dimensions, which are bound together into a single action by 366 
the motor reach system in our task, could be dissociated in cognition and memory.  367 
  368 
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Materials and methods 369 
 370 
Subjects 371 
Six naïve right-handed subjects, between the ages of 21 and 34, participated in this study. The 372 
Cambridge Psychology Research Ethics Committee approved the experimental protocol, and 373 
subjects gave informed consent. Two of the subjects were excluded from the analyses based on 374 
poor task performance (see below). 375 
 376 
Apparatus  377 
Subjects were seated and used their right hand to hold the handle of a vBOT manipulandum that 378 
was free to move in the horizontal plane and allowed the recording of the position of the handle 379 
at 1000 Hz (Howard et al., 2009). Subjects were prevented from seeing their arm by a horizontal 380 
mirror that was used to overlay virtual images of a downward facing CRT video display, 381 
mounted above the mirror, into the plane of the movement. A headrest ensured a viewing 382 
distance of around 40 cm.  383 
 384 
Stimulus 385 
Subjects discriminated the direction of motion in a dynamic random-dot motion stimulus 386 
(Roitman and Shadlen, 2002) presented within an aperture subtending 5 degrees of visual angle. 387 
The dots were displayed for one frame (13.3 ms, 75 Hz refresh) and then three frames later a 388 
subset of these dots was displaced in the direction of motion while the rest of the dots were 389 
displaced randomly. Thus the positions of the dots in frame four, say, could only be correlated 390 
with dots in frames one and/or seven but not with dots in frames two, three, five and six. The dot 391 
density was 12.5 dots deg-2s-1 and displacements were consistent with a motion speed of 5 deg/s. 392 
The difficulty of the task was manipulated through the coherence of the stimulus, defined as the 393 
probability that each dot would be displaced as opposed to randomly replaced. 394 
 395 
Procedure 396 
Figure 1a show a schematic of the experimental setup. A trial began when the subject’s hand 397 
(displayed to the subject as a 0.5 cm radius red circle) was inside the home region, i.e., within 1 398 
cm of a grey cross approximately 30 cm in front of their body. After a random delay, sampled 399 
from a truncated exponential distribution (range, 0.5–2.0 s; mean, 0.82 s), a dynamic random-dot 400 
stimulus appeared at the home position. On each trial, stimulus coherence was selected randomly 401 
from the set ±0, ±3.2, ±6.4, ±12.8, ±25.6, and ±51.2%, where negative coherences correspond to 402 
leftward motion and positive coherences to rightward motion. The sign on the 0% coherence is 403 
arbitrary but determined which direction would be rewarded (see below).  404 
 405 
Four circular choice targets with a radius of 1.5 cm were displayed at the corners of a 17 x 17 cm 406 
square centered on the home position. The two choice targets on the left corresponded to a 407 
leftward motion decision and the two on the right to a rightward motion decision. To encourage 408 
participants to also report the confidence in their decision, the two choice targets for each motion 409 
direction decision had different payoffs for correct and incorrect choices. One target was low-410 
risk with a reward of 1 point for a correct choice and a loss of 1 point for an incorrect choice. 411 
The other target was high-risk with 2 points for a correct choice and a loss of 3 points for an 412 



11 
 

incorrect choice. The designation correct/incorrect was assigned randomly on 0% coherence 413 
trials.  414 
 415 
Subjects judged the direction of the moving random dots and reached to a choice target when 416 
ready. We encouraged them to make quick decisions without sacrificing accuracy. They were 417 
free to interpret this instruction as they wished; they received no verbal instruction to aim for any 418 
particular speed/accuracy regime. Critically, when the movement was initiated—that is, the hand 419 
was more than 1 cm from the central cross—the random-dot stimulus was extinguished. The trial 420 
ended when the subject reached one of the four choice targets. The time course of a trial is 421 
shown in Figure 1b. If the movement had not been initiated within 3 seconds after stimulus 422 
onset, an error message appeared (“Too Slow”) and the trial would be repeated later in the 423 
session. After each trial, auditory feedback was given with a pleasant chime or a low-pitched 424 
tone corresponding to a correct and incorrect choice, respectively, and the number of points 425 
earned was displayed on the screen. Subjects were instructed to maximize the number of points 426 
