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Supplementary Figure S1. Behavioural interactions. A) Proportion correct by response time, where trials 
have been sorted into 10 quantiles of increasing response times within each participant (thin lines). The 
average is shown in the thick line, with 95% within-subjects confidence (across bins) in the shaded region. B) 
Proportion correct by confidence, sorting trials into 10 quantiles of increasing confidence. Same format as A). C) 
Median response time by confidence, for correct (light green) and error (dark red) trials separately, same 
quantiles as in B). Shaded region shows 95% within-subject confidence for the difference between correct and 
incorrect. D) Beta weights from a GLM analysis predicting responses from the presented stimulus evidence on 
each trial, locked to stimulus onset (left) and response time (right). E) Beta weight from a GLM analysis 
predicting confidence from the presented stimulus evidence on each trial, locked to stimulus onset (left) and 
response time (right). Thin lines show individual participants, thick line shows the average, and shaded region 
corresponds to 95% within-subjects confidence (across time, to highlight potential temporal differences). 



 
 
Supplementary Figure S2. Comparison of models and parameters. A) Average participant (large circles) 
proportion correct by median response time across conditions, compared to non-dynamic model variants: large 
squares show the simple classic model presented in the main manuscript; crosses show this same model with 
non-stationary decision bounds (Weibull function); small squares show the stable leaky integrating threshold 
(LIT) model (original double-integration model; Verdonck et al., 2021), which takes the same double integration 
format as the dynamic models, except the motor integrator smoothing parameters is set to a fixed value, rather 
than being modulated by confidence. Colours show the conditions as in Figure 1b (inset). B) Average 
participant (large circles) behaviour compared to dynamic models. All models are variants of the double-
integration model with confidence control. Asterisks show the final model included in the main manuscript, this 
is simplified compared to the model in crosses, which includes a motor bound parameter that is free to be 



adjusted across participants. Small squares show an initial model in which the motor bound parameter was also 
free, but did not include any control of urgency. This urgency control was added to the other two models, where 
motor smoothing decreased with increasingly lower confidence from a certain time-point, td. C) Bounds for each 
participant from the parameters fit in the non-dynamic model with flexible, non-stationary bounds. The thick 
line shows the example participant in D) and E). D) Effective bounds on Primary accumulated evidence for one 
example participant, calculated by taking a running average primary evidence accumulated up to the time of 
decision commitment, separately for each condition. The figure suggests that if the participant were to 
implement behaviour suggested by the double-integration framework but with only a single-integration, bounds 
would need to not only differ across time, but with the evidence uncertainty. E) The same as in D) but for 
confidence, for comparison with models proposing a bound is set on confidence itself. Similar to Lee et al., 2023, 
the effective bounds are dependent on stimulus difficulty (condition) and decrease over time. Here this is mainly 
due to the combination of confidence smoothing and primary evidence reintegration at the motor level, as 
opposed to a prediction of the cost on continued accumulation. F) Demonstration of the effects of three critical 
model parameters on behaviour: the weight on evidence variability (𝛽; left); the urgency parameter, marking 
time at which motor smoothing is influenced by lower confidence (td; middle); and decision noise. The small, 
medium, and large (thin to thick) lines correspond to the minimum, median, and maximum value of the 
parameters fit to participants, the other parameters were fixed to the median (see Supplementary Table S4). 
Both proportion correct and response time are influenced by all three parameters. G) Parameter recovery 
analysis for the parameters of the best-fitting model. Parameter values were sampled from a uniform 
distribution around the range of values fit to participant data. Behaviour in the experiment (with the same 
number of trials) was simulated using the model, and then the model was fit to this simulated behaviour to 
obtain the recovered parameters. The mean and standard deviation of the non-decision time (NDT, rightmost 
plots) were sometimes confused (a larger mean substituted for a smaller variance), but the recovery of the 
behaviourally relevant process parameters (weight, urgency, and decision noise) was acceptable. 
 
  



 

 
 
Supplementary Figure S3. Traditional EEG analyses. From left to right, traces show average of z-scored occipital, 
central parietal, and left central electrodes (inserts of topography). The grand average is shown at the top, with 
trials split by accuracy, response time, and confidence (respectively) below. Shaded error bars correspond to 95% 
within-subject confidence (difference between conditions; or between-subject confidence for the grand average). 
Vertical grey shaded regions mark time periods of cluster-corrected significance. 

