Supplementary Materials

This Supplementary Materials section shows the results of three simulation studies. In the first two simulations, we generated data using either the Wald distribution function (Simulation 1) or the Diffusion Decision Model (DDM, Simulation 2). Specifically, we constrained the non-decision times to 0. Next, we convolved the resulting distributions of simulated stage durations (decision times) with a another distribution representing the durations of the other - non-critical – stages  (non-decision times). Finally, we estimated the parameters from the convolution as well as from the critical stage distribution, to study the amount of misfit in both scenarios. This procedure was repeated 100 times to avoid chance observations. Simulation 3 pertains the speed of correct and incorrect responses. These were found to interact with condition in Application 2, and here we show that the model also captures this pattern.
Simulation 1

Simulation 1 focused on the shifted Wald distribution. For each of 100 repetitions we sampled drift rate (v) and threshold (a) according to: 
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, with any v<0.05 rectified at 0.05

[image: image2.emf], with any a<10 rectified at 10.

These parameters were used to generate 1000 Wald distributed decision times (per parameter set). In addition, we sampled 1000 non-decision times from each of the following distributions:
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[image: image4.emf], with any t0<100ms rectified at 100ms, and
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The Uniform and Normal and distributions each have a mean of 450ms, and a standard deviation of ~200ms; the shifted Exponential distribution has a mean of 450ms, but a standard deviation of 350ms. Simulated response times were the sum of a decision time and a non-decision time.

We estimated the shifted Wald model parameters for the distribution of simulated response times using the method from Anders et al. (2016). For comparison, we also estimated the shifted Wald model parameters for the distribution of simulated decision times (ie, excluding the added non-decision times), once with the additional assumption that t0 = 0, and once without. 

The best fitting parameters for every scenario were subsequently used to generate predicted response times / decision times for the 10%, 30%, 50%, 70%, and 90% quantile, and compared against the same quantiles in the simulated data. 

Figure S1 shows the results of Simulation 1. As a consequence of the convolution, estimating the Wald parameters on the response time distribution (model RT) leads to substantial misestimation of the parameter. In particular, the drift rate is consistently underestimated, whereas the threshold is either -under or overestimated (depending on the shape of the non-decision time distribution). Moreover, the fit on the RT distribution misses the data the strongest, with particular deviations between data and predictions in the right tail of the distribution. The model that was fit on the decision times (model DT) systematically underestimates the drift rate as well as the threshold. This reflects the fact that this model also estimates a shift parameter for the decision times, alone, that did not include a shift. The model that makes this additional assumption (model DT0, similar to the models used in the main text) recovers the data-generating parameters well, and also fits the data best. This pattern seems independent of the choice of non-decision time distribution. 

[image: image1.emf]
Figure S1. Parameter recovery for the drift rate and threshold parameters of a Wald distribution. Left column: The difference between the estimated drift rate and data-generating drift rate, for the convolved response time distribution (model RT), the decision time distribution (DT), and the decision time distribution with the additional assumption that the shift parameter is 0 (DT0). Negative values indicate an underestimation. Middle column: same information for the threshold parameter. Right column: Root-mean-squared-deviation (RMSD) between data quantiles and predicted quantiles, for the three scenarios. Each row represents a different choice of non-decision time distribution. 

Simulation 2

Simulation 2 focused on the Diffusion Decision Model. Again, for each of 100 repetitions we sampled drift rate (v) and threshold (a), but with values that are appropriate here: 

[image: image6.emf], with any v<0.05 rectified at 0.05

[image: image7.emf], with any a<0.075 rectified at 0.075.

These parameters were used to generate 1000 decision times and choices (per parameter set). We sampled non-decision times from the same distributions, but because the time scale of the DDM simulations was seconds (not milliseconds), we divided every sample by 1000.