per trial. To encourage this, a running sum of the points was displayed at the top of the display in 427 
a bar graph.  428 
 429 
Each experimental session consisted of four blocks of 180 or 192 trials each (15 or 16 trials of 430 
the 12 coherences). We generated 48 stimuli with a rightward motion direction (8 for each of the 431 
6 different coherence values). The leftward stimuli were generated by using the same dot 432 
locations but horizontally mirrored about the center of the aperture. This ensured that across the 433 
stimuli there was no left-right bias due to the motion energy of the stimuli. In most experiments, 434 
we used this “double-pass” procedure so that these 96 stimuli were displayed twice, in a random 435 
order. In a given session, the vertical orientation of the targets changed from block to block; in 436 
half of the blocks (A), the two high-risk targets were at the top of the display, while in the other 437 
half (B), the high-risk targets were at the bottom (Figure 1a). A session consisted of four blocks 438 
(768 trials) ordered ABBA or BAAB, and this alternated from session to session. Each subject 439 
took part in 12 experimental sessions (9024-9216 trials). All subjects received extensive training 440 
on the motion task, beginning with variable duration viewing, controlled by the computer and 441 
choice-RT testing without confidence categories. Subjects passed to the main experiment when 442 
choice and reaction time functions were stable.  443 
 444 
We required subjects to have sufficient perceptual skills and motivation to perform the task. One 445 
subject was excluded based on poor discrimination performance: at the end of the first training 446 
session, this subject still performed at chance level on all coherences. A second subject was 447 
excluded because s/he responded with high confidence on 95% of trials (and with 90% high 448 
confidence even at 0% coherence). After 5 sessions (3330 trials) we decided to replace this 449 
subject. We found that despite the idiosyncrasy in this subject’s data, our model can fit their 450 
initial choices (Figure 2—figure supplement 1). Subject 4 showed a qualitative change in 451 
behavior on the second half of their data (after ~5000 trials; Figure 2—figure supplement 2a) 452 
reporting high confidence on nearly all trials. As no stationary model can account for such 453 
nonstationary behavior we included only the first 5000 trials in our analysis. However, our model 454 
could still fit the initial choices for the omitted second half of this participant's data (Figure 2—455 
figure supplement 2b) 456 
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 457 
Analysis  458 
We excluded from analysis any trials with a reaction time less than 150 ms (9 trials). For each 459 
trial, the final decision was determined by the choice target reached. To determine whether a 460 
change of decision had taken place we calculated the area between the hand’s path over the first 461 
1 cm of movement and the vertical line through the hand’s initial starting location (i.e. the line 462 
separating the left and right choice targets). A change of decision was reflected in the area on the 463 
side opposite to the final choice being greater than 0.1 cm2 (Resulaj et al., 2009). The same 464 
procedure was applied to determine changes of confidence with the area now calculated relative 465 
to the horizontal line separating the high and low confidence choice targets. On each trial, we 466 
thus obtain the initial and final decision: choice (left/right), confidence (low/high), and reaction 467 
time (time between stimulus onset and movement initiation). We show combined data for the 468 
two target configurations (high/low confidence targets at top/bottom), having reassured ourselves 469 
that the arrangement had no detectable effects on choice accuracy (p≥0.4; Fisher’s exact test) and 470 
only small effects on RT for 2 subjects (magnitudes<3%, p<0.01; t-test). There was a subtle bias 471 
for the bottom targets (50.6, 51.9, 52.5 and 51.4%, respectively), possibly due to kinematic 472 
factors, but recall the orientation was balanced across the experiment..  473 
 474 
To examine effects of motion strength on confidence, we fit a logistic model to the probability of 475 
reporting high confidence, as a function of absolute value of motion coherence (C) 476 
 477 = 1 exp | |  
 478 
where and bi are fitted coefficients. To examine whether confidence judgments were associated 479 
with more accurate choices we fit a logistic model to the direction choice data for each subject 480 
where the probability of choosing right is given by 481 
 482 

 483 
 484 
where C is the signed motion strength, I is an indicator variable (zero for a low confidence 485 