  



 
 

 
 
Supplementary Figure S4. Choices for EEG decoding analyses. A) Topographies for primary (left) and motor 
(right) accumulators by choice of lowpass filter (horizontal) and pre-response time-window (vertical), with the 
central filter/window that shown in the main manuscript. While decreasing the lowpass filter improves 
performance, it also decreases specificity. The choice of window had less effect, but reflects a balance of 
including more time to better capture the primary weights while also reducing the time-window to minimise the 
correlation between model predicted primary and motor accumulator traces, and biases where less time can be 
included from trials with faster responses. (Below) Precision of the decoding of primary (left) and motor (right) 
accumulators based on filter and window choices. Precision is calculated as the correlation between actual and 
EEG predicted value, using 10-fold cross-validation. Error bars show 95% within-subject confidence intervals 
(although precision is low it is significantly above theoretical chance, 0). The red bar marks that included in the 
manuscript. All analyses use separate encoding models for primary and motor B) Topography from Balsdon et 
al., 2023, where a different analysis pipeline was used (left). Topography resulting from the decoding analysis 
performed separately for primary and motor accumulators (right). In the manuscript we present the 
topographies when the analysis is performed for both accumulators simultaneously, where the weights become 
parcellated between the two accumulators. C) Decoding precision (10-fold cross validation) for motor and 
primary accumulators, performing the analysis with the computational model estimates pulled backward in 
time (using simultaneous analysis, multiple linear inverse encoding model). We had assumed we might see 
increased decoding performance aligning the model estimates ~50 ms prior to the response, to allow time for 
the cortical signal to reach the finger. This was not the case, perhaps due to variability in the real alignment. For 
all topographies, more red indicates stronger decoding weight, in units normalised across analyses (except for 
the previous results in B). 

  



 
 
Supplementary Figure S5. Decision preparation signals. A) Effect of response speed (top row) and 
confidence (bottom row) on pupil size, pupil derivative, and motor beta power. In all cases a median split was 
used, within participants. Shaded error shows 95% within-subjects confidence (difference between split). Grey 
shaded regions show significant differences at the group level. Motor beta power was computed from the power 
spectrum across frequency tapers from 16 to 32 Hz with 25% spectral smoothing, resolved using wavelet 
convolution in FieldTrip. Channels were selected for each participant as the channel with the greatest (negative 
slope on beta power in the response epoch (C3 for 8 participants, and FC1, C1, and FC3 for 5, 4, and 3 
participants respectively). B) Difference in the pupil derivative (velocity of change in pupil size; black) and beta 
power (red) using a median split of response times (fast – slow RTs). To make beta power better comparable 
with pupil size, the y-axis is reversed, such that decreased beta power corresponds to increased pupil size, the 
direction thought to indicate response preparation. Shaded regions show the 95% between-subjects confidence 
intervals. Thick lines at y = 0 mark regions of cluster-corrected significance for the difference in pupil velocity 
(black) and beta power (red) based on the median split of response times. Fast responses were associated with 
faster pupil dilation following stimulus onset (cluster corrected significant window, 0.125 to 1.15 s; mean t(18) 
= 3.28, mean p = 0.018). The same median split of response times showed an appreciably similar effect on motor 
Beta power (red line; cluster corrected significant window 0.28 to 0.79 s; mean t(18) = 2.75, mean p = 0.018; the 
effects in the response-locked epoch also follow a similar shape, but the pupil derivative is too variable to reach 
significance). While preliminary in nature, this finding is in line with the hypothesis that motor leakage is 
implemented via subcortical inhibition, reflected in part in pupil dilation and resulting in decreased cortical 
motor Beta power with the release from inhibition. 

  