We estimated the DDM parameters for the distribution of simulated response times by maximizing the joint log likelihood of the correct and incorrect response times, using SIMPLEX optimization (Nelder and Mead, 1965). Again, we also estimated the shifted Wald model parameters for the distribution of simulated decision times (ie, excluding the added non-decision times) for comparison, and compared the goodness-of-fit of each scenario using the 10%, 30%, 50%, 70%, and 90% quantiles in the simulated data for correct responses, and the same quantiles as predicted by the best fitting parameters.

Figure S2 reveals that the drift rates are recovered quite accurately, except when non-decision times are included that are exponentially distributed. On the other hand, the threshold parameter is overestimated consistently when fitting the model on the simulated response times. Moreover, the model misses the data quite substantially, by up to 200ms (compared to a mean response time of ~900ms). The models fit on the simulated decision times fare much better, with accurate recovery of the important parameters, and a substantially better fit of the model on the data. In contrast to Simulation 1, the added information of t0 = 0 does not improve the parameter recovery nor the fit. This reflects the fact that the drift rate and threshold parameters crucially depend on the error proportions, which is unaffected by the non-decision time. 
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Figure S2. Parameter recovery for the drift rate and threshold parameters of a Diffusion Decision Model. Left column: The difference between the estimated drift rate and data-generating drift rate, for the convolved response time distribution (model RT), the decision time distribution (DT), and the decision time distribution with the additional assumption that the shift parameter is 0 (DT0). Negative values indicate an underestimation. Middle column: same information for the threshold parameter. Right column: Root-mean-squared-deviation (RMSD) between data quantiles and predicted quantiles, for the three scenarios. Each row represents a different choice of non-decision time distribution.
Simulation 3

In the speed-accuracy data of Application 2, the decision times show an interaction between response accuracy and condition (F(1,24)=27, p<0.001). The model captures this pattern as well, albeit that the predicted effect size is substantially smaller. To illustrate this, we simulated 5000 data points with the model for every participant separately and computed mean RT per response and condition. The average mean RT of the data is shown below in Figure S3, with the predicted mean RTs from the model overlaid for comparison. The qualitative pattern is the same, and the cell means show the same cross-over interaction (F(1,24)=5.9, p=0.02).
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Figure S3. Mean decision times for correct (green) and incorrect (red) responses, for accuracy and speed instructed conditions. Model predictions are overlaid in black.
Simulation 4

In Application 2, we allowed the start point variability parameter to differ between conditions, whenever the boundary separation parameter could also differ. From a parameter-estimation point of view, this is identical to a scenario where we would add a “boundary variability” parameter instead, which we will illustrate below.

On a single trial the choice for start-point variability introduces an asymmetry between the distance to boundary of the two choice alternatives, which would not occur when we would use varying thresholds. However, for the RT distributions this asymmetry is non-consequential, since the probability of a particular drift rate is independent of the probability of a particular distance to boundary. Figure S4 illustrates this equivalence. The left panel shows the RT distributions for correct and incorrect responses of the two scenarios, for one particular set of parameters. The black line presents the probability density based on 10,000 trials using the standard formulation of rdiffusion() from the rtdists package in R. The green line presents the probability density using the rdiffusion() function, but with different boundary parameters per trial, according to the same uniform distribution as in the standard formulation. In this case, the start point always remained equidistant from the boundaries, and the start point variability parameter was set to 0. The overlap between the distributions is clear. The right panel of Figure S4 shows the equivalence in mean RT for a wide range of parameters. We repeated the simulation 100 times for random parameters sampled from reasonable uniform distributions, and plotted the mean RTs for correct and incorrect responses of both scenarios against each other. These mean RTs are close to the diagonal, illustrating that the equivalence is not limited to a particular parameter set.
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Figure S4.Simulations to illustrate the equivalence between start point variability and threshold variability. Left: One set of parameters shows that the RT distributions of the standard case (black) and the varying boundary case (green) are extremely similar. Right: Multiple simulations show that mean response times (MRT) for both correct (black) and incorrect (red) responses are comparable between the two scenarios.
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