choice and one for a high confidence choice). To test for improved sensitivity (accuracy) with 486 
high confidence, we evaluated the null hypothesis (H0: b3 <= 0). To examine whether confidence 487 
judgments were associated with different reaction times we analyzed each subject's reaction time 488 
as an ANOVA with categorical factors of unsigned coherence and confidence. All comparisons 489 
of event frequency (e.g. changes of mind) were performed with the Fisher exact test.  490 
 491 
For the model-free analyses of the time course of motion information on choice and confidence 492 
(Figure 4), we derived choice and/or confidence conditioned averages of stimulus motion energy 493 
(psychophysical kernels). Due to the stochastic nature of the motion stimuli, the strength of 494 
motion will vary from trial to trial, and even within a trial. To quantify the fluctuations of motion 495 
along the horizontal axis, we convolved the sequence of random dots shown on each trial with a 496 
pair of spatiotemporal oriented filters, selective for rightward and leftward motion. The filters 497 
were matched to the speed and displacement of the coherently moving dots (see details in 498 
Adelson and Bergen, 1985; Kiani et al., 2008). The results of the convolution were summed 499 
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across space to yield the motion energy for each direction and as a function of time. The net 500 
motion energy was obtained by subtracting leftward from rightward motion energy. To average 501 
data across trials, we removed the average motion energy associated with each trial’s coherence 502 
and direction of motion. Because fluctuations have a stronger impact when motion is weak, only 503 
the lowest motion strengths (≤6.4% coh) were included in these analyses. 504 
 505 
The influence of motion fluctuations on choice and confidence becomes negligible a few 506 
hundred milliseconds before movement onset (Figure 4a). To obtain empirical estimates of non-507 
decision time, we fit a function to the psychophysical kernel. The shape of the function f(t) was 508 
derived assuming that the psychophysical kernels decay slowly when aligned on movement onset 509 
(Figure4a, right) because of: (i) the trial-to-trial variability in the non-decision time (assumed 510 
Gaussian), which gradually reduces the number of trials that contribute to the psychophysical 511 
kernel, and (ii) the additional smoothing introduced by the impulse response of the motion 512 
energy (inset of Figure 4a). With these assumptions, f(t) becomes: 513 
 514 
            515 

 516 
 517 
where α is a scaling parameter, Φ represents a cumulative Gaussian distribution with parameters 518 
μtnd and σtnd, IR(t) is the impulse response of the motion filter, and ∗ indicates convolution. The 519 
curve-fitting procedure entails fitting μtnd, σtnd and α to match f(t) to the psychophysical kernels 520 
(least-square fit). Figure 1—figure supplement 1 illustrates the fitting procedure and shows best 521 
fitting parameters for each subject. 522 
 523 
Although we do not make use of meta-d′ in this paper, we refer to the concept and therefore 524 
provide a brief definition. In signal detection theory (SDT), d′ refers to the difference between 525 
the means of two standard Normal distributions, X1~N(μ1,1) and X2~N(μ2,1), where Xn is a 526 
random variable and N(μ1,σ) is a Normal distribution with mean μ and standard deviation σ. The 527 
two distributions might represent signal-plus-noise and noise-alone or the distributions of firing 528 
rates of neurons tuned to opposite directions of motion (e.g., Britten et al). For binary 529 
classification we can conceive of a single distribution of the difference between samples of X1 530 
and X2, such that X∆~N(d′,√2), assuming independence. X∆ thus represents a DV whose sign 531 
identifies the more likely alternative. There is a one-to-one correspondence between proportion 532 
correct and d′. Applied to binary classification tasks, meta-d′ is the value of d′ that would support 533 
the proportions of high-confidence ratings on error and correct choices, respectively, based on 534 
the assumption that the confidence designation is based on comparison of |X∆| to some arbitrary 535 
but fixed criterion. Thus, within the SDT framework, if meta-d′≠d′ then it is not possible to 536 
account for the confidence ratings using the same signal:noise relationship that supports the 537 
choice accuracy, and this discrepancy has been interpreted as a sign of meta-cognitive 538 
confidence (Maniscalco and Lau, 2012; Fleming and Lau, 2014). However, the SDT framework 539 
must be extended to account for RT and choice. Under sequential sampling (e.g., bounded drift 540 
diffusion), meta-d′ ≠ d′, even when the choice and confidence are explained by the same decision 541 
