
Cognitive Psychology 

Evidence Accumulation Modelling Offers New Insights Into the         
Cognitive Mechanisms That Underlie Linguistic and Action-based        
Training  
Samantha Parker1, Emily S. Cross2 , Richard Ramsey3 a 

1 School of Psychological Sciences, Macquarie University, Sydney, Australia, 2 Department of Humanities, Social and Political Sciences, ETH Zurich, 
Zurich, Switzerland, 3 Department of Health Sciences and Technology, ETH Zurich, Zurich, Switzerland 

Keywords: evidence accumulation modelling, training, learning, action, naming, cognitive mechanisms, plasticity 

https://doi.org/10.1525/collabra.160157 

Collabra: Psychology 
Vol. 12, Issue 1, 2026 

Evidence accumulation modelling has been shown to uncover new insights into the 
cognitive mechanisms that underlie decision making from behavioural data. By jointly 
modelling reaction time and accuracy data, such decision models estimate latent 
variables that represent distinct computational processes, such as stimulus encoding, 
response caution and the quality of information processing. In this study we used an 
evidence accumulation model, the Linear Ballistic Accumulator (LBA), to shed new light 
into the mechanisms that underlie learning based on linguistic and action-based 
training. The LBA model was applied to behavioural data from a previously published 
training study where participants learned to name, tie or name and tie a set of knots. Our 
results showed that training is multifaceted and associated with an increase in 
stimulus-encoding time, a reduction in response caution, as well as an increase in the 
speed of information accumulation. Furthermore, the results showed that there was an 
added benefit to the rate of evidence accumulation when naming and tying experience 
were combined. This latter finding suggests that performance benefits from multi-modal 
training may be instantiated in computational processes that are associated with the 
quality of information accumulation during decision making. Overall, in applying this 
computational approach to accuracy and reaction time data, we uncover new insights 
into the mechanisms that govern experience-dependent plasticity. 

Introduction  

Evidence accumulation models are a class of compu
tational model1 used to understand the latent cognitive 
processes that underlie human decision making (Farrell & 
Lewandowsky, 2018). These models use the speed and ac
curacy of responses in forced-choice tasks to draw insights 
about the psychological mechanisms that underlie decision 
making. The application of this modelling approach within 
the domain of cognitive psychology has led to a number 
of novel insights about the mechanisms that underlie 
processes such as lexical decision making (Wagenmakers et 
al., 2008), ageing (Ratcliff et al., 2001, 2010) and percep
tual discrimination (Ratcliff & McKoon, 2008). Importantly, 
these insights are often not evident from more conven
tional analyses of accuracy and reaction time data. Given 
these characteristics, we applied an evidence accumulation 
model, the Linear Ballistic Accumulator (LBA; Brown and 

Heathcote (2008)), to behavioural data from a prior pub
lished study that used neuroimaging to examine the effects 
of different types of training on object knowledge and per
ception (Cross et al., 2012). In contrast to the original 
study’s analysis, which analysed accuracy and reaction time 
separately, in this paper we apply an evidence accumulation 
model to uncover novel insights into the latent computa
tional processes that underlie linguistic and action-based 
learning. 

Whilst it is common for researchers to draw conclusions 
from a separate analysis of accuracy and reaction time, it 
is unclear how to interpret such differences in terms of 
overall performance (Wagenmakers et al., 2007). This is be
cause reaction time and accuracy data are incommensu
rable: it is not possible to know how much a change in 
speed, of say 50ms, is worth in terms of accuracy (Farrell & 
Lewandowsky, 2018; Wagenmakers et al., 2007). Evidence 
accumulation models provide a principled way to combine 
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accuracy and reaction time data to enable more direct in
sight into the processes that underlie speeded decisions 
(Brown & Heathcote, 2008; Ratcliff, 2002). They do so by 
using the distribution of reaction times for correct and error 
responses to estimate latent parameters. While there are 
many different varieties of evidence accumulation model, 
they all share similar assumptions about the decision mak
ing process (Donkin et al., 2009). Namely, these models as
sume that when making a decision, evidence is sampled 
from the environment and that information is used as ev
idence for one of the potential responses. As soon as evi
dence in favour of a particular response reaches a thresh
old, the decision process is terminated and the 
corresponding response is made (Heathcote et al., 2019; 
Myers et al., 2022; Ratcliff et al., 2016). 

