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Human subjects of both sexes were asked to make a perceptual decision between multiple directions of visual motion. In
addition to reporting a primary choice, they also had to report a second guess, indicating which of the remaining options
they would rather bet on, assuming that they got their primary choice wrong. The second guess was clearly informed by the
amounts of sensory evidence that were provided for the different options. A single computational integration-to-threshold
model, based on the assumption that the second guess is determined by the rank ordering of accumulated evidence at or
shortly after the time of the decision, was able to explain the distribution of primary choices, associated response times, and
the distribution of second guesses. This suggests that the decision-maker has access to how well supported unchosen options
are by the sensory evidence.

Key words: accumulated evidence; computational model; multiple alternatives; perceptual decision; second choice; second
guess

Significance Statement

Perceptual decisions require conversion of sensory evidence into a discrete choice. Computational models based on the accu-
mulation of evidence to a decision threshold can explain the distribution of choices and associated decision times. Subjects
are also able to report the level of confidence in their decision. Here we show that, when making decisions between more than
two alternatives, the decision-maker can even report a second guess that is clearly informed by the sensory evidence. These
second guesses show a distribution that is consistent with subjects having access to how much sensory evidence was accumu-
lated for the unchosen options. The decision-maker therefore has knowledge about the outcome of the decision process that
goes beyond just the choice and an associated confidence.

Introduction
Perceptual decisions require a decision-maker to make a discrete
choice on the basis of sensory information. Substantial work has
gone into elucidating the mechanisms that allow the inflowing
sensory evidence to be converted into a discrete choice. Inte-
gration-to-threshold mechanisms are the currently dominant
class of models, the Drift Diffusion Model being a popular exem-
plar (Luce, 1986; Ditterich, 2006, 2010; Ratcliff and McKoon,
2008; Forstmann et al., 2016). These models are based on the
idea that sensory evidence for each available option is accumu-
lated until the accumulated evidence for one of the options
exceeds a decision threshold. They can explain the distribution
of choices and associated response times (RTs) for a wide range
of decision tasks (Ratcliff and Smith, 2004) and are consistent

with decision-related neural activity, both averaged across trials
as well as on a single-trial level (Ditterich, 2006; Bollimunta et al.,
2012). It is difficult, however, to pinpoint experimentally how
much temporal integration is involved in the process (Ditterich,
2006), and the view that single-trial decision-related neural activ-
ity is consistent with a diffusion-like process has been challenged
(Latimer et al., 2015).

More recently, confidence in a perceptual decision has
become the focus of scientific investigation. Some studies suggest
that a common mechanism could explain both the outcome
of the decision as well as the reported confidence (Kiani and
Shadlen, 2009; Kiani et al., 2014), while other reports have focused
on dissociations between subjective confidence and objective
decision accuracy (for review, see Rahnev and Denison, 2018).
When making binary decisions, the choice and the associated
confidence fully describe the outcome of the decision process.
When making decisions between more than two alternatives, the
decision-maker could also have knowledge about how well the
sensory evidence supported the unchosen options.

Here we ask whether human subjects have access to informa-
tion about the “relative desirability” of the unchosen options
when making perceptual decisions between more than two alter-
natives and, if so, whether one can provide a quantitative expla-
nation for the distribution of reported second guesses. We used a
modified version of the 3-alternative forced choice version of the
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multicomponent random-dot motion direction discrimination
task introduced by Niwa and Ditterich (2008). Briefly, the subject
watches a random-dot motion stimulus that simultaneously con-
tains coherent motion in three different directions, all separated
by 120 degrees. The strength of each motion component is cho-
sen randomly. The observer has to determine the strongest
motion component and indicate its direction with an eye move-
ment. The choice and the associated RT are recorded. For this
study, subjects were instructed to also report a second guess with
a second eye movement. We asked the observers to indicate
which of the remaining two options they would rather bet on,
assuming they got their primary choice wrong. Once both the
primary choice and the second guess had been registered, audi-
tory feedback about the accuracy of the primary choice was pro-
vided. Subjects did not receive feedback on their second guess.
The task is illustrated in Figure 1. Further details regarding the
experimental design can be found in Materials and Methods.

Here we demonstrate that the second guess is clearly
informed by the sensory evidence and that a single integration-
to-threshold model can explain the distribution of primary
choices, associated RTs, and the distribution of second guesses.
This suggests that the decision-maker has access to how much
sensory evidence had been accumulated for options other than
the chosen one at the time when the decision was made. We also
consider alternative models and show that the second-best expla-
nation for the data are provided by a model that starts a new de-
cision process between the remaining alternatives when the
primary decision is made and reads out the decision variable af-
ter a fixed amount of time.

Materials and Methods
Experimental design and statistical analyses

Human subjects. The study was approved by the University of
California at Davis Institutional Review Board. After giving their
informed consent, 7 University of California at Davis undergraduate stu-
dents (4 females, 3 males) with normal or corrected-to-normal vision
participated in the experiment. Each of the subjects completed at least
five experimental sessions with a minimum of 300 valid decision trials
each.

Experimental setup. The subjects sat in front of a 22 inch flat-screen
CRT video monitor (ViewSonic P225f; viewing distance: 60 cm) with

their head on a chin and forehead rest. The visual stimuli were generated
by a Macintosh G4 computer running Mac OS 9, MATLAB (The
MathWorks), and the Psychophysics Toolbox (Brainard, 1997; Pelli,
1997) at a frame rate of 75Hz. The experiment was controlled and the
data were collected by an Intel Pentium IV computer running QNX
(Ottawa) and a modified version of REX (Laboratory of Sensorimotor
Research, National Eye Institute).