variable. Hence we pursued a more empirical approach. 542 
 543 
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To examine the extent to which initial and final confidence are related to the correctness of the 544 
initial choice (Figure 7), we first calculated the odds of a high confidence rating, for correct and 545 
incorrect initial decision. For example,  546 
 547 

odds(high confidence | correct) = P(high confidence | correct)/P(low confidence | correct). 548 
 549 
From this we calculated the odds ratio  550 
 551 
     OR = odds(high confidence | correct)/odds(high confidence | error) 552 
 553 
which indicates whether an event is more likely to occur in the first condition (i.e. more often for 554 
correct choices, hence OR >1) or second condition (i.e. more often for errors, OR <1). We 555 
compared the ORs for the initial and final confidence, both with regard to the initial choice. The 556 
ORs calculated from the initial confidence report establish a baseline: the breakdown of 557 
confidence associated with the information that explains the accuracy at each motion strength, 558 
analogous to meta-d′ equal to d′ in the SDT framework described above. A larger OR for the 559 
final vs. initial confidence would indicate that a final high confidence response became more 560 
probable for correct choices compared to incorrect initial choices. We used a bootstrap (N=1000) 561 
to evaluate the reliability of the inequalities in ORs, depicted in Figure 7.  562 
 563 
Model  564 
We fit the initial decision data with a model in which the decision process is a race between two 565 
accumulators (Vickers, 1979; Usher and McClelland, 2001; Gold and Shadlen, 2007; Churchland 566 
et al., 2008), one that accrues momentary evidence for right (and against left; R-L) and another 567 
that accrues evidence for left (and against right; L-R). Momentary evidence was modeled as 568 
draws from a bivariate Gaussian with a mean that depends on the coherence (C) such that drift 569 
rate (/s) is κC for the rightward and -κC for the leftward accumulator, giving a mean of (κC,-κC). 570 
The bivariate Gaussian has a negative covariance ρ which determines the extent to which the two 571 
accumulators share noise (for example arising from fluctuations in the stimulus). A decision is 572 
made when one of the two races crosses a decision bound B. The reaction time is determined by 573 
the time to reach the decision bound and an additional non-decision time (e.g. due to sensory and 574 
motor latencies) which was modeled as normal distribution with mean μtnd and standard 575 
deviation σtnd. The state of both the winning and losing race together with decision time map 576 
directly to the log-odds of being correct (see Kiani et al., 2014a). To model confidence, we 577 
included a log-odds threshold θ which separated high from low confidence judgments. For 578 
simplicity, we chose a time-invariant threshold. We have also fit data using time-dependent 579 
confidence bounds, which improve the fits for all subjects but does not affect the figures visibly 580 
and does not affect our conclusions. 581 
 582 
To fit the accuracy, confidence and reaction time of the initial choices, we determined the 583 
number of trials for the 4 possible initial choices (correct/high-confidence, correct/low-584 
confidence, error/high-confidence & error/low-confidence) for each (unsigned) coherence, as 585 
well as the corresponding mean reaction times. For any setting of the parameters, the model 586 
predicts the probability of each of the 4 possible initial choices and the mean reaction times for 587 
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each coherence level. To fit model parameters we minimized the negative log likelihood (i.e., 588 
cost), using a multinomial distribution for the 4 choice types and Gaussian distribution for the 589 
sample mean RTs. For analytic simplicity (see below), we used a flat bound (i.e., stationary 590 
rather than collapsing), which does not capture the shape of the RT distributions and the mean 591 
RT on error trials (Drugowitsch et al., 2012). Therefore we used only sample mean RT and its 592 
associated s.e.m. for correct trials (and all 0% coherence trials) in the cost function.  593 
 594 
To further reduce the degrees of freedom of the model to four we fixed both the covariance ρ to -595 
sqrt(0.5) ~ -0.71 and non-decision time standard deviation σtnd to 60 ms (within the normal range 596 
from a previous study (Burk et al., 2014) and supported by an analysis of motion energy; see 597 
Figure 1—figure supplement 1). This choice of covariance assumes that about half the noise is 598 
shared between the two accumulators (i.e. arises from the stimulus) and is within the normal 599 