Within the context of the LBA model, four latent com
ponents of the decision making process are frequently es
timated (Figure 1; Table 1): the rate at which evidence ac
cumulates in favour of a decision (drift rate), how much 
evidence is required before a response is reached (thresh
old), the amount of evidence in favour of a response that 
exists at the outset of a decision (start point) and the 
amount of time it takes to complete all processes that are 
thought to fall outside the decision, including stimulus en
coding and motor responding (non-decision time). These 
parameters map onto psychology constructs of interest 
(Table 1). Threshold, for example, can account for differ
ences in response caution, such that responses could take 
longer but are more likely to be correct. Drift rate, on the 
other hand, is thought to reflect the signal-to-noise ratio of 
the stimulus. Drift rate, therefore, measures the quality of 
information in the system and can provide a direct measure 
of task difficulty or subject ability (Lewandowsky & Ober
auer, 2018). 

Understanding how experience shapes the latent 
processes underlying decision-making has recently started 
to emerge from a small number of perceptual discrimina
tion tasks, with the majority of studies using either random 
dot motion (Cochrane et al., 2023) or lexical discrimina
tion tasks (Dutilh et al., 2011). These studies typically in
vestigate training related changes that are induced by task 
repetition (Dutilh et al., 2009, 2011). Threshold and drift 
rate findings from these studies have led some authors to 
suggest that task repetition may induce a shift to priori
tise speed over accuracy (lower caution), as well as to in
crease the quality of evidence accumulation (higher drift 
rate) (Dutilh et al., 2009, 2011; Liu & Watanabe, 2012; Rat
cliff et al., 2006; Reinhartz et al., 2023; Zhang & Rowe, 
2014). The influence of training on non-decision time has 

less consistently been reported in the literature, with some 
studies suggesting that training decreases non-decision 
timing (Dutilh et al., 2009, 2011) and other studies report
ing no influence on this parameter (Strobach et al., 2013). 
Moreover, given that perceptual training that extends be
yond task repetition can enrich or embue the stimulus with 
richer information (Cross et al., 2012; Martin, 2007), we 
also think that it is plausible that different types of train
ing, which extend beyond task repetition, could result in a 
longer stimulus encoding time and thus a longer non-deci
sion time. 

In the present paper, we use an evidence accumulation 
approach to shed new light on the mechanisms that un
derlie two kinds of learning based on different types of 
training experience. Specifically, we apply the LBA model 
(Brown & Heathcote, 2008) to behavioural data from an 
existing multi-session training dataset that taught partici
pants how to name, tie and name and tie novel knots (Cross 
et al., 2012).2 By doing so, we are able to study how the 
acquisition of different types of knowledge (linguistic vs. 
action knowledge vs. linguistic and action knowledge) im
pacts the computational processes that support perceptual 
decision making. Our hypotheses were based on past stud
ies of repeated visual exposure/familiarity (Dutilh et al., 
2009, 2011; Zhang & Rowe, 2014). If learning to name or 
tie knots has a similar impact to task repetition, then com
pared to no training, learning to name, tie or name and tie 
knots should be associated with (1) an increase in drift rate; 
(2) a decrease in response caution; (3) a decrease in non-
decision time or (4) some combination of these factors.3 

Comparisons between training conditions (naming vs. tying 
vs. naming & tying), would then reveal if the pattern or size 
of training effects differ between condition. 

Methods  

Transparency and Openness Statement     

We report how we determined our sample size, all data 
exclusions (if any), all manipulations, and all measures in 
the study (Simmons et al., 2012). In addition, the hypothe
ses and planned analysis for this paper were preregistered 
in advance (see our pre-registration here: https://aspre
dicted.org/6ztj-45s5.pdf). Given that we used secondary 
data in this study, we did not have a stopping rule in terms 
of data collection because we did not collect any data. In
stead, we simply aimed to use as much of the existing data 
as possible based on availability. 