Eye movements were monitored using a monocular IR video eye
tracker with chinrest-mounted optics (Series 5000, Applied Science
Laboratories) operating at 240Hz. Before each experimental session, the
eye tracker was calibrated using repeated fixation of nine calibration tar-
gets with horizontal eccentricities of �10, 0, and 10degrees and vertical
eccentricities of�7.5, 0, and 7.5 degrees.

Experimental task and visual stimulus. The experimental task is illus-
trated in Figure 1. Each trial started with the presentation of a central fix-
ation mark (diameter: 0.3 degree). The measured fixation location had to
remain within 2.5 degrees of the center of the screen throughout the trial
(up to the saccadic response). After 250-500ms of stable fixation, three
targets (diameter: 0.5 degree) appeared on the screen, all located on a vir-
tual circle around the fixation mark with a radius of 8.0 degrees. The tar-
get locations were chosen randomly (with equal spacing) at the
beginning of an experimental session and did not change throughout the
session. After another random delay of 250-500ms, a multicomponent
random-dot pattern was presented at the center of the screen (diameter:
5.0 degrees).

In the original version of the stimulus (as used, e.g., by Shadlen and
Newsome, 2001; Roitman and Shadlen, 2002; Palmer et al., 2005) a cer-
tain fraction of the dots (defined as the coherence of the stimulus) was
moving coherently in a particular direction, whereas the remaining dots
were flickering randomly. Our multicomponent random-dot pattern
had up to three coherent motion components embedded. Thus, there
were four subpopulations of dots: one was moving coherently in a par-
ticular direction u (aligned with one of the choice targets; fraction of
dots defined by the coherence of the first component), another one was
moving coherently in the direction u 1 120° (fraction defined by the co-
herence of the second component), a third one was moving coherently
in the direction u 1 240° (fraction defined by the coherence of the third
component), and the remaining dots were flickering randomly. The
stimulus is therefore described by a set of three coherences. Which of the
four subpopulations a particular dot belonged to changed randomly
over time. As a consequence, the stimulus is not perceived as an overlay
of several transparent layers of motion that could be easily separated, but
as a mixture of different motion components. For a discussion of trans-
parent random-dot motion stimuli, see, for example, Treue et al. (2000).
Corresponding pairs of dots, responsible for the percept of apparent
motion, were presented with a temporal separation of 40ms (three video
frames). The coherently moving dots had a speed of 6 deg/s, the dot den-
sity was 16:7 dots

deg2�s, and each dot was a little filled square with an edge
length of 0.1 degree. On each trial, the set of coherences was randomly
selected from a list of 51 possible coherence combinations ranging from
0% to 40% each. The full list can be found in Table 1.

The subjects were instructed to identify the direction of the strongest
motion component and to make a saccadic eye movement to the associ-
ated choice target (aligned with the identified direction of motion). They
were allowed to watch the stimulus for as long as they wanted (up to 5 s)
and to respond whenever they were ready. The motion stimulus disap-
peared from the screen as soon as the eye left the central fixation win-
dow. Subjects were further instructed to indicate with a second saccadic
eye movement to one of the two remaining choice targets, which of the
remaining options they would rather bet on as a second guess, assuming
they got their first choice wrong. After each trial, they received auditory
feedback as to whether they had picked the correct target in their pri-
mary choice. In case the stimulus did not have one strongest motion
component, the computer randomly identified one of the targets as
being the correct one. No feedback was given on the second guess.

In order to complete a trial successfully (“valid trial”), the subject had
to maintain accurate fixation until the random-dot pattern appeared.
Once central fixation was broken, the eye position had to be within
3 degrees of one of the three choice targets within 100ms and had to stay
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Figure 1. Experimental paradigm. Human subjects were asked to determine the strongest
motion direction in a random-dot pattern with multiple motion components. They were free
to watch the stimulus as long as they wanted and responded with a goal-directed eye move-
ment to one of three choice targets to indicate their primary choice. Choices and RTs were
measured. After indicating their primary choice, subjects were instructed to make a second
goal-directed eye movement to one of the remaining two targets to indicate a second guess.
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on this target (primary choice) for at least 200ms. At this point, a neutral
sound was played, indicating that the primary choice had been regis-
tered, but not providing any information about its accuracy yet. At most
3 s later, the eye position had to be within 3 degrees of one of the remain-
ing choice targets and had to stay on this target (second guess) for at
least 200ms. At this point, auditory feedback was given about the accu-
racy of the primary choice, which indicated to the subject that the trial
had been registered as a valid trial.

Data analysis. For analyzing the data, we collapsed across different
target locations. Thus, we only worked with the 15 unique sets of coher-
ences (eliminating the permutations) and whether the subject picked
the target associated with the strongest motion component, the one

associated with the intermediate component, or the one associated with
the weakest component. We analyzed the pooled data across subjects to
have a robust number of trials for each experimental condition. Since we
only work with mean RTs in this study, we were not concerned about
variability in RT across subjects potentially affecting the shape of RT
distributions.

RT was defined as the time between the appearance of the random-
dot stimulus and the breaking of central fixation. We did not analyze the
timing of the second guess as subjects had to wait for their primary
choice to be registered by the computer before they could report their
second guess. Thus, the timing of the second guess was largely externally
imposed.

Computational models
Model of the neural representation of the sensory stimulus. The mean

response of a population of motion-sensitive neurons to a 3-component
random-dot stimulus with coherences c1 (in the preferred direction of
the pool), c2, and c3 was modeled to be of the following form:

s1 ¼
g � c11kn � 1�

X3
i¼1

ci

 !" #

11ks � c21c3ð Þ

where g is the overall gain of the sensory response (relationship between
neural activity and motion strength). The two additive terms in the
brackets reflect the two linear response components: the first describes
the response to the coherent motion in the preferred direction, and the
second describes the response to the noise dots. The term in parentheses
reflects the proportion of noise dots in the stimulus. kn is the relative
gain of the response to the noise dots compared with the response to an
identical fraction of dots moving coherently in the preferred direction.
The term in the denominator reflects the divisive normalization. Since
the term in the numerator accurately describes the response to a single-
component stimulus, only the coherences of motion components with
directions other than the preferred one are present in the denominator.
For simplicity, we have chosen a linear term, with ks describing the gain/
strength of the divisive normalization (Niwa and Ditterich, 2008).

