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Perceptual decision-making has been successfully studied in neuroscience 

and psychology using sequential sampling models, which are quantitative 

theories about the cognitive processes that underlie decisions (for an 

overview, see [1]. Sequential sampling models decompose observed 

variables, such as choices and response times, into latent components of 

processing, such as the efficiency of processing and decision caution. There 

are many sequential sampling models, and these differ from one another in 

minor details, but they all assume a core process in which decisions are 

informed by gradually sampling noisy information from a stimulus. The 

sampled information is dynamically integrated in an evidence counter that 

tracks support for the response alternatives until the counter reaches a pre-

determined threshold value, which then triggers a choice.  

 

Our analyses used a sequential sampling model known as the Linear Ballistic 

Accumulator (LBA; [2]); similar conclusions follow from related sequential 

sampling models [3]. The LBA model represents each response alternative as 

a separate accumulator, where the accumulators independently collect 

evidence in favour of their corresponding response. At the beginning of a 

decision, the level of activation in each accumulator (the ‘start point’) is 

sampled from a uniform distribution between 0 and A (a model parameter), 

which reflects the amount of evidence for each response prior to the onset of 

evidence accumulation. From the start point, evidence accumulates linearly 

over time according to the drift rate (v), a parameter that reflects the strength 

of evidence favouring each response. A larger drift rate indicates more 

efficient stimulus processing and leads to a more likely decision outcome, on 

average. For example, when the ‘T’ is rotated 90 degrees to the left in the 

visual search task, evidence will tend to accumulate more rapidly (i.e., have a 

larger drift rate) in the accumulator for the ‘rotated left’ response (correct) than 

for the ‘rotated right’ response (error), and vice versa when the ‘T’ is rotated to 

the right. When the evidence in one accumulator reaches a criterion amount – 



the quantity of evidence required to trigger a response, known as the 

response threshold (b) – a decision is made. The accumulator that crosses 

the threshold first determines the response, and the predicted response time 

is the time taken for the accumulation process to reach threshold plus a fixed 

offset for the time taken to encode the stimulus and provide a motor response 

(non-decision time, τ).  

 

The drift rate corresponding to each response has a systematic component 

(the mean rate, v) and a random component reflecting decision-to-decision 

fluctuations in factors such as attention and motivation (standard deviation of 

a normal distribution, s). In a two-choice situation, the drift rate for the 

accumulators corresponding to the correct (c) and error (e) responses on trial 

i are specified as vc,i ~ N(vc,s) and ve,i ~ N(ve,s), respectively (where ~ is to be 

read “is distributed as” and N(a,b) indicates a normal distribution with mean a 

and standard deviation b). Noise in the decision process (in both start point 

and drift rate) gives rise to variability in both response latency and decision 

outcomes (such as occasionally making an error). These noise processes 

allow the LBA to provide a good account of the observed variability in 

decision-making.  

 

The decision-making task was modelled as a race between six independent 

accumulators, where each accumulator represented a possible response. We 

made the simplifying assumption that there was a single drift rate for correct 

responses and a single drift rate for error responses. This assumption implies 

that no particular stimulus was ‘special’ (for example, where performance was 

abnormally strong) and that errors were randomly distributed across the five 

incorrect responses of each trial. It is also justifiable given the very low 

number of errors in the decision-making task, which can lead to difficulties 

identifying independent parameters for error drift rates.  

 

For simplification, we assumed all distractors in the visual search task were 

equivalent, which leads to a race between two accumulators: one for the 



target (correct drift rate) and one for the combined effect of the distractors 

(error drift rate; for similar approaches see [4, 5]. We also allowed for a 

separate drift rate for targets in the three display set sizes (8, 12, or 16 items) 

and a common drift rate for distractors across set sizes (error responses).  