We chose to use the LBA model because it is computationally easier to fit than other alternatives, such as the drift diffusion model 
(Brown & Heathcote, 2008), and also because our lab has past experience with those models (Parker & Ramsey, 2023b, 2023a). However, 
given the shared assumptions between these models, both would have been suitable candidates to address the questions of interest in 
this paper. 

We did not estimate training effects on start point since the interpretation of such effects would not be meaningful for this type of train
ing and task. For example, after gaining knowledge of the name of a knot, it is unclear how it could lead to a general bias towards making 
a “same” versus “different” keypress response. In other words, whilst we have clear reasons why newly acquired knowledge following 
training can help solve the task correctly, we cannot see how it would make one reponse key more likely in general. 

2 

3 
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Figure 1. The linear ballistic accumulator (LBA) model. The LBA has a separate accumulator for each of two                 
response options (Accumulator 1 and Accumulator 2). From a start point (A), evidence accumulates for each                 
response option according to the drift rate (v) and a decision is triggered when the first accumulator passes the                    
threshold (b). These three parameters together constitute the decision time. And overall response time is                
calculated by the addition of this decision time to the non-decision time (t0). See               Table 1   for a description of how      
these parameters can be mapped onto psychological constructs.         

Table 1. Key parameters in the linear ballistic accumulator model.         

Parameter Label Construct 

Start point A response bias 

Drift rate v signal-to-noise ratio 

Threshold b response caution 

Non-decision time t0 stimulus encoding and motor response 

We deviated from our pre-registration in one way. Orig
inally, we had intended to include data from the pre- and 
post-training session in one model. However, the model 
building process could not be completed with pre- and 
post-training session data included, due to the large num
ber of parameters being fit and the model failing to con
verge. Instead, we modelled pre- and post-training data 
separately and then compared the parameter estimates 
from the posterior distributions. By doing so, the number 
of parameters was reduced by half and the models could 
converge. All other aspects of the pre-registration were un
changed. 

The analysis code used in this paper is available online, 
and the manuscript was written in R using the papaja() 
package (Aust & Barth, 2025), which means it is computa
tionally reproducible. The code and manuscript are avail
able via GitHub (https://github.com/rich-ramsey/
knot_dmc). Given that the data were collected in 2006, it 
was not yet routine to request explicit consent to share data 

publicly. Therefore, the raw data are only available from the 
authors upon request. With this said, for the purposes of 
code checking and computational reproducibility, we pro
vide simulated data, which is based on the structure of the 
raw data. This means that our data processing workflow can 
be checked and verified by others even without requesting 
the raw data. 

Dataset  

We applied the LBA model to data from a previously 
published study that was conducted in 2006 (Cross et al., 
2012). Cross and colleagues (2012) used fMRI to examine 
brain activity whilst participants completed a speeded per
ceptual discrimination task before and after training (Fig
ure 2). Training consisted of participants learning to name 
10 knots, tie 10 knots and name and tie a further 10 knots, 
while a final 10 knots remained untrained (i.e., no informa
tion about how to tie the knot or what it was called was 
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Figure 2. Experimental procedure and design. A) 5 days of training were interspersed between identical pre-             
training and post-training sessions, where participants performed 80 trials of a forced choice task. The forced-               
choice task required making a judgment as to whether two knots were the same or different. B) Training                   
comprised watching video stimuli for approximately the same amount of time for knots they were meant to learn                   
to name, to tie, and to both name and tie. A further 10 knots from the pre-training session were not seen again                       
until the post-training session and these knots formed the untrained condition.            

experienced during the training period). Before and after 
the knot training portion of the study, participants were 
required to complete 80 trials of a perceptual discrimina
tion task. In this task, participants had to decide whether 
two photographs were of the same or different knots. Each 
pair of knots was selected from the same learning class (i.e., 
name, tie, both name and tie or untrained knots). When 
photographs were of the same knot, the viewing angle of 
the two photographs differed, so the stimuli presented were 
never identical. Of the 80 trials, 50% of the knots were 
the same and 50% of the knots were different. Both accu
racy and response times (ms) of the perceptual discrimina
tion task were recorded. As we were interested in modelling 
only the behavioural results of the perceptual discrimina
tion task, we summarise the aspects of the dataset relevant 
to the present study below and refer readers to the original 
paper for all other details (see Cross et al., 2012). 