In general, the mean responses of each of the three task-relevant sen-
sory pools can be written as follows:

sj ¼
g � cj 1 kn � 1�

X3
i¼1

ci

 !" #

11 ks �
X
i 6¼j

ci

The variances of the three sensory responses were modeled as
follows:

s 2
sj
¼ kv � sj

We described the outputs of the sensory pools as normal random
processes to be able to treat the decision process as a standard diffusion
process (based on Brownian motion), which is reasonable if the pools
are not too small.

Model of the decision process. In principle, we would have to treat the
race between the three integrators mathematically as a 3D diffusion pro-
cess. However, for the 2-alternative forced choice (2AFC) case, the deci-
sion process has often been described as a 1D diffusion process with two
boundaries instead of a 2D diffusion process. This simplification can be
done when one assumes that the two signals that are accumulated by the
two integrators are only different in sign, but identical in absolute value.
Such a situation would result from all of the contributions that a particu-
lar pool of sensory neurons makes to the net evidence signals having the
same origin. If we make the same assumption in our model, we can also
reduce the dimensionality of the problem. We can write the three evi-
dence signals as follows:

Table 1. List of motion coherence combinations

Motion coherence of
first component (%)

Motion coherence of
second component (%)

Motion coherence of
third component (%)

0 0 0
5 0 0
0 5 0
0 0 5
10 0 0
0 10 0
0 0 10
20 0 0
0 20 0
0 0 20
40 0 0
0 40 0
0 0 40
10 10 10
20 10 10
10 20 10
10 10 20
30 10 10
10 30 10
10 10 30
20 15 5
20 5 15
15 20 5
5 20 15
15 5 20
5 15 20
30 15 5
30 5 15
15 30 5
5 30 15
15 5 30
5 15 30
20 20 20
30 20 20
20 30 20
20 20 30
40 20 20
20 40 20
20 20 40
30 25 15
30 15 25
25 30 15
15 30 25
25 15 30
15 25 30
40 25 15
40 15 25
25 40 15
15 40 25
25 15 40
15 25 40
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e1 ¼ s1 � 1
2 s2 � 1

2
s3

e2 ¼ s2 � 1
2
s1 � 1

2
s3

e3 ¼ s3 � 1
2
s1 � 1

2
s2

e3 can be rewritten as follows:

e3 ¼ � s1 � 1
2
s2 � 1

2
s3

� �
� s2 � 1

2
s1 � 1

2
s3

� �
¼ �e1 � e2

Thus, if e1 and e2 are known, e3 is known. In our model, each of the
three evidence signals is integrated over time (Fig. 2) as follows:

ij tð Þ ¼
ðt
0

ej tð Þ dt

Since integration is a linear operation, if i1 and i2 are known, i3 is also
known. We can therefore rewrite the decision criterion for choosing the
third alternative as follows:

i3 . 1
�i1 � i2 . 1

i2 , �i1 � 1

Thus, the third integrator exceeding a value of 1 is equivalent to
crossing another linear boundary in the i1–i2 plane (for an illustration,
see Niwa and Ditterich, 2008, their Fig. 3C). The diffusion process always
starts at (0;0) and stops when one of the three boundaries is crossed: i1 =
1 is the decision boundary for the first alternative, i2 = 1 is the boundary
for the second alternative, and i2 = –i1 – 1 is the boundary for the third
alternative.

The 2D diffusion process is described by a drift vector and a covari-

ance matrix. The drift vector is given by
e1
e2

� �
, the means of the first two

evidence signals. Since
e1
e2

� �
can be calculated as follows:

e1
e2

� �
¼ 1 �1

2 �1
2

�1
2 1 �1

2

� �
�

s1
s2
s3

2
4

3
5

e1
e2

� �
is given by the following:

�e1
�e2

� �
¼ 1 �1

2 �1
2

�1
2 1 �1

2

� �
�

�s1
�s2
�s3

2
4

3
5

The covariance matrix R can be calculated as follows:

R ¼ 1 �1
2 �1

2

�1
2 1 �1

2

� �
�

s 2
s1

0 0
0 s 2

s2
0

0 0 s 2
s3

2
64

3
75 �

1 �1
2

�1
2 1

�1
2 �1

2

2
4

3
5 ¼

¼ s 2
s1
1 1

4 s
2
s2
1 1

4s
2
s3

�1
2 s

2
s1
� 1

2 s
2
s2
1 1

4s
2
s3�1

2 s
2
s1
� 1

2 s
2
s2
1 1

4s
2
s3

1
4 s

2
s1
1s 2

s2
1 1

4s
2
s3

" #
¼

¼ kv � �s1 1 1
4
�s2 1 1

4
�s3 �1

2
�s1 � 1

2
�s2 1 1

4
�s3

�1
2
�s1 � 1

2
�s2 1 1

4
�s3 1

4
�s1 1 �s2 1 1

4
�s3

� �

Model of the second choice based on accumulated evidence at or
shortly after the time of the first threshold crossing. The integrator cross-
ing the decision threshold first determines the primary choice and the
decision time. We propose that the state of the remaining integrators at
the time when the winning integrator crosses threshold can be used to
determine the second guess. The higher value of the two remaining

integrators determines the second choice. For example, if the second in-
tegrator crossed the threshold first, the states of the first and the third in-
tegrator at this particular time would be compared, and the larger value
would determine the second guess. As pointed out above, when working
with a 2D stochastic process, the two dimensions correspond to the
states of the first two integrators. The state of the third integrator can be
calculated as i3 = –i1 – i2.

