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Bayesian Inference

Figure 1 illustrates the basic concepts of Bayesian parameter estimation.

Parameter Recovery Studies

Prior Specification

We used the following prior setting for the parameter recovery studies.

µ+, µ− ∼ Uniform(0, 2),

σ+, σ− ∼ Uniform(0, 2),

τ+, τ− ∼ Uniform(0, 2),

µS ∼ Uniform(0, 2),

σS ∼ Uniform(0, 2),

τS ∼ Uniform(0, 2),

PTF , PGF ∼ Uniform(0, 1).

Parameter Recovery in the Presence of Go Errors and Go Failures: Full
Posterior Distributions

Figure 2 shows the bias in the parameter estimates as a result of go errors. Figure 3
show the bias in parameter estimates as a result of the simultaneous presence of go failures
and go errors.

Fitting Real-World Stop-Signal Data

Prior Specification

We modeled the parameters of each participant j, j = 1, ...,K, in the Easy (E)
and Difficult (D) conditions with truncated-normal population-level distributions. The
participant-level PTF and PGF parameters were first projected from the probability scale
to the real line with a probit transformation.
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µ+,Ej
∼ Truncated-Normal(µµ+E , σµ+E )[0, 4],

µ−,Ej
∼ Truncated-Normal(µµ−E , σµ−E )[0, 4],

µ+,Dj
∼ Truncated-Normal(µµ+D , σµ+D )[0, 4],

µ−,Dj
∼ Truncated-Normal(µµ−D , σµ−D )[0, 4],

σ+,Ej
∼ Truncated-Normal(µσ+E , σσ+E )[0, 4],

σ−,Ej
∼ Truncated-Normal(µσ−E , σσ−E )[0, 4],

σ+,Dj
∼ Truncated-Normal(µσ+D , σσ+D )[0, 4],

σ−,Dj
∼ Truncated-Normal(µσ−D , σσ−D )[0, 4],

τ+,Ej
∼ Truncated-Normal(µτ+E , στ+E )[0, 4],

τ−,Ej
∼ Truncated-Normal(µτ−E , στ−E )[0, 4],

τ+,Dj
∼ Truncated-Normal(µτ+D , στ+D )[0, 4],

τ−,Dj
∼ Truncated-Normal(µτ−D , στ−D )[0, 4],

µSj ∼ Truncated-Normal(µµS , σµS )[0, 4],

σSj ∼ Truncated-Normal(µσS , σσS )[0, 4],

τSj ∼ Truncated-Normal(µτS , στS )[0, 4],
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PTF j ∼ Normal(µPT F
, σPT F

),

PGF j ∼ Normal(µPGF
, σPGF

).

We assigned truncated-normal prior distributions to the population means.

µµ+E , µµ−E , µµ+D , µµ−D ∼ Truncated-Normal(0.5, 1)[0, 4],

µσ+E , µσ−E , µσ+D , µσ−D ∼ Truncated-Normal(0.1, 1)[0, 4],

µτ+E , µτ−E , µτ+D , µτ−D ∼ Truncated-Normal(0.1, 1)[0, 4],

µµS ∼ Truncated-Normal(0.5, 1)[0, 4],

µσS ∼ Truncated-Normal(0.1, 1)[0, 4],

µτS ∼ Truncated-Normal(0.1, 1)[0, 4],

µPT F
, µPGF

∼ Normal(−1.5, 1).

We assigned exponential prior distributions to the population standard deviations.

σµ+E , σµ−E , σµ+D , σµ−D ∼ Exponential(1),

σσ+E , σσ−E , σσ+D , σσ−D ∼ Exponential(1),

στ+E , στ−E , στ+D , στ−D ∼ Exponential(1),

σµS ∼ Exponential(1),

σσS ∼ Exponential(1),
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στS ∼ Exponential(1),

σPT F
, σPGF

∼ Exponential(1).

Parameter Inference: Full Posterior Distributions

Figure 4 shows the posterior distribution of the population means obtained with
BEESTS2, BEESTS3, and BEESTS3-GF. Figure 5 shows the posterior distribution of the
population standard deviations obtained with BEESTS2, BEESTS3, and BEESTS3-GF.

Figure 6 and Figure 7 show the posterior distributions of two participants, one with
1.5% go omissions and 32% go errors, and the other with 0% go omissions and 30% go
errors.

Goodness-of-Fit

Go RT and Signal-Respond RT Distributions. Figure 8 shows the results of
the posterior predictive simulations for BEESTS3-GF using the cumulative distribution
function (CDF) of go RTs (upper panels) and signal-respond RTs (lower panels), separately
for left (left panels) and right stimuli (right panels). The observed and predicted CDFs were
averaged across participants. For brevity, go RTs were collapsed between the two difficulty
conditions and signal-respond RTs were collapsed across SSDs.