The data included in the present paper differed from 
that reported by Cross and colleagues (2012) in a number 
of key ways. First, while 30 participants took part in the 
behavioural portion of the original study, only data from 
the 20 participants who comprised the final fMRI sample 
were available for re-analysis. A further two participants 
were excluded from further analysis as they did not com
plete the final session of the perceptual discrimination task. 
Therefore, 18 participants, all right-handed and neurolog
ically healthy undergraduate and graduate students, were 
included in the present study (M = 19.4 years, age ranged 
from 17 – 27 years). We do not have access to information 

on the gender of participants, but we note from the original 
publication that of the 20 participants that completed the 
fMRI component of the study, 14 were female (Cross et al., 
2012). This means that our sample of 18 participants is pre
dominantly female. 

Second, unlike Cross and colleagues (2012) who included 
the post-training session across all five days in their analy
sis of accuracy and RT, we included only the post-training 
session on the final day of training (day 5 post-training) 
and compared it to the pre-training data (day 1 pre-train
ing). The benefit of including only the final post-training 
sessions was a computationally simpler model that could 
nonetheless still estimate the impact of linguistic and ac
tion-based knowledge on latent cognitive processes. 

The present study, therefore, had a single within-sub
jects factor of training type with four levels (untrained/
naming/tying/both) (Figure 2B). During naming training, 
participants were shown a video of a knot being rotated 
through 360 degrees with the name displayed in the top 
right-hand corner of the screen. During tying training, par
ticipants were shown a video of how to tie the knot from a 
first-person perspective and instructed to correctly tie each 
of the knots in this category by following along with the 
video at least once per day of training. During both nam
ing and tying training participants were shown a video of 
how to tie the knot with the name of the knot displayed in 
the top right-hand corner of the screen and were instructed 
to correctly tie each of the knots in this category at least 
once per day of training. Knots in the untrained condition 
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received no training during the experiment and were there
fore largely unfamiliar to participants in the sense that they 
were only ever seen as image pairs in the perceptual dis
crimination task. Assignment of each of the 40 knots was 
counterbalanced across training condition and participant. 

LBA Data Analysis    

Model Specification   

We fit a LBA model to the data for the pre-training ses
sion and the final post-training session. The LBA model has 
one accumulator for each response, each with potentially 
different parameter values. In this design, that meant that 
there was one accumulator for pairs of knots that were the 
same and another accumulator for pairs of knots that were 
different. Each accumulator possessed the following para
meters; start point (A), representing the amount of infor
mation in each accumulator at the beginning of a decision; 
threshold (b) which represents the amount of evidence nec
essary in order to trigger a decision (in the present study 
this was represented in terms of the difference between 
the top of the start point distribution and the response 
threshold ( ); drift rate (v) the rate at which 
evidence accumulates for each response; and non-decision 
time ( ) the amount of time it takes to complete 
all other processes that fall outside the decision making 
process, including stimulus encoding and motor respond
ing. 

The way we specified the model formula is summarised 
in Table 2. We allowed the threshold parameter to vary 
by Training Condition (name, tie, both, untrained) and Re
sponse (participant’s response as to whether the two knots 
match vs. no-match). The drift rate parameter was allowed 
to vary by Training Condition and an accumulator match 
factor, which denotes the match between the accumulator 
and the stimulus. Specifically, if the stimulus displayed two 
of the same knots, then the accumulator for the “match” 
response was the TRUE or matching accumulator, whereas 
the accumulator for the “no match” response would be the 
FALSE or mismatching accumulator. In this way the differ
ence between the TRUE and FALSE accumulator captures 
both the quantity and quality of information accumulat
ing about the stimulus. The larger the difference between 
the TRUE and FALSE accumulators, the higher the quality 
of information accumulating in favour of that response 
(Lewandowsky & Oberauer, 2018). Given this, we opera
tionalised drift rate as the difference between the TRUE and 
FALSE accumulator (TRUE > FALSE). The standard devia
tion for the TRUE accumulator was allowed to vary by the 
accumulator match factor, whereas the standard deviation 
for the FALSE accumulator was fixed at 1 to make the model 
identifiable (Donkin et al., 2009). The non-decision time 
parameter was allowed to vary by Training Condition, while 
the standard deviation of non-decision time was fixed at 0. 
We fixed a single value for start point noise (A). 