While the first passage time problem could be solved numerically
(see Ditterich, 2006; Niwa and Ditterich, 2008), we also needed the pre-
dictions for the distribution of second choices. Therefore, we discretized
the 2D diffusion process (time step: 5ms) and simulated 50,000 trials
per experimental condition. The MATLAB function OU_2D_3B_
SIM_SC.M, which has been used for performing the model calculations,
is part of the Stochastic Integration Modeling Toolbox (SIMT; written
by J.D.), which can be downloaded from https://www.github.com/
peractionlab/StochInt.

To determine whether the second guess might have been informed
by sensory evidence that arrived at the decision process after the decision
threshold had been crossed, we allowed the integration process to con-
tinue for a fixed amount of time after the threshold crossing and then
read out and compared the states of the integrators that had not won the
race to threshold. The MATLAB function used for this purpose,
OU_2D_3B_SIM_SC_ADD_TIME.M, is also part of SIMT. To quantify
the deviation between predicted and observed second guesses, we calcu-
lated the sum of the squared differences between predicted and observed
relative frequencies.

Model of the second choice based on two successive threshold cross-
ings. We also considered a model where the integration process contin-
ues after the first threshold crossing, until a second (different) bound is
crossed. The first threshold crossing determines the first choice, the sec-
ond threshold crossing the second choice and the decision time. In con-
trast to our original model, to give this model more flexibility, the
integration of sensory evidence was allowed to be leaky (the time con-
stant of integration was an additional free model parameter), and the
bounds were allowed to collapse over time. We used the same logistic
function as in Ditterich (2006) as follows:

AðtÞ ¼ 1

11exp s � t � dð Þð Þ1
exp �s � dð Þ

11exp �s � dð Þ

t is the time into the decision process, and s and d are two additional
free model parameters that define the shape (slope) and the position
(delay) of the collapsing bound. The MATLAB function OU_2D_3B_
TWO_CROSS_SIM.M, which was used for evaluating this model, is also
part of SIMT.

Models of the second choice based on two successive decision proc-
esses. Another class of models involved starting a new decision process
when the first threshold crossing occurred, but only between the two
alternatives that did not win the original race to threshold. For example,
assuming that i2 crossed the threshold first, the second process would be
set up as follows:

e91 ¼ s1 � s3
e92 ¼ s3 � s1

If the integral of the first evidence signal crossed the threshold first,
Direction 1 would be reported as the second choice. If the integral of the
second evidence signal crossed the threshold first, Direction 3 would be
reported as the second choice. Since e92 ¼ �e91, this second decision pro-
cess can be treated as a 1D drift-diffusion process with two boundaries.
The decision time would be the total duration of both decision processes.
To give this model more flexibility, we allowed the decision threshold of
the second decision process to be lower than the decision threshold of
the first decision process. The second decision threshold was an addi-
tional free model parameter. The MATLAB function OU_2D_
3B_1D_2B_SIM_SC.M, which has been used for evaluating this model,
is also part of SIMT.
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Finally, we considered a model that also
starts a second decision process when the
first threshold crossing occurs, but it does
not wait for a second threshold crossing. The
second decision process unfolds for a fixed
amount of time and is then read out. The
sign of the current state of the integrated evi-
dence (of the 1D process) determines the
second choice. The MATLAB function
OU_2D_3B_1D_FIXED_TIME_SIM_SC.M,
which was used for evaluating this model, is
also part of SIMT.

Model fit. The model parameters were
identified by an optimization procedure
based on the mean RTs. A combination
of a global pattern search (provided by
MATLAB’s Global Optimization Toolbox)
and a multidimensional simplex algorithm
(provided by MATLAB’s Optimization Tool-
box) was used to minimize the sum of the
squared differences between the mean RTs in
the data and the mean RTs predicted by the
model, taking the SEs of the estimated means
into account. We used the mean RTs for
each combination of coherences, regardless
of choice (15 data points). For the model,
these were obtained by calculating a weighted
sum of the predicted mean RTs for the differ-
ent choices based on the predicted probabil-
ities of these choices.

Results
We used 11,060 valid decision trials from 7 subjects for analysis
and modeling. The overall accuracy of the primary choice was
72% (chance level would be 33% for a 3-alternative forced choice
task), which provided us with 7951 correct trials and 3109 error
trials for further analysis. How the primary choice and the associ-
ated RT depended on the presented stimulus was similar to what
we had reported in Niwa and Ditterich (2008) and will be pre-
sented in the context of a computational model below.

Second guesses in perceptual decision-making are informed
by sensory evidence
To test whether subjects are able to make an informed second
guess, we analyzed the error trials and quantified how often sub-
jects reported what would have been the correct choice as their
second guess. If subjects just guessed randomly, this should not
deviate significantly from chance (50%). The correct option,
however, was reported as the second guess in 63% of the error
trials, which is highly significantly above chance (p, 10�6; bino-
mial test). This indicates that the second guess was clearly
informed by the sensory evidence provided by the motion
stimulus.

A computational model that can explain primary choices and
associated RTs
To gain more insight into what information the second guesses
were based on, we resorted to computational modeling. In Niwa
and Ditterich (2008), we presented an integration-to-threshold
model that was able to explain the distribution of choices in the 3-
choice multicomponent random-dot motion direction discrimina-
tion task as well as the associated RTs. Briefly, in a stochastic pro-
cess, we modeled three pools of motion-sensitive neurons (for each
of the possible directions). Each of these pools had a strong linear
response to coherent motion in its preferred direction, a weak linear

response to the randomly moving dots in the stimulus, and divisive
normalization based on how much coherent motion the stimulus
contained driving the other pools. The variance of each pool’s out-
put scaled linearly with its mean. The net sensory evidence for each
direction, calculated as the difference between one pool’s activity
and the average activity of the other two, was then fed into an inte-
grator, one for each possible choice. Whichever integrator reached a
constant decision threshold first determined the choice, and the
time of crossing the decision threshold the decision time. RT was
modeled as the sum of the decision time and a fixed residual time,
capturing the time needed for aspects of the task other than the de-
cision itself (e.g., initiating an eye movement for reporting the
choice). The structure of the model is shown in Figure 2. Further
details can be found inMaterials andMethods.