 

We tested a set of five LBA models that differed in which parameters 

accounted for the difference in performance between the pre- and post-

training sessions, independently for the decision-making and visual search 

tasks. The general approach allowed a single, theoretically meaningful model 

parameter (e.g., non-decision time) to be freely estimated in the pre- and 

post-training sessions, while all other model parameters (e.g., drift rates, 

response threshold) were constrained to the same value for the pre- and post-

training sessions. The models were: 

• Baseline model. All model parameters were equal in the pre- and post-

training sessions, which served as a control model. If there was any 

effect of stimulation treatment on decision-making behaviour then there 

ought to be strong evidence against the baseline model. 

• Non-decision time model. The non-decision time parameter was freely 

estimated in the pre- and post-training sessions and all other model 

parameters were equal across sessions. This model implies that 

changes from pre- to post-training were due to faster perceptual 

encoding and response execution (i.e., a motor account).  

• Drift rate model. The drift rate for correct responses was freely 

estimated in the pre- and post-training sessions and all other model 

parameters were equal across sessions (including the drift rate for 

error responses). This model implies that changes from pre- to post-

training were due to increased skill or ability, or enhanced efficiency of 

information processing. We simplified the drift rate model in the visual 

search task – where a separate drift rate was estimated for the three 

set sizes – by assuming the training effect led to a global shift in all drift 

rates by a fixed amount (vshift, a parameter to be estimated from data). 

This model therefore assumes that the change in performance due to a 



drift rate effect did not differ as a function of set size. This simplification 

reduced the number of freely estimated drift rates from six (one for 

each set size x session combination) to four (three set sizes at pre-

training and a shift in drift rates for the post-training session). To be 

precise, if the drift rate for correct responses to display sizes with 8 

items at pre-training was vc,8,pre then the corresponding drift rate at 

post-training was vc,8,pre + vshift.  

• Threshold model. The response threshold was freely estimated in the 

pre- and post-training sessions and all other model parameters were 

equal across sessions. This model implies that changes from pre- to 

post-training were due to changes in the level of response caution.  

• Drift rate + threshold model. The drift rate for correct responses and the 

response threshold were freely estimated in the pre- and post-training 

sessions and all other model parameters were equal across sessions. 

This model implies that changes from pre- to post-training were due to 

a combination of increased processing efficiency and changes in 

response caution.  

The set of models was compared with quantitative model selection techniques 

(described below) to determine which LBA model parameter/s provided the 

best account of the training effect.  

 

The data from each participant were assumed to be distributed according to 

the LBA model, with parameters unique to each participant but drawn from 

separate distributions for the left prefrontal cortex anodal, cathodal, and sham 

tDCS with training conditions. For each participant, whether the non-decision 

time (τ), response threshold (b) or drift rate for correct responses (vc) were 

freely estimated in the pre- and post-training sessions depended on the 

model. The maximum value of the start point distribution (A) and the drift rate 

for error responses (ve) were assumed to have the same value across 

sessions. The standard deviation of the trial-to-trial variability in drift rates (s) 

was fixed to 1 in all conditions and models to provide a scale for the evidence 

accumulation process (a property common to all sequential sampling models).  



  

Differences between the stimulation conditions were modelled by allowing the 

three groups to have different group-level distributions. The models were fit 

independently to the decision-making and visual search data, but both data 

sets used the same mildly informative prior distributions for the parameters of 

the group-level distributions. All group-level mean parameters were modelled 

as truncated normal distributions, and group-level standard deviation 

parameters were modelled as gamma distributions. Importantly, the prior 

distributions were identical across the three stimulation conditions to ensure 

that any differences in parameter estimates were driven by the data. We 

assumed the following mildly informative prior distributions for the group-level 

mean parameters for each of the k=3 conditions: 