Model Estimation   

Model estimation was carried out in a Bayesian statis
tical framework using the Dynamic Models of Choice soft
ware that is written in the R programming language 
(Heathcote et al., 2019). Full details of priors and sampling 
methods are provided in supplementary materials. Follow
ing prior work (Castro et al., 2019), priors were selected 
using a weakly informative approach. That is, priors were 
chosen to have little influence on estimation (graphical 
summaries of how posteriors were updated relative to pri
ors are provided in supplementary materials). Sampling oc
curred in two steps. First, sampling was carried out sep
arately for each individual participant. The results of this 
step then provided the starting points for the full hierar
chical model. Inspection of graphical summaries confirmed 
that the model provided an adequate account for all major 
aspects of the data. Cumulative distribution functions com
paring data with the model are provided in supplementary 
materials. 

Inferential Procedure   

In order to make inferences about the mechanisms that 
underlie different types of training, we adopted an esti
mation approach to statistical inference (Cumming, 2014; 
Frank et al., 2025; Kruschke & Liddell, 2018; McElreath, 
2020). The general idea behind estimation approaches is to 
use statistical models to estimate the sign, size and preci
sion (interval width) of relevant parameters of interest and 
evaluate them in light of any stated hypotheses. Since we 
followed a Bayesian workflow (Kruschke & Liddell, 2018; 
McElreath, 2020), we could evaluate parameters from the 
posterior distribution. Specifically, the threshold, drift rate 
difference (TRUE > FALSE) and non-decision time para
meters were estimated for each training type (untrained, 
naming, tying, both) at the pre-training and post-training. 
Therefore, we could quantify changes from pre- to post-
training, as well as quantify differences between training 
conditions at post-training. 

To quantify such changes, posterior samples for each in
dividual participant were averaged across individuals to ob
tain the distribution of group average differences for each 
parameter. Pairwise comparisons on these posterior distri
butions were then computed between pre- and post-train
ing sessions and between training types and the untrained 
condition, as well as between each training type (name, tie 
and name and tie). Training related changes would be mea
sured as difference from pre-training to post-training for a 
type of training that is not also observed in the untrained 
condition. To summarise these key effects of interest, we 
report the median of the posterior distribution together 
with 95% quantile intervals of the distribution in square 
brackets. For evaluative purposes, we try to describe the 
sign, size and precision (interval width) of relevant parame
ters in relation to our hypotheses. This approach, therefore, 
avoids any reliance on categorical judgments of statistical 
significance that are central to null hypothesis significance 
testing. 
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Table 2. Model formula specification for the linear ballistic accumulator model.          

Parameter Label Condition Response Accurracy Fixed 

Start point A - - - 1 

Mean drift rate v yes no yes - 

SD drift rate sd_v no no yes - 

SD false drift rate false.sd_v - - - 1 

Threshold b yes yes no - 

Non-decision time t0 yes no no - 

SD Non-decision time st_0 - - - 0 

Note. This tables denotes how parameters in the LBA model could vary by experimental factors and which parameters were fixed. Condition = training condition (untrained, name, 
tie, name and tie); Response = key-press response (same vs. different); Accuracy = (true/correct vs false/incorrect); SD = standard deviation. 

Results  

Analysis of Observed Variables     

Given that the data included in the current analysis dif
fered in a number of ways to that originally reported by 
Cross and colleagues (2012), we first wanted to establish 
how training impacts RT and accuracy when analysed sep
arately. Figure 3 visualises accuracy and reaction time data 
from pre- to post-training and as a function of training con
dition. Based on visual inspection of the summary data, ac
curacy appears to be largely similar across conditions and 
testing sessions (Figure 3A). In contrast, reaction times are 
generally lower for all training conditions at the post-train
ing session compared to the pre-training session (Figure 
3B). Means and standard errors for each cell of the design 
are reported in supplementary materials. In addition, infer
ential statistical analyses were conducted using a Bayesian 
estimation approach to multilevel modelling. As these sta
tistical models were not the main focus of this paper, how
ever, we only report them supplementary materials. 