If adding the secondary task of reporting a second guess did
not alter the way subjects made their primary choice, the same
model should still be able to capture the primary choice data and
associated RTs from this experiment. To test this, we fitted the
model (5 free parameters) to the mean RT data. The result of this
fit is shown in Figure 3. Filled circles represent the data (with
95% confidence intervals (CIs), calculated according to the
method proposed by Goodman, 1965); lines reflect the model.
The motion strength of the strongest motion component in the
stimulus is plotted on the horizontal axis; the color of symbols/
lines represents the strength of the other two motion compo-
nents. The model clearly captures the structure of the mean RT
data. If the model were perfect, at least 95% of the evaluated
model mean RTs would be expected to be within the 95% CIs
associated with the data. Our model is close to that: 13 of the 15
mean RTs (87%) are inside; the two that are outside are still close
to the CIs. The estimated model parameters are summarized in
Table 2.

To further test whether the model can explain the primary
choice data, we compared the model’s prediction for the distri-
bution of primary choices with the actual distribution from the
experiment (Fig. 4). These data have not been used yet because
the model had only been fitted to mean RT data. The plotting
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Figure 2. Computational model. Three integrators (each associated with one of the three alternatives) race against each
other. The integrator output signal (i1, i2, or i3) reaching a decision threshold first determines the primary choice and terminates
the decision process. The integrator input signals (e1, e2, and e3) are net evidence signals, which are linear combinations of the
three relevant sensory signals (s1, s2, and s3). Solid arrows indicate positive weights (excitatory connections). Dashed arrows
indicate negative weights (inhibitory connections). The second guess is determined by the rank ordering of the remaining two
integrators when the winning one reaches threshold.
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conventions are similar to Figure 3. Circles represent correct
choices, squares represent choices of the direction that had inter-
mediate support, and diamonds represent choices of the direc-
tion that had the weakest support. A perfect model would
predict probabilities, at least 95% of which would be expected to
be within the 95% CIs associated with the data. While our model
is not perfect, 18 of the 23 probabilities (78%) are inside, the five
that are outside are still close to the CIs. The good agreement
between data and model predictions indicates that the model
introduced in Niwa and Ditterich (2008) is still able to explain
the primary choice data and associated RTs from the current
experiment. Thus, asking subjects to report a second guess appa-
rently did not alter the structure of the decision process.

The same computational model can also explain second
guesses
We have demonstrated earlier that subjects can produce
informed second guesses when making perceptual decisions
between multiple alternatives, but can we gain insight into what
governs these second guesses? The idea behind the highly suc-
cessful integration-to-threshold models in perceptual decision-
making is that decision-makers accumulate sensory evidence for
each of the possible choices until the accumulated evidence for
one of them exceeds a decision threshold. How could a subject
make an informed second guess in this framework? Assume the
decision-maker had access to the states of the integrators that did

not win the race at the time of the threshold crossing. What
should the distribution of second guesses look like if subjects
reported the integrator with the overall second-highest accumulated
evidence as their second guess, or, equivalently, the option with the
larger accumulated evidence out of the two remaining ones? We
took the model, which had been fitted to the mean RTs associated
with the primary choice and was able to explain the distribution of
primary choices, and obtained the expected distributions of second
guesses based on the overall second-highest accumulated evidence.

A comparison between the predicted distributions of second
guesses and the actual data on correct trials is shown in Figure 5.
Symbols again represent the data (and 95% CIs); lines reflect the
model predictions. On correct trials, by definition, subjects have
already reported the correct option as their primary choice. The
correct option is therefore no longer available as a second guess.
The relative frequency of reporting the correct option as the sec-
ond guess (filled circles) has to be zero. The only interesting cases
are those where the two weaker motion components had differ-
ent motion strengths (purple and cyan). Squares represent how
often subjects reported the direction with the intermediate
motion strength as their second guess; diamonds represent how
often the weakest motion component was reported.

The same comparison, but now for error trials, is shown in
Figure 6. In this case, the correct option can be reported as the
second guess, and we had already seen earlier that, across experi-
mental conditions, it was chosen more frequently than chance.
The figure shows this relative frequency broken down by experi-
mental condition (circles), adds the relative frequencies of
reporting each incorrect option as the second guess (squares and
diamonds), and provides the model predictions for comparison.
Why, in contrast to the plots we had seen so far, are the squares
below the diamonds in this figure?When reporting their primary
choice, subjects were more likely to make an error in favor of the
motion component with intermediate support rather than pick-
ing the weakest component (Fig. 4, squares and diamonds). The
weakest component (diamonds) was therefore available as an
option for the second guess in substantially more error trials
than the component with the intermediate support (squares),
which explains why it was overall chosen more frequently. And
why does the probability of reporting the direction of the strong-
est motion component (blue circles/line) not keep increasing
monotonically as a function of motion strength? To make an
error in a trial with only a single-motion component with 40%
coherence in the first place, the accumulated evidence for this
direction has to be unusually low. As a consequence, since the
second guess is based on the same accumulated evidence, there is
also not a sufficient amount of evidence to support choosing this
direction as the second guess. A perfect model would again pre-
dict probabilities, at least 95% of which would be expected to be
within the 95% CIs associated with the data. Across both correct
and error trials and not counting the zero-probability events, 26
of the 31 predicted probabilities (84%) are inside, and the five
that are outside are still pretty close to the CIs. Thus, there is
good agreement between the data and model predictions, indi-
cating that the reported second guesses are consistent with the
idea that the decision-maker has access to information about
how much sensory evidence had been accumulated for compet-
ing unchosen options at the time when sufficient evidence had
been collected to commit to a primary choice.

In summary, a computational model with only five free pa-
rameters can account for 15 mean RTs, 16 relative frequencies
for the primary choice (not counting the 7 trivial cases of uni-
form choice distributions when all motion components are
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Figure 3. Mean RT data and fitted model. Symbols represent the measured mean RTs for
all unique combinations of motion strengths. The motion strength of the strongest compo-
nent is plotted on the horizontal axis. Colors represent the motion strengths of the two
weaker motion components. (For example, the cyan point at 40% motion strength indicates
the mean RT for stimuli with the three motion components having strengths of 40%, 25%,
and 15%, respectively.) Some points have been shifted slightly horizontally to reduce graphi-
cal overlap. For example, all points within the gray bar centered on 20% have a strength of
the strongest motion component of exactly 20%. Error bars indicate 95% CIs. The lines con-
nect the mean RTs from the computational model.

Table 2. Best-fitting model parameters

Model parameters Parameter values

g 0.0103
kn 0.197
ks 0.616
kv 0.329
Residual time (ms) 663
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equally strong and the relative fre-
quency of choosing the third option
having to be 1 minus the sum of the
relative frequencies of choosing the
first or the second option), and 18 rela-
tive frequencies for the second guess,
again excluding the trivial cases. This
strongly suggests that the primary
choice and the second guess are pro-
duced by a common integration-to-
threshold decision process.

Second guesses are best explained by
the states of the integrators shortly
after threshold crossing
While the motion stimulus disap-
peared from the screen when the sac-
cade for reporting the primary choice
was detected, there is a delay between
the decision threshold crossing and the
saccade onset, and some stimulus
information is also still in the visual
cortical processing pipeline. In the de-
cision confidence literature, it has been
proposed that the decision confidence,
which is usually reported after the
choice, could be informed by sensory
evidence that is processed after the
choice has been made (Pleskac and
Busemeyer, 2010; Moran et al., 2015).
To determine whether additional sen-
sory evidence might have contributed
to the reported second guesses in our
experiment, we created a variant of the
model, where the evidence accumula-
tion was allowed to continue for a
fixed period of time after the decision
threshold had been crossed, before the
nonwinning integrators were read out
to determine the second choice. Figure
7A shows the deviation between pre-
dicted and observed second guesses as
a function of the additional integration
time. Since the calculated points (blue
circles) are simulation-based and there-
fore slightly noisy, we added a robust
polynomial interpolation (solid black
line). The best match between predicted
and observed second guesses (discrep-
ancy of 0.027) is obtained for an addi-
tional integration time of 40ms (dashed
vertical line), that is, when the integra-
tors are read out shortly after the thresh-
old crossing. The discrepancy clearly
increases for longer additional integra-
tion times. Thus, the second guesses
seem to be affected by a small amount
of sensory evidence that is processed af-
ter the primary choice has been deter-
mined, but still largely rely on the same
information, as typical decision times in
our experiment are an order of mag-
nitude larger. The predicted relative
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Figure 4. Comparison between the relative frequencies of primary choices and model predictions. Symbols again reflect the
data, with error bars indicating 95% CIs. The lines connect the relative frequencies predicted by the computational model.
Circles represent choices of the target associated with the strongest motion component (correct primary choices). Squares
represent choosing the target associated with the component with intermediate motion strength. Diamonds represent choos-
ing the target associated with the weakest motion component. Other conventions as in Figure 3. Dashed line indicates
chance performance.
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95% CIs) and model predictions (lines). Conventions as in Figure 4. On correct trials, the target associated with the strongest
motion component has been reported as the primary choice and is not available for the second guess. Therefore, all circles are
located at a relative frequency of zero.
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frequencies of second guesses for a model with 40ms of additional
integration time are shown in Figure 7B,C. There is nomajor quali-
tative difference between these plots and Figures 5 and 6; the match
between model predictions (lines) and data (symbols) is just slightly
better.

Amodel waiting for the same decision process to cross a
second threshold can be ruled out
To determine whether the second guesses could also be
explained by alternative mechanisms that do not require reading
out and comparing the accumulated evidence for the options
that did not win the race to threshold, we considered several al-
ternative models. First, we evaluated the possibility that the deci-
sion process could continue after the first threshold crossing
until a second (different) threshold is crossed. The first threshold
crossing would determine the primary choice; the second thresh-
old crossing the second choice and the decision time. One can
imagine that in situations where there is much stronger evi-
dence for one particular choice compared with the other alter-
natives, such a second threshold crossing is unlikely to occur
within a reasonable amount of time, in particular when the
integration is perfect, and the decision bounds are fixed. We
therefore also considered mechanisms with leaky integration
and collapsing decision bounds (Ditterich, 2006). It turns out,
however, that this class of models, even in the presence of
leaky integration and collapsing bounds, makes one key quali-
tative prediction: decision times should increase, rather than
decrease, when the evidence gets stronger. As a consequence,
the best mean RT fit that can be obtained is largely flat as a
function of motion strength, and the remaining error is ;6
times as large as the one for the fit shown in Figure 3. Figure
8A shows this fitting attempt. This class of models can there-
fore be ruled out as an alternative explanation.