 
Supplementary Figure S6. Examining possible bottom-up mechanisms. The double-integration model with 
confidence control (left panel of A) used an estimate of the variability of the decision evidence in computing 
confidence, which then affects the leak in the motor accumulator. We examined whether a weighting on the 
variability of the decision evidence could explain behaviour in a bottom-up manner, that is, affecting the 
primary evidence as it is accumulated in a single-integration framework, as presented in Figure 3b in the main 
manuscript. Note that the variability of the stimulus evidence is already taken account of in the decision 
evidence (Equations 1 – 3 in the manuscript), so this would amount to an over/under-weighting of the 
variability at the decision level. Using an additional free parameter, we fit the classic single-integration model 
with a weight on the decision evidence variability as in Equation 11 of the manuscript. This did improve the fit 
to behaviour (middle panel of A) relative to the other single-integration models, but BIC was larger 
(∑ 𝐵𝐼𝐶 = 83 385, see Supplementary Table S4) due to the extra parameter. Overall, the model overestimated 
performance while showing relatively improved estimates of response times. Allowing non-linear bounds in 
addition (right panel of A) also showed some improvement, but again the additional parameters did not make 
the fit parsimonious (∑ 𝐵𝐼𝐶 = 83 403). Neither model was found to be superior to the double-integration model 
with confidence control. Still, we questioned whether the latent model processes could possibly provide a better 
description of the EEG, given they rely on the single-integration process traditionally associated with central-
parietal positivity. On the contrary, in order to fit behaviour, the classic model with the bottom-up weight 
estimated evidence accumulation more similar to the motor accumulator of the double-integration model, both 
numerically (average correlation in accumulator traces, r = 0.9) and in terms of the topography of the 
associated EEG signatures (B, left, vs C; though these signatures were less predictive of the latent processes, z = 
0.044, compared to z = 0.091 for the motor accumulator in the double-integration model). The latent processes 
of the classic model with time-varying bounds and with bottom-up weight were localised to occipital regions 
(D), which is incongruous with the literature on neural signatures of evidence accumulation (and also not so 
well predicted, z = 0.058). One could also consider that even if the bottom-up models did produce EEG 
predictions that made theoretical sense, it would be difficult to compete with the double-integration model in 
capturing EEG signatures across the full extent of the two accumulators (both central-parietal and motor 
signatures). Further, we showed in the manuscript that the double-integration model also provides a good 
prediction of post-decision confidence, whereas single-integration models require additional mechanisms to 
predict confidence (such as ongoing accumulation to a secondary bound). While bottom-up explanations may 
be appealing in terms of their mechanistic simplicity, the double-integration framework could be considered 
more comprehensive in terms of the additional behaviour and neural processes it encompasses. For all 
topographies, more red indicates stronger decoding weight, in units normalised across analyses. 

  



 
 
Supplementary Table S1. Pairwise t-test statistics, effect of stimulus condition on discrimination 
performance (d’). Left of the diagonal provides the t-statistics, right provides p-values (two-tailed), with values 
less than the Bonferroni corrected significance level (p < 0.0014) highlighted in red. 
  



 
 
Supplementary Table S2. Pairwise t-test statistics, effect of stimulus condition on response time 
(log(RT)). Left of the diagonal provides the t-statistics, right provides p-values (two-tailed), with values less 
than the Bonferroni corrected significance level (p < 0.0014) highlighted in red. 
  



 
 
Supplementary Table S3. Pairwise t-test statistics, effect of stimulus condition on median confidence. 
Left of the diagonal provides the t-statistics, right provides p-values (two-tailed), with values less than the 
Bonferroni corrected significance level (p < 0.0014) highlighted in red. 
  



  b 𝝈 𝜇𝑈 𝜎𝑈 𝝀 𝜷 𝒕𝒅 NLL 𝚺BIC Protected exceedance 

probability 

Classic 82.82 3.29 0.18 0.20 
   

2070.15 83346.78 0.094 0.995 
 

Classic 

TVB 

74.53 2.65 0.23 0.34 
   

2068.26 83637.23 0.028 0.000 
 

LIT 1.98E-03 17.67 0.27 0.43 9.64E-05 
  

2073.01 83596.51 0.028 0.004 
 

free 

bound 

1.76E-02 12.13 0.22 0.05 
 

2.90E-05 
 

2049.84 82669.37 0.190 
 

0.379 

add 

urgency 

3.19E-02 11.51 0.23 0.14 
 

3.14E-05 1.39 2044.97 82610.05 0.329 
 

0.310 

fixed 

bound 

 
10.99 0.21 0.20 

 
2.59E-05 1.34 2045.71 82504.17 0.331 

 
0.310 

 
Supplementary Table S4. Average parameters and model fit statistics. Classic TVB refers to the version 
with time-varying bounds (the parameters for the time-varying component aren’t shown, but the bounds 
themselves are plotted in Supplementary Figure 2C). The LIT refers to the Leaky Integration Threshold model, 
the original double-integration model with leakage stable over time. The three models with confidence control 
are below, first with a free bound on the motor accumulator, then adding urgency via increased leakage, and 
finally fixing the bound. In terms of protected exceedance probability, these dynamic models were not 
differentiable, the manuscript presents the fixed bound model, which has the smallest sum of BIC. 