Evidence Accumulation Modelling    

Thresholds  

From pre-training to post-training, thresholds differed 
by training condition (Figure 4). Specifically, thresholds 
were lower in all three training conditions at the post-train
ing compared to the pre-training (naming: -1.71 [-1.93, 
-1.48]; tying: -1.41 [-1.68, -1.14]; naming and tying: 1.31 
[-1.56, -1.07]) (Figure 4B). In contrast, thresholds were 
slightly higher at the post-training compared to the pre-
training in the untrained condition (0.38 [0.15, 0.59]) (Fig
ure 4B). Furthermore, at the post-training, there were no 
clear differences between the three active training condi
tions (Figure 4C). These threshold results suggest that par
ticipants were less cautious when responding to all trained 
knots at post-training than at pre-training. 

Drift Rate   

From pre-training to post-training, the drift rate differ
ence (TRUE > FALSE) differed by training condition (Fig
ure 5). Knots that received both tying and naming training 
showed an increased drift rate (0.87 [0.40, 1.34]), while 

those received naming (0.05 [-0.32, 0.42]) or tying training 
(-0.03 [-0.42, 0.36]) remained the largely the same (Figure 
5B). Knots that received no training showed a decrease in 
drift rate difference (-0.66 [-1.02, -0.30]) (Figure 5B). Fur
thermore, at the post-training, the tying and naming con
dition showed positive differences to all other conditions 
(Figure 5C). 

These drift rate difference results suggest that the qual
ity of evidence accruing was higher for knots that received 
both naming and tying training relative to knots that re
ceived naming, tying and no training. As such, a clear ben
efit emerged in terms of the quality of information process
ing during task performance following training that jointly 
involved both types of learning (naming and tying). 

Non-decision Time   

From pre-training to post-training, non-decision time 
differed by training condition (Figure 6). Knots that re
ceived naming (0.19 [0.13, 0.25]), tying (0.14 [0.08, 0.20]) 
and both naming and tying training (0.14 [0.08, 0.19]) had a 
higher non-decision time at post-training than pre-training 
(Figure 5B). In contrast, knots that received no training had 
a lower non-decision time post-training than pre-training 
(-0.23 [-0.29, -0.18]) (Figure 6B). Furthermore, at the post-
training, there were no clear differences between the three 
active training conditions (Figure 6C). Given that motor 
preparation for such a simple key-pressing task is unlikely 
to be affected by this type of training, we suggest that these 
results must reflect the longer time taken to encode the 
stimulus following the development of newly acquired lin
guistic or action knowledge. 

Discussion  

The aim of the present study was to use evidence ac
cumulation modelling to investigate the cognitive mech
anisms that underlie linguistic and action-based training 
in a knot-tying and knot-naming task. Our results revealed 
that the effects of training are multifaceted, in terms of the 
latent cognitive processes involved. In other words, training 
impacted several cognitive sub-processes that, in combina
tion, determine subsequent task performance. In addition, 
an added benefit was observed for the speed of informa
tion accumulation when naming and tying experience were 
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Figure 3. Accuracy and Reaction Time by Training Condition and Testing Session. (A) Accuracy (percentage              
correct). (B) Mean reaction time (ms). Black points denote group means, whilst all other points denote individual                  
subject means. Error bars represent within subjects’ standard error of the mean.             

combined. This latter finding suggests that a multi-modal 
training protocol can aid the quality of information pro
cessing during decision making. Below, we discuss several 
ways in which our findings advance our understanding of 
how perceptual and cognitive systems are shaped by differ
ent types of knowledge acquisition and experience. More 
generally, we also outline why future work may benefit from 
taking a more computational approach to understand the 
effects of training on learning and performance. 