range of fitted covariances (Kiani et al., 2014a). Importantly, this choice of covariance also 600 
allowed us to use an analytic solution to the race model when fitting. That is, we generalized the 601 
method of images used in (Moreno-Bote, 2010) which provides analytic solution for covariances 602 
of 0 and -0.5 (requiring 3 and 5 images respectively). Increasing the number of images leads to a 603 
variety of possible covariances (but not to arbitrary covariances). We chose a covariance of 604 

 which requires the use of only 7 images thereby allowing efficient fitting of the subjects’ 605 
data. Using this analytic method precluded the use of collapsing decision bounds (and no lower 606 
reflecting bounds; cf., Kiani et al., 2014a). The fitting was performed for each participant using 607 
multiple (30) runs of Matlab’s fminsearchbnd with a wide range of different initial parameters 608 
settings. The variability across runs was minimal, suggesting that the optimization procedure 609 
converged to global maximum. 610 
 611 
To model changes of mind, we assumed that once the initial decision has been made, the 612 
accumulators continued to integrate information that was not accessible at the time of the initial 613 
decision (due to latencies in the sensory and motor system) for a further post-initiation period tpip 614 
(constrained to be less than tnd). A change in confidence or choice would occur if at the end of 615 
this period the log odds crossed a confidence or choice threshold, respectively (Figure 3b).  Since 616 
there are motor costs involved in changes of mind, we included additional parameters that could 617 
move the confidence and choice thresholds away from their initial values in the post-initiation 618 
stage by δθ1, δθ2 and δθ3 (Figure 3b). The three thresholds split the final decision into four zones 619 
and the specification of these thresholds depended on whether the initial choice was low or high 620 
confidence. For an initial high-confidence choice, the three thresholds were θ–δθ1, -δθ2, and –θ–621 
δθ3, respectively (see Figure 3b). For an initial low-confidence decision, the first threshold was 622 
instead θ +δθ1. To fit the model to each subject’s data, for each unsigned coherence we 623 
calculated the number of trials corresponding to the 16 possible events that could occur over the 624 
trial (4 possible initial choices and 4 possible final choices) and again used maximum likelihood 625 
to fit the four free parameters carrying over κ and θ from the initial decision fits.  626 
 627 
Note that basing the change of decision about direction on log odds represents a simplification of 628 
a process similar to the one for the initial decision, for example, one that would operate on the 629 
evolving DVs represented by the competing accumulators. In principle, such a mechanism could 630 
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terminate post-initiation processing more flexibly, but the frequency of change of mind about 631 
choice and confidence is too small to evaluate this possibility.   632 
 633 
We also evaluated two alternative models for initial choices only, which differ in how they 634 
assign high vs. low confidence. Model 1 exploits a classic idea from signal-detection-theory, and 635 
assigns confidence based on a threshold on the balance of evidence (ignoring deliberation time) 636 
(Vickers, 1979; Kepecs et al., 2008; Kepecs and Mainen, 2012; Wei and Wang, 2015). Model 2, 637 
assigns confidence based on threshold on decision time only, thus ignoring the balance of 638 
evidence. We fit both models to our participants’ data. They have the same number of 639 
parameters (4) as the original model. A 4-choice model for the initial choice-confidence decision 640 
(based on dynamic programming) is worthy of consideration but we have yet to find a 641 
satisfactory account of our data with this approach.  642 
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Figures legends 643 
 644 

Figure 1. Experimental paradigm and sample trajectories. 645 
(a) Schematic of the visual display (rectangle). Participants judged the perceived direction of 646 
motion of a central random-dot display and whenever ready, moved a handle from the central 647 
home position to one of four choice targets, thereby indicating simultaneously the direction 648 
decision (leftward vs. rightward targets) and confidence level (top vs. bottom targets). (b) The 649 
time course of events that make up a trial. Each trial started when the participant’s hand was in 650 
the central home position. The subject controlled motion viewing duration, as the motion 651 
stimulus was extinguished when the handle left the central home-position. The trial ended when 652 