Thick dashed and dotted lines show the CDF of the observed “LEFT” and “RIGHT”
responses, respectively. Black circles show five percentiles (10th, 30th, 50th, 70th and 90th) of
the distributions. Thin dashed and dotted lines show the CDF of the predicted “LEFT” and
“RIGHT” responses, respectively, averaged across the 100 replications. For each percentile,
the gray bullets show the 100 predicted percentiles. Note that the upper asymptotes of
the CDFs (i.e., their heights on the right) indicate the probability of the corresponding
response. For go RTs they correspond to the probability of a correct and error response
and add to one. For signal-respond RTs they also correspond to the probability of a correct
and error response, which add to the response rate.

As indicated by the upper asymptote of the CDF of go RTs, BEESTS3-GF slightly
under-predicted go-error rate for left stimuli and over-predicted go-error rate for right stim-
uli, likely as a result of a small response bias that we did not allow for in our modeling (i.e.,
by estimating different parameters for left and right runners). The model also provided very
variable predictions for the 90th percentile of incorrect signal-respond RTs in response to
right stimuli, probably as a result of scarce data. In all other respects, the predicted CDFs
very closely approximated the observed CDFs, indicating that BEESTS3-GF provided an
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Figure 4 . Posterior distributions of the population means obtained with BEESTS2,
BEESTS3, and BEESTS3-GF. Posteriors distribution shown with solid gray and blue lines
are computed with BEESTS2 in the Easy and Difficult conditions, respectively. Posteriors
shown with dashed black and red lines are computed with BEESTS3 in the Easy and Diffi-
cult conditions, respectively. Posteriors shown with solid black and red lines are computed
with BEESTS3-GF in the Easy and Difficult conditions, respectively. The dotted lines show
the prior distributions. The triangles show the posterior medians. Mean SSRT is computed
as µS + τS . The subscripts + and − denote the matching and mismatching go runners,
respectively.
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Figure 5 . Posterior distributions of the population standard deviations obtained with
BEESTS2, BEESTS3, and BEESTS3-GF. Posteriors distribution shown with solid gray
and blue lines are computed with BEESTS2 in the Easy and Difficult conditions, respec-
tively. Posteriors shown with dashed black and red lines are computed with BEESTS3 in
the Easy and Difficult conditions, respectively. Posteriors shown with solid black and red
lines are computed with BEESTS3-GF in the Easy and Difficult conditions, respectively.
The dotted lines show the prior distributions. The triangles show the posterior medians.
The subscripts + and − denote the matching and mismatching go runners, respectively.
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Figure 6 . Posterior distributions for a single participant with 1.5% go omissions and 32%
go errors. Posteriors distribution shown with solid gray and blue lines are computed with
BEESTS2 in the Easy and Difficult conditions, respectively. Posteriors shown with dashed
black and red lines are computed with BEESTS3 in the Easy and Difficult conditions,
respectively. Posteriors shown with solid black and red lines are computed with BEESTS3-
GF in the Easy and Difficult conditions, respectively. The triangles show the posterior
medians. Mean SSRT is computed as µS+τS . The subscripts + and − denote the matching
and mismatching go runners, respectively.
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Figure 7 . Posterior distribution for a single participant with 0% go omissions and 30%
go errors. Posteriors distribution shown with solid gray and blue lines are computed with
BEESTS2 in the Easy and Difficult conditions, respectively. Posteriors shown with dashed
black and red lines are computed with BEESTS3 in the Easy and Difficult conditions,
respectively. Posteriors shown with solid black and red lines are computed with BEESTS3-
GF in the Easy and Difficult conditions, respectively. The triangles show the posterior
medians. Mean SSRT is computed as µS+τS . The subscripts + and − denote the matching
and mismatching go runners, respectively.
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adequate description of the observed go RT and signal-respond RT distributions. The re-
sults of the posterior predictive simulations for BEESTS3 were essentially identical to the
BEESTS3-GF results, and are not presented.
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Figure 8 . Observed vs. predicted cumulative distribution functions (CDF) of go RTs (top
panels) and signal-respond RTs (bottom panels) for BEESTS3-GF.

Figure 9 shows the results of the posterior predictive simulations for BEESTS2 using
the CDF of go RTs and signal-respond RTs. Note that Figure 9 does not distinguish between
correct and incorrect responses as BEESTS2 does not account for go errors. As indicated by
the upper asymptote of the CDF of signal-respond RTs, BEESTS2 slightly over-predicted
signal-respond rate for left stimuli. In all other respects, the predicted CDFs very closely
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Figure 9 . Observed vs. predicted cumulative distribution functions (CDF) of go RTs (top
panels) and signal-respond RTs (bottom panels) for BEESTS2.

approximated the observed CDFs.