Training Leads to General Decreases in Response        
Caution and General Increases in Non-decision       
Time  

Relative to the pre-training session, response caution 
decreased by a similar amount in all of the training condi
tions at the post-training session. Participants required less 
evidence to trigger a decision in the perceptual discrimina
tion task following training. This finding is consistent with 
our predictions and other studies that have found task rep
etition to be associated with decreased response caution 
(Dutilh et al., 2009, 2011; Liu & Watanabe, 2012; Zhang & 
Rowe, 2014). Extending these previous studies, our results 
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Figure 4. Posterior distributions and pairwise contrasts for the threshold parameter by training condition and              
testing session. (A) Posterior distributions by training condition and testing session. (B) post-training minus pre-              
training pairwise contrasts per training condition. (C) Contrasts between training conditions relative to the               
untrained condition (top row) and between each training condition (bottom row). Black points show the median                 
value of the posterior distribution, while error bars show the 95% quantile interval of the distribution. The                  
dashed grey vertical line is shown at zero.         

suggest that this decrease in response caution is a general 
effect and does not differ by type of training. 

Relative to the pre-training session, non-decision time 
increased by a similar amount in all of the training condi
tions at the post-training session. Participants took longer 
to complete all processes fall outside the decision-making 
process, such as stimulus encoding and motor responding, 
following training. We predicted the opposite pattern of re
sults based on past research that showed how repeatedly 
performing the same task can lead to reductions in non-de
cision time (Dutilh et al., 2009, 2011). Taken together, these 
findings tentatively suggest that the type of training em
ployed is important for understanding the impact of expe
rience on non-decision time. Task repetition may lead to 
a shorter stimulus encoding time as a simple practice ef
fect that reflects more efficient stimulus processing (Du
tilh et al., 2009, 2011). In contrast, when stimuli have been 
enriched in some way by training experience, such as in 
the present study where types of knots become associated 
with newly formed linguistic or action knowledge (Cross et 
al., 2012; Martin, 2007), stimulus encoding may take longer 

to process the newly acquired information. Future research 
would be required to confirm this proposal. 

The Combination of Linguistic and Action-based       
Training Increases the Quality of Information       
Accumulation  

Relative to the pre-training session, only training that 
combined linguistic and action knowledge increased the 
rate at which evidence accumulates (drift rate) at the post-
training session. This finding is consistent with prior stud
ies that showed how repeatedly performing the same task 
can lead to increase in drift rate (Dutilh et al., 2009, 2011; 
Liu & Watanabe, 2012; Ratcliff et al., 2006; Zhang & Rowe, 
2014). Thus, we show that acquisition of combined linguis
tic and action knowledge increased the signal-to-noise ra
tio of the stimuli and thus made it easier to quickly and ac
curately arrive at a correct perceptual judgment. 

Such a result cannot straightforwardly be interpreted as 
a dose-response effect, since training dose was balanced 
between training conditions. That is, the naming and tying 
condition completed the same amount of training as the 
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Figure 5. Posterior distributions and pairwise contrasts for the drift rate parameter by training condition and               
testing session. (A) Posterior distributions by training condition and testing session. (B) post-training minus pre-              
training pairwise contrasts per training condition. (C) Contrasts between training conditions relative to the               
untrained condition (top row) and between each training condition (bottom row). Black points show the median                 
value of the posterior distribution, while error bars show the 95% quantile interval of the distribution. The                  
dashed grey vertical line is shown at zero.         

other training conditions, but with a combined protocol 
that involved motor practice and the presentation of 
names. Therefore, we propose that the unique combination 
of linguistic and action-based training may lead to a qual
itative difference in information accumulation during de
cision making. Such a qualitative interpretation would be 
consistent with prior studies that have shown that com
pared to uni-modal training protocols, multi-modal train
ing leads to greater improvements in cognitive domains 
such as working memory and problem solving (Ward et al., 
2017), as well as greater engagement of a broad network of 
sensorimotor brain regions (Kirsch & Cross, 2015). 

Implications for Understanding the Effects of       
Training and Experience    

The results of this study have a number of implications 
for our understanding of how training influences cognitive 
processes during a perceptual decision making. First, on a 
general level, our key inferences about the mechanisms that 
underlie training would not be possible from a more con
ventional and separate analysis of accuracy and reaction 

times (Parker & Ramsey, 2023b). The current study, there
fore, makes it clear that the application of evidence accu
mulation modelling to training paradigms can uncover new 
insights about the cognitive mechanisms responsible for 
learning and the acquisition of object knowledge. 