the participant reached one of the targets. (c) Sample hand trajectories from one participant. Most 653 
trajectories extend directly from the central home position to one of the choice targets. In a 654 
fraction of trials, the trajectories change course during the movement, indicating a change of 655 
confidence, change of direction-decision and occasionally change of both direction-decision and 656 
confidence. The trajectory colors indicate the target of their initial choice.  657 
 658 
Figure 2. Interplay between initial confidence, accuracy, and reaction time.  659 
(a) Proportion correct responses as a function of motion coherence split by high (blue) and low 660 
(red) confidence decisions. (b) Mean reaction time as a function of motion strength as in a. (c) 661 
Probability of a high confidence initial choice as a function of motion coherence, split by correct 662 
(green) and error (magenta) trials. Data are means and s.e.m.; curves are model fits. Only data 663 
with 10 or more trials are plotted. For clarity some of the points have been jittered horizontally.  664 

 665 
Figure 3. Information flow diagram showing visual stimulus and neural events leading to an 666 
initial decision, response time, and a possible change of mind. 667 
(a) Competing accumulator model of the initial decision. Noisy sensory evidence from the 668 
random dot motion supports a race between a mechanism that accumulates evidence for right 669 
(and against left) and a mechanism that integrates evidence for left (and against right). Samples 670 
of momentary evidence are drawn from two (anti-correlated) Gaussian distributions with 671 
opposite means, which depend on the direction and motion strength of the stimulus. In this case 672 
the motion is rightward; therefore, the momentary evidence for right has a positive mean, and the 673 
rightward accumulator has positive drift. The first accumulation to reach an upper decision 674 
bound determines the choice and decision time. In this case the decision is for a rightward 675 
response. (b) Evolution of the decision variables (top) and log-odds (bottom) in the task. For 676 
simplicity we plot both accumulations on the same graph. At the initial decision time, the state of 677 
both the winning and losing processes as well as decision time confer the log-odds that a 678 
decision rendered on the evidence is likely to be correct, what we term confidence or belief. The 679 
bottom plot shows the log-odds of a rightward choice being correct, calculated from the decision 680 
variable and time. We assume that subjects adopt a consistent criterion θ on “degree of belief” to 681 
decide in favor of high or low confidence. Note that the decision is terminated by the decision 682 
variable (top), not the log-odds (bottom). Although the motion stimulus is displayed up to the 683 
reaction time, the decision does not benefit from all of the information, owing to sensory and 684 
motor delays (ts and tm, respectively). In the post-decision period, the accumulation therefore 685 
continues. Changes of confidence and/or decision are determined by which region the log-odds is 686 
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in after processing for an additional time, tpip ≤ ts + tm. To incorporate energetics costs of 687 
changing a decision and having to reach mid-movement to a new target we allow the initial 688 
bounds to move from their initial levels (δθ1-δθ3). This example uses the parameter fits for 689 
Subject 1 and a 3.2% coherence with an initial high confidence correct rightward decision 690 
followed by a change of confidence to a rightward, low-confidence decision (for an initial low-691 
confidence example see Figure 3- figure supplement 1).  692 
 693 
Figure 4. Influence of motion information on choice and confidence. 694 
(a) Stimulus information supporting initial choice and confidence coincide. Motion-energy 695 
residuals were obtained by applying a motion energy filter to the sequence of random dots 696 
presented on each trial, and subtracting the mean of all trials having the same coherence and 697 
direction of motion. Positive (negative) residuals indicate an excess of rightward (leftward) 698 
motion. In each panel, data are aligned to stimulus onset (left) and movement initiation (right). 699 
Only motion coherences ≤6.4% are included in the analysis. Inset shows the impulse response of 700 
the motion filter to a two-stroke rightward motion “impulse” at t=0. The upper panel shows the 701 
average of the motion energy residuals for rightward (blue) and leftward (red) choices, 702 
irrespective of confidence level. Arrows indicate, for each subject, the time prior to the 703 
movement initiation when the motion energy fluctuations cease to affect choice. The estimates 704 