Amodel based on a second
integration-to-threshold process
for determining the second choice
makes less accurate predictions for
the distribution of second guesses
We also considered the possibility
that, as soon as the first threshold
crossing occurs, a new decision pro-
cess, only as a 2AFC between the two
remaining options, is started. A
threshold crossing of the second de-
cision process would then determine
the second choice and the decision
time. When enforcing the same deci-
sion threshold as in the primary de-
cision process, the remaining error
after the mean RT fit is more than an
order of magnitude larger than the
one for the fit shown in Figure 3. We
therefore considered the possibility
that the decision threshold for the
second decision process could be
lower. The mean RT fit reveals that
the threshold would have to be very
close to zero to be able to account for
the pattern of RTs. A fit with a deci-
sion threshold of 0.052 (compared
with 1 in the case of the first decision
process) resulted in a remaining
error that was only slightly larger

than the one for the fit shown in Figure 3. We therefore deter-
mined the predicted second guesses for this model (shown in
Fig. 8B,C). The discrepancy between predicted and observed sec-
ond guesses, following the same convention as the one used in
Figure 7A, was 0.129 (Fig. 8D, red dashed line), about 5 times as
big as the one for the model shown in Figure 7B, C. Thus, this
model also cannot capture the data pattern as well as our original
model.

Amodel based on a second, fixed-duration decision process
for determining the second choice provides the second-best
explanation for the distribution of second guesses
As a final possibility, we considered that the second decision pro-
cess might not be terminated by a threshold crossing, but rather
end after a fixed amount of time. The process would be read out
at that point, and the sign of the accumulated evidence would
determine the second choice. The discrepancy between predicted
and observed second guesses for this model, as a function of the
duration of the second decision process, is shown in Figure 8D.
Since the calculated points (blue circles) are simulation-based
and therefore slightly noisy, we again added a robust polynomial
interpolation (solid blue line). The best match is observed for an
integration time of 70ms, but the discrepancy is still 0.081, ;3
times as big as the one for the model shown in Figure 7B, C (Fig.
8D, solid black). This model’s predictions for the second guesses
are shown in Figure 8E, F. In contrast to our original model,
which predicted the nonmonotonic relationship between motion
strength and the probability of choosing the strongest motion
component as the second guess on error trials (Fig. 8F, blue
circles), this model predicts a monotonic relationship (blue line).
This difference results from the fresh start of evidence accumula-
tion in the second decision process, rather than the second guess
being substantially affected by the accumulated evidence that led
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to the primary choice. Since 70ms is
needed for the second integration pro-
cess, the residual time would be reduced
to 593ms in this case. While this model
provides the second-best explanation, our
original model still provides the better ex-
planation for the observed pattern of sec-
ond guesses.

Discussion
We asked human subjects to make a per-
ceptual decision among three alternatives
and to report not only their primary
choice, but also a second guess. Our data
indicate that this second guess is not ran-
dom, but clearly informed by the sensory
evidence. A single integration-to-thresh-
old model cannot only explain the distri-
bution of primary choices and the
associated RTs, but also the distribution
of second guesses. This suggests that the
second guess is generated based on
largely the same accumulated evidence
that is also used to produce the primary
choice. The second guess appears to be
governed by the ranking of the amounts
of evidence that have been accumulated
by the integrators that did not win the
race to threshold, which are apparently
accessible.

We also considered alternative mod-
els. The only other model that was able to
largely capture the data pattern, although
not as well as the model based on reading
out the states of the integrators that had
not crossed the decision threshold yet
shortly after the winning integrator cross-
ing its threshold, was a model based on
starting a new decision process when the
threshold crossing determining the pri-
mary choice occurred. The process had to
be set up as a decision between the
remaining alternatives and read out after
a fixed amount of time (;70ms).

Relationship with decision confidence
Human subjects cannot only report their
choice when making a perceptual deci-
sion, but also express a level of confidence
in their decision. A substantial body of lit-
erature has been devoted to how well cali-
brated this decision confidence is and
how it might be computed. Ideally, the
level of confidence should match the ac-
curacy of the decision. However, this is
typically not the case, and human subjects
have been reported to be either under-
confident or overconfident, depending on
the difficulty of the decision (for review,
see Rahnev and Denison, 2018). Confi-
dence clearly is informed by the available
sensory evidence, but how? Vickers
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Figure 7. Predictions for second guesses when integration is allowed to continue after the threshold crossing. A,
Discrepancy between predicted and observed second guesses as a function of additional integration time before the accumu-
lated evidence is read out. A minimum (best match) is observed at 40ms. B, Predicted second guesses on correct trials with
40ms additional integration time (same format as in Fig. 5). C, Predicted second guesses on error trials with 40ms additional
integration time (same format as in Fig. 6).
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Figure 8. Alternative models. A, Mean RT fit for a model that waits for a second threshold crossing, but allowing leaky integration and collapsing bounds (same format as in Fig. 3). B,
Predicted second guesses on correct trials for a model that starts a new 2AFC decision process to determine the second choice and waits for a threshold crossing, but allowing a lower threshold
than in the primary decision process (same format as in Fig. 5). C, Same as in B, but for error trials (same format as in Fig. 6). D, Discrepancy between predicted and observed second guesses
as a function of integration time for a model that starts a new 2AFC decision process to determine the second choice and reads the process out after a fixed amount of time (blue). A minimum
(best match) is observed at 70ms. For comparison, the curve for the original model (black) and the value for the model with a low threshold (red) are also shown. E, Predicted second guesses
on correct trials for a model that starts a new 2AFC decision process to determine the second choice and integrates the sensory evidence for 70 ms before the process is read out (same format
as in Fig. 5). F, Same as in E, but for error trials (same format as in Fig. 6).
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(1979) suggested that it depends on the balance of evidence. The
more dissimilar the amounts of evidence in favor of the available
options are at the time of making a decision, the more confident
the observer can be about the choice. This information can be
extracted from the decision process itself. While the idea is in-
compatible with the popular 1D drift-diffusion model for
2AFCs, which is equivalent to a race between two accumulators
that receive perfectly anticorrelated instantaneous net evidence
and, as a consequence, always has the losing integrator in an
identical state when the winning integrator exceeds the decision
threshold, it can be applied to alternative models. For example,
Ditterich (2006) demonstrated that a model based on partially
anticorrelated accumulators provides a better account of deci-
sion-related activity in the parietal association cortex of monkeys
performing a perceptual decision task. Neurons coding for the
losing alternative do not show a stereotyped activity level when
the neurons coding for the winning alternative reach threshold.
This information could be used to inform confidence. Moreno-
Bote (2010) formalized how confidence can be extracted from
diffusion models with partially correlated integrators. An alter-
native mechanism was proposed by Smith and Vickers (1988).
According to their model, only one of the integrators is updated
at a particular time, the one receiving positive instantaneous net
sensory evidence, which also results in the losing accumulator
being in different states when the winning accumulator reaches
threshold.

Gaining neurophysiological insights into the neural mecha-
nism underlying decision confidence from animal experiments is
challenging, as animals cannot be asked directly to provide an
explicit confidence rating. However, animal tasks have been
developed, which require the animal to produce a behavior that
should be informed by decision confidence (for review, see
Hanks and Summerfield, 2017). For example, Kiani and Shadlen
(2009) trained monkeys to make a perceptual decision between
two alternatives. In a random subset of trials, the researchers
offered a third option, a sure bet resulting in a smaller, but cer-
tain reward, whereas the animals could gain a larger reward if
they engaged in a choice and reported the correct option. The
animals were more likely to choose the sure bet the weaker the
sensory evidence (motion coherence) was and the shorter they
were allowed to watch the motion stimulus. Importantly, deci-
sion-related neurons in parietal association cortex that have the
signature of carrying accumulated evidence showed either strong
or weak activation when the animal engaged in a choice, but in-
termediate activation when opting for the sure bet, suggesting
that the information encoded in these neurons does not only
govern choice, but also inform confidence. The study further
suggested that decision confidence does not only depend on
accumulated evidence, but also on elapsed time, which was con-
firmed explicitly in a later human psychophysics experiment
(Kiani et al., 2014) and is also formalized in the Moreno-Bote
(2010) model. Animal experiments on decision confidence have
received some criticism, primarily claiming that the tasks could
potentially be solved without requiring any meta-cognition, for
example, by treating tasks with a sure bet as a multialternative
decision task (Insabato et al., 2016, 2017). However, Kepecs and
Mainen (2012) pointed out that the same scrutiny should then
also be applied to human tasks.

The view that confidence is governed by the same informa-
tion that determines the choice and, in particular, by the balance
of evidence has been challenged by experiments that found that
confidence primarily relies on response-congruent evidence
(Zylberberg et al., 2012; Maniscalco et al., 2016). The authors

reported that, while choices in their experiments were governed
by the balance of evidence, confidence was primarily determined
by the amount of evidence for the chosen option and largely
insensitive to the amount of evidence for the nonchosen alterna-
tive. Dual-stage or second-order models are also at odds with the
idea that choice and confidence rely on the same information
(Pleskac and Busemeyer, 2010; Moran et al., 2015; Fleming and
Daw, 2017). These models posit that confidence ratings rely on a
postdecision process that is informed by the outcome of the deci-
sion process, but not exclusively.

Different studies have therefore found the information on
which choice and decision confidence are based to overlap to
varying degrees. We have addressed a similar question for the
mechanism underlying second guesses. Our results indicate that
the distribution of second guesses is most compatible with a deci-
sion mechanism that largely uses the same accumulated evidence
for determining both the primary and the second choice. We
found the best match between model predictions and data, when
the decision process was allowed to continue for a very short pe-
riod of time (compared with typical decision times in our experi-
ment), ;40ms, after the threshold crossing determining the
primary choice, before the states of the remaining integrators are
read out to determine the second choice.

Second guessing in other cognitive functions
In 1961, Signal Detection Theory was still in its infancy and com-
peting with the prevailing “high threshold”model of sensory per-
ception, Swets et al. (1961) published a paper proposing that a
second-choice paradigm in multi-interval signal detection could
help distinguish between the competing ideas. However, second-
choice paradigms have not been pursued further in the area of
perceptual decision-making, in particular not since the field has
turned to sequential sampling models to explain not only
choices, but also decision times. Instead, the proposal by Swets et
al. (1961) got picked up in the memory literature, there typically
referred to as a 4AFC-2R (four-alternative forced choice with
two responses) paradigm, as the field was also debating whether
recognition memory was best described by a threshold process
or by a continuous memory strength process. Parks and Yonelinas
(2009) used a second-choice paradigm to gather experimental evi-
dence beyond the receiver operating characteristic analysis that the
field had relied on previously. Kellen and Klauer (2011) followed up
with a more detailed model-based analysis. Earlier, second guesses
had already been used to study mechanisms underlying the effect of
misinformation on memory recall (Wright et al., 1996). More
recently, second guesses have also been used to study conflict detec-
tion mechanisms in reasoning (Bago et al., 2019).

Second guesses as a tool for studying knowledge about the
decision process
We have shown that human subjects can produce informed sec-
ond guesses when making perceptual decisions between multiple
alternatives and that these second choices follow a distribution
that would be expected if they were governed by the relative
amounts of accumulated net sensory evidence for each option at
the time of the largest accumulated evidence reaching a bound.
Second-choice paradigms therefore cannot only be used in the
context of Signal Detection Theory, as they have in the past, but
also with accumulation-of-evidence frameworks. In addition to
decision confidence, the study of second guesses provides
another useful tool for gaining insight into the decision process
and what information a decision-maker has access to about the
outcome of a decision, beyond the discrete choice. Similar to the
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neurophysiological work on decision confidence, we expect
future studies to be able to establish a link between second
guesses and underlying neural activity.
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