𝐴! , 𝑏!
(!) ~ 𝑇𝑁(2,2,0,∞), 

𝑣!,!
(!), 𝑣!,!  ~ 𝑇𝑁(3,3,0,∞), 

𝜏!
(!) ~ 𝑇𝑁(.5, .5,0,∞), 

where TN(a,b,c,d) refers to the truncated normal distribution with mean a, 

standard deviation b, lower bound c, and upper bound d, and superscript (k) 

indicates that the group-level mean parameter was freely estimated in each 

condition for at least one model (but not in all models; see earlier description 

of the five models). We assumed mildly informative priors for the group-level 

standard deviation parameters, which were constrained to be equal across 

the three stimulation conditions (i.e., no superscript indicating group): 
𝐴! ,  𝑏! , 𝑣!,! ,  𝑣!,!  ~ Γ(1, .5), 

𝜏!  ~ Γ(1,3), 

where Γ refers to the gamma distribution with two shape parameters. In the 

visual search task, the drift rate and drift rate + threshold models estimated a 

global shift in the drift rate for correct responses after training. We assumed 

relatively uninformative prior distributions for the group-level mean and 

standard deviation parameters  

𝑣!!!"#,!
(!)  ~ 𝑁(0,3), 



𝑣!!!"#,!  ~ Γ(1,1). 

The prior distribution on the group-level mean of the vshift parameter was 

centered at zero and was not truncated to positive values. This prior 

distribution thus places equal a priori plausibility on an increase or decrease in 

drift rates for correct responses following training. 

 

Samples were drawn from the joint posterior distribution over all participant-

level and group-level parameters using Differential Evolution Markov chain 

Monte Carlo with 24 chains and 5000 samples, using the default settings [6]. 

Chains were initialised with random draws from the prior distributions. The 

first 1000 samples were discarded as burn-in. The last 4000 samples were 

used to obtain estimates of the stable distributions, for a total of 96000 

samples from the posterior distributions of the parameters. Convergence was 

checked by visual inspection and the multivariate potential scale reduction 

factor statistic [7].  

 

Model selection was based on the deviance information criterion (DIC) using 

standard methods [8]. The DIC is a well-accepted method for comparing 

goodness of fit to data while penalising for model complexity. The model with 

the lowest DIC is preferred. DICs for the five models are shown in Table S1, 

and the model fits for the preferred models are shown in Figure S1 for the 

decision-making task and Figure S2 for the visual search task. 

 

Table S1. DIC for the five tested models. The lowest DIC is preferred, shown 

in bold face. 

Model Decision-making Visual search 
Baseline 482.18 302.89 
Non-decision time 463.64 284.59 
Drift rate 457.97 277.23 
Threshold 460.56 277.28 
Drift rate + threshold 453.77 274.00 
 

 



Posterior distributions of parameters of the DIC-preferred model were 

summarised with the 95% highest density interval (HDI [9]), which is the 

smallest interval to contain 95% of the mass of a marginal posterior 

distribution. The HDI is a Bayesian analogue of the conventional confidence 

interval. We concluded that two posterior distributions were reliably different if 

the HDI of the difference did not include 0. 



 

 
 

Figure S1: Linear ballistic accumulator (LBA) model fits for the decision-

making task. Defective cumulative distribution functions (CDFs) of the correct 

and error response time data and the model predictions for each of the three 

left prefrontal cortex stimulation with training conditions (anode in red, cathode 

in blue, sham in black), aggregated across participants. The model shown 

allowed the drift rates and response thresholds to vary between the two 

sessions. Filled circles represent the response data for correct trials, open 

circles the response data for error trials. Solid lines represent the model 

predictions for correct trials, dashed lines the model predictions for error trials.  
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Figure S2: Linear ballistic accumulator (LBA) model fits for the visual search 

task. Defective cumulative distribution functions (CDFs) of the correct and 

error response time data and the model predictions for each of the three left 

prefrontal cortex stimulation with training conditions (anode in red, cathode in 

blue, sham in black), and each of the three search-array set sizes, aggregated 

across participants. The model shown allowed the drift rates and response 

thresholds to vary between the two sessions. Filled circles represent the 

response data for correct trials, open circles the response data for error trials. 

Solid lines represent the model predictions for correct trials, dashed lines the 

model predictions for error trials. 
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