correct for the delays of the filter (see Figure 4—figure supplement 1). The lower panel shows 705 
the difference in motion energy residuals between high and low confidence, for each direction 706 
choice. Shading indicates s.e.m. (b) Influence of motion energy residuals on changes of mind 707 
about direction and confidence.  When subjects changed their initial decision about direction (top 708 
panel), motion information changed sign just before movement initiation. When confidence 709 
changed from high to low (middle panel), residuals were positive or negative for the two 710 
direction choices, respectively, and attenuated or reversed sign just before movement initiation. 711 
In contrast, late information provided additional support for the initial choice when confidence 712 
changed from low to high (bottom panel).    713 

 714 
Figure 5. Changes of confidence and decision.  715 
(a) Probability of changes of decision when the initial decision was an error (dark red) or correct 716 
(light red) as a function of motion strength. Circles show subject data (mean ± s.e.m) and curves 717 
are model fits. (b) Probability of changes of confidence when the initial decision was low 718 
confidence (dark blue) or high confidence (light blue) as a function of motion strength. (c) 719 
Proportion of trials with changes of confidence (blue) and changes of decision (red) as a function 720 
of motion strength. These predictions (curves) are evaluated only at the motion strengths that 721 
were presented to the subjects, because they were obtained by using the fits from a & b together 722 
with the proportion of actual initial choices (error/correct and high/low confidence) for each 723 
motion strength. Figure 5—figure supplement 1 shows the empirical and model fit proportion of 724 
trials corresponding to panels (a) and (b).   725 
 726 
Figure 6. Log-odds thresholds for initial decisions and changes of mind for each participant.  727 
For initial decisions, the confidence threshold (±θ for t<0, marked by the boundaries between 728 
light and dark colors) determines whether the decision has high or low confidence. The initial 729 
direction decision is consistent with the sign of the log-odds (rightward for green and leftward 730 
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for red). Rows show the thresholds for an initial low- (top) and high- (bottom) confidence 731 
rightward decision (i.e., initial decisions that end in the region indicated by the vertical black bar 732 
in the plot for Subject 1). Thresholds in the post-initiation stage (right of the initial decision line) 733 
tend to “move away” from the initial log-odds threshold, consistent with resistance to change. 734 
For all participants, the opposite-choice, high-confidence threshold “moves towards” the initial 735 
decision, thereby reducing the width of the pink zone. Because initial confidence was more often 736 
high (lower row), the narrow pink zone can be interpreted as resistance to a double change of 737 
mind about both direction and confidence. Note that the model parameterization requires the 738 
pink and red regions to be same for both initial high and low confidence decisions. The non-739 
decision time (tnd) and time of post-initiation processing (tpip) are also shown for each participant 740 
(labels in left top graph).    741 
Figure 7. The possibility of change of confidence introduces an apparent dissociation between 742 
accuracy and confidence. 743 
The odds ratio (OR) statistic captures the relative tendency to report high confidence on correct 744 
versus error trials. The scatter plot compares ORs calculated from the participants’ data using the 745 
initial and final confidence report. Both ORs use the correct/error designation for the initial 746 
direction decision. The ORs calculated from the initial confidence report establish a baseline: the 747 
breakdown of confidence associated with the information that explains the accuracy at each 748 
motion strength. The ORs calculated from the final confidence report are larger and might thus 749 
be mistakenly interpreted as support for a dissociation between determinants of choice and 750 
confidence. Symbol shapes correspond to the four subjects; symbol shading denotes motion 751 
strength. An odds ratio can only be calculated if there are error trials (or the ratio is infinite). This 752 
necessitated exclusion of one of the points at the highest coherence level. 753 
 754 
Figure 2—figure supplement 1. Initial choice behavior for Subject 5. 755 
Data and fits in the same format as Figure 2. This subject responded with high confidence on 756 
over 95% of trials.  757 
 758 
Figure 2—figure supplement 2. Non-stationary behavior of Subject 4.  759 