Second, consistent with prior studies, our results re
vealed training effects to be multifaceted. That is, training 
effects were evident across a number of parameters of the 
LBA model, rather than a single parameter (Dutilh et al., 
2009, 2011; Reinhartz et al., 2023). This suggests that im
provements in task performance that are associated with 
training can be attributed to a number of underlying mech
anisms. It may also be one reason for the wide variety of 
training-induced outcomes that are observed across differ
ent tasks and training protocols, as it is possible that dif
ferent types and amounts of training can impact underly
ing cognitive processes in different ways. And this is one 
clear benefit to understanding cognitive processes that is 
provided by taking a more mathematical approach to the
ory building in psychology and cognitive neuroscience, as 
it forces a more explicit formulation of the relationship be
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Figure 6. Posterior distributions and pairwise contrasts for the non-decision time parameter by training             
condition and testing session. (A) Posterior distributions by training condition and testing session. (B) post-              
training minus pre-training pairwise contrasts per training condition. (C) Contrasts between training conditions              
relative to the untrained condition (top row) and between each training condition (bottom row). Black points                 
show the median value of the posterior distribution, while error bars show the 95% quantile interval of the                   
distribution. The dashed grey vertical line is shown at zero.           

tween parts of a system that are under investigation (Hintz
man, 1991; Yarkoni, 2022). 

Third, in an extension to previous studies, which typi
cally administer one type of training (Dutilh et al., 2009, 
2011; Reinhartz et al., 2023), we found no evidence to sug
gest that uni-modal training effects differ by the acquisi
tion of linguistic versus motor knowledge. This finding is 
noteworthy to consider in the context of the neuroimag
ing results of the original study, which found action-based 
training to be uniquely associated with activation in the an
terior intraparietal sulcus, a brain region associated with 
object manipulation (Cross et al., 2012). On the face of it, 
Cross and colleagues (2012) results suggest that are some 
unique training-specific contributions that shape cognitive 
and brain-based mechanisms, but our analytical approach 
was insensitive to such uni-modal training-type differ
ences. Taken together, these results highlight the value of 
using multi-method approaches to tackle research ques
tions in cognitive neuroscience, which span different levels 
of description. 

Limitations, Constraints on Generality and      
Future Directions   

We think it is important to place explicit constraints 
on the generality of our findings (Simons et al., 2017), as 
well as acknowledge relevant limitations of the work (Ram
sey, 2021). We had a clear, pre-registered aim to evalu
ate how parameters in the model vary by training condi
tion. However, alternative modelling approaches could be 
taken in the future. First, one could explore the extent to 
which some of our results reflect a trade-off between non-
decision time and threshold, as recently outlined (Evans, 
2020). Second, we fixed the standard deviation of the false 
accumulator to 1 to ensure model identifiability, which is 
a common modelling choice (Heathcote et al., 2019), but 
one could allow it to vary by training condition to assess 
whether training impacts the reliability or noisiness of 
competing, incorrect evidence. Third, rather than focus on 
estimating training effects on parameters in one model, a 
model comparison approach could have been taken, which 
assessed the predictive accuracy of models that vary in 
structure (Donkin et al., 2009; Farrell & Lewandowsky, 
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2018). Future studies may consider these alternative mod
elling options, as well as incorporate trial-by-trial learning 
effects in addition to session-by-session effects (Cochrane 
et al., 2023). Given the difficulty in fitting LBA models with 
the amount of data available for the current analysis, it is 
likely that considerably more data per participant would be 
required to make these more complex modelling choices a 
viable option. 

It is also important to acknowledge that any conclusions 
based on comparisons to the untrained condition need 
qualifying. The untrained condition did not control for fa
miliarity effects, since the untrained condition involved no 
training and no exposure to training materials. Therefore, 
comparisons between trained and untrained conditions 
could reflect a combination of learning, practice and in
creased familiarity. This limitation, however, does not ap
ply to the comparisons between training conditions, as they 
were all equally familiar after training, and thus more likely 
reflect the impact of training rather than mere familiarity. 
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