(a) Cumulative of number of trials with high confidence (back line) as a function of trial number 760 
shows a change in slope around trial 5000, corresponding to an increase in the rate of responding 761 
with high confidence. Red line shows linear regression fit to the first 5000 trials. (b) Data and 762 
fits for trials 5001-9216 of this subject’s data in the same format as Figure 2.  763 
 764 
Figure 3—figure supplement 1. A second example of the evolution of decision variables (top) 765 
and log-odds (bottom) in the task.  766 
The example is in the same format as Figure 3b but for an initial low confidence, correct decision 767 
with a change to high confidence.  768 
 769 
Figure 4—figure supplement 1. Estimation of the non-decision times from the psychophysical 770 
kernels. 771 
Although some previous studies measured the non-decision time as the point in time at which 772 
motion fluctuations no longer exert a significant influence on the initial choice, this method is 773 
biased because estimates of latency become shorter if non-decision times are more variable 774 
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across trials, or if more trials are included. We used an alternative approach, which involves 775 
fitting a function, f(t), to the psychophysical kernels. (a) The shape of f(t) was derived assuming 776 
that the slow decay of the psychophysical kernels when aligned on movement onset is due to: (i) 777 
trial-to-trial variability in the non-decision time, and (ii) the smoothing introduced by the impulse 778 
response of the motion energy (inset; same as in Figure 4a). Without these influences, the 779 
influence of motion fluctuations on choice would step to zero at a fixed latency (μtnd) before 780 
movement (black solid line). Inter-trial variability in the non-decision time reduces the number 781 
of trials that contribute to the psychophysical kernel for times closer to movement onset. If this 782 
variability is assumed Gaussian, the step function is smoothed into a cumulative Gaussian (g[t| 783 
μtnd, σtnd]; dashed line). To fit the psychophysical kernels, we also need to consider the additional 784 
smoothing introduced by the motion filter, which we do by convolving g(t) with the impulse 785 
response of the motion filter, IR(t), such that  = | , ∗  , where is  is an 786 
arbitrary scaling parameter. The final fit, that is f(t), is shown by the black line. To increase the 787 
statistical power, we combined the motion energy residuals from rightward and leftward choices, 788 
such that positive residuals indicate an excess of motion in the direction of the initial choice. The 789 
green shaded area represents s.e.m. for the average of the motion energy residuals, including 790 
trials from all subjects. We fit μtnd, σtnd and  to minimize the deviance between f(t) and the 791 
average of the motion energy residuals. The best-fitting parameters μtnd and σtnd are indicated in 792 
the panel. (b) Same analysis as in (a), but conducted separately for each subject. Latencies are 793 
similar to those obtained by fitting a bounded accumulation model (Table 1). 794 
 795 
Figure 5—figure supplement 1. Proportion of trials with a change of decision or confidence. In 796 
the main figure, we show the conditional probability that a subject would change her decision 797 
about direction or confidence, given the initial decision. Here, we show the empirical 798 
proportions.  799 
(a) Proportion of trials with a change of decision from error to correct (dark red) or correct to 800 
error (light red) as a function of motion strength. (b) Proportion of of trials with a change of 801 
confidence from low to high (dark blue) and high to low (light blue) as a function of motion 802 
strength. Circles show subject data (mean ± s.e.m). Model fits (curves) are evaluated only at the 803 
motion strengths that were presented, because they were obtained by using the fits from Figure 804 
5a & b together with the observed proportion of initial choices (error/correct and low/high 805 
confidence) for each participant.  806 
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 807 
 808 
Table 1 Parameter fits for the initial decision parameters and post-initiation processing 809 
parameters. 810 
  811 



22 
 

 812 
Table 2 Pattern of changes of mind for each subject. Total trials performed with percentage of 813 
trials for different types of changes of mind. The average additional points earned is the 814 
difference in the points earned on change of minds trials compared to those that would have been 815 
earned had the subject not changed their mind, divided by the total number of change of mind 816 
trials.  817 
  